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Abstract

The integration of artificial intelligence (Al) with computational nanochemistry is rapidly reshaping adsorption
research by significantly accelerating materials discovery and deepening mechanistic understanding. Traditional
computational methods such as density functional theory (DFT) and molecular dynamics (MD) simulations
provide valuable atomic-level insights but are often limited by high computational costs and challenges in
scaling to complex or large systems. Al techniques, including machine learning and deep learning, offer
powerful tools for surrogate modeling, automated feature extraction, and high-throughput screening of
adsorbent materials. This review comprehensively surveys recent advances in Al-enhanced computational
nanochemistry applied to adsorption, emphasizing Al-driven energy prediction models, descriptor engineering,
multi-scale integration, and automated workflows. Applications spanning gas separation, environmental
remediation, catalysis, energy storage, and biomedical nanotechnology are discussed. Key challenges such as
data quality, model interpretability, transferability, and integration with physical laws are critically examined
alongside emerging strategies. Future prospects, including physics-informed Al, autonomous laboratories, and
collaborative data platforms, are highlighted, underscoring the transformative potential of this interdisciplinary
approach in accelerating sustainable material innovation.
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1. Introduction

Adsorption processes play a central role in a wide range of scientific and technological applications,
including environmental remediation, gas separation and storage, catalysis, energy conversion,
corrosion, and biomedical engineering (Garcia-Cuello et al., 2008; Zarrok et al., 2012; Aourabi et al.,
2021; Salim et al., 2024; Gheibi et al., 2024; Zhang et al., 2023; Husaini, 2026a). At the nanoscale,
adsorption behavior is governed by complex surface-molecule interactions that depend on structural,

electronic, and chemical features of nanomaterials (Abouri et al., 2025; Hamza et al., 2025; Hamza et
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al., 2025). Understanding and predicting these interactions is essential for the rational design of high-
performance adsorbents; however, this task remains challenging due to the intrinsic complexity of
nanoscale systems (Bai & Zhang, 2025; Gutierrez et al., 2025).

Computational nanochemistry has emerged as a powerful tool for probing adsorption mechanisms at
the atomic and molecular levels. Techniques such as density functional theory, molecular dynamics,
and Monte Carlo simulations provide valuable insights into adsorption energies, preferred binding
sites, surface reconstructions, and thermodynamic stability (EI Hammari et al., 2023; Lan et al., 2023a;
Qu et al., 2023; Guendouz et al., 2025; Husaini, 2026b-d). Despite their accuracy, these methods are
often computationally demanding and limited in their ability to explore large chemical spaces, diverse
surface morphologies, and multicomponent adsorption environments. As a result, the discovery and
optimization of nanostructured adsorbents using purely conventional computational approaches can be
slow and resource intensive.

In recent years, artificial intelligence (Al) and machine learning (ML) techniques have gained
increasing attention as complementary tools to traditional computational chemistry (Osaro et al., 2024;
Lan et al., 2023b). By learning patterns from existing datasets, Al models can rapidly predict
adsorption properties, identify key structure—property relationships, and guide the selection of
promising materials with significantly reduced computational cost. When integrated with
computational nanochemistry, Al enables the development of surrogate models that approximate high-
level quantum or molecular simulations while maintaining acceptable accuracy (Lan et al., 2023a;
Vinchurkar et al., 2024a). This integration represents a paradigm shift from exhaustive computation
toward data-driven, predictive modeling. The convergence of Al with computational adsorption
studies has opened new opportunities for high-throughput screening, multiscale modeling, and inverse
materials design (Tan et al., 2025; Xie et al., 2025). Advanced learning architectures, such as deep
neural networks and graph-based models, allow the explicit incorporation of atomic connectivity,
surface topology, and electronic descriptors into predictive frameworks (Petkovi¢ et al., 2025a; Li et
al., 2023). Furthermore, active learning and reinforcement learning strategies enable adaptive
exploration of complex adsorption landscapes, continuously refining model performance as new data
become available (Osaro et al., 2024).

Despite these advances, several challenges remain, including data scarcity, model transferability across
material classes, and the interpretability of Al predictions in a chemical context (Vinchurkar et al.,
2024b; Tan et al., 2025). Addressing these issues is critical to ensuring that Al-integrated approaches
remain physically meaningful and reliable for real-world applications.

