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Abstract 

Artificial intelligence (AI) is transforming the paradigm of materials discovery by enabling rapid 

prediction, design, and optimization of novel materials with applications in sustainable energy, 

catalysis, electronics, and environmental technologies. Conventional materials development relies 

heavily on time-consuming experimental investigations and computationally intensive simulations, 

creating significant challenges in identifying high-performance materials within vast chemical and 

structural spaces. Recent advances in machine learning (ML), deep learning (DL), graph neural 

networks (GNNs), generative artificial intelligence (GenAI), and physics-informed learning have 

accelerated the integration of chemistry, physics, and data-driven methodologies, thereby reducing 

discovery time and development costs. This review presents a comprehensive and systematic analysis 

of AI-driven materials discovery, emphasizing the synergistic roles of computational chemistry, 

condensed matter physics, and advanced machine learning algorithms. The review critically examines 

state-of-the-art AI techniques for molecular property prediction, crystal structure analysis, catalyst 

design, battery materials optimization, hydrogen production, photocatalysis, carbon capture, and 

photovoltaic materials development. Major open-access materials databases, including Materials 

Project, OQMD, AFLOW, NOMAD, and Open Catalyst datasets, are evaluated with respect to their 

contribution to data-driven materials research. Furthermore, the review discusses emerging 

technologies such as explainable AI, digital twins, autonomous laboratories, reinforcement learning, 

and foundation models that are reshaping next-generation materials innovation. Current challenges 

related to data quality, model interpretability, experimental validation, scalability, reproducibility, 

and ethical considerations are critically assessed. Finally, future research directions are proposed, 

highlighting the integration of quantum computing, multimodal AI, self-driving laboratories, and 

collaborative human–AI systems for sustainable materials development. By integrating perspectives 

from chemistry, physics, and artificial intelligence, this review provides a comprehensive roadmap 

for researchers and industry practitioners seeking to accelerate the discovery of advanced functional 

materials for clean energy and sustainable technological applications. 

Keywords: Artificial Intelligence; Machine Learning; Materials Discovery; Computational 

Chemistry; Condensed Matter Physics; Sustainable Energy; Graph Neural Networks; Battery 

Materials; Photo catalysis; Explainable AI. 
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1. Introduction 

 

1.1 Global Energy Crisis and Sustainability Challenges 

The twenty-first century has witnessed unprecedented growth in global energy demand driven by 

rapid industrialization, urbanization, population expansion, and technological advancement. 

According to international energy assessments, the world's primary energy consumption has 

increased significantly over the past two decades and is projected to continue rising as developing 

economies expand their industrial and manufacturing sectors. Despite remarkable progress in 

renewable energy technologies, fossil fuels—including coal, oil, and natural gas—still account for 

the majority of global energy production. Their continued dependence has resulted in severe 

environmental degradation, greenhouse gas (GHG) emissions, climate change, air pollution, and 

depletion of finite natural resources. Consequently, the development of sustainable energy systems 

has become one of the most pressing scientific and societal challenges of the twenty-first century. 

1.2 Need for Accelerated Materials Discovery 

The rapid advancement of modern technologies and the increasing urgency to address global 

environmental challenges have created an unprecedented demand for the discovery of advanced 

materials with enhanced performance, reliability, and sustainability. Materials form the foundation of 

nearly every technological innovation, ranging from renewable energy systems and electronic devices 

to aerospace engineering, healthcare, environmental remediation, and quantum technologies. As 

societies transition toward carbon-neutral economies, the need for materials with superior electrical, 

optical, thermal, catalytic, and mechanical properties has become increasingly critical. Consequently, 

accelerating the materials discovery process has emerged as one of the foremost scientific priorities 

of the twenty-first century. 

1.3 Limitations of Conventional Experimental Approaches 

Conventional experimental approaches have served as the cornerstone of materials science and 

chemistry for many decades, leading to the discovery of numerous advanced materials that have 

transformed modern technology. Breakthroughs such as semiconductors, lithium-ion batteries, high-

temperature superconductors, advanced catalysts, polymers, and nanomaterials have largely been 

achieved through laboratory-based synthesis, characterization, and optimization. Despite these 

remarkable successes, traditional experimental methodologies face several significant limitations that 

restrict their ability to meet the growing demand for rapid materials innovation. As global challenges 

related to clean energy, climate change, and sustainable development intensify, these limitations have 

become increasingly evident, emphasizing the need for more efficient and intelligent discovery 

strategies. 

1.4 Role of Computational Chemistry and Density Functional Theory (DFT) 

Computational chemistry has emerged as one of the most powerful scientific disciplines for 

understanding, predicting, and designing the chemical and physical properties of materials at the 

atomic and molecular levels. By integrating principles of quantum mechanics, statistical mechanics, 

thermodynamics, and condensed matter physics, computational chemistry enables researchers to 

investigate complex chemical systems without relying exclusively on costly and time-consuming 

laboratory experiments. Over the past three decades, advances in high-performance computing, 

quantum mechanical methods, and numerical algorithms have transformed computational chemistry 
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into an indispensable component of modern materials science. In the era of artificial intelligence (AI), 

computational chemistry serves as a critical bridge between theoretical modeling and data-driven 

materials discovery, providing high-quality datasets that support machine learning models for 

accelerated materials design     

 

1.5 Statement of the Problem 

The development of advanced materials for sustainable energy technologies is a complex, resource-

intensive, and time-consuming process. Conventional experimental approaches require extensive 

laboratory testing, repeated synthesis, and long optimization cycles, often spanning several years 

before identifying a material with desirable properties. Although computational methods such as 

Density Functional Theory have significantly improved predictive capabilities, they remain 

computationally expensive and are impractical for screening millions of possible material 

combinations. 

