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Analyzing chemical states and monitoring their transformations in in situ and operando environments are

indispensable in chemistry and materials science. However, achieving high-resolution analysis under

operando conditions entails substantial instrumentation costs and limited availability. Herein, we propose

and validate a large language model (LLM)-based artificial intelligence (AI)-integrated optical microscopy

(OM) analysis, enabling researchers to conduct analyses with ease and at minimal cost. Using LLM AI, we

address the limitations of optical microscopy (OM) in performing quantitative compositional analysis

while retaining its low cost. The performance of the LLM AI-integrated OM analysis is validated by

comparing results with those obtained from surface-sensitive and bulk-sensitive spectroscopy under

pristine/ex situ conditions and in situ/operando environments. The effective analysis depth of the LLM

AI-integrated OM is estimated to lie between those of the surface- and bulk-sensitive techniques,

comparable to typical visible-light penetration depths. More advanced LLM AI versions are expected to

further enhance analytical consistency and reproducibility. Our work can aid researchers worldwide by

offering a cost-effective and accessible analytical methodology that broadens participation in the

materials and chemical sciences.
Introduction

In chemistry and materials science, analyzing the chemical
states of materials and tracking their transformations during
reactions are essential for elucidating reaction mechanisms.1,2

Various spectroscopic techniques, such as X-ray photoelectron
spectroscopy (XPS), X-ray absorption spectroscopy (XAS), near
edge X-ray absorption ne structure (NEXAFS), Raman, and IR,
can probe material states not only under pristine or ex situ
conditions but also under in situ and operando environments.3–5

However, high-resolution analyses under operando conditions
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typically require extremely expensive instrumentation or offer
limited accessibility, making such studies difficult for many
researchers. Optical microscopy (OM), one of the most tradi-
tional analytical methods, offers a practical solution in such
cases.6,7 The cost of OM has fallen substantially, and even
models of below 50 USD can offer video recording capabilities
for in situ/operando experiments. Moreover, OM provides
geometric information. However, in contrast to other analytical
techniques that enable quantitative compositional analysis, OM
has certain limitations.

Articial intelligence (AI) has recently received signicant
attention and has been increasingly integrated into numerous
areas of research.8–10 It enables faster, more efficient, and more
accurate data processing and interpretation, including efficient
screening to identify promising compounds and accurate
prediction of mechanical, optical, thermal, and other material
properties.11–14 However, studies employing advanced AI typi-
cally require signicant computational resources and collabo-
ration with experts in the eld. Large language model (LLM)-
based AI models, represented by ChatGPT, demonstrate
impressive performance, not only in handling language in
a human-like manner but also in processing diverse data types
through multimodal capabilities.15–18 LLM-based AI is among
J. Mater. Chem. A

http://crossmark.crossref.org/dialog/?doi=10.1039/d6ta03136f&domain=pdf&date_stamp=2026-07-13
http://orcid.org/0000-0003-4833-3181
http://orcid.org/0000-0002-4776-3115
http://orcid.org/0000-0001-6806-2038
http://orcid.org/0000-0003-2589-8032
http://orcid.org/0000-0002-7554-1405
http://orcid.org/0000-0003-1042-6171
http://orcid.org/0000-0002-0310-6666
http://orcid.org/0000-0002-5779-3246
https://creativecommons.org/licenses/by-nc/4.0/


Journal of Materials Chemistry A Paper
the most cost-effective and readily accessible AI technologies for
non-expert researchers.19,20 Recent studies have leveraged
multimodal large language models (LLMs) to automatically
extract material property data by classifying and interpreting
gures, spectroscopic graphs, and microscopic images in
scientic literature.21,22 However, these applications remain
limited to gure recognition and morphological analysis in
literature.

