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plainable AI, ChatGPT, and human
expertise: a framework for extracting polymer
design guidelines

Yin Kan Phua, a Nana Terasoba,b Manabu Tanaka, bc Tsuyohiko Fujigaya *ade

and Koichiro Kato *aef

To accelerate the rational design of high-performance functional polymers, such as anion exchange

membranes (AEMs), the establishment of chemically meaningful and actionable design guidelines is

essential. Machine learning (ML) models, particularly artificial neural networks (ANNs), offer high

predictive accuracy for such materials but suffer from limited interpretability due to their black-box

nature. Although explainable artificial intelligence (XAI) methods such as SHapley Additive exPlanations

(SHAP) provide a unified framework for model explanation, their application to ANN models is hindered

by the expensive computation cost associated with the high dimensionality of molecular descriptors

commonly used to represent polymer structures. In this study, a framework that combines statistical

(minimum redundancy maximum relevance) and explainable ANN-based (permutation importance via

ELI5) feature selection was developed, reducing the input space to 67 key descriptors. This

dimensionality reduction enabled computationally feasible SHAP analysis while enhancing the predictive

accuracy of the ANN by 40.87%. However, the resulting key descriptors were often difficult to interpret

in physicochemical terms. To address this, large language models (LLMs) such as ChatGPT were

employed to analyze descriptor source code and assist human experts in deriving chemically intuitive

insights. By orchestrating XAI, LLM assistance, and expert knowledge, the framework successfully

extracted design guidelines for AEMs. Based on these insights, two candidate AEM polymers with

predicted anion conductivities $0.1 S cm−1 at 80 °C were proposed, exceeding typical

commercialization thresholds. This study illustrates a generalizable, explainable, and efficient pathway for

integrating ML, XAI, and LLMs in polymer informatics, with broad applicability across descriptor-based

materials research.
Introduction

Recent advances in machine learning (ML) and articial intel-
ligence (AI) have fundamentally reshaped scientic methodol-
ogies, enabling the accelerated discovery of novel materials with
tailored functionalities across diverse material classes.1–28 These
techniques showed effectiveness in predicting target properties,
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enabling high-throughput virtual screening, and substantially
reducing experimental workloads and resource consumption
during materials development.29–31 Among the various ML
models, articial neural networks (ANNs)32,33 have received
particular attention for their high predictive
ability,4,6,7,9,12,13,15,18,19,23–28 owing to their capacity to capture
complex, nonlinear relationships between explanatory and
target variables,34–37 as opposed to tree-based models, which are
weak in extrapolation.38–40 Despite the high predictive perfor-
mances of ANNs, they are commonly regarded as black-box
models41 due to the difficulties associated with interpreting
their internal decision-making processes.42 During materials
research, it is necessary to design new structures while opti-
mizing and balancing various interdependent physical and
chemical factors. Explainable ML/AI (XAI) can address this
challenge by clarifying how input variables contribute to
predictions.

XAI can be achieved through post-hoc explanation methods,
which can be broadly classied into two types, namely model-
dependent and model-agnostic (model-independent). Model-
J. Mater. Chem. A
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dependent methods, such as feature importance in random
forests,43 rely on the model's internal structure and parameters.
Such mechanisms are typically absent in ANNs, rendering
model-agnostic methods, such as local interpretable model-
agnostic explanations (LIME),44 SHapley Additive exPlanations
(SHAP),45 and permutation importance,46 more suitable. LIME
offers local explanations by analyzing how input variables
inuence individual predictions, while permutation impor-
tance provides global insights by assessing the overall feature
importance. While each can be useful independently,3,5,6,14,47–52

materials science applications benet from both global expla-
nations to uncover general structure–property relationships and
local explanations to understand the behavior of individual
materials or data points.53–55

SHAP fullls this requirement by offering a unied frame-
work capable of delivering both global and local explanations
with internal consistency,56 making it well-suited for materials
science applications.9,22,53,54,57–60 Previous studies primarily
applied SHAP to non-ANN-based models,9,22,57,58,60 while SHAP
analyses of ANNs remain limited to low-dimensional datasets
(typically <100 features).53,54,59 This is primarily due to the high
computational cost associated with calculating SHAP
values,56,61–64 hindering its application towards high-
dimensional datasets.

Representing organic molecules and polymers in a machine-
readable numerical form typically involves molecular descrip-
tors and/or ngerprints derived from tools such as the Mordred
library65 and RDkit package,66 all of which employ feature
vectors with several hundreds to <2000 dimensions. This high
dimensionality limits the practical application of SHAP in the
ANN-based modeling of organic and polymeric materials. This
is where dimensionality reduction (feature selection) can be
useful due to its ability to decrease the number of variables in
a high-dimensional dataset while preserving meaningful char-
acteristics of the original data. Various dimensionality reduc-
tion techniques exist, including manual feature selection based
on expert knowledge (feature elimination),47,48 wrapper-based
feature selection methods such as recursive feature elimina-
tion (RFE),67–69 embedded feature selection using model-
internal metrics (feature importance in RF), feature extraction
methods such as principal component analysis (PCA),70,71 and
lter-based methods leveraging statistical or information-
theoretic metrics. Manual selection of relevant descriptors
requires expertise in molecular descriptors, whereas feature
extraction methods (e.g., PCA) compress several descriptors into
components at the cost of interpretability. RFE is effective for
reducing the dimensions of molecular descriptors,3,6,72–78 but it
suffers from extensive computational costs due to its iterative
retraining strategy, which is especially problematic for datasets
with high dimensionalities.69,74 Additionally, embedded feature
selection works by simultaneously performing model training
and feature selection by internally evaluating feature relevance
through criteria inherent to the learning algorithm itself.79–81

Since an ANN does not possess any inherent feature importance
measures, it is generally incompatible with embedded feature
selection. Moreover, lter-based feature selection involves
selecting features based on statistical or information-theoretic
J. Mater. Chem. A
criteria independent of predictive models. This requires a low
computational cost but typically evaluates features indepen-
dently, thereby missing inter-variable relationships.82,83 Despite
such variety, no established method exists that is simulta-
neously explainable, computationally feasible, and broadly
applicable for reducing the dimensionality of molecular
descriptors in SHAP-based ANN analysis. In addition, previous
materials science reports that have applied SHAP to explain ML/
AI have mainly considered explanations based on individual
variables.84–89 However, reports have been published in the
contexts of genetic analysis,90 aviation safety,91 and nancial
fraud,92 analyzing important variables obtained from feature
importance or SHAP in groups formed through knowledge-
driven methods, thereby showcasing the ability to obtain
a simplied explanation and a more general scope. These
considerations motivate the development of new approaches
tailored for high-dimensional datasets, along with validation of
the effectiveness of group-wise SHAP important variable anal-
ysis in materials science. Additionally, molecular descriptors
are oen mathematically complex, making their interpretation
inherently challenging; as a result, descriptors frequently
remain poorly understood despite effectively encoding struc-
tural information that enables ML/AI models to capture trends
and make accurate predictions.71,93,94 Consequently, even when
important descriptors are identied via explainable ANN
methods, an interpretative framework is essential to translate
them into meaningful, actionable chemical insights and prac-
tical experimental guidelines. This interpretative step is crucial
for orchestrating effective collaboration between explainable AI
and human expert knowledge, enhancing the practical utility
and scientic value of ML-driven materials discovery.