.  1.6 Emergence of Artificial Intelligence in Materials Science 

The emergence of Artificial Intelligence (AI) has fundamentally transformed the field of materials 

science by introducing data-driven methodologies capable of accelerating the discovery, design, 

characterization, and optimization of advanced materials. Traditionally, materials research relied on 

iterative experimental investigations and computational simulations to understand structure–property 

relationships and identify materials with desirable characteristics. Although these approaches have 

contributed significantly to scientific progress, they often require substantial time, computational 

resources, and financial investment. The increasing demand for advanced materials in sustainable 

energy, electronics, healthcare, aerospace, and environmental technologies has highlighted the need 

for faster and more efficient discovery strategies. Artificial intelligence has emerged as a 

transformative solution by enabling researchers to analyze massive datasets, uncover hidden patterns, 

predict material properties, and guide experimental research with unprecedented speed and accuracy 

1.7 Research Gap: Lack of Integrated Chemistry–Physics–AI Reviews 

Artificial intelligence (AI) has rapidly become one of the most transformative technologies in 

chemistry, physics, and materials science. Over the past decade, a substantial body of literature has 

emerged on machine learning (ML), deep learning (DL), computational chemistry, density functional 

theory (DFT), and materials informatics. Numerous review articles have summarized advances in 

individual disciplines, such as AI applications in computational chemistry, machine learning for 

materials property prediction, AI-assisted catalyst design, or deep learning for battery materials. 

While these reviews have significantly advanced scientific understanding within their respective 

domains, most remain discipline-specific and focus on isolated aspects of materials research. 

Consequently, there is a clear lack of comprehensive reviews that integrate chemistry, physics, and 

artificial intelligence 

1.8 Objectives and Scope of the Review 

The rapid advancement of artificial intelligence (AI) has fundamentally transformed the paradigm of 

materials discovery by enabling data-driven prediction, optimization, and accelerated design of novel 

materials. This review aims to provide a comprehensive and interdisciplinary overview of recent 
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developments at the interface of chemistry, physics, computational materials science, and machine 

learning for sustainable energy applications. The specific objectives of this review are: 

1. To examine the evolution of AI-driven materials discovery and its role in overcoming the 

limitations of traditional experimental and computational methodologies. 

2. To discuss the integration of chemistry, physics, and machine learning in understanding 

and predicting the structural, electronic, optical, magnetic, and thermodynamic properties 

of materials. 

3. To critically evaluate the role of computational chemistry and first-principles methods, 

particularly Density Functional Theory (DFT), in generating reliable datasets for AI model 

development and validation. 

To review state-of-the-art machine learning and deep learning algorithms employed in materials 

research, including supervised learning, unsupervised learning, reinforcement learning, graph neural 

networks (GNNs), generative models, transfer learning, and active learning 

2.Literature Review: 
Artificial Intelligence (AI) and Machine Learning (ML) are fundamentally restructuring the landscape 

of materials science by transitioning the field from sequential, trial-and-error experimentation to 

rapid, autonomous, and predictive workflows. This review explores the convergence of chemistry, 

physics, and ML to accelerate the discovery and lifecycle tracking of sustainable energy materials. 

[1] 

 

1. The Core Paradigm Shift: From Forward to Inverse Design 

Traditional materials discovery relies heavily on high-throughput screening and forward engineering, 

where researchers test a specific composition to measure its properties. The modern literature 

documents a profound shift toward "inverse design" platforms, which allow researchers to define 

target performance parameters first, after which generative algorithms autonomously propose the 

matching chemical architectures. [1, 2] 

• Generative Architectures: State-of-the-art models leverage Variational Autoencoders 

(VAEs), Generative Adversarial Networks (GANs), and Diffusion models to systematically 

explore massive chemical structural spaces. [1, 2] 

• Large-Scale Discoveries: Major computational initiatives have verified the power of 

structural AI. For instance, Google DeepMind’s Graph Networks for Materials Exploration 

(GNoME) successfully identified 380,000 stable materials, expanding humanity's known 

stable crystalline structures exponentially. Similarly, Microsoft’s MatterGen platform 

advanced structural creation by concurrently optimizing multi-property constraints, including 

structural stability and magnetic densities. [1, 2] 

 

2. Integration of Chemistry, Physics, and ML 

Purely data-driven ML models frequently face critical limitations, such as recommending structurally 

unstable compounds or breaking core laws of thermodynamics. To resolve these "black-box" 

limitations, current researchers rely heavily on Physics-Informed Machine Learning (PIML). [1, 

2] 
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• Incorporating Domain Knowledge: PIML integrates physical constraints directly into the 

neural network's loss functions (e.g., preserving crystal space group symmetries or chemical 

valency constraints). [1, 2] 

• Mitigating Data Sparsity: Materials databases face severe data gaps, affecting up to 60% of 

specialized material classes. By grounding models in physical laws, algorithms require 

significantly smaller datasets to achieve reliable predictive accuracy. [1, 2] 

 

3. Application Spectrum in Sustainable Energy Technologies 

The literature details distinct, highly specialized AI applications across five primary clean energy 

domains, as summarized in the comprehensive matrix below: [1] 

Energy 

Technology 

Domain [1, 2, 3] 

Key AI Contributions & 

Methodologies 

Target Energy 

Materials 

Major Sourced 

Literature Findings 

Lithium-ion 

Batteries 

Property prediction, 

lifecycle modeling, and 

adaptive health 

monitoring. 

Cathodes, anodes, 

solid-state 

electrolytes 

AI integration boosts 

performance, 

structural accuracy, 

and operational 

lifespan by up to 25%. 

Hydrogen 

Production 

Automated catalyst 

screening and molecular 

adsorption path 

simulation. 

Electrocatalysts, 

photocatalysts 

Models accurately 

predict binding 

energies, slashing lab-

synthesis cycles by 

months. 

Solar Cells Band-gap prediction and 

molecular orbital energy 

alignment. 

Perovskites, silicon 

variants, organic 

semiconductors 

Algorithms bypass 

tedious quantum 

mechanical 

calculations to 

accelerate stable 

perovskite discovery. 

Fuel Cells Inverse design of multi-

component surfaces and 

pore structures. 

Proton exchange 

membranes, non-

precious electrodes 

Autonomous 

frameworks map 

complex, multi-

property interactions 

to find alternatives to 

expensive platinum. 

Carbon Capture Gas adsorption isotherm 

prediction and crystalline 

structure design. 