In this study, we aim to propose and validate a tool that
combines OM with LLM- and AI-based interpretation for
quantitative compositional analysis, enabling researchers to
perform analyses easily and at a low cost. Although many
studies have reported the use of LLM AI in research, few have
applied it to analytical applications and systematically validated
its performance under both pristine and ex situ conditions, as
well as in situ and operando environments. The workow of this
study is summarized in Fig. 1. Copper was selected as the
analyte because of its color variation among different chemical
states. Before analyzing the unknown samples, ve OM refer-
ence images for each reference state were input into ChatGPT to
characterize the references without providing any other specic
instructions (Fig. 1b and S1–S5). Recent LLM-based AIs are
capable of performing highly sophisticated analyses by inte-
grating comprehensive information (such as color, morphology,
and texture) that oen exceeds human perceptual limits.
Therefore, we anticipated that the AI could successfully perform
quantitative analysis by autonomously synthesizing the diverse
visual information present in the photographs. Quantitative
OM image analysis of three unknown samples was carried out
Fig. 1 Schematics of the LLM AI-integrated optical microscopy (OM) anal
(c) pristine unknown samples are provided to an LMM AI, such as ChatGP
those from experimental analyses; and (e) in situ/operandoOM images o
to in situ/operando electrochemistry.
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using ChatGPT and cross-validated using surface-sensitive
techniques (NEXAFS and XPS) and a bulk-sensitive technique
(XAFS) (Fig. 1c and d). Extending this approach, we applied the
same workow to electrochemical operando experiments
(Fig. 1e). Our results suggest that LLM AI-integrated OM has the
potential to become a simple and cost-effective analytical
methodology.
Experimental
Fabrication of electrode

The powders used as references were Cu nanoparticles, Cu2O,
CuO, Cu(OH)2, and Cu2CO3(OH)2. The electrodes for ex situ
analysis were prepared by dispersing commercial CuO and
Cu2O powders with 5 wt%Naon in isopropyl alcohol (IPA). The
mixture was then sprayed onto a gas diffusion layer (GDL; 39BB,
Sigracet) at 1 mg cm−2. The electrodes for the operando analysis
were prepared by spraying CuH (Cu hydroxide) ink onto a GDL.
CuH ink was prepared by stirring CuCl2 (10 mL, 0.1 M) in KOH
(90 mL, 1 M) for 30 min, followed by vacuum ltration. The
ltered powder (60 mg) was dispersed in a 5 wt% Naon solu-
tion (63 mg) in IPA and sprayed using the same method.
Electrochemical test

Electrochemical experiments for ex situ analysis were per-
formed using a three-electrode system with a graphite counter
electrode and an Ag/AgCl reference electrode. A 1 M KHCO3

solution was used as the electrolyte, and the reaction was
ysis: (a) workflow of this study; OM images of (b) reference samples and
T; (d) comparison of chemical compositions obtained by ChatGPT with
f an electrode. The LMM AI-integrated OM analysis can also be applied
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carried out for 1 h under an applied potential using a versatile
potentiostat (VSP, Biologic). To obtain images for comparison
with the operando analysis, the CuH electrode was tested under
the same reaction conditions at open-circuit voltage (OCV),
−0.4 V, −0.8 V, and aer OCV, using the conguration in
Fig. 1e.
Data collection of electrode images

The reference electrode and electrodes before and aer the
electrochemical reaction were examined using a USB digital
microscope (1600× magnication; GL Optics). A single cell
equipped with a transparent window was used to observe the
surface of the CuH electrode under real-time reaction condi-
tions. Microscopic images were captured from ve randomly
selected locations under identical lighting conditions. To
enhance the uniformity of the visual information and minimize
variations such as focus shis or lighting changes, we carefully
adjusted the focus at each step. Data consistency was assessed
by calculating the mean and standard deviation of the image
compositions.
Prompting GPT

Image analysis was performed using GPT-4o. Initially, ve
microscopic images of Cu, CuO, Cu2O, Cu(OH)2, and Cu2CO3(-
OH)2 powders were provided as reference data for GPT-4o to
analyze the oxidation state and composition of the electrode.
Subsequently, microscopic images of the electrodes acquired
aer or during the electrochemical reaction were uploaded, and
GPT-4o was instructed to measure the composition to one
decimal place based on the ve references. For model
comparison, the GPT-free version and GPT-5 were also applied.
In the GPT-free version, no reference images were input; elec-
trode images were analyzed based solely on visual information
such as color and texture. In GPT-5, the ve reference images
were pre-entered, and GPT-5 was instructed to analyze the
electrode compositions based on these references. The
measured results were then presented in a graph as in the
workow diagram in Fig. 1, using each reference value and the
relative component ratio.