In this study, a generalizable model-agnostic framework that
integrates SHAP-based XAI methods with ANN models is
proposed, aiming to systematically extract chemically intuitive
and chemically interpretable design guidelines from high-
dimensional molecular descriptor datasets for polymeric
materials. The effectiveness of this framework is validated using
a polymer dataset of anion exchange membranes (AEMs),
a class of functional polymeric materials that play a central role
in electrochemical energy conversion technologies relevant to
the hydrogen economy.95 AEMs serve as solid polymer electro-
lytes in anion exchange membrane fuel cells (AEMFCs) and
anion exchange membrane water electrolyzers (AEMWEs),
where they conduct hydroxide or other anions between elec-
trodes while providing electronic insulation and gas separa-
tion.96,97 Compared to proton exchange membrane-based
systems, AEM-based devices can operate under alkaline condi-
tions that permit the use of non-precious metal catalysts,
offering potential advantages in cost reduction and resource
sustainability.98

Despite these advantages, the molecular design of high-
performance AEM polymers remains challenging due to
inherent trade-offs between achieving high anion conductivity
and maintaining long-term alkaline stability.97,99–103 High anion
conductivity typically requires elevated ion-exchange capacity
(IEC) through dense incorporation of cationic functional groups
along the polymer backbone or side-chains.104 However,
This journal is © The Royal Society of Chemistry 2026
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Scheme 1 Schematic illustration outlining the systematic incorporation of SHAP into an ANN when working with a high-dimensional database.
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increased IEC is oen accompanied by higher water uptake and
swelling, which can compromise mechanical and dimensional
stability and accelerate chemical degradation under alkaline
operating conditions.104 As a result, AEM polymer design oen
involves navigating competing and interdependent molecular
requirements related to backbone chemistry, side-chain archi-
tecture, and ionic group distribution. This complex, multidi-
mensional design space motivates the use of data-driven and
interpretable modeling approaches capable of disentangling
structure–property relationships and identifying molecular
features that simultaneously favor conductivity and stability. In
this study, both anion conductivity and alkaline stability are
targeted using a unied predictive model, thereby providing
a directly relevant materials context for demonstrating the
proposed explainable ML framework.

To overcome the dimensionality barrier that limits the use of
SHAP in ANN-based modeling, statistical and explainable ANN-
based feature selection techniques are combined to reduce the
descriptor dimensionality in two steps, preserving the explain-
ability during the latter process (Scheme 1). The ability of this
feature selection strategy to enable computationally feasible
SHAP analysis is evaluated, along with its model performance.
Initially, conventional SHAP analysis is applied to identify
crucial individual molecular descriptors, offering insight into
variable-specic structure–property relationships. Subse-
quently, a novel pairwise SHAP interpretation method is
proposed to analyze the interrelationships between top-ranked
explanatory variables, potentially revealing chemically mean-
ingful interactions between descriptors that may not be evident
through individual descriptor analysis. This could facilitate the
extraction of actionable materials design guidelines and even-
tually accelerate the rational design of high-performance poly-
mers. As a demonstration of orchestrating ANN models, XAI-
driven feature interpretation, and domain expert knowledge,
the proposed framework is applied to the top inuential
descriptors, whose physicochemical meanings are further
elucidated through a collaborative analysis involving ChatGPT
Theoretical IEC ¼ 1000� molar n

molecular weight of a

This journal is © The Royal Society of Chemistry 2026
and human experts, thereby highlighting the practicality,
transparency, and interpretability of this integrated
methodology.
Experimental
Data curation

This study employed an in-house database curated using our
previously reported method, which is now publicly available on
GitHub.71,94 The data included in the database include the
chemical structures of AEM polymers, experimental conditions
(measurement temperature for anion conductivity, concentra-
tion of alkaline solution, temperature, and duration for alkaline
stability tests), the ion-exchange capacity (IEC), the anion
conductivities of pristine AEM polymers (pristine anion
conductivity), and the conductivities measured during the
alkaline stability test (degraded anion conductivity).

The chemical structures were handled according to the
method described in our previous reports.71,94 Initially, the
anion-conducting polymers were separated into either homo- or
copolymers, wherein the homopolymers contain one type of
repeating structure, whereas the copolymers had two. Subse-
quently, the chemical structures were separated into two blocks,
namely blocks A and B, based on the number of repeating units
in the copolymer. Block A comprised repeating units in the AEM
material containing an anion-conducting moiety, while block B
constituted another repeating unit that did not contain an
anion-conducting moiety (Fig. 1). Anion conductivity measures
the ability of an AEM to conduct anions, with a unit of Siemens
per centimeter (S cm−1), and is temperature- and humidity-
dependent. Generally, anion conductivity increases as temper-
ature and/or humidity increases. Ideally, the anion conductivity
of an AEM polymer should be $0.1 S cm−1 at its operating
temperature.105 The IEC was calculated theoretically as follows:
where the molecular weight of the average polymer repeating
unit is calculated from “molecular weight of block A repeating
umber of cations

verage polymer repeating unit
½mequiv: per g�;

J. Mater. Chem. A
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Fig. 1 Process for the conversion of polymer structures into
a machine-readable numerical form using a descriptor/fingerprint
calculator package. Each colored box represents a descriptor/finger-
print. For copolymers composed of multiple distinct repeating units,
descriptors must be calculated separately for each monomer, pro-
portionally increasing the dimensionality of the resulting feature
vector. To ensure dimensional consistency within datasets containing
both homo- and copolymers, homopolymer descriptors are dupli-
cated according to the maximum monomer count observed among
copolymers. For instance, in a dataset where copolymers contain up to
two distinct repeating units (labeled block A and B, colored in green
and dark red, respectively), homopolymers are recorded twice, once
for each block, followed by descriptor conversion of each block,
thereby matching the dimensionality of copolymers.
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unit” × “block A molar ratio” + “molecular weight of block B
repeating unit” × “block B molar ratio”, in cases of copolymers.
Descriptor conversion of the anion-conducting polymer
structures

The chemical structures were converted into machine-readable
numerical forms using the Mordred molecular descriptor
library,65 following our previous reports.71,94Mordred is an open-
source library that calculates a comprehensive set of molecular
descriptors and ngerprints, yielding 1825 features per struc-
ture. The resulting high-dimensional dataset was used for
feature selection and ANN modeling in subsequent steps.
Pre-processing and statistical-based feature selection

The high-dimensional database described above was initially
scaled using StandardScaler from scikit-learn106 to ensure that
each feature possessed zero mean and unit variance, which is
benecial for stabilizing ANN training. Features exhibiting an
extremely low variance were removed by applying a variance
threshold (threshold = 0), eliminating predictors that contrib-
uted negligibly to the model. Subsequently, minimum redun-
dancy maximum relevance (mRMR) feature selection107,108 was
performed to reduce the remaining feature set to 1000 dimen-
sions. mRMR is a feature selection technique that calculates the
mutual information between each feature and the target vari-
able (maximizing relevance), while penalizing excessive overlap
among the features themselves (minimizing redundancy).
Through iterative scoring and selection, mRMR ensures that the
nal subset has the greatest predictive power with the least
redundancy among the variables.
J. Mater. Chem. A
Construction of the ANN and explainable ML-based feature
selection

The ANN was constructed using the MLPRegressor module from
scikit-learn.106 The explanatory variables included variables that
survived the mRMR ltering, while the target variable was the
anion conductivity (as measured in the pristine state and during
the alkaline stability test). Cross-validation was performed using
a group k-fold (n_split = 5), and the hyperparameters were tuned
using Optuna.109 Specically, the number of neurons in each of
three or ve hidden layers (ranging from 2 to 600, depending on
the model), the activation function (Rectied Linear Unit (ReLU),
tanh, or logistic), the solver (stochastic gradient descent (SGD) or
Adam), the initial learning rate (0.00001–0.01, logarithmic scale),
the regularization parameter a (0.1–5, logarithmic scale), and the
batch size (64, 128, 256, 512, or 1024) were automatically opti-
mized based on the trial suggestions. Aer identifying the best-
performing model hyperparameters from cross-validation, the
model was retrained using the best hyperparameters and the
combined cross-validation dataset (combined training–validation
dataset), yielding the optimal model for evaluation. Following this
tuning step, an explainable ML-based feature selection procedure
was performed on the best performingmodel using ELI5, amodel-
agnostic tool that computes global permutation importance with
negligible computational cost. ELI5 derives a global explanation by
estimating the signicance of each feature measured through the
overall deterioration in the predictive performance when that
feature is shuffled across all samples in the validation set. Based
on the importance of each explanatory variable obtained from the
global explanation, the 64 top-ranked features were retained, and
the nal predictive ANN model was trained again using these
reduced features, with the types of hyperparameters tuned to be
the same as in the rst model.
ANN model performance metrics