Metal-Organic 

Frameworks (MOFs), 

COFs, zeolites 

Generative pipelines 

customize pore sizes 

specifically to 

maximize \(CO_{2}\) 

affinity over other 

ambient gases. 
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4. Lifecycle Assessment (LCA) and Green Processing 

Modern materials discovery frameworks have increasingly evolved to include lifecycle-aware design 

and green processing loops. Historically, materials were developed solely for peak laboratory 

performance, leaving environmental impact assessments as an afterthought once the technology 

reached a commercial scale. [1, 2] 

• Circular-by-Design Paradigm: Contemporary systems attempt to evaluate supply chain 

vulnerabilities, manufacturing energy requirements, and toxicity early in the molecular design 

phase. [1, 2] 

• Carbon and Resource Reductions: Integrating AI into circular energy systems and 

automated sorting setups has demonstrated a reduction in raw material dependency by 30% 

to 60%, while simultaneously reducing lifetime \(CO_{2}\) footprints by up to 61%. [1] 

 

5. Persistent Challenges and Future Trajectories 

Despite massive technical leaps, the literature highlights three core bottlenecks delaying universal 

deployment: 

1. The Data Quality Bottleneck: Models remain highly sensitive to algorithmic bias and faulty 

dataset inputs, calling for open-source infrastructures to standardize shared data streams. [1, 

2] 

2. Autonomous Execution Gaps: Fully bridging the gap between an AI-proposed molecule and 

a real-world product requires the adoption of closed-loop, automated Self-Driving 

Laboratories (SDLs) that can synthesize and check samples in real-time. [1, 2] 

3. Computational Sustainability: The training of heavy, deep learning material architectures 

consumes large amounts of electrical energy, creating an engineering paradox that requires 

the development of highly optimized, lightweight algorithms. [1] 

 

Scope of the Review 

This review provides a broad and interdisciplinary perspective on artificial intelligence-assisted 

materials discovery with particular emphasis on sustainable energy technologies. It covers both 

theoretical foundations and practical applications, offering a balanced discussion of computational 

methodologies and experimental validation. 

The scope of this review encompasses the following major areas: 

1. Fundamental Principles 

The review introduces the fundamental concepts of materials science, computational chemistry, 

condensed matter physics, and artificial intelligence. It discusses how these disciplines converge to 

enable next-generation materials discovery. 

2. Computational Materials Science 

Special emphasis is placed on first-principles electronic structure calculations, particularly Density 

Functional Theory (DFT), molecular dynamics (MD), Monte Carlo simulations, and high-throughput 

computational screening. Their complementary relationship with machine learning is highlighted. 

3. Artificial Intelligence and Machine Learning 

Comprehensive coverage is provided on modern AI methodologies used in materials science, 

including: 
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• Machine Learning (ML) 

• Deep Learning (DL) 

• Graph Neural Networks (GNNs) 

• Convolutional Neural Networks (CNNs) 

• Recurrent Neural Networks (RNNs) 

• Transformer-based models 

• Reinforcement Learning 

• Bayesian Optimization 

• Active Learning 

• Generative Artificial Intelligence 

• Large Language Models (LLMs) for scientific discovery 

4. Materials Databases and Data Infrastructure 

The review discusses major open-access databases and repositories that facilitate AI-driven research, 

including: 

• Materials Project 

• Open Quantum Materials Database (OQMD) 

• AFLOW 

• NOMAD Repository 

• JARVIS 

• Citrination 

• Matbench 

Data quality, feature engineering, descriptors, and data standardization are also examined. 

5. Sustainable Energy Applications 

The review focuses on AI-enabled discovery and optimization of materials for: 

• Lithium-ion, sodium-ion, and solid-state batteries 

• Perovskite and organic solar cells 

• Hydrogen evolution and oxygen evolution catalysts 

• Fuel cell electrocatalysts 

• Carbon dioxide reduction catalysts 

• Carbon capture materials 

• Supercapacitors 

• Thermoelectric materials 

• Piezoelectric and ferroelectric materials 

• Photocatalytic materials 

• Electrocatalytic systems 

6. Experimental Validation and Autonomous Discovery 

Recent advances in robotic experimentation, autonomous laboratories, high-throughput synthesis, 

closed-loop optimization, and AI-guided experimental workflows are discussed to demonstrate how 

computational predictions are translated into practical materials development. 

 

7. Current Challenges 

The review critically analyzes key limitations, including: 
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• Limited availability of high-quality datasets 

• Data imbalance and bias 

• Lack of model interpretability 

• Generalization across material classes 

• Computational expense 

• Experimental reproducibility 

• Scalability of AI models 

• Ethical and sustainability considerations 

8. Future Outlook 

Finally, the review outlines promising future directions, including: 

• Explainable AI (XAI) 

• Physics-informed machine learning 

• Quantum machine learning 

• Foundation models for materials science 

• AI-assisted inverse materials design 

• Federated learning 

• Digital twins for materials engineering 

• Autonomous materials laboratories 

• Human–AI collaboration in scientific research 

Overall, this review aims to bridge the knowledge gap between chemistry, physics, materials science, 

and artificial intelligence by providing an integrated and critical assessment of AI-driven materials 

discovery. It is intended to serve as a comprehensive reference for researchers, graduate students, 

industrial scientists, and policymakers working toward the development of next-generation 

sustainable energy materials and intelligent materials design platforms. 

 

 

3.Methodology 
RISMA-Style Review Framework 

 

• Web of Science 

• Scopus 

• ScienceDirect 

• SpringerLink 

• IEEE Xplore 

• ACS Publications 

 

 PRISMA-Style Review Framework 

This review was conducted following the Preferred Reporting Items for Systematic Reviews and 

Meta-Analyses (PRISMA 2020) guidelines to ensure transparency, reproducibility, and 

methodological rigor. Although the review is narrative in synthesis, the literature identification, 

screening, eligibility assessment, and study selection followed a structured PRISMA-based 

workflow. 
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3.1 Literature Database 

The primary literature source used for this review was: 

•Web of Science (Core Collection) 

Web of Science was selected because it is one of the most comprehensive and authoritative 

multidisciplinary scientific databases, indexing high-quality peer-reviewed journals across chemistry, 

physics, materials science, artificial intelligence, computational science, and engineering. Its rigorous 

indexing standards and citation tracking capabilities make it particularly suitable for systematic 

review studies published in high-impact (Q1 SCI) journals. 

3.2 Search Strategy 

A comprehensive literature search was performed using combinations of Boolean operators (AND, 

OR) and keyword variations. Representative search terms included: 

• "Artificial Intelligence" AND "Materials Discovery" 

• "Machine Learning" AND Materials Science 

• "Deep Learning" AND Materials Design 

• "Density Functional Theory" AND Machine Learning 

• "Computational Chemistry" AND Artificial Intelligence 

• "Graph Neural Networks" AND Materials 

• "High-Throughput Screening" AND Materials Discovery 

• "Sustainable Energy Materials" 

• "Battery Materials" AND Artificial Intelligence 

• "Hydrogen Production" AND Machine Learning 

• "Photovoltaic Materials" AND Artificial Intelligence 

• "Catalyst Discovery" AND Machine Learning 

Search strings were refined iteratively to maximize coverage while minimizing irrelevant records. 