This review critically examines recent progress in artificial intelligence—integrated computational

nanochemistry for adsorption studies. Emphasis is placed on methodological frameworks, descriptor
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selection, model development, and practical applications across environmental, energy, and catalytic
systems (Lu et al., 2025; Zhang et al., 2023). Current limitations and emerging opportunities are also
discussed, providing a comprehensive perspective on how Al-driven computational strategies are

shaping the future of adsorption science.

1.2. Motivation

Computational methods alone often demand significant computational resources, especially when
applied to complex tasks such as screening numerous adsorbate and sorbent candidates, simulating
intricate surface reconstructions, or modeling large systems like porous materials. These challenges
can limit the scope and speed of adsorption studies. The incorporation of artificial intelligence
introduces advanced pattern recognition and predictive modeling capabilities, enabling the
development of surrogate models that effectively reduce both the time and computational cost required

for such simulations.

1.3. Scope of Review

This review focuses on the application of Al-enhanced computational nanochemistry techniques in
adsorption research. It covers a broad spectrum of topics, including the underlying methodologies,
practical implementations, existing challenges, and potential future developments in the field,

providing a comprehensive perspective on this rapidly evolving area.

2. Fundamentals

2.1. Adsorption Phenomena

Adsorption involves the adherence of molecules onto a surface and can generally be classified into two
types: physisorption and chemisorption (Husaini, 2023a). Physisorption is characterized by weak van
der Waals forces and is typically reversible, while chemisorption involves the formation of stronger
chemical bonds and is often irreversible (Husaini et al., 2025a-d). Several parameters are critical in
describing adsorption behavior, including adsorption energy, adsorption isotherms that relate adsorbed
quantity to pressure or concentration at constant temperature, adsorption capacity which reflects the
maximum uptake, and selectivity which defines the preference of the adsorbent for specific adsorbates
(Zhao and Yu, 2025; Raji et al., 2024; Rabiu et al., 2023).

2.2. Computational Nanochemistry

Computational nanochemistry employs a range of theoretical and simulation techniques to study

molecular and atomic-scale interactions (Husaini, 2023b). Ab initio methods such as density functional
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theory (DFT) provide accurate quantum mechanical descriptions but are computationally intensive and
scale poorly with system size (Husaini, 2024a). Alternatively, force-field-based approaches, including
molecular dynamics (MD) and Monte Carlo (MC) simulations, enable exploration of larger systems
and longer time scales but may suffer from limitations related to potential accuracy and transferability
across different materials and conditions. Recent advances have shown that machine learning can
accelerate DFT calculations while maintaining accuracy, facilitating simulations on larger systems or

more complex surfaces (Lv and Wang, 2025; Nyangiwe, 2025; Qu et al., 2023).

2.3. Artificial Intelligence and Machine Learning

Artificial intelligence (Al) and machine learning (ML) encompass a variety of data-driven approaches
that can enhance computational studies. Supervised learning methods, such as regression and
classification, rely on labeled data to train predictive models. Unsupervised learning techniques,
including clustering and dimensionality reduction, identify intrinsic patterns in unlabeled data.
Additionally, reinforcement learning enables models to learn optimal strategies through trial and error,
while deep learning employs multi-layer neural networks to capture complex, non-linear relationships
in large datasets. These Al methods have been applied recently to predict adsorption capacity, optimize
materials, and accelerate screening processes in nanochemistry and adsorption studies (Lu et al., 2025;
Liu et al., 2025; Ibrahim and Hussein, 2025; Husaini, 2024b).

Computational Nanochemistry
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Figure 1: Computational and Al Methods used in Adsorption Studies

Figure 1 summarizes the complementary roles of physics-based computational methods and Al
techniques in adsorption research. Density functional theory and molecular dynamics provide reliable
atomic-level insights, whereas Al models leverage derived descriptors to predict adsorption

performance efficiently (Lan et al., 2023).
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3. Al Integration Strategies

3.1. Surrogate Models for Energy Prediction

Artificial intelligence models are increasingly developed to predict critical adsorption properties such
as adsorption energies, preferred binding sites and geometries, and reaction energy barriers. These
surrogate models serve as efficient approximations of more computationally expensive quantum
mechanical calculations. Common modeling techniques include kernel ridge regression (KRR),
Gaussian process regression (GPR), and various neural network architectures, such as deep neural
networks and graph neural networks, which are particularly suited to capturing complex molecular and
surface interactions (Lan et al., 2023b; Petkovi¢ et al., 2025b).