The ANN model performance was evaluated using the root
mean squared error (RMSE) and themean absolute error (MAE).
Both metrics quantify the prediction error between the actual
and predicted values, enabling direct comparison across
models. RMSE emphasizes large errors due to the squaring of
residuals and is therefore more sensitive to outliers. In contrast,
MAE calculates the average absolute difference and provides
a more balanced view by reducing the inuence of outliers.
Using both metrics therefore offers complementary perspec-
tives related to model accuracy and robustness. The equation
used to calculate the RMSE is as follows:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffi
MSE

p
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn

i¼1

�
yi � byi�2

s
; (1)

where n is the number of samples, yi is the empirical anion
conductivity (i = 1, ., n) and byi is the predicted value of yi.
Additionally, the MAE was calculated as follows:

MAE ¼ 1

n

Xn

i¼1

���yi � byi ���: (2)
This journal is © The Royal Society of Chemistry 2026
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Prediction logic evaluations for the models

The prediction logic for each model was evaluated using
SHAP,45 which quanties the contribution of each explanatory
variable to the predicted output based on cooperative game
theory. More specically, the KernelExplainer module in SHAP
was employed due to the fact that it is model-agnostic,45

rendering it suitable for ANNs that typically lack specialized
explainer variants available for tree-based or gradient-boosted
models. The top 20 explanatory variables, ranked by their
average absolute SHAP values, were extracted, revealing the
most inuential predictors driving the ANN's predicted outputs.

Results and discussion
Pre-processing and statistical-based feature selection

The AEM database used in this study was reported in our
previous studies71,94 and is openly available on GitHub. The
database covers 2452 data points corresponding to anion
conductivity, which were collected from 78 papers published
between 2007 and 2024 and which belong to 323 copolymers
and 23 homopolymers. The anion conductivity data originated
from both temperature dependence anion conductivities of
pristine AEMs and AEMs that were undergoing degradation
tests. All anion conductivity data were recorded under fully
hydrated conditions. The 346 AEM polymer structures were
incorporated into the database by categorizing the repeating
units into blocks A and B using the method described in our
previous reports.71,94 Both blocks were converted to a numerical
form using Mordred, producing a database containing a total of
3226 descriptors. Among the descriptors obtained, those con-
taining non-numerical values or empty rows were removed,
leaving 2238 molecular descriptors (1210 for block A and 1028
for block B) in the database. Seven descriptors with low variance
were removed, yielding 2231 descriptors (1204 belonging to
block A and 1027 belonging to block B). The statistical-based
feature selection method mRMR was then employed to
further reduce the descriptors to <1000, yielding a total of 998
descriptors (749 for block A and 249 for block B). To ensure the
retention of experimentally important variables, certain
parameters (including the molar ratio between blocks A and B,
information related to the presence or absence of polymer
cross-linking, the alkaline stability test temperature, the
concentration of the alkaline solution employed during the
alkaline stability test, the duration of the alkaline stability test,
the anion conductivity measurement temperature, and the IEC)
were intentionally reintroduced into the nal dataset if they had
been excluded during the pre-processing steps. Aer this
Table 1 Summary of the combined training–validation and test predicti

Combined training–validation accuracy

RMSE/S cm−1 MAE/S

Model I 0.0230 0.0162
Model II 0.0148 0.0106
Model II-mini 0.0098 0.0071

This journal is © The Royal Society of Chemistry 2026
targeted reincorporation and statistical feature selection, the
nal dataset comprised 1007 dimensions. Such reincorporation
is particularly important in the context of AEM polymers, where
the database contains temperature-dependent measurements
related to anion conductivity. When applying this workow to
other materials systems, the choice of experimentally important
variables can be adapted based on domain-specic knowledge.

ANN construction and explainable ML-based feature selection

The ANN was constructed using the MLPRegressor module of
the scikit-learn library in Python. Two ANNs with different
numbers of hidden layers were tested in this study, namely
three hidden layers (named Model I) and ve hidden layers
(named Model II). The ANN exhibiting the greatest test predic-
tive accuracy was used for the remainder of the study. The
hyperparameters of both models were optimized using Optuna
(number of trials = 2000) followed by manual ne-tuning (the
optimized hyperparameters of Models I and II are shown in
Tables S1 and S2, respectively), and the nal models with
optimized hyperparameters were used to predict the 14 AEM
polymers present in the test database (separated from the
training–validation database) to evaluate their generalization
performance on unseen data. The RMSE and MAE values from
combined training and validation indicated distinct differences
in terms of the prediction performances between Models I and
II, with Model II outperforming Model I by 35.65% (RMSE) and
34.57% (MAE), corresponding to absolute differences of 0.0082
and 0.0056 S cm−1, respectively (Table 1, Fig. S1a, b and Scheme
S1a, b). Test predictions also revealed substantial differences in
accuracy between the two models, with Model II showing
a 0.0119 S cm−1 reduction in the RMSE (34.10% improvement)
and a 0.0112 S cm−1 reduction in the MAE (39.02% improve-
ment) compared to Model I (Table 1 and Fig. 2a). The greater
disparity observed in the MAE compared to the RMSE suggests
that Model II consistently made predictions closer to the actual
values across most test samples, whereas Model I may have
produced fewer extreme outliers but a higher overall error
(Fig. 2a). Regardless, both models signicantly outperformed
previously reported MLPRegressor-based results (MLPRe-
gressor, 2 hidden layers, RMSE = 0.344 S cm−1),94 likely due to
the increased model depth enabling the ANNs to capture more
complex structure–property relationships, as well as the use of
a larger dataset. However, due to the high dimensionality
(>1000 features), direct SHAP analysis at this stage was
computationally prohibitive (Fig. S2). Exact Shapley value
computation scales exponentially with the number of features
(O(2D)), and while KernelSHAP provides a sampling-based
ve accuracies of ANN Models I and II and Model II-mini

Test predictive accuracy

cm−1 RMSE/S cm−1 MAE/S cm−1

0.0349 0.0287
0.0230 0.0175
0.0136 0.0089

J. Mater. Chem. A
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Fig. 2 (a) Predicted vs. actual anion conductivity plots from test prediction processes of Models I (in red) and II (in cyan). (b) Top 20 variables
obtained by applying ELI5 to Model II, based on global explanations. The bars of the global explanations reflect the average importance (weight),
whereas the error bars show the standard deviations.
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approximation, its computational cost (and associated memory
footprint) still increases rapidly with dimensionality in practice
due to the need for more coalition evaluations and larger
internal allocations as the feature space grows.110 This effect is
quantied in Table S6 and Fig. S2b, c, which benchmark Ker-
nelSHAP across D = 25–1000 under controlled conditions
(Table S6 Panel A) and under manuscript-style full-training
conditions at D = 67 (Table S6 Panel B). Even aer dimen-
sionality reduction to D = 67, full-training KernelSHAP remains
computationally intensive (Table S6 Panel B), underscoring the
necessity of the staged dimensionality-reduction workow
adopted in this study (Fig. S2). Considering the consistently
superior predictive performance and generalization capability
of Model II, it was selected as the baselinemodel for subsequent
feature selection and explainability analyses.