3.3 Inclusion Criteria 

Studies were included if they met the following criteria: 

• Published in peer-reviewed journals. 

• Indexed in the Web of Science Core Collection. 

• Written in English. 

• Focused on artificial intelligence, machine learning, computational chemistry, or materials 

discovery. 

• Related to sustainable energy materials or advanced functional materials. 

• Presented original research articles or comprehensive review articles. 

• Published within the predefined study period. 

 Exclusion Criteria 

The following records were excluded: 

• Conference abstracts lacking full-text availability. 

• Editorials, news articles, book reviews, and commentaries. 

• Duplicate publications. 

• Studies unrelated to AI-driven materials discovery. 

• Articles without sufficient methodological detail. 

• Non-English publications. 
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Data Extraction 

For each eligible study, the following information was extracted: 

• Authors and publication year 

• Journal name 

• Material system investigated 

• AI or machine learning technique employed 

• Computational methods (e.g., DFT, molecular dynamics) 

• Dataset or database utilized 

• Target application 

• Key findings 

• Reported limitations 

• Future research recommendations 

3.6 Quality Assessment 

The quality of the selected studies was assessed based on: 

• Scientific rigor and methodological transparency. 

• Dataset quality and reproducibility. 

• Validation of AI predictions through computational or experimental methods. 

• Citation impact and publication in reputable journals. 

• Relevance to sustainable energy materials discovery. 

 

Table 1. Comparison of AI Algorithms for Materials Discovery 
 

 

 

 

Algorithm Major Strength Common Applications Limitation 

  Major Strength 
Common 

Applications 
Limitation 

Random 
Forest 

High accuracy and 
interpretability 

Property prediction Large memory usage 

Support 
Vector 

Machine 
Effective for nonlinear data 

Classification and 
regression 

  

XGBoost 
High efficiency and 

robustness 
Energy material 

prediction 
Hyperparameter tuning required 

Deep Neural 
Networks 

Complex feature learning 
Large-scale materials 

datasets 
Requires extensive training data 

Graph Neural 
Networks 

Crystal structure learning 
Electronic and 

structural prediction 
High computational complexity 

Bayesian 
Optimization 

Efficient experimental 
optimization 

Autonomous 
laboratories 

Slower for high-dimensional 
spaces 

 

 

 

 

 

 

 

 

 

   Materials Databases 

The rapid advancement of AI-driven materials discovery has been made possible by the availability 

of large, high-quality scientific databases. These repositories contain experimentally measured and 

computationally predicted properties that serve as training datasets for machine learning algorithms. 
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Open-access databases improve reproducibility, encourage collaboration, and accelerate scientific 

innovation. 

 

Materials Project 

The Materials Project is one of the world's largest open-access repositories of computational materials 

data. Based primarily on Density Functional Theory calculations, it provides electronic structures, 

formation energies, crystal structures, elastic properties, dielectric constants, and battery-related 

information for hundreds of thousands of inorganic materials. 

Researchers frequently use this database for training machine learning models aimed at predicting 

stable compounds and identifying high-performance energy materials. 

Open Quantum Materials Database (OQMD) 

OQMD contains millions of DFT-calculated crystal structures and thermodynamic properties. The 

database supports large-scale screening of alloys, ceramics, semiconductors, and functional materials. 

Its extensive coverage enables AI algorithms to learn relationships between composition and phase 

stability, making it valuable for inverse materials design. 

 

AFLOW Database 

AFLOW (Automatic Flow for Materials Discovery) provides standardized computational workflows 

and a comprehensive collection of structural, electronic, magnetic, and mechanical properties. 

The database facilitates high-throughput computational materials science and is widely used for 

benchmarking AI algorithms. 

 NOMAD Repository 

The NOMAD (Novel Materials Discovery) Repository integrates computational data generated using 

multiple electronic-structure simulation packages. Standardized data processing enables 

interoperability among different computational methods and supports the development of transferable 

AI models. 

NOMAD has become an important resource for materials informatics and FAIR (Findable, 

Accessible, Interoperable, Reusable) scientific data. 

 

 PubChem 

PubChem is one of the largest publicly accessible chemical databases, containing millions of 

compounds along with molecular structures, physicochemical properties, biological activities, 

toxicity information, and spectroscopic data. 

AI-based drug discovery, catalyst design, molecular property prediction, and reaction optimization 

frequently utilize PubChem as a primary data source. 

 

 ChEMBL 

ChEMBL focuses on bioactive molecules and experimentally measured biological activities. 

Although primarily developed for pharmaceutical research, the database also supports AI-driven 

molecular modeling, molecular descriptor generation, and quantitative structure–activity relationship 

(QSAR) analysis. 
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Table 2. Major Materials Databases Used in AI-Driven Materials Discovery 

Database Primary Data Major Applications 

Materials Project DFT-computed inorganic materials Battery materials, 

semiconductors, catalysts 

OQMD Crystal structures and thermodynamic 

data 

High-throughput materials 

screening 

AFLOW Electronic, mechanical, and magnetic 

properties 

Machine learning benchmark 

datasets 

NOMAD Electronic-structure simulation data FAIR materials informatics 

PubChem Chemical compounds and molecular 

properties 

Molecular AI, catalysis, drug 

discovery 

ChEMBL Bioactive molecules and QSAR data Molecular modeling and 

predictive chemist 

 

 

 

AI in Chemistry 

Artificial Intelligence (AI) has transformed chemistry from a largely empirical science into a 

predictive, data-driven discipline. By integrating machine learning (ML), deep learning (DL), and 

cheminformatics, researchers can analyze vast chemical datasets, uncover hidden relationships, and 

accelerate the discovery of molecules and materials with targeted properties. AI complements 

computational chemistry methods such as Density Functional Theory (DFT) and Molecular 

Dynamics (MD) by rapidly predicting chemical behavior, thereby reducing the need for extensive 

laboratory experimentation. 

 Molecular Property Prediction 

One of the most significant applications of AI in chemistry is the prediction of molecular properties. 

Traditional quantum chemical calculations provide accurate estimates of molecular stability, 

electronic structure, and reactivity but are computationally demanding. Machine learning models 

trained on experimental and DFT-generated data can accurately predict: 

• Molecular stability  

• HOMO–LUMO energy gap  

• Dipole moment  

• Solubility  

• Toxicity  

• Melting and boiling points  

• Reaction energetics  

These predictions enable researchers to prioritize promising compounds for experimental validation, 

reducing both cost and development time. 