The Pearson correlation coefficient between the AI-based
generated spectrum and the experimental spectrum was
calculated using the following equation:

r ¼
Pn
i¼1

ðxi � xÞðyi � yÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1

ðxi � xÞ2
s ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1

ðyi � yÞ2
s

Physical characterization

XAS and NEXAFS were conducted at the 1D and 10D beamlines
of the Pohang Accelerator Laboratory (PAL) to analyze the
chemical state of the electrode. XPS was used to investigate the
oxidation states of the electrode surfaces.
This journal is © The Royal Society of Chemistry 2026
In situ/operando analyses

XAS was performed using a custom-designed electrochemical
cell at the 1D and 10D beamlines of PAL. Electrochemical
experiments were conducted to investigate the oxidation state of
the electrode under OCV, −0.4 V, and −0.8 V. The device was
stabilized before measurements at each voltage. The acquired
XAFS and NEXAFS data were analyzed using the Athena so-
ware. XAS linear combination tting was performed using Cu0,
Cu1+, and Cu2+ as references.
Results and discussion
Validation of LLM AI-integrated OM analysis for pristine
samples

Three unknown samples (U1–3) were produced by the electro-
chemical treatment of Cu material deposited on carbon paper,
and ve region-resolved OM images were obtained for each
sample (Fig. 2a–c and S6–S8). The obtained OM images were
input into ChatGPT for quantitative compositional analysis
using the ve reference materials (SI Note 2). The chemical
compositions obtained by ChatGPT are shown in Fig. 2d–f.
Based on the apparent color of the unknown samples, the
chemical compositions derived from ChatGPT appear to be
reasonably consistent with visual expectations. To further vali-
date the ChatGPT analysis, surface-sensitive techniques (NEX-
AFS and XPS) and a bulk-sensitive technique (XAFS) were
applied to the unknown samples. Although the spectroscopy
results can be tted using linear calibration, the presence of
several spectroscopically similar references (Cu2+ references:
CuO, Cu(OH)2 and Cu2CO3(OH2)) leads to multiple plausible
solutions (Fig. S9 and S10).23–25 Therefore, to validate the accu-
racy of ChatGPT, we generated spectra from the ChatGPT-
derived chemical compositions and compared them with the
experimental data. The surface-sensitive spectroscopies used in
this study—NEXAFS (TEY), NEXAFS (TFY), and XPS—have
analysis depths on the order of a few to several tens of nano-
meters, depending on the excitation or kinetic energy.26,27 By
comparison, bulk-sensitive XAFS reects the overall chemical
composition of the catalyst.28–30 Pearson correlation coefficients
were calculated to compare AI-generated spectra with experi-
mental spectra more quantitatively. Interestingly, the spectra
generated via ChatGPT are generally more similar to the
surface-sensitive spectra, yet they still show reasonable agree-
ment with both surface- and bulk-sensitive measurements
(Fig. 2g–l and S11, S12). In the case of U1, excellent agreement is
observed with surface-sensitive analyses, whereas U2 aligns
more closely with bulk-sensitive measurements, indicating
sample-to-sample variation. The AI-generated spectra showed
a high degree of similarity with both the surface and bulk-
sensitive analysis. (Fig. S13). These results imply that the
effective analysis depth of LLM AI-integrated OM lies between
those of surface- and bulk-sensitive spectroscopies.
Discussion of LLM AI-integrated OM analysis

The primary points of interest regarding LLM AI-integrated OM
are the analytical performance of ChatGPT and the effective
J. Mater. Chem. A