Subsequently, ELI5 was applied to Model II to extract the top
64 important explanatory variables (Fig. 2b and Table S3).
Model II identied the anion conductivity measurement
temperature and the IEC as the two most important variables,
aligning with chemical intuition for AEM polymers. Further
inspection revealed that most top-ranked descriptors belonged
to the Moran autocorrelation (MATS) and Moreau–Broto auto-
correlation (AATS and ATSC) families (Fig. 2b), primarily rep-
resenting topological and electronic descriptors. Sigma
electrons (MATS5d_B, AATSC5d_B, AATS6d_A, and Xc-5d_B)
and ionization potential-related descriptors (MATS1i_B and
AATSC1i_A) were particularly prioritized (Table S4). Further-
more, Model II identied seven block B-related descriptors,
implying that the values of these descriptors (including the
ionization potential-related MATS1i_B) affect the anion
conductivity, although it was unclear whether a high value led
to a higher anion conductivity purely due to the variable
importance (Fig. 2b). Notably, MATS1i_B is a descriptor that
assesses the uniformity of the ionization potential or charge
distribution across adjacent atoms, such as in the case where
the adjacent atoms have similar chemical properties (e.g., the
six carbons in a benzene ring). Possessing higher uniformity is
known to enhance the alkaline stability of the AEM, with the
J. Mater. Chem. A
highly uniform backbones of aryl-ether-free poly(aryl
piperidinium)-based AEMs representing a prominent
example.111 The focus on underlying electronic structure-related
descriptors exhibited by Model II correctly reects the chemical
properties of AEM polymers, as anion conductivity is inuenced
by the stability and ease of transportation of anions by cationic
functional groups (e.g., quaternary ammonium ions). These
results demonstrate that utilizing global permutation impor-
tance for explainable feature selection enhances the trans-
parency of the modeling process, providing clear justications
for the inclusion of chemically meaningful descriptors in the
succeeding model trained using a database with a reduced
feature set.

Aer obtaining the top 64 explanatory variables ranked by
ELI5 for Model II, a new dimensionally reduced database was
constructed accordingly. In line with the earlier statistical pre-
processing step, experimentally important variables including
the molar ratio between blocks A and B, cross-linking infor-
mation, the alkaline stability test temperature, the concentra-
tion of the alkaline solution, the duration of the alkaline
stability test, the anion conductivity measurement temperature,
and the IEC were reincorporated into the nal database if they
had not been selected by ELI5 as one of the top 64 variables.
This step does not contradict the logic of model-driven feature
selection but rather complements it by ensuring that variables
critical to the experimental context, particularly those known to
inuence the temperature-dependent conductivity behavior in
AEM polymers, are preserved for model explainability and
scientic validity. As a result, the nal input database consisted
of 67 variables. Based on Model II, a new ANN model (named
Model II-mini) was constructed using the dimensionally
reduced dataset (nal input database) obtained through ELI5
feature selection. Model II-mini was trained based on the nal
output database and optimized with Optuna, with a signi-
cantly lower number of nodes in each hidden layer (∼1/10)
compared to those of Models I and II (Table S5).

Model II-mini demonstrated a signicantly improved
predictive accuracy compared to Models I and II (Table 1 and
This journal is © The Royal Society of Chemistry 2026
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Fig. 3a, b). It should be noted that all three models were trained
and evaluated using the same underlying experimental data-
base; the distinction lies in the input feature dimensionality,
with Models I and II utilizing 1007 descriptors obtained aer
statistical feature selection and Model II-mini utilizing the 67
top-ranked descriptors identied through explainable ML-
based feature selection using ELI5 permutation importance.
More specically, the RMSE for the combined training–valida-
tion dataset decreased by 0.0132 S cm−1 (57.39% improvement)
and 0.0050 S cm−1 (33.78% improvement) relative to Models I
and II, respectively, while the test dataset RMSE dropped by
0.0213 S cm−1 (61.03% improvement) and 0.0094 S cm−1

(40.87% improvement), respectively. These improvements
indicate that Model II-mini effectively mitigated overtting,
a problem commonly encountered in high-dimensional ANNs,
by removing noisy or redundant variables while retaining
essential chemical information. The reduced input dimen-
sionality also enabled a corresponding reduction in model
complexity, with Model II-mini employing approximately one-
tenth the number of neurons per hidden layer compared to
Models I and II (Tables S1, S2 and S5). This architectural
simplication improved the bias-variance tradeoff by reducing
variance-related generalization error while maintaining suffi-
cient model capacity to capture the underlying structure–
property relationships, in accordance with the bias-variance
tradeoff principle.112 As such, a dual-purpose highly predictive
model capable of accurately estimating the anion conductivities
of AEM polymers, both in their freshly synthesized state and
throughout the course of alkaline stability testing, was ob-
tained. Overall, the feature selection workow presented herein
not only sharpened the model focus on chemically meaningful
trends, but also improved its generalization performance,
capturing the behavior of AEM polymers.

It is important to note that the model operates in descriptor
space rather than structural space. Mordred descriptors provide
an algorithmic mapping from molecular structure to a vector of
physicochemical and topological features, enabling evaluation
of candidates whose exact monomer identities were not
observed during training. Prediction reliability is governed by
the applicability domain in the 67-dimensional descriptor
Fig. 3 Predicted vs. actual anion conductivity plots from the (a) training

This journal is © The Royal Society of Chemistry 2026
space: candidates whose descriptor vectors lie within or near
the training distribution are expected to yield more reliable
predictions, while those substantially outside the training
distribution should be interpreted with appropriate caution. To
characterize generalization behavior in the model feature space,
the relationship between k-nearest-neighbor (k-NN) distance
(standardized 67D space, k = 5 (default), Euclidean) and
prediction error was evaluated for the held-out test polymers
(Fig. S3 and Table S7). Following classical k-NN applicability-
domain practice, high-quantile distance references (e.g., the
95th percentile of the training-set internal k-NN distance
distribution) are oen used as conservative indicators of sparse
regions in descriptor space.113,114 The analysis indicates that the
percentile rank is conservative for this dataset, where the
majority of test data points exceed the 95th percentile while the
model retains strong predictive accuracy (RMSE =

0.0136 S cm−1), whereas the absolute k-NN distance provides
a more informative continuous indicator of prediction reli-
ability (Fig. S3).
Prediction logic evaluations using SHAP

SHAP was successfully applied to Model II-mini (Fig. 4a). The
resulting SHAP summary plot ranks the input variables by their
overall impact, wherein each dot represents the SHAP value of
an explanatory variable for a specic sample, and the dot color
reects the original explanatory variable (feature) value. Among
the top 20 most inuential variables identied by SHAP, two
were experimental in origin: the anion conductivity measure-
ment temperature and IEC. Both are well-established factors
inuencing conductivity, with higher temperatures generally
enhancing ion mobility and increased IEC improving conduc-
tivity up to a point, beyond which excessive swelling may
compromise AEMmembrane stability. The prominence of these
variables indicates that Model II-mini effectively captured key
chemical principles. The remaining top variables were molec-
ular descriptors, and the impacts of the top three important
variables (AATSC5i_A, AATS8v_A, and SRW06_A) on the pre-
dicted anion conductivity were examined (Tables 2 and S8).
AATSC5i_A is a descriptor that captures the electron
–validation and (b) test prediction processes of Model II-mini.
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Fig. 4 (a) SHAP summary plot for Model II-mini. The color corresponds to the explanatory variable value, with higher values shown in bright
magenta and lower values in cyan. The x-axis origin is set at 0, with positive data points (right side) indicating a higher impact on the predicted
output, and vice versa. SHAP value vs. feature (descriptor) value plots of (b) AATSC5i_A, (c) AATS8v_A, and (d) SRW06_A. The colors correspond to
the anion conductivity, with higher values shown in bright yellow, and lower values in dark purple. The blue background represents the density
plot calculated according to the datapoint count and the anion conductivity, where darker blue represents a higher datapoint density of AEMs
with higher anion conductivity. In (b–d), the vertical datapoints correspond to the same polymers but with conductivity measurements per-
formed at different temperatures or using different molar ratios.
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distribution by averaging ionization potentials between atoms
that are ve bonds apart in the block A monomer. A high
AATSC5i_A value indicates aromatic-rich structures containing
groups with a high ionization potential or electron-withdrawing
substituents,115 as seen in partially uorinated poly(arylene
ether)s (e.g., QPE-PYR-X5Y3,116 highest AATSC5i_A = 0.3724,
anion conductivity 0.00126 S cm−1 at 80 °C). AATS8v_A reects
the bulkiness by averaging the van der Waals volumes of the
atoms that are eight bonds apart. High AATS8v_A values are
typically observed in polymers with bulky substituents that are
consistently spaced by eight-bond intervals, such as poly(-
arylene ether sulfone) (e.g., PAES-Q-80,117 highest AATS8v_A =
Table 2 Top 3 important variables obtained from the SHAP plot using Mo
with respect to the observed atom