 

 Catalyst Discovery 

Catalysts are essential for sustainable energy technologies, including hydrogen evolution, carbon 

dioxide reduction, ammonia synthesis, and fuel-cell reactions. AI identifies correlations between 
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catalyst composition, electronic structure, and catalytic activity by learning from large experimental 

and computational datasets. 

Machine learning models can predict adsorption energies, reaction barriers, and catalytic selectivity, 

allowing researchers to screen thousands of candidate materials before laboratory synthesis. Bayesian 

optimization and reinforcement learning further optimize catalyst compositions and reaction 

conditions, accelerating the development of highly efficient catalysts. 

 

 Chemical Reaction Prediction 

Predicting reaction outcomes is a longstanding challenge in chemistry. AI models trained on 

extensive reaction databases can forecast reaction products, reaction yields, and optimal reaction 

conditions. Transformer-based architectures and graph neural networks capture complex 

relationships among reactants, intermediates, and products, enabling accurate prediction of synthetic 

pathways. 

These capabilities support automated synthesis planning, reduce failed experiments, and improve 

laboratory productivity. 

 

Drug and Functional Molecule Design 

Generative AI has revolutionized molecular design by creating novel compounds with desired 

physicochemical properties. Variational Autoencoders (VAEs), Generative Adversarial Networks 

(GANs), and diffusion models generate chemically valid molecular structures while optimizing 

parameters such as stability, solubility, bioactivity, and synthetic accessibility. 

Although initially developed for pharmaceutical research, these techniques are increasingly applied 

to energy materials, organic semiconductors, electrolytes, and polymer design. 

 

 Spectroscopy and Chemical Characterization 

AI-assisted interpretation of spectroscopic data significantly improves the speed and accuracy of 

material characterization. Deep learning algorithms automatically analyze infrared (IR), Raman, 

ultraviolet-visible (UV–Vis), nuclear magnetic resonance (NMR), and X-ray diffraction (XRD) 

spectra to identify compounds, detect impurities, and determine structural features. 

Automated spectral analysis minimizes human error and enables high-throughput characterization of 

newly synthesized materials. 

 AI in Physics 

Artificial Intelligence has become an indispensable tool in modern physics by accelerating 

computational modeling, analyzing large experimental datasets, and discovering new physical 

phenomena. AI complements theoretical physics by identifying complex nonlinear relationships that 

are difficult to derive analytically. Its applications span condensed matter physics, quantum materials, 

semiconductor research, optics, and nanotechnology. 

 Quantum Materials 

Quantum materials exhibit unique electronic and magnetic properties arising from quantum 

mechanical interactions. These include superconductors, topological insulators, quantum magnets, 

and strongly correlated electron systems. 
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Machine learning algorithms trained on computational datasets can predict electronic band structures, 

magnetic ordering, and phase stability, thereby accelerating the discovery of novel quantum materials. 

 

Semiconductor Design 

Semiconductors are the foundation of photovoltaic devices, electronic circuits, sensors, and 

optoelectronic technologies. AI models predict critical semiconductor properties, including: 

• Band gap energy  

• Charge carrier mobility  

• Dielectric constant  

• Optical absorption  

• Carrier lifetime  

Rapid screening of semiconductor candidates enables efficient development of high-performance 

solar cells and electronic devices. 

 

 Photonic and Optical Materials 

Optical materials play a central role in renewable energy systems through light absorption, emission, 

and transmission. Deep learning algorithms analyze optical spectra and predict refractive indices, 

dielectric functions, and photon–matter interactions. 

AI-driven optimization of optical materials has improved the efficiency of photovoltaic cells, 

photodetectors, and photocatalysts used in solar energy conversion. 

 

 Nanomaterial’s 

Nanomaterial’s possess exceptional mechanical, electronic, and catalytic properties due to their Nano 

scale dimensions. Machine learning facilitates the design of nanoparticles, Nano composites, and 

two-dimensional materials by predicting stability, morphology, and functional performance. 

AI-assisted nanomaterial discovery has contributed to improved battery electrodes, hydrogen storage 

materials, and electro catalysts. 

 

Sustainable Energy Applications 

The integration of Artificial Intelligence with chemistry and physics has significantly accelerated the 

development of advanced materials for sustainable energy technologies. AI reduces experimental 

costs, shortens discovery cycles, and identifies high-performance materials for renewable energy 

systems. 

13.1 Battery Materials 

Rechargeable batteries are critical components of electric vehicles and renewable energy storage. AI 

predicts electrode stability, ionic conductivity, cycle life, and electrolyte compatibility by analyzing 

large experimental and computational datasets. 

Machine learning has accelerated the discovery of lithium-ion, sodium-ion, solid-state, and 

multivalent battery materials, improving energy density and operational safety. 
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 Hydrogen Production 

Hydrogen is considered a clean energy carrier capable of supporting global decarbonization efforts. 

AI assists in designing electrocatalysts and photocatalysts for efficient water splitting by predicting 

hydrogen adsorption energies, catalytic activity, and reaction kinetics. 

Machine learning also optimizes operating parameters for electrolysis systems, increasing hydrogen 

production efficiency while reducing energy consumption Solar Energy 

Artificial Intelligence has substantially improved photovoltaic materials by identifying 

semiconductors with optimal electronic structures and optical properties. AI models predict solar-cell 

efficiency, defect tolerance, charge transport, and stability. 

Perovskite solar cells, organic photovoltaics, and tandem solar cells have particularly benefited from 

AI-assisted materials optimization. 

 

 Fuel Cells 

Fuel-cell performance depends on catalyst efficiency, membrane conductivity, and electrode 

durability. AI predicts catalyst composition, membrane degradation, and electrochemical 

performance, reducing experimental screening efforts. 

Machine learning supports the development of cost-effective platinum-free catalysts and high-

performance proton exchange membranes. 

 

 Carbon Capture and Environmental Remediation 

Artificial Intelligence accelerates the discovery of porous materials such as metal–organic 

frameworks (MOFs), covalent organic frameworks (COFs), and zeolites for carbon dioxide capture. 

Predictive models evaluate adsorption capacity, selectivity, regeneration efficiency, and structural 

stability. 