3.2. Feature Engineering

A crucial step in Al-driven adsorption studies is the identification of effective descriptors that capture
the essential physics and chemistry of adsorption phenomena. Important features include surface-
related characteristics such as atomic coordination and surface roughness, electronic descriptors like
the d-band center, and geometric parameters reflecting the local atomic environment. Modern Al
techniques enable the automatic discovery of these descriptors, using approaches such as deep learning
and symbolic regression, which can reveal hidden correlations and reduce reliance on manually crafted
features (Vinchurkar et al., 2024a; Tan et al., 2025).

3.3. High-Throughput Screening

The integration of Al with extensive material databases and computational workflows allows for rapid
screening of vast chemical spaces, often encompassing millions of candidate materials. This approach
facilitates the identification of optimal adsorbent-adsorbate combinations by predicting adsorption
performance with minimal computational expense, thus circumventing the need for exhaustive

guantum mechanical computations across all candidates (Tan et al., 2025; Osaro et al., 2024).

3.4. Multi-Scale Modeling

Al-driven frameworks increasingly bridge different length and time scales in adsorption research. By
linking atomistic-level data obtained from density functional theory (DFT) with mesoscopic
simulations such as molecular dynamics (MD) and Monte Carlo (MC), and further connecting to
macroscopic continuum models, these strategies enable the fast and reliable prediction of bulk
adsorption behavior informed by fundamental atomic-scale interactions (Osaro et al., 2024; Xie et al.,
2025; Qu et al., 2023).
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Figure 2 presents the integrated workflow of Al-assisted computational adsorption studies,

emphasizing the transformation of simulation and experimental data into predictive models through

feature engineering and machine learning. The inclusion of iterative feedback loops enables continuous

model refinement, allowing Al predictions to guide targeted simulations or experiments and

significantly accelerate materials screening and optimization (Gheibi et al., 2024).
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Figure 2: Workflow of Al Integration in Computational Adsorption Studies

Figure 3 highlights the advantages of Al-augmented adsorption modeling over traditional

computational approaches. Conventional methods, while accurate, are limited by high computational

cost and low throughput. In contrast, Al-based frameworks enable rapid prediction of adsorption

properties across large material spaces, improving scalability and efficiency while reducing overall

computational demand (Hassan & Baghban, 2025).
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4. Applications

]4.1. Gas Separation and Storage

Artificial intelligence has become a powerful tool for improving the prediction and design of materials
used in gas separation and storage applications. Al-augmented models enable more accurate forecasts
of carbon dioxide capture efficiency in porous materials such as metal-organic frameworks (MOFs)
and zeolites, which are prominent candidates due to their tunable structures and high surface areas
(Ahmed et al., 2026; Chaouiki et al., 2026; Mohamed et al., 2026). Additionally, Al methods are
increasingly used to evaluate hydrogen storage capabilities in various nanostructured materials,
facilitating the rapid identification of promising candidates for clean energy storage. These advances
reduce reliance on costly and time-consuming experiments or purely quantum mechanical simulations
(lyiola et al., 2025; Kirtil, 2025).

4.2. Environmental Remediation

Environmental remediation efforts have benefited from Al-driven predictive modeling aimed at
improving the adsorption performance of novel nanomaterials. By accurately predicting how emerging
contaminants-such as pharmaceuticals, pesticides, and industrial chemicals-interact with adsorbents,
researchers can tailor materials for efficient removal from water and soil. Moreover, Al models help
forecast the adsorption of heavy metals on various nanostructures, supporting the development of
effective, sustainable solutions to mitigate toxic metal pollution and protect ecosystems (Hassan and
Kazemi, 2025; Zhang et al., 2023).

4.3. Catalysis

Surface adsorption energies serve as fundamental descriptors in heterogeneous catalysis, often
dictating catalyst activity and selectivity. Integrating Al accelerates the identification of meaningful
relationships between surface properties and catalytic performance by rapidly predicting adsorption
energies across diverse catalyst materials. This capability enables high-throughput screening of
catalytic candidates and guides rational catalyst design, significantly speeding up the discovery of
materials with enhanced activity and selectivity for chemical transformations relevant to energy and

environmental applications (Qu et al., 2023).

