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Abstract 

The increasing environmental challenges associated with climate change, resource depletion, 

and industrial pollution have intensified the demand for sustainable materials that support a 

circular economy sustainable material. Traditional materials discovery methods are often labor-

intensive, time-consuming, and dependent on costly experimental trial-and-error approaches, 

limiting the rapid development of environmentally friendly materials. In recent years, materials 

informatics (MI), combined with advances in artificial intelligence (AI) and machine learning 

(ML), has emerged as a transformative paradigm capable of accelerating the discovery and 

optimization of sustainable materials. This article presents a comprehensive data-driven 

framework for sustainable material discovery that integrates large-scale materials databases, 

sustainability indicators, and predictive machine learning models. Open scientific repositories 

such as Materials Project, NOMAD, and PubChem are discussed as essential data infrastructures 

supporting computational materials science. The proposed framework incorporates 

sustainability metrics including life cycle assessment (LCA), carbon footprint analysis, 

recyclability, biodegradability, and energy-efficient synthesis pathways. Furthermore, the study 

examines the application of supervised learning techniques for property prediction, 

unsupervised learning for material classification, and generative deep learning models for 

designing novel eco-friendly compounds. The article also addresses major challenges including 

data quality, model interpretability, and experimental validation. Finally, the work highlights the 

alignment of sustainable materials informatics with the United Nations Sustainable 

Development Goals (SDGs), emphasizing the importance of interdisciplinary collaboration 

among materials scientists, chemists, data scientists, and policymakers. 
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1. Introduction 

The growing severity of climate change, environmental degradation, resource depletion, and 

industrial pollution has intensified the global demand for sustainable technological solutions 

capable of supporting long-term ecological and economic stability. Modern industrial systems rely 

heavily on advanced materials for applications in energy generation, transportation, electronics, 

construction, healthcare, and manufacturing [1][2]. However, conventional material production 

processes frequently depend on non-renewable resources, toxic chemical compounds, and energy-

intensive synthesis methods that contribute significantly to greenhouse gas emissions and 

environmental contamination. As a result, the discovery and development of sustainable materials 

have become critical priorities within global scientific and industrial agendas [3][4][5][6]. 

 

Table 1 summarizes several limitations associated with conventional materials discovery 

approaches compared with emerging data-driven methodologies. 

 

Aspect Traditional Discovery AI-Driven Discovery 

Discovery speed Years to decades Weeks to months 

Research cost High experimental cost Reduced computational cost 

Experimental dependency Extremely high Moderate 

Scalability Limited High-throughput screening 

Data utilization Low Large-scale data analytics 

Sustainability integration Often late-stage Early-stage integration 

Material screening capacity Thousands of candidates Millions of candidates 

Optimization efficiency Slow iterative testing Rapid predictive optimization 

Table 1 Traditional vs AI-Driven Discovery 

 

Computational methods like Density Functional Theory (DFT) and molecular dynamics enabled 

property prediction prior to synthesis, reducing experimental costs [7]. 

 

Recent advances in artificial intelligence (AI), big data analytics, and machine learning (ML) have 

introduced a transformative paradigm known as materials informatics (MI). Materials informatics 

combines computational materials science with data-driven analytical methods to accelerate the 
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discovery, optimization, and deployment of advanced materials. By leveraging large-scale 

materials databases and sophisticated machine learning algorithms, researchers can rapidly 

identify hidden relationships between material composition, structure, processing conditions, and 

performance characteristics [7][8]. 

 

Supervised, unsupervised, and deep learning models now predict mechanical, thermal, 

toxicological, and energy-related properties with high accuracy [9][10][11]. 

 

Table 2 presents several major databases commonly used in materials informatics and sustainable 

materials research. 