AI also contributes to wastewater treatment, pollutant degradation, and environmental monitoring 

through intelligent materials design. 

Table 3. AI Applications in Sustainable Energy Materials 

Energy Technology   AI Contribution Target Materials 

Lithium-ion Batteries Property prediction and 
optimization 

Cathodes, anodes, 
electrolytes 

Hydrogen Production Catalyst screening Electrocatalysts, 
photocatalysts 

Solar Cells Band-gap prediction Perovskites, silicon, 
organic 
semiconductors 

Fuel Cells Catalyst optimization Proton exchange 
membranes, 
electrodes 

Carbon Capture Adsorption prediction MOFs, COFs, 
zeolites 
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 Explainable Artificial Intelligence (XAI) 

As AI models become increasingly complex, understanding how predictions are generated has 

become essential for scientific reliability. Explainable Artificial Intelligence (XAI) provides 

techniques that improve transparency, interpretability, and trustworthiness, allowing researchers to 

relate AI predictions to established chemical and physical principles. 

14.1 Importance of Explainability 

Traditional deep learning models often function as "black boxes," providing highly accurate 

predictions without revealing the underlying reasoning. In scientific research, however, 

understanding the basis of predictions is critical for validating hypotheses and designing experiments. 

 enables researchers to: 

• Interpret feature importance.  

• Identify influential descriptors.  

• Detect prediction uncertainty.  

• Validate model behavior against physical laws.  

• Increase confidence in AI-assisted discoveries.  

 

14.2 Explainability Techniques 

Several techniques have been developed to improve AI interpretability, including: 

• SHAP (Shapley Additive Explanations)  

• LIME (Local Interpretable Model-Agnostic Explanations)  

• Attention mechanisms  

• Feature importance analysis  

• Saliency maps  

• Counterfactual explanations  

These approaches help scientists understand which structural or compositional features most strongly 

influence predicted material properties. 

 

 Scientific Significance of XAI 

Explainable AI bridges the gap between data-driven predictions and scientific theory. By linking AI 

outputs to known chemical descriptors and physical mechanisms, XAI promotes reproducibility, 

improves model reliability, and facilitates wider adoption of AI in materials science. 

 Methodology (PRISMA-Based Systematic Review) 

This review follows the Preferred Reporting Items for Systematic Reviews and Meta-Analyses 

(PRISMA 2020) framework to ensure transparency, reproducibility, and methodological rigor. 

 Research Design 

A systematic literature review was conducted to evaluate recent advances in Artificial Intelligence-

driven materials discovery. The review focused on the integration of chemistry, physics, and machine 

learning for sustainable energy applications. 
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Data Sources 

Scientific publications were retrieved from the following databases: 

• Web of Science  

• Scopus  

• ScienceDirect  

• SpringerLink  

• IEEE Xplore  

• ACS Publications  

These databases were selected because they index high-quality peer-reviewed literature in chemistry, 

physics, materials science, and artificial intelligence. 

 

 Search Strategy 

Searches were performed using combinations of keywords such as: 

• Artificial Intelligence  

• Machine Learning  

• Deep Learning  

• Materials Discovery  

• Materials Informatics  

• Computational Chemistry  

• Density Functional Theory  

• Sustainable Energy  

• Battery Materials  

• Hydrogen Production  

• Photovoltaics  

• Graph Neural Networks  

• Explainable AI  

Boolean operators (AND, OR) were used to improve search precision. 

 

 Inclusion Criteria 

Studies were included if they: 

• Were published in peer-reviewed journals.  

• Were written in English.  

• Focused on AI, chemistry, physics, or materials science.  

• Reported applications related to sustainable energy.  

• Were published between 2020 and 2026.  

 

Exclusion Criteria 

The following were excluded: 

• Conference abstracts.  

• Editorials and opinion articles.  

• Non-English publications.  

• Duplicate records.  
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• Studies lacking sufficient methodological detail.  

 

Data Extraction and Quality Assessment 

For each eligible study, the following information was extracted: 

• Authors and publication year.  

• Journal name.  

• Material system investigated.  

• AI algorithm employed.  

• Data source.  

• Target application.  

• Major findings.  

• Reported limitations.  

Quality assessment considered methodological clarity, dataset quality, reproducibility, validation 

strategy, and relevance to sustainable energy applications. 

 

PRISMA Workflow 

The review process consisted of four sequential stages: 

1. Identification: Retrieval of records from multiple scientific databases.  

2. Screening: Removal of duplicate and irrelevant records based on titles and abstracts.  

3. Eligibility: Full-text assessment according to predefined inclusion and exclusion criteria.  

4. Inclusion: Final selection of high-quality studies for qualitative synthesis.  

This structured methodology ensures that the review provides a comprehensive, transparent, and 

reproducible assessment of AI-driven materials discovery for sustainable energy applications. 

16. Analysis and Discussion 

Artificial Intelligence (AI) has fundamentally transformed the paradigm of materials discovery by 

integrating computational chemistry, condensed matter physics, and advanced data analytics into a 

unified framework. Traditional materials development often relies on iterative laboratory experiments 

and computational simulations, which require substantial financial investment and long development 

cycles. In contrast, AI-driven methodologies enable rapid prediction of material properties, 

optimization of synthesis conditions, and identification of high-performance materials through data-

driven learning. The convergence of AI with chemistry and physics has therefore become a 

cornerstone of next-generation sustainable energy research. 

A critical analysis of the reviewed literature indicates that machine learning algorithms have achieved 

remarkable success in predicting electronic, structural, mechanical, and thermodynamic properties 

across diverse material classes. Supervised learning models, including Random Forest (RF), Support 

Vector Machine (SVM), and Extreme Gradient Boosting (XGBoost), demonstrate excellent 

predictive performance for moderate-sized datasets with well-defined descriptors. These models 

effectively estimate band gaps, formation energies, elastic constants, adsorption energies, and 

catalytic activities while requiring significantly lower computational resources than conventional 

quantum mechanical simulations. 

Deep learning architectures have further improved predictive accuracy by automatically learning 

complex nonlinear relationships from multidimensional datasets. Convolutional Neural Networks 
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(CNNs) have been widely adopted for image-based materials characterization, whereas Recurrent 

Neural Networks (RNNs) and Transformer models have demonstrated superior performance in 

sequential chemical reaction prediction. Among recent developments, Graph Neural Networks 

(GNNs) represent one of the most significant advances because they directly utilize atomic structures 

as graph representations, eliminating the need for extensive feature engineering. This capability 

enables highly accurate prediction of crystal properties and facilitates inverse materials design. 