4.4. Energy Systems
In energy storage and conversion technologies such as batteries and supercapacitors, adsorption
phenomena at electrode interfaces critically influence device efficiency and stability. Al-based

predictive models provide valuable insights into how electrolytes and specific anions adsorb onto
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electrode materials, helping to optimize charge storage mechanisms and electrode durability. These
advances contribute to the development of next-generation energy systems with higher performance

and longer lifetimes, essential for sustainable energy solutions (Yang et al., 2025).

4.5. Biomedical Nanotechnology

Protein adsorption on nanoparticles is a key factor in biomedical applications, influencing nanoparticle
stability, biodistribution, and cellular uptake. Al techniques offer significant advantages in modeling
and predicting the complex interactions between proteins and drug carriers, facilitating the design of
nanomedicines with improved targeting and controlled drug release. By enabling deeper understanding
of bio-nano interactions, Al-driven approaches support the advancement of personalized medicine and

more effective therapeutic delivery systems (Tan et al., 2025).
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Figure 4: Application of Al-Integrated Adsorption Studies

Figure 4 illustrates the broad application scope of Al-integrated adsorption studies, including gas
separation, environmental remediation, catalysis, energy storage, and biomedical nanotechnology. In
each case, Al facilitates rapid screening and optimization of adsorbent materials, enhancing

performance and accelerating technology development (Lu et al., 2025).

5. Al Methods and Computational Frameworks

5.1. Machine Learning Models

Various machine learning models are employed in adsorption studies, each with unique strengths
tailored to specific tasks (Husaini, 2024c). Regression-based models such as kernel ridge regression
(KRR) and support vector regression (SVR) are valued for their ability to deliver good predictive
accuracy even when trained on relatively small datasets, making them suitable for predicting

adsorption energies efficiently. Neural networks, on the other hand, excel at capturing complex, non-
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linear relationships within large and intricate datasets, proving useful in scenarios where the
underlying interactions are highly complicated. More recently, graph neural networks (GNNs) have
gained attention because they naturally incorporate structural information, enabling accurate modeling

of molecules and surface interactions by representing them as graphs (Lan et al., 2023a; Petkovi¢ et

al., 2025a).

Table 1: Key Al Models and Descriptors Used for Adsorption

Typical Descriptors

Model Name Strengths Reference
Used
Adsorption  energy,
Kernel Ridge Good accuracy with surface coordination,
Regression (KRR) smaller datasets electronic descriptors Lan et al,, 2023b
(e.g., d-band center)
. Geometric
Support Vector Robu;t to ov erﬁttlpg, descriptors, Vinchurkar et al,
. effective  in  high . .
Regression (SVR) . . adsorption  capacity, 2024b
dimensions .
isotherm parameters
Neural Networks Capt}lres complex, S}Jrfgce roughngss, 3
nonlinear binding sites, Petkovic et al., 2025a
(NN) . . .
relationships molecular fingerprints
Atomic connectivity,
Graph Neural Naturally encodes bond distances,
Networks (GNN) structural info coordination Laneet al, 2023b
environments
Gaussian Process Provides uncertainty Adsorp tion energy,
) ) ) electronic and Osaroetal., 2024
Regression (GPR) quantification .
geometric features
Handles Adsorption isotherms,
Random Forest (RF)  nonlinearities, surface area, pore Chen efal, 2025
interpretable volume
Deep Reinforcement Optimizes sequential Multi-step adsorpt}on .
. . . processes, reaction Xieetal., 2025
Learning decision-making
pathways
Extreme Gradient Fast, scalable, handles Adsorption capaglty,
. S surface chemical Kumar et al., 2025
Boosting (XGBoost)  missing data well
features
Dimensionality Descriptor generation
Autoencoders reduction, feature ptor ger > Liuetal, 2024
. data compression
extraction
. . Adsorption
Transfer Learning Leverages pre-trained e .
Models models for new tasks predictions in low- Dasgupta ef al, 2024a

data regimes

5.2. Data Sources

The effectiveness of Al models in computational nanochemistry heavily relies on the quality and

diversity of the underlying data. Publicly available databases provide extensive materials and
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adsorption information, serving as valuable resources for training and validation. Additionally,
computational data generated through high-throughput simulations, such as density functional theory
(DFT) and molecular dynamics (MD), contribute detailed insights into atomic and molecular
interactions. Experimental datasets further complement these sources by providing real-world
adsorption measurements, helping to ground Al predictions in practical observations (Vinchurkar et
al., 2024a).