 

Database Main Focus Data Type Sustainability 

Relevance 

Materials 

Project 

Inorganic materials DFT-calculated properties Energy materials 

discovery 

NOMAD Computational 

materials science 

Electronic structures and 

simulations 

Sustainable material 

screening 

PubChem Chemical compounds Toxicity and molecular 

properties 

Green chemistry 

applications 

OQMD Quantum materials Thermodynamic data Material optimization 

AFLOWLIB High-throughput 

materials design 

Structural and 

thermodynamic datasets 

Accelerated materials 

discovery 

Table 2 Major Databases in Materials Informatics 

 

Another emerging challenge concerns the lack of standardized sustainability assessment 

frameworks across materials informatics studies. Different studies often employ inconsistent 

definitions and methodologies for evaluating concepts such as eco-toxicity, recyclability, carbon 

efficiency, and lifecycle impact. This inconsistency complicates direct comparison between studies 

and hinders the development of universally accepted sustainable materials benchmarks. 

Furthermore, the increasing computational demands of large-scale AI models raise additional 

concerns regarding energy consumption and the environmental footprint of artificial intelligence 

itself. 
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This review article provides a comprehensive overview of data-driven sustainable materials 

discovery through the integration of materials informatics, machine learning methodologies, and 

sustainability assessment frameworks. The article critically examines modern AI techniques used 

in sustainable material design, discusses major computational and environmental challenges, and 

highlights future research directions involving explainable artificial intelligence, autonomous 

experimentation, and environmentally responsible manufacturing systems. 

 

2. Evolution of Sustainable Materials Discovery 

The discovery and development of advanced materials have historically played a fundamental role 

in shaping human civilization and technological progress. From the Bronze Age and Iron Age to 

the modern era of semiconductors and nanotechnology, materials innovation has continuously 

driven industrial transformation and economic growth. In recent decades, however, increasing 

environmental concerns and the growing urgency of climate change mitigation have shifted 

scientific attention toward the development of sustainable materials capable of balancing 

technological performance with ecological responsibility. This transition has significantly 

influenced the methodologies, computational tools, and scientific paradigms used in materials 

discovery [12][13]. 

 

2.1 Traditional Materials Discovery 

Another challenge involves the limited integration of sustainability considerations within 

traditional materials development workflows. Historically, materials research has focused 

primarily on improving performance characteristics such as strength, conductivity, durability, and 

thermal resistance, while environmental impacts were often evaluated only during later stages of 

commercialization. As a result, many widely used materials exhibit poor recyclability, high carbon 

footprints, or toxic degradation products despite excellent functional performance [14][15]. 

 

Traditional discovery methods also face scalability limitations. The increasing complexity of 

modern materials systems, including nanomaterials, multi-component alloys, hybrid composites, 

and functional polymers, has expanded the size of the searchable design space beyond what can 

realistically be explored using conventional laboratory experimentation alone. 

 



85 

 

Ozaki, Moeko 2(2026). Data-Driven Discovery of Sustainable Materials. SOLAV Journal 

2.2 Emergence of Computational Materials Science 

Quantum mechanical and atomistic simulations enabled property estimation prior to experimental 

synthesis, accelerating high-throughput screening for energy and catalytic materials [16][17][18]. 

 

Despite these advances, computational materials science still faces important limitations. High-

fidelity quantum mechanical simulations are computationally expensive and often impractical for 

extremely large datasets or highly complex material systems. Moreover, many computational 

models depend heavily on simplifying assumptions that may not fully capture real-world synthesis 

conditions or environmental effects. 

 

2.3 The Rise of Materials Informatics 

The rapid growth of digital scientific data, combined with advances in artificial intelligence and 

big data analytics, gave rise to the interdisciplinary field of materials informatics (MI). Materials 

informatics integrates materials science, data science, machine learning, and high-performance 

computing to accelerate the discovery and optimization of advanced materials [19]. 

 

Table 3 presents a comparison between traditional computational materials science and modern 

materials informatics approaches. 

 

Aspect Computational Materials Science Materials Informatics 

Primary methodology Physics-based simulations Data-driven learning 

Core techniques DFT, molecular dynamics Machine learning and AI 

Computational focus Individual material systems Large-scale datasets 

Scalability Moderate Very high 

Prediction speed Relatively slow Rapid screening 

Sustainability integration Limited Direct integration possible 

Discovery strategy Simulation-based Predictive and generative 

Experimental dependency Moderate Reduced 

Table 3 Computational Science vs Informatics 
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3. Materials Informatics and Data Infrastructure 

The rapid development of materials informatics has been strongly supported by the expansion of 

large-scale scientific databases, high-throughput computational frameworks, and advanced data 

management technologies. In modern materials science, data has become a critical scientific 

resource comparable to experimental infrastructure and computational power. The increasing 

availability of open-access materials datasets has enabled researchers to apply artificial 

intelligence and machine learning techniques to accelerate sustainable materials discovery, 

optimize material performance, and reduce environmental impact. 