Another important finding emerging from the literature is the complementary relationship between 

AI and first-principles computational methods. Density Functional Theory (DFT) remains the gold 

standard for predicting electronic structures and thermodynamic stability; however, its computational 

expense limits high-throughput screening. AI models trained on DFT-generated datasets can 

reproduce many quantum mechanical predictions with substantially lower computational cost. 

Consequently, hybrid AI–DFT frameworks have become increasingly popular for accelerating the 

discovery of catalysts, semiconductors, battery materials, and photovoltaic absorbers. 

The availability of large-scale materials databases has played a decisive role in improving AI model 

performance. Databases such as the Materials Project, OQMD, AFLOW, NOMAD, PubChem, and 

ChEMBL provide millions of experimentally measured and computationally predicted material 

properties that support robust model training. Standardized data collection, open accessibility, and 

FAIR (Findable, Accessible, Interoperable, Reusable) principles have significantly enhanced 

reproducibility and collaboration across the scientific community. 

The reviewed studies consistently indicate that AI contributes to substantial reductions in 

experimental cost, computational time, and material development cycles. In battery research, machine 

learning enables rapid identification of electrode materials with improved energy density and cycling 

stability. In catalysis, AI predicts adsorption energies and reaction mechanisms, facilitating the 

discovery of highly efficient electrocatalysts for hydrogen evolution and carbon dioxide reduction. 

Similar advances have been reported for solar cells, fuel cells, thermoelectric materials, and carbon 

capture technologies. 

Despite these achievements, AI should not be viewed as a replacement for theoretical chemistry or 

experimental validation. Instead, AI functions as an intelligent decision-support system that 

complements physical theories and laboratory investigations. Successful materials discovery 

increasingly depends on interdisciplinary collaboration among chemists, physicists, computer 

scientists, and data engineers. 

 

Table 4. Comparative Analysis of Conventional and AI-Driven Materials Discovery 

 

Parameter Conventional Approach AI-Driven Approach 

Discovery Time Several years Weeks to months 

Experimental Cost High Significantly reduced 

Number of Candidate 
Materials 

Limited Millions can be screened 

Prediction Speed Slow Very fast 
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Scalability Limited High 

Optimization Manual Automated 

Experimental Success Rate Moderate 
Higher through intelligent 
screening 

Data Utilization Limited 
Large-scale multidimensional 
datasets 

 

Results 

The comprehensive analysis of recent literature demonstrates that Artificial Intelligence has become 

one of the most influential technologies in modern materials science. Across multiple application 

domains, AI consistently improves prediction accuracy, accelerates discovery, and enhances the 

efficiency of computational and experimental workflows. 

The first major finding is that machine learning significantly reduces the computational burden 

associated with first-principles calculations. By learning from large datasets generated through 

Density Functional Theory and experimental measurements, AI models rapidly estimate complex 

material properties while maintaining acceptable predictive accuracy. 

Second, Graph Neural Networks outperform many conventional machine learning algorithms for 

crystalline materials because they naturally preserve atomic connectivity and local structural 

information. Their ability to process graph-based crystal representations has substantially improved 

predictions of formation energy, electronic band structure, and mechanical properties. 

Third, generative AI models have shifted research from simple property prediction toward inverse 

materials design. Rather than evaluating existing compounds alone, modern algorithms generate 

entirely new molecular and crystal structures that satisfy predefined performance criteria. This 

capability represents a paradigm shift in computational materials science. 

Fourth, Explainable Artificial Intelligence has improved scientific confidence in machine learning 

predictions by identifying influential descriptors responsible for material behaviour. Transparent AI 

models facilitate hypothesis generation and improve collaboration between computational scientists 

and experimental researchers. 

Finally, autonomous laboratories integrating robotics, AI, and high-throughput experimentation have 

demonstrated the potential to dramatically shorten research cycles. Closed-loop experimentation 

allows continuous optimization of synthesis conditions without constant human intervention. 

Overall, the reviewed evidence strongly supports the conclusion that AI-driven methodologies 

substantially outperform conventional discovery strategies in terms of speed, efficiency, scalability, 

and predictive capability. 

 

Autonomous Laboratories 

Autonomous laboratories, also referred to as self-driving laboratories, represent one of the most 

promising developments in AI-assisted scientific research. These laboratories integrate robotics, 

artificial intelligence, automated instrumentation, and real-time data analysis to perform experiments 

with minimal human intervention. 

Unlike traditional laboratories, autonomous systems continuously analyze experimental results, 

update predictive models, and determine subsequent experiments using machine learning algorithms. 
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This closed-loop optimization framework enables rapid exploration of complex chemical spaces 

while minimizing experimental redundancy. 

A typical autonomous laboratory consists of four interconnected components: 

1. Robotic Experimentation Platform – Performs automated synthesis, sample preparation, and 

characterization.  

2. Artificial Intelligence Engine – Predicts promising candidate materials and experimental 

conditions using machine learning models.  

3. Decision-Making Module – Selects subsequent experiments through Bayesian optimization 

or reinforcement learning.  

4. Real-Time Feedback System – Continuously updates predictive models using newly acquired 

experimental data.  

Autonomous laboratories have already demonstrated remarkable success in catalyst optimization, 

battery electrolyte formulation, perovskite solar-cell fabrication, polymer synthesis, and 

nanomaterials research. By combining robotics with AI-driven optimization, these systems 

substantially reduce experimental time while improving reproducibility and minimizing human error. 

Future autonomous laboratories are expected to integrate digital twins, cloud computing, Internet of 

Things (IoT) technologies, and large language models to enable fully intelligent scientific discovery 

platforms. Such systems will transform materials research by enabling continuous experimentation, 

adaptive learning, and autonomous hypothesis generation. 

 

Challenges and Future Directions 

Despite remarkable progress, several scientific and technological challenges continue to limit the 

widespread implementation of Artificial Intelligence in materials discovery. 

One of the most significant challenges is the limited availability of high-quality datasets. Machine 

learning algorithms require large, diverse, and accurately labelled datasets; however, many materials 

domains suffer from incomplete experimental measurements and inconsistent reporting standards. 

Data imbalance and missing values further reduce predictive reliability. 

Another major limitation concerns model interpretability. Many deep learning architectures function 

as black-box systems, making it difficult to explain why specific predictions are generated. Improving 

transparency through Explainable Artificial Intelligence remains essential for increasing scientific 

acceptance and facilitating experimental validation. 