Fig. 2 Analysis of ChatGPT-integrated OM for three pristine samples: OM images of (a) U1, (b) U2, and (c) U3; (d–f) chemical compositions
analyzed by ChatGPT; (g–i) NEXAFS spectra; and (j–l) XAFS spectra.
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analysis depth of OM. In this section, we discuss the analysis
results obtained using different ChatGPT models and examine
the effective analysis depth of the OM-based method. For the
three unknown samples, we compared analysis outputs from
ChatGPT-4 (free, without reference inputs), ChatGPT-4o, and
ChatGPT-5; the results are summarized in Fig. 3a. Small varia-
tions among the ChatGPT versions were observed, attributed to
the clear color-chemistry mapping of Cu, enabling robust
identication of its chemical states (Fig. S14–S17).19 However,
the standard deviation of the results—an indicator of uncer-
tainty—varied substantially among the ChatGPT versions
(Fig. 3b). The free GPT-4 version without reference inputs
exhibited signicantly higher standard deviations than the
other versions, suggesting that providing reference images to
ChatGPT is necessary to enhance analytical consistency and
reproducibility. To further validate the robustness of the
proposed approach, the same analysis was performed using
another LLM, Gemini-3.1 Pro (Fig. S18). The results demon-
strated that both surface-sensitive and bulk-sensitive spectro-
scopic data enabled comparable predictions of chemical states,
consistent with those obtained from the ChatGPT-based anal-
ysis (Fig. S19–S22). Notably, ChatGPT-5 showed a markedly
reduced dispersion relative to ChatGPT-4o, implying that more
advanced model versions may provide greater analytical
consistency. Interestingly, however, when examining the simi-
larities across the different LLM versions, no signicant
difference was observed. (Fig. S13) the effective analysis depth
of OM is governed by the visible-light penetration depth of the
J. Mater. Chem. A
material. Although visible light has a much longer wavelength
than hard X-rays (used for bulk analysis) and so X-rays (used
for surface analysis), its lower absorption coefficient can result
in a large penetration depth, depending on the material.31 To
estimate the analysis depth in this study, we rst performed
linear calibration tting using three analytical techniques with
distinct information depths. We assumed effective analysis
depths of 10 nm for TEY (shortest), 100 nm for TFY, and
1000 nm for bulk-sensitive XAFS (corresponding to the sample
thickness). We then input the GPT-derived results to examine
whether the GPT-based analysis yielded a solution between
these depth models. However, because the system admits no
mathematical solutions under these assumptions, the analysis
depth cannot be estimated using this approach. Assuming
compositional continuity with respect to position, we intro-
duced the GPT position as an optimization variable, tted
a spline to the data, and identied the curvature-minimizing
point. This value is considered an approximate estimate of
the analysis depth. The estimated depths for the three unknown
samples are shown in Fig. 3c–e and S23, S24. In addition, the
estimated depths for the three GPT versions are summarized in
Fig. 3f. The effective analysis depth of the LLM AI-integrated OM
was found to be approximately 150–600 nm, comparable to
typical visible-light penetration depths. Notably, the estimated
penetration depth appears to be sample dependent, with U1
exhibiting an analysis depth of approximately 100–200 nm,
whereas U2 displays values greater than 400 nm. This obser-
vation is attributable to differences in visible-wavelength
This journal is © The Royal Society of Chemistry 2026



Fig. 3 Analysis of the precision and estimated analysis depth of ChatGPT: (a) chemical composition results for U1, U2, and U3 analyzed using
three different ChatGPTmodels; (b) standard deviations for eachmodel; analysis depth of GPT-5 estimated by spline fitting for (c) U1, (d) U2, and
(e) U3; and (f) estimated analysis depths for the three ChatGPT models.
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penetration depths among materials.31 In particular, Cu2O
(unlike CuO) has a penetration depth on the order of ∼1 mm,
allowing optical microscopy to access deeper layers. Accord-
ingly, the expected penetration depth scales positively with the
amount of Cu2O present (Fig. S25).32,33 To experimentally
conrm different depth by materials, the LMM analysis was
applied to the fabricated two-layer electrodes (Fig. S26–28 and
Table S1). For metallic Cu top layer, the signal from the bottom
Cu(OH)2 layer (blue bar) dropped precipitously at a loading of
0.5 mg cm−2, whereas for the Cu2O top layer, the signal from the
bottom Cu(OH)2 layer remains measurable even at 1.0 mg cm
−2. These ndings establish that the visible light penetration
depth (the analytical depth of our method) is inherently
material-dependent, spanning a range from a few hundred
nanometers to a few micrometers.
Validation of LLM AI-integrated OM analysis for in situ/
operando experiments