Descriptor Type Property Lag Chemical

AATSC5i_A Averaged & centered a
utocorrelation; block A

Ionization
potential

5 Electron d
across 5-b

AATS8v_A Averaged autocorrelation; b
lock A

van der Waals
volume

8 Long-rang
size sprea

SRW06_A Self-returning walk count; b
lock A

Topological
structure

6 Cyclicity a
structural

J. Mater. Chem. A
216.7770, anion conductivity 0.0679 S cm−1 at 80 °C). SRW06_A
captures the cyclicity and graph complexity by counting six-step
closed walks within block A. High SRW06_A values originate
from block A monomers rich in carbocyclic rings, such as
uorene-based poly(arylene ether sulfone) (e.g., TrimPES-0.4,118

highest SRW06_A = 8.6665, anion conductivity 0.121 S cm−1 at
80 °C). Higher values of these descriptors have larger impacts
on the predicted values but not necessarily higher predicted
anion conductivities. For example, the highest-performing AEM
polymer (C-QPx1y0, conductivity 0.319 S cm−1 at 80 °C)119

exhibits AATSC5i_A, AATS8v_A, and SRW06_A values of
0.004205, 117.2667, and 6.4281, respectively, falling between
del II-mini (Fig. 4a). The lag represents the distance (number of bonds)

meaning High value trend Low value trend

istribution
ond distances

Multiple atoms with higher
ionization potentials
than carbon

Mostly constituted of
carbon atoms

e atomic
d

Bulky, branched, and
multiple heteroatom chains

Compact, limited
branching, homogeneous
chains

nd local
complexity

Rigid, cyclic motifs Simple linear chains

This journal is © The Royal Society of Chemistry 2026
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Table 3 First, second, and third quartile values, along with the minimum and maximum values of the top three molecular descriptors

Descriptor First quartile Second quartile Third quartile Minimum value Maximum value

AATSC5i_A −0.2474 −0.02510 0.03686 −0.9884 0.3724
AATS8v_A 106.8337 133.4384 168.0280 31.0837 216.7770
SRW06_A 6.5236 7.0639 7.6625 5.7137 8.6665
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the second and third quartiles, the rst and second quartiles,
and below the rst quartile, respectively (Table 3). In contrast,
PPO-7Q-0.8,120 the lowest-performing AEM polymer (conduc-
tivity 0.00115 S cm−1 at 80 °C), shows values below the rst
quartile (AATSC5i_A = −0.3141 and SRW06_A = 6.4938) and
between the rst and second quartiles (AATS8v_A = 108.0371)
(Table 3). These observations suggest that high anion conduc-
tivity is not simply associated with high values of all important
descriptors, highlighting the complex interplay between
molecular descriptors and anion conducting properties. Across
the dataset (Fig. S4a and c), high conductivity was generally
associated with a balanced combination of these descriptors
rather than extreme values in any single descriptor, as signied
by C-QPx1y0, which exhibits a balance between the top three
descriptors. This highlights the complex connection between
structural features and ion transport, along with the importance
of analyzing inter-descriptor relationships to guide AEM design,
favoring balance over the maximization of individual
descriptors.

Three pairs were formed from the top three descriptors,
namely AATSC5i_A/AATS8v_A, AATSC5i_A/SRW06_A, and
AATS8v_A/SRW06_A. To unravel the correlations between the
descriptors in each pair, the SHAP value of each descriptor was
used to calculate the Pearson correlation coefficient,121 r (Table 4),
via the following equation:121

r ¼
P ðxi � xÞðyi � yÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP ðxi � xÞ2ðyi � yÞ2

q (3)

where xi and yi are individual data points of the independent
and dependent variables, respectively, and �x and �y are the
means of the x and y values, respectively. Although the use of
the SHAP value to calculate the correlation coefficient has been
reported in the eld of soil salinity analysis,122 it was used solely
Table 4 SHAP value- and descriptor value-based correlation coeffi-
cients between the pairs formed by the top three descriptors

Descriptor 1 Descriptor 2

Correlation coefficient

SHAP value-based Descriptor value-based

All data
AATSC5i_A AATS8v_A 0.5329 0.5894
AATSC5i_A SRW06_A 0.2340 0.2378
AATS8v_A SRW06_A 0.7688 0.7928

Anion conductivity measured at 80 °C $ 0.1 S cm−1

AATSC5i_A AATS8v_A 0.5417 0.4858
AATSC5i_A SRW06_A 0.1766 0.2157
AATS8v_A SRW06_A 0.6071 0.6999

This journal is © The Royal Society of Chemistry 2026
for feature selection by utilizing the target–property relation-
ship between the model prediction and the input variables
formed by SHAP. Here, the correlation coefficients were used to
guide whether the pairs formed are of chemical signicance,
wherein values >0.7 reect a high correlation, 0.5–0.69 indicate
a moderate correlation, and <0.49 indicate a low (or zero)
correlation.123 Accordingly, the AATS8v_A/SRW06_A pair repre-
sents the most correlated pair (correlation coefficient = 0.7688;
Table 4), whereas the AATSC5i_A/SRW06_A pair is the least
correlated pair (correlation coefficient = 0.2340); the
AATSC5i_A/AATS8v_A pair is moderately correlated (correlation
coefficient = 0.5329) (Fig. S4d–f). Considering the individual
meanings of the descriptors, the moderate AATSC5i_A/
AATS8v_A correlation occurs because both components
consider the heteroatoms present in the polymer structure,
which either lead to a higher ionization potential or a larger van
der Waals volume. These descriptors are not highly correlated
because it is possible to increase the ionization energy without
signicantly affecting the van der Waals volume, such as
through adding heteroatoms to aliphatic chains.124 The low
correlation observed for AATSC5i_A/SRW06_A can be attributed
to the fact that AATSC5i_A focuses on heteroatoms, while
SRW06_A only concentrates on six-step closed walks, thereby
ignoring the heterogeneity within the polymer structure.125 This
correlation decreased further to 0.1766 when recalculated using
only AEM polymers with anion conductivities$0.1 S cm−1 at 80
°C (Table 4), and the AATSC5i_A/SRW06_A pair was therefore
excluded from subsequent analysis. The high correlation for
AATS8v_A/SRW06_A occurs since both descriptors evaluate the
polymer bulkiness, i.e., AATS8v_A through the atomic van der
Waals volume, and SRW06_A through cyclic structures. Their
correlation is strong but remains below 0.8, likely because
SRW06_A focuses solely on cyclicity and does not explicitly
account for heteroatoms, a factor that inuences AATS8v_A.
Interestingly, correlation trends from the SHAP values mirrored
those from the descriptor values, although the descriptor-based
correlations were slightly higher. This difference arises because
descriptor-based correlations solely reect direct structural
similarity, whereas the SHAP values capture additional
nonlinear and context-dependent interactions within the
model. For instance, vertically aligned clusters in the SHAP
scatter plots (Fig. 4b–d), where multiple data points share
identical descriptor values (x-axis) yet show differing SHAP
values (y-axis), illustrate how various experimental conditions
can modulate the contribution of a descriptor. Thus, SHAP-
based analysis provides deeper insights into the combined
inuence of structural features and experimental conditions on
the predicted conductivity, surpassing the interpretability
provided by descriptor correlations alone. Overall, these
J. Mater. Chem. A
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pairwise descriptor correlations highlight complex underlying
structural relationships affecting AEM conductivity, empha-
sizing the requirement for deeper analysis. To accurately
interpret how these descriptors and descriptor pairs are inu-
enced by polymer structures, it is crucial to further investigate
their calculation mechanisms through examination of their
computational algorithms, which are available in the Mordred
library.65
Molecular descriptor explanation using ChatGPT