Table 2: Benchmark Datasets and Their Properties

Materials

Dataset Name Data Type Size (Entries) Covered Reference
. Metal-organic
MOF Adsorption Computational ~50,000 frameworks Lan et al., 2023a
Database
(MOFs)

Zeolite .
Adsorption Experimental ~5,000 Zeolites Petkovi¢ et al,

2025b
Dataset
Nanoporous Mixed (Exp + 20.000 Zgrrll(?uosrous Osaro et al,
Materials DB Comp) ’ P 2024

adsorbents

Biochar )
Adsorption Experimental ~2,000 Biochars Vinchurkar et al,

2024b
Dataset
Open Catalysis o ational — ~30,000 Catalysts — with o of a1 2025
Dataset adsorption data
CO, Capture Various , ,
Adsorption Mixed ~10,000 adsorbents  for Sloar?eé (g%ildmn
Dataset CO, capture N
Nanomaterials . Nanoparticles, .
Adsorption DB Computational ~15,000 nanoclusters Liuetal, 2024

. Adsorption data

Environmental for pollutants on Dasgupta et al
Pollutants Experimental ~7,500 P up N
Dataset different 2024b

adsorbents

5.3. Integration Workflows

To maximize the efficiency and accuracy of Al-assisted adsorption research, advanced workflows have
been developed. Active learning frameworks iteratively improve model performance by selectively
adding new data points from targeted calculations, thereby refining predictions with fewer
computational resources. Reinforcement learning techniques are also applied to optimize the
exploration of vast materials or design spaces, guiding Al models to identify the most promising
candidates and accelerating discovery processes in an intelligent and adaptive manner (Osaro et al.,
2024; Xie et al., 2025).
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Table 3: Application Examples with Performance Metrics

414

Metrics (RMSE,

Adsorbent/Adsorbate Al Model Key Findings Reference
Accuracy)
High accuracy in
CO, on MOFs Graph — Neural " pyigp 12 eV adsorption Lan ef al., 2023a
Networks (GNN) -
energy prediction
Heavy metals on Kernel . Ridge RMSE = 0.15 Effectl've Vinchurkar et al.,
biochar Regression me/g screening for 20244
(KRR) selectivity
Good

H; storage in zeolites

VOC adsorption on
nanoparticles

CO;, capture on porous
carbons

Catalytic surface
adsorption energies

Methane
MOFs

storage in

Mixed gas adsorption
in membranes

Adsorption of dyes on
nanoclusters

Protein adsorption on
nanoparticles

Neural Networks
(NN)

Support  Vector

Regression
(SVR)

Random Forest
(RF)

Deep
Reinforcement
Learning

Gaussian Process
Regression
(GPR)

Transfer
Learning Models

Extreme
Gradient
Boosting
(XGBoost)

Autoencoders

Accuracy = 92%

RMSE =
mol/kg

0.20

R>=0.89

RMSE =0.10 eV

RMSE =
mol/kg

0.18

Accuracy = 90%

RMSE = 0.13
mg/g

High
reconstruction
accuracy

performance in
capacity
prediction
Predictive
environmental
remediation
studies
Accurate
prediction
adsorption
capacity
Optimized
reaction
pathways
improved
accuracy
Reliable capacity
predictions
across
families
Generalizes well
to different gas
mixtures

Fast and scalable
prediction for
water
purification
Improved feature
extraction for
adsorption
modeling

for

of

with

MOF

Petkovi¢ et al,
2025b

Osaro et al,

2024

Chen et al., 2025

Xieetal, 2025

Gomez-Gualdron

etal, 2026a

Dasgupta et al.,
2024a

Kumar et al,

2025

Liuetal, 2024

6. Key Challenges

6.1. Data Limitations

One of the main challenges facing Al-driven adsorption studies is the limited availability of high-

quality datasets. Reliable adsorption data, both experimental and computational, are often scarce,

which hinders the training of robust machine learning models. Additionally, discrepancies frequently
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arise between experimental measurements and computational predictions, leading to inconsistencies
that complicate model validation and reduce confidence in Al-generated results (Chen et al., 2025;
Gomez-Gualdron et al., 2026Db).