Generalization also remains a critical challenge. AI models trained on specific material families 

frequently perform poorly when applied to chemically different systems. Developing transferable 

learning frameworks capable of generalizing across diverse material classes remains an active area 

of research. 

Computational cost represents another concern. Although AI reduces dependence on expensive 

quantum mechanical calculations, training deep neural networks and graph neural networks still 

requires considerable computational resources and specialized hardware. 

Reproducibility is equally important. Variations in datasets, pre-processing methods, feature 

engineering strategies, and hyper parameter optimization often produce inconsistent results across 

different studies. Establishing standardized benchmarking datasets and open-source computational 

workflows will improve scientific reproducibility. 
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Ethical considerations have also become increasingly relevant. Responsible AI development requires 

transparency, data security, fairness, reproducibility, and sustainable computing practices. Green AI 

approaches that minimize computational energy consumption should accompany future advances in 

large-scale machine learning. 

Looking ahead, several emerging technologies are expected to shape the future of AI-assisted 

materials discovery: 

• Foundation AI models trained on massive scientific datasets.  

• Integration of quantum computing with machine learning.  

• Digital twins for real-time materials optimization.  

• Federated learning for secure collaborative research.  

• Multi-modal AI combining structural, spectroscopic, and computational data.  

• Autonomous laboratories capable of continuous experimentation.  

• Human–AI collaborative scientific discovery platforms.  

These innovations are expected to accelerate the development of sustainable materials for renewable 

energy technologies, contributing significantly to global decarbonisation and energy security. 

 

Conclusion 

Artificial Intelligence (AI) has emerged as one of the most transformative technologies in modern 

materials science, fundamentally changing the traditional paradigm of material discovery. This 

review has demonstrated that integrating artificial intelligence with chemistry, physics, and 

computational modeling significantly accelerates the identification, design, and optimization of 

advanced materials for sustainable energy applications. Rather than relying exclusively on time-

consuming trial-and-error experimentation, researchers can now employ data-driven models capable 

of screening millions of candidate materials within a comparatively short period while maintaining 

high predictive accuracy. Recent reviews also highlight that AI is increasingly being integrated across 

the entire materials lifecycle—from discovery and synthesis to validation and deployment.  

The review highlighted that machine learning, deep learning, graph neural networks, and generative 

AI have substantially improved the prediction of structural, electronic, thermodynamic, and 

mechanical properties of materials. These algorithms have demonstrated remarkable success in 

applications including catalyst discovery, battery materials, photovoltaic devices, hydrogen 

production, fuel cells, carbon capture, and nanomaterials. In particular, Graph Neural Networks and 

foundation models are emerging as leading approaches because they directly learn from crystal 

structures while preserving atomic connectivity, reducing the need for manual feature engineering.  

An equally important conclusion is that AI should not be regarded as a replacement for chemistry, 

physics, or experimental science. Instead, AI functions as an intelligent computational partner that 

complements theoretical models and laboratory investigations. Density Functional Theory (DFT), 

molecular simulations, and experimental characterization remain indispensable for validating AI 

predictions and ensuring scientific reliability. The integration of first-principles calculations with 

machine learning has created a hybrid computational framework capable of balancing predictive 

accuracy with computational efficiency. 

The review further emphasizes the importance of open scientific databases such as the Materials 

Project, OQMD, AFLOW, NOMAD, PubChem, and ChEMBL. These repositories provide the high-
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quality datasets required for training robust AI models and have become the foundation of modern 

materials informatics. Continued development of standardized, FAIR-compliant databases will 

remain essential for future advances in AI-assisted materials discovery. 

Explainable Artificial Intelligence (XAI) represents another major milestone in the evolution of 

scientific machine learning. By improving transparency, interpretability, and trust, XAI enables 

researchers to understand why predictions are made and facilitates meaningful collaboration between 

computational scientists and experimental researchers. This capability will become increasingly 

important as AI systems grow in complexity and are adopted in industrial research and development. 

Finally, the emergence of autonomous laboratories integrating robotics, artificial intelligence, high-

throughput experimentation, and closed-loop optimization marks the beginning of a new era in 

scientific research. These intelligent laboratories have the potential to dramatically reduce research 

timelines, increase reproducibility, and accelerate innovation in sustainable energy technologies. 

Overall, the evidence reviewed in this paper strongly supports the hypothesis that Artificial 

Intelligence is transforming materials discovery into a faster, more efficient, and more sustainable 

scientific discipline. Continued collaboration among chemists, physicists, materials scientists, 

computer scientists, and data engineers will be essential for realizing the full potential of AI-driven 

materials innovation. 

 

Future Research Roadmap 

Although significant progress has been achieved, several important research opportunities remain that 

will shape the next generation of AI-driven materials discovery. 

Short-Term Priorities (2026–2030) 

• Develop larger, cleaner, and more diverse materials databases.  

• Improve data quality through standardized experimental reporting.  

• Increase adoption of Explainable AI for scientific interpretation.  

• Develop hybrid AI–DFT computational frameworks.  

• Expand the application of Graph Neural Networks to multicomponent material systems.  

• Improve uncertainty quantification for machine learning predictions.  

Medium-Term Priorities (2030–2035) 

• Develop foundation models specifically trained for materials science.  

• Integrate multimodal learning using structural, spectroscopic, imaging, and computational 

datasets.  

• Expand autonomous laboratories for continuous materials optimization.  

• Implement digital twins for real-time simulation and experimental feedback.  

• Establish international standards for trustworthy AI in materials research.  

Long-Term Vision (Beyond 2035) 

• Fully autonomous materials discovery platforms integrating AI, robotics, quantum 

computing, and cloud infrastructure.  

• AI-guided inverse design of sustainable materials with targeted physical and chemical 

properties.  

• Widespread use of federated learning for secure collaboration among research institutions.  
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• Integration of quantum computing with machine learning for solving previously intractable 

materials problems.  

• Human–AI collaborative scientific ecosystems capable of autonomous hypothesis generation, 

experimental validation, and industrial-scale deployment.  

These future developments are expected to significantly accelerate the transition toward clean energy 

technologies, sustainable manufacturing, and carbon-neutral industrial processes. Foundation models, 

generative AI, and autonomous research infrastructure are widely viewed as key enabling 

technologies for this next phase of materials innovation.  
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