In-depth examinations of the AATSC5i_A, AATS8v_A, and
SRW06_A source codes were performed using ChatGPT
(versions 4o and o3; accessed May 13, 2025), a chatbot program
developed by OpenAI and based on the large language model
(LLM) technology.126 Such LLMs provide coding assistance that
is also benecial for the chemistry eld,127–129 and it would be
desirable for the workow incorporating the descriptor expla-
nations to be constructed with minimal prior domain knowl-
edge regarding the descriptor or the descriptor source code. It
should be emphasized that ChatGPT was not employed as an
autonomous source of chemical knowledge or as a decision-
making agent in this study; rather, it was deliberately posi-
tioned as an assistive interpretative tool within a human-in-the-
loop framework, where all generated explanations were criti-
cally evaluated, corrected where necessary, and validated by
domain experts. The role of ChatGPT was specically limited to
(i) parsing and summarizing descriptor source code obtained
from the Mordred library and (ii) facilitating the translation of
mathematically abstract descriptor denitions into chemically
intuitive language, thereby accelerating expert interpretation
rather than replacing it. While LLMs such as ChatGPT are
trained on broad corpora that incidentally include chemistry
and materials science literature, their domain-specic reli-
ability remains limited, and they may generate incomplete or
misleading explanations if used without expert oversight.130–132

Tomitigate this risk, descriptor source code, formal denitions,
and domain-specic background information were explicitly
provided as inputs, and all generated interpretations were
cross-checked against established physicochemical principles
and experimental knowledge. Using ChatGPT, the workow is
as follows:

(1) Obtain source code for AATSC5i_A, AATS8v_A, and
SRW06_A from Mordred (https://mordred-descriptor.github.io/
documentation/master/descriptors.html).

(2) Ask ChatGPT to explain AATSC5i_A (for example) based
on (i) the meaning of the descriptor from Mordred and (ii) the
source code of the descriptor.

(3) Analyze the answer provided by ChatGPT based on
chemical domain knowledge.

During this workow, four representative limitations that
further motivate the human-in-the-loop safeguards described
above were observed. First, ChatGPT occasionally produced
mechanistic-sounding narratives directly from correlational
patterns (e.g., inferring specic ion-transport mechanisms from
descriptor–conductivity correlations); such statements were
rewritten using hypothesis-level language and cross-checked
J. Mater. Chem. A
against established polymer physics principles. Second, initial
outputs emphasized simple screening-threshold heuristics
suggesting monotonic improvement, whereas expert analysis
indicated non-monotonic tradeoffs that require a balanced
optimization perspective. Third, architecturally meaningful
insights, such as the structural signicance of certain lag values
(e.g., lag-5 and lag-8) as characteristic bond distances in AEM
polymer architectures, oen emerged only aer explicit expert
prompting, highlighting that domain knowledge is essential to
formulate scientically meaningful questions. Fourth, design
suggestions required expert ltering for synthetic feasibility and
chemical stability. Importantly, all quantitative results reported
herein were computed and veried independently by the
authors; ChatGPT outputs were used only to assist with draing
qualitative interpretations. Consistent with this cautious
framing, evaluations of GPT models on chemistry tasks report
improved accuracy in newer versions but persistent computa-
tional and interpretive errors, indicating that careful human
oversight remains necessary even as model versions improve.133

Table S9 provides concrete examples of this renement process.
When used within this validated workow, providing descriptor
source code, denitions, and domain-specic background
(Fig. 5) enabled ChatGPT to generate more detailed dra
explanations for key individual descriptors (Table 5) and
descriptor pairs (Table 6), which facilitated clearer visualization
and discussion of AATSC5i_A and AATS8v_A. In contrast, for
SRW06_A and its pairs, the added value was limited, consistent
with SRW06_A being a comparatively straightforward ring-
count/topology descriptor largely reecting the presence and
number of six-membered rings. These results indicate that,
under expert oversight, ChatGPT can accelerate descriptor
interpretation by improving the clarity and completeness of
dra explanations. ChatGPT stated that the AATSC5i_A/
AATS8v_A pair describes how regularly high-ionization poten-
tials and bulky atoms coexist, and how they are periodically
spaced along the main/side-chain; however, be aware that the
presence of long, bulky alkyl chains does not affect the ioniza-
tion potential (AATSC5i_A) but increases the bulk (AATS8v_A).
In particular, the ve- and eight-bond distances of the
AATSC5i_A/AATS8v_A pair were identied by Model II-mini
because ve represents the shortest graph distance that spans
an entire para-substituted phenyl ring, while eight is the major
tether length from the main-chain structure to the quaternary
ammonium ion, as well as the para-to-para distance between
cationic groups on adjacent phenyl groups in a biphenyl or
poly(aryl ether ketone)-like main-chain. This explanation is
coherent with the database content, as both of these constituted
the majority of the AEM polymers in the database.71

From the above ndings, AEM polymer design guidelines
can be derived: (i) including aromaticity, preferably benzene
with its hydrogen substituted with other atoms/groups that are
more electron-withdrawing (AATSC5i_A) and/or as biphenyl
(AATS8v_A), (ii) having a side-chain length of eight bonds from
the connecting point between main and side-chain to the
ammonium site (AATS8v_A), and (iii) avoiding pure alkyl chains
of more than 4 units by introducing electron-withdrawing
heteroatoms every 4 carbons would help to inate AATSC5i_A,
This journal is © The Royal Society of Chemistry 2026
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Fig. 5 Example for the prompt used in this study and the actual answer provided by ChatGPT-o3. The actual answer consists of six sections; only
the first section is shown here.
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positively affecting ionization potential. These guidelines
conform with the latest understandings that biphenyl moieties
or long side-chains enhance the durability (by avoiding aryl-
ether cleavage reactions) and phase separation,99 while also
providing a more quantitative guideline on the bond interval
This journal is © The Royal Society of Chemistry 2026
that is required along a long alkyl side-chain to maximize water
and ion transport.104,134,135

While several extracted motifs align with the established
AEM literature, the novelty of this work lies in the traceable,
descriptor-to-guideline workow, including the pairwise
J. Mater. Chem. A
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Table 5 Summary of the factors that increase or decrease the descriptor values of AATSC5i_A, AATS8v_A, and SRW06_A, as answered by
ChatGPT-o3

Descriptor Factors increasing the descriptor value Factors decreasing the descriptor value

AATSC5i_A Majority of atoms lie on the same side of the
ionization-potential mean, giving a positive
covariance

Alternation of high- and low-ionization
potential atoms every ve bonds, yielding
negative covariance

Similar high-ionization potential atoms
(O, F, and quaternary-N) arranged exactly ve
bonds apart

A high-ionization-potential heteroatom
opposite a low-ionization-potential carbon at
a ve-bond distance

Electron-withdrawing groups (F, CF3, SO2, and
quaternary ammonium) installed so their
centers are separated by ve s-bonds

Donor/acceptor alternation or long aliphatic
tethers that bring dissimilar ionization
potential atoms together at a ve-bond distance

Long, aromatic-rich A block that provides
numerous ve-bond pathways between like
heteroatoms