6.2. Transferability and Generalization

Another critical challenge is the ability of Al models to generalize beyond the specific materials or
conditions on which they were trained. Models developed for one class of adsorbents or nanostructures
may perform poorly when applied to different materials, particularly when surface reconstructions,
defects, or other nanoscale complexities significantly affect adsorption behavior. This lack of
transferability limits the broad applicability of current Al approaches (Li et al., 2023; Dasgupta et al.,
2024a).

6.3. Interpretability

The complexity of many Al models, especially deep learning architectures, often leads to difficulties in
interpreting their predictions in a physically meaningful way. This opacity can be a significant
drawback in materials science, where understanding the underlying mechanisms is crucial.
Consequently, there is a growing demand for explainable Al methods that provide insights into how
models make decisions, thereby fostering trust and enabling knowledge discovery (Li, Zhang, Liu, and
Shen, 2025).

6.4. Integration with Physical Laws

Ensuring that Al models comply with established physical principles, such as conservation of energy
or thermodynamic constraints, remains an ongoing challenge. Incorporating these laws into machine
learning frameworks can improve model reliability and predictive power. However, enforcing such
physics-based constraints within Al algorithms requires careful methodological development to
balance data-driven flexibility with fundamental scientific accuracy (Osaro et al., 2024; Delpisheh et
al., 2024).

Figure 5 outlines key challenges and future directions in Al-driven adsorption research. Model
generalization, data availability, and interpretability remain major limitations, motivating the
development of physics-informed Al and standardized datasets. Emerging trends such as autonomous
laboratories and collaborative data platforms are expected to further advance Al-enabled adsorption
studies (Xie et al., 2025).
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Figure 5: Challenges and Future Directions in Ai-Driven Adsorption

7. Future Perspectives

7.1. Physics-Informed Al

A promising direction for future research lies in the development of physics-informed artificial
intelligence methods. By embedding fundamental theoretical constraints and physical laws directly
into machine learning models, these approaches can enhance the reliability and interpretability of
predictions. This integration helps ensure that Al outputs remain consistent with known scientific

principles, thereby improving trust and utility in adsorption studies (Chen et al., 2025).

7.2. Self-Driving Laboratories

The emergence of autonomous research systems, or self-driving laboratories, is revolutionizing the
materials discovery process. These platforms create closed loops that seamlessly integrate Al-driven
predictions, automated computational simulations, and experimental validation. By continuously
iterating through design, testing, and analysis, self-driving laboratories accelerate the identification of
optimal adsorbents with minimal human intervention, leading to faster and more efficient discovery
cycles (Liu et al., 2024).

7.3. Standardized Datasets and Open Platforms

Building robust and generalizable Al models requires access to high-quality, standardized datasets.
Collaborative efforts toward data sharing and the establishment of open platforms are crucial to this
goal. By enabling researchers worldwide to contribute and access comprehensive adsorption data,
these initiatives foster transparency, reproducibility, and accelerated progress in computational

nanochemistry and Al integration (Zhang et al., 2023).
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7.4. Multi-Objective Optimization

Future Al frameworks will increasingly need to address multi-objective optimization challenges.
Designing adsorbent materials often involves balancing competing factors such as adsorption capacity,
selectivity, stability, and cost. Advanced optimization algorithms that can simultaneously consider
multiple performance criteria will be essential to identify materials that best meet diverse application

needs, ultimately guiding more effective and practical adsorbent design (Kumar et al., 2025).

Conclusion

The convergence of artificial intelligence and computational nanochemistry represents a pivotal
advancement in adsorption studies, enabling faster materials design and enhanced mechanistic
insights. Al-augmented computational workflows overcome traditional limitations by providing rapid,
accurate predictions through surrogate modeling and data-driven methods, thus reducing
computational time and cost. The development of sophisticated machine learning algorithms,
combined with robust feature engineering and multi-scale modeling, has facilitated the screening and
optimization of a wide range of adsorbent materials for environmental, energy, catalytic, and
biomedical applications. However, challenges remain in acquiring high-quality datasets, ensuring
model generalizability, improving interpretability, and embedding physical constraints within Al
models. Addressing these challenges demands improved data curation, development of explainable Al
techniques, and incorporation of physics-informed learning. Looking forward, the integration of
autonomous self-driving laboratories, open data-sharing platforms, and physics-guided Al models
promises to revolutionize the discovery of next-generation adsorbents, enabling solutions to critical

global challenges in sustainability, energy, and health.
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