In situ/operando analysis is indispensable for understanding
reaction phenomena and enables direct observation of material
states under reaction conditions. For in situ/operando LLM AI-
integrated OM analysis, we fabricated an electrochemical ow
cell that enabled optical observation of the electrode during
electrochemical reactions (Fig. 4a). To conduct in situ/operando
OM analysis, a cathodic potential was applied to a CuH elec-
trode in a 1 M KHCO3 electrolyte while optically monitoring the
electrode (Fig. 4b and S29). Upon application of the cathodic
potential, the color of the electrode changed markedly (Fig. 4c
and S30–S33). Bubbling was observed following the color
change, indicating that Cu reduction occurred rst, followed by
the hydrogen evolution reaction.34 The in situ/operando OM
This journal is © The Royal Society of Chemistry 2026
images were input into GPT-5 to obtain chemical compositions,
presented in Fig. 4d and S34. As the duration under cathodic
potential increased, the proportion of Cu2+ decreased, while
those of Cu+ and metallic Cu increased, in accordance with
theoretical expectations.35 Interestingly, aer OCV condition,
the sample exhibits a shi toward a more metallic state. This
occurs because, under a reductive current, the surface
undergoes oxidation despite the applied reductive potential due
to the localized alkaline pH. However, under OCV conditions,
the localized pH responsible for the oxidation dissipates,
allowing the surface to equilibrate with the internal reduced
state. To further validate the in situ/operando LLM AI-integrated
OM analysis, in situ/operando XAFS (bulk sensitive) and NEXAFS
(surface sensitive) measurements were performed under similar
conditions (Fig. S35). Before applying the cathodic potential,
both XAFS and NEXAFS showed Cu hydroxide features, consis-
tent with the LLM AI-integrated OM analysis. Upon application
of the cathodic potential, the in situ/operando XAFS spectrum
transformed to a metallic prole, while the in situ/operando
NEXAFS spectrum exhibited a mixture of Cu2+, Cu+ and metallic
Cu. Spectra generated from the GPT-derived compositions were
compared with the experimental spectra for detailed compar-
ison (Fig. 4e and f). Relative to XAFS, the generated spectra
exhibit less pronounced metallic features, whereas relative to
NEXAFS, the Cu2+-related peak is less prominent. These differ-
ences suggest that LLM AI-integrated OM analysis possesses an
intermediate effective analysis depth between surface- and
bulk-sensitive techniques. Collectively, these ndings validate
LLM AI-integrated OM quantication for both pristine catalysts
and electrochemical in situ/operando measurements.
J. Mater. Chem. A



Fig. 4 In situ/operando analysis of a CuH electrode: (a) schematic illustration and (b) photograph of the electrochemical cell; (c) OM images of
the CuH electrode at different cathodic potentials; (d) chemical compositions analyzed by ChatGPT; (e) in situ/operando Cu K-edge XAFS
spectra; and (f) in situ/operando Cu L-edge NEXAFS spectra.
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Conclusion

In summary, we validated the quantication results of the LLM
AI-integrated OM analysis by comparing them with results from
surface- and bulk-sensitive spectroscopies. For the three
unknown samples, LLM AI-integrated OM aligned closely with
surface-sensitive spectroscopy while exhibiting partial agree-
ment with bulk-sensitive spectroscopy. These results imply that
LLM AI-integrated OM analysis exhibits good performance in
characterizing unknown materials. Providing reference data
prior to GPT analysis substantially reduced the standard devi-
ation of the quantication results, demonstrating that the input
of reference images is necessary to enhance accuracy and
reproducibility. Furthermore, the advanced GPT-5 model
exhibits a lower standard deviation than the GPT-4 model,
suggesting that advancements in LLMs may enhance analytical
consistency. Based on comparisons with bulk- and surface-
sensitive spectroscopies, the effective analysis depth of LLM
AI-integrated OM lies between those of bulk- and surface-
sensitive techniques and is strongly inuenced by the visible-
light penetration depth of the material. Moreover, inin situ/
operando electrochemical systems, LLM AI-integrated OM
exhibited trends consistent with established spectroscopic
measurements, thereby validating its potential as a powerful
analytical tool. Building upon this validation, this validated
methodology can be broadly applied across various electro-
chemical reactions, such as HER, OER, and CO2RR to elucidate
the correlation between real-time electrode surface state and
catalytic performances. Overall, this study demonstrates that
LLM AI-integrated OM can serve as a low-cost and accessible
J. Mater. Chem. A
analytical methodology that contributes to research in chem-
istry and materials science.
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