Very short or highly branched blocks that limit
or disrupt regular ve-bond pairings

AATS8v_A Many bulky atoms (Cl, Br, P, quaternary-N
substituents, long alkyls, and aromatic rings)

Dominance of small atoms
(H, light heteroatoms) in the graph

Regular spacing of those bulky atoms so that the
graph distance between the atoms is exactly 8
bonds (e.g. para–para substituted aromatics;
tether lengths of 7 s-bonds)

Bulky atoms clustered closer than 8 bonds or
signicantly further apart; few 8-bond paths

A long linear or lightly branched backbone that
preserves many distinct 8-bond paths

Very short, highly cross-linked or heavily
branched repeating units that shorten most
path lengths

Repetition of side-chains of similar size yielding
numerous equivalent paths

Alternation between large and very small atoms
(large–small pairs give moderate products)

SRW06_A Six-membered rings (benzene, piperidine, and
cyclohexane): each ring supplies many 6-step
closed walks (each way round the ring plus
retraced variants)

Strictly linear chains with no rings or long
branches have very few closed walks

Fused aromatic systems or multiple rings in one
repeating unit: walk counts combine additively
and multiplicatively

Very short monomers (#5 heavy atoms)
cannot support 6-step cycles at all,
giving SRW06 = ln 1 = 0

Dense branching that brings atoms
back to the origin in six steps
(e.g., 1,3,5-trisubstituted phenyl)

Extensive spacer segments between functional
moieties push closed circuits beyond 6 steps,
and so they do not contribute here

Heteroatom substitutions inside the rings
(N, O, and S) do not change the walk count itself
but may appear more than once because each
heteroatom is a graph node

Table 6 Summary of the factors increasing, decreasing, or shifting the descriptor value in the opposite direction for the pairs formed between
AATSC5i_A, AATS8v_A, and SRW06_A, with the exception of the AATSC5i_A and SRW06_A pair, as answered by ChatGPT-o3

Pair
Factors increasing both descriptor
values

Factors decreasing both descriptor
values

Factors promoting the opposite
effect (one up/one down)

AATSC5i_A & AATS8v_A Two quaternary-N or O/F atoms
separated by exactly 5 bonds and
again encountered (through
backbone repetition) at an 8-bond
spacing

Aliphatic chains with mixed C and
heteroatoms / low IP covariance
and small van der Waals products

Add bulky tert-butyl carbons
([ AATS8v_A) without heteroatoms
(4 AATSC5i_A)

Para-di-substituted phenyl where
ammonium head groups such as
[N(CH3)4]

+ sit 5 bonds apart (around
the ring) and 8 bonds apart (across
adjacent rings)

Very short/branched units that
break 8-bond paths

Introduce alternating donor/
acceptor heteroatoms
(Y AATSC5i_A vs. 4/[ AATS8v_A)

AATS8v_A & SRW06_A Fused or multi-ring systems with
bulky substituents (biphenyl,
naphthalene, and uorene)

Linear aliphatics with few side-
groups

Add branching bulky tert-butyls
along a exible chain ([ AATS8v_A)
but no rings (SRW06_A low)

J. Mater. Chem. A This journal is © The Royal Society of Chemistry 2026
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correlation analysis of SHAP-attributed contributions, that
quantitatively recovers and renes these principles from
experimental datasets without hard-coding material-specic
design rules. Based on these design guidelines, a conceptual
block A monomer structure was designed for an AEM polymer,
since both AATSC5i_A and AATS8v_A are descriptors of block A
(Fig. 6, blue background). It should be noted that the polymer
structures created by experts and shown in Fig. 6 are presented
as conceptual design examples intended to demonstrate how
descriptor-level insights can be translated into chemically
plausible polymer architectures, rather than as claims of opti-
mized or synthesis-ready materials. To assess whether the
conceptual designs fall within the applicability domain of
Model II-mini, k-NN distances were computed in the stan-
dardized 67-dimensional descriptor space used by Model II-
mini (k = 5, Euclidean; Table S7). Although percentile ranking
relative to the training-dataset internal distance distribution
places these designs in the extreme tail ($99.49th percentile),
Fig. 6 Illustration of the expert-materialized AEM polymer conceptual str
and the ChatGPT explanation for Model II-mini. SHAP analysis provided im
in completing the structure to obtain synthesizable and realistic AEM p
polymer block A structure based on the extracted AEM design guideline. R
completed conceptual AEM polymer structure under combined human–
is the same as the main-chain structure of block A. The block A/block B

This journal is © The Royal Society of Chemistry 2026
percentile references are conservative for this dataset, and the
absolute k-NN distance provides a more informative continuous
novelty indicator (Fig. S3 and Table S7). The conceptual designs
exhibit k-NN distances of 4.71–6.90, placing them in the same
near-neighbor distance band associated with strong predictive
performance (RMSE = 0.01427–0.00192 S cm−1) for multiple
held-out test polymers with comparable distances. For example,
AEM polymer 3 (k-NN distance = 4.71) is comparable to test
polymer H22C9N136 (4.62, RMSE = 0.00357 S cm−1), while AEM
polymers 1 and 4 (k-NN distance z 6.8–6.9) are comparable to
PmTDMP137 (6.86, RMSE = 0.00499 S cm−1). This analysis
suggests that the predictions are reasonably supported within
the learned descriptor space. Nevertheless, such predictions
remain extrapolative to a certain degree and require experi-
mental validation to conrm predicted properties, particularly
given that outliers such as PPO-PipOH138 (RMSE =

0.02940 S cm−1 despite moderate k-NN distance) demonstrate
that proximity to training data is necessary but not sufficient for
ucture based on the AEM design guidelines derived from SHAP analysis
portant information for block A, not for block B. Experts were involved

olymers. Blue background: direct visualization of the conceptual AEM
ed background: expert-derived block B structure. Purple background:
AI efforts. All polymers used for prediction have a block B structure that
molar ratio was set at 8 : 2 as an example.

J. Mater. Chem. A
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accurate prediction. Experimentalists can apply this approach
by calculating Mordred descriptors for candidate monomers
and assessing their alignment with the identied optimal
ranges (Tables 2 and 3) and applicability domain of Model II-
mini, thereby using the framework as a quantitative screening
lter prior to synthesis.

Importantly, this descriptor-guided framework can also be
applied in the inverse direction: given a specic monomer or set
of candidate monomers, their descriptor values can be evalu-
ated against the SHAP analysis-identied optimal ranges to
guide decisions on side-chain modication, block composition,
and functionalization strategies, enabling rational polymer
design under realistic synthetic constraints. Without specic
recommendations regarding heteroatom spacers or anion-
conducting moieties, ether linkages and trimethylammonium
ions were selected, since the hydrophilic ether linkage can
potentially mitigate Hofmann elimination at the C3 methylene
group adjacent to the trimethylammonium site by contributing
to the conservation of high OH− hydration.139,140 These func-
tional groups have well-established synthetic accessibility in
polymer and/or AEM research.101,141,142 Although a block A
homopolymer may appear promising in terms of its anion
conductivity, a fully functionalized block A-only AEM polymer
would possess an excessively high IEC, raising concerns
regarding water solubility and membrane swelling. To address
potential over-swelling, a B-block segment that shares the main-
chain structure of block A but lacks the side-chain was intro-
duced, thereby converting the homopolymer into a block
copolymer with a reduced functionalization density (denoted as
AEM polymer 1). The block A/block B molar ratio was set at 8 : 2
as a representative example; alternative ratios can be explored
using the same framework to optimize monomer distribution
for specic application requirements. AEM polymer 1 exhibited
AATSC5i_A and AATS8v_A values surpassing the third quartile
and falling between the second and third quartiles, respectively.
Subsequently, the performance of AEM polymer 1 was evaluated
using Model II-mini. The anion conductivity was predicted at 80
°C, while the alkaline stability was assessed under 1 M NaOH
conditions at 60 °C aer 100 days. The block A/block B molar
ratio was set at 8 : 2. AEM polymer 1 exhibited a predicted anion
conductivity exceeding 0.1 S cm−1 at 80 °C and retained 67.94%
of that conductivity (0.07639 S cm−1) aer 100 days of alkaline
exposure (1 M NaOH, 60 °C) (Table 7 and Fig. 6, purple back-
ground). Detailed predicted conductivity proles for AEM
Table 7 AATSC5i_A, AATS8v_A, and predicted anion conductivity at 80 °
with predicted conductivity retention after alkaline exposure (1 M NaOH
predictions from Model II-mini. All polymers used for prediction have a bl
The block A/block B molar ratio was set at 8 : 2 as an example

AEM polymer no. AATSC5i_A AATS8v_A

1 0.07185 139.1117
2 −0.06804 127.0347
3 0.09846 161.8823
4 0.1087 162.3189

J. Mater. Chem. A
polymers 1 and 3, including temperature-dependent conduc-
tivity and time-resolved degradation trajectories over 0–100 days
of alkaline exposure, are provided in Table S10. Both polymers
exhibit a gradual decline in predicted conductivity with
increasing exposure time, with AEM polymer 3 retaining 71.33%
of its initial conductivity at 80 °C aer 100 days, comparable to
AEM polymer 1 (67.94%). To contextualize this prediction, the
retention is moderate compared with some highly durable
AEMs reported under comparable alkaline-aging protocols,
while remaining chemically plausible given the functional
motifs adopted in the conceptual design.99,101,103 Importantly,
these values are model predictions intended to guide prioriti-
zation rather than to replace experimental validation, and they
suggest that the extracted design guidelines can yield realistic
candidates for subsequent synthesis-focused studies. Three
additional block A variants were designed, with their block B
structures set according to their main-chain structures but
without a side-chain. Their block A/block B ratio was dened as
8 : 2, and the resulting polymers were named AEM polymers 2–4
(Fig. 6, gray background). The same Model II-mini was used to
predict the anion conductivities at 80 °C of AEM polymers 2–4.
Among them, the side-chain of AEM polymer 2 was maintained
at ve bond lengths to fulll the criteria of AATSC5i_A, but due
to the difference in ionization potentials between carbon and
ammonium, the obtained AATSC5i_A value was the lowest
amongst all four conceptual structures (Table 7 and Fig. 6, gray
background). None surpassed the performance of the initial
concept, with the highest conductivity (0.1024 S cm−1, AEM
polymer 3) being 0.01 S cm−1 lower than the initial design
(Table 7 and Fig. 6, gray background). To benchmark these
predictions against the broader experimental landscape, it is
noted that among the 326 AEM polymers in the training data-
base with conductivity values reported at 80 °C, only 47
(14.42%) exhibit anion conductivities $0.1 S cm−1, a target
oen used as a practical performance criterion for AEMFC/
AEMWE-relevant conditions.143 Within the four illustrative
conceptual designs proposed using the extracted guidelines,
two exceed this criterion (AEM polymers 1 and 3). While this
outcome is not presented as a statistical claim given the small
sample size, it illustrates how the framework can enrich
promising candidates prior to committing synthetic resources,
thereby improving the efficiency of early-stage AEM polymer
development.
C (fully hydrated) for illustrative conceptual AEM polymer designs 1–4,
, 60 °C, and 100 days) shown for AEM polymer 1. All values are model
ock B structure that is the same as the main-chain structure of block A.

Predicted anion
conductivity/S cm−1

Predicted alkaline
stability/S cm−1

0.1124 0.07639 (67.94%)
0.0741 —
0.1024 —
0.0727 —

This journal is © The Royal Society of Chemistry 2026
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Overall, these results demonstrated the potential of system-
atically feeding back interpretations from combined SHAP-
based, ChatGPT-assisted descriptor analysis into the design–
predict–select loop of AEM polymer development. By referring
to the guidelines obtained through ChatGPT assisted interpre-
tation of important molecular descriptors, candidate structures
can be rationally designed and then screened in silico using the
trained ANN model to predict both initial anion conductivity
and long-term alkaline stability. Only those candidates falling
within the high-performance descriptor range and meeting
predictive performance criteria, such as $0.1 S cm−1 conduc-
tivity at 80 °C, would be prioritized for synthesis. This design-to-
prediction workow supports efficient narrowing of the exper-
imental search space, accelerates identication of promising
AEM polymers, and reduces resource consumption in early-
stage polymer development. Though applied only to AEM
polymers here, this workow should be applicable to any
material wherein molecular descriptors are used to represent
the chemical structure. Such generalizability positions this
workow as a useful tool for expanding XAI applications across
diverse materials systems.

Conclusions

This study demonstrates a systematic and transparent ML/AI
framework that combines statistical (mRMR) and explainable
ML (permutation importance) feature selection techniques for
analyzing high-dimensional polymer datasets within an ANN
framework. The two-step dimensionality reduction, from
thousands of descriptors down to 67 key features, enabled
efficient SHAP-based model explanation while signicantly
enhancing the predictive accuracy of the ANN for unseen AEM
polymer anion conductivity (+40.87%). SHAP analysis effectively
identied the most impactful descriptors, allowing both
manual and AI-assisted interpretation (via ChatGPT) to reveal
chemically meaningful structure–property relationships.
Moreover, this novel pairwise correlation analysis, together with
the utilization of ChatGPT, uncovered previously hidden
descriptor interactions, providing richer insights and clearer
guidelines for polymer design than traditional single-variable
analysis alone. Four illustrative conceptual AEM polymer
designs were proposed based on the extracted guidelines, and
two were predicted to exhibit anion conductivities $0.1 S cm−1

at 80 °C, highlighting how the framework can prioritize prom-
ising candidates for subsequent experimental validation.
Through the proposed method, this study successfully
demonstrated the achievement of orchestration between XAI,
ChatGPT-assisted molecular descriptor interpretation, and
human expertise, transforming complex model outputs into
chemically interpretable design insights that can guide rational
monomer and polymer design prior to synthesis, whether
starting from novel conceptual structures or from experimen-
tally accessible monomers. By enabling descriptor-guided
screening and prioritization under realistic synthetic
constraints, the framework helps experimentalists narrow the
candidate space and allocate synthesis or testing resources
more efficiently, complementing, rather than replacing,
This journal is © The Royal Society of Chemistry 2026
experimental validation. Furthermore, because the model
operates in descriptor space rather than structural space, the
framework supports evaluation of near-neighbor chemical
space, such as new combinations or modications of estab-
lished motifs, while transparently signaling via applicability-
domain metrics when predictions extend beyond the training
distribution and should be interpreted with appropriate
caution. While this method proved effective for AEM polymers
and ANN architectures, limitations remain. The current anal-
ysis was restricted to pairwise interactions and three descrip-
tors; expanding this to include higher-order interactions and
broader chemical classes could further improve insight and
generalizability, while simultaneously increasing the number of
relationships to be analyzed. Future work may explore inte-
grating this framework with generative models or transfer
learning to enhance its applicability to unexplored chemical
spaces. More broadly, the present workow demonstrates how
experimentally derived polymer datasets can be translated into
quantitative descriptor–property relationships, enabling mate-
rials scientists to examine, rene, and reproduce design
heuristics within a data-driven framework. Overall, the
proposed framework serves as a robust template for extending
XAI to complex materials systems, as demonstrated in its
application to AEM polymers, ultimately bridging predictive
modeling with scientic understanding to accelerate material
discovery.
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hyperparameter values; complete tables with brief explanations
of top 64 important variables from ELI5 and top 20 important
variables from SHAP; gure of descriptor value vs. anion
conductivity and descriptor value vs. descriptor value, for the
top 3 important variables; code availability for this workow.
See DOI: https://doi.org/10.1039/d5ta06120b.
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