 

Materials informatics relies heavily on the integration of diverse datasets originating from 

computational simulations, laboratory experiments, industrial measurements, spectroscopy, 

microscopy, and environmental assessments. These datasets provide the foundation for predictive 

modeling, pattern recognition, inverse materials design, and sustainability analysis. Consequently, 

the quality, diversity, accessibility, and standardization of materials data directly influence the 

effectiveness of AI-driven materials discovery systems. 

 

3.1 Major Materials Databases 

Several large-scale scientific repositories have emerged as essential infrastructures supporting 

data-driven materials science research. These databases contain extensive information regarding 

material structures, thermodynamic properties, electronic characteristics, synthesis parameters, 

toxicity indicators, and environmental performance metrics. 

 

3.1.1 Materials Project 

The Materials Project is one of the most widely used open-access databases in computational 

materials science. Developed using high-throughput Density Functional Theory (DFT) 

calculations, the database provides detailed information for hundreds of thousands of inorganic 

materials, including crystal structures, formation energies, electronic band structures, elastic 

properties, and thermodynamic stability indicators. 

 

The Materials Project plays a particularly important role in sustainable energy materials research, 

including battery materials, catalysts, photovoltaic compounds, and hydrogen storage systems. Its 
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large-scale computational infrastructure enables rapid screening of candidate materials for 

environmentally sustainable applications. 

 

3.1.2 NOMAD Repository 

The Novel Materials Discovery (NOMAD) repository is a comprehensive data-sharing platform 

containing millions of computational materials science calculations contributed by researchers 

worldwide. NOMAD supports reproducibility, transparency, and collaborative research by 

standardizing computational materials data generated using different simulation software 

packages. 

 

3.1.3 Open Quantum Materials Database (OQMD) 

The Open Quantum Materials Database (OQMD) contains extensive thermodynamic and 

structural information for a large number of crystalline materials generated through high-

throughput quantum mechanical calculations. OQMD supports materials optimization and stability 

prediction by providing calculated formation energies, phase diagrams, and compositional 

information. 

 

3.1.4 AFLOWLIB 

AFLOWLIB is a high-throughput computational materials database focused on automatic 

materials characterization and property prediction. The platform integrates computational 

workflows with machine learning tools to support rapid materials screening and data-driven 

materials design [20][21]. 

 

AFLOWLIB contains data regarding: 

• Crystal structures  

• Mechanical properties  

• Electronic properties  

• Thermodynamic stability  

• Magnetic characteristics  

Its automated framework significantly accelerates the exploration of large materials spaces. 
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3.1.5 PubChem 

Unlike databases primarily focused on crystalline materials, PubChem provides extensive 

chemical and molecular information relevant to sustainable chemistry and bio-based materials 

research [22]. PubChem includes: 

• Molecular structures  

• Toxicity data  

• Chemical properties  

• Bioactivity information  

• Environmental hazard indicators  

 

3.2 Types of Data in Materials Informatics 

Materials informatics systems rely on multiple categories of scientific data originating from 

computational simulations, laboratory characterization, industrial processes, and environmental 

analyses. The integration of these heterogeneous datasets enables comprehensive predictive 

modeling for sustainable materials discovery. 

 

3.2.1 Structural Data 

Structural data describes the atomic and molecular arrangement of materials, including: 

• Crystal structures  

• Lattice parameters  

• Atomic coordinates  

• Bond lengths  

• Symmetry groups  

Structural information is essential for predicting electronic, mechanical, and thermodynamic 

properties. 

 

3.2.2 Thermodynamic Data 

Thermodynamic datasets include: 

• Formation energy  
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• Gibbs free energy  

• Heat capacity  

• Phase stability  

• Entropy  

These properties are critical for evaluating material stability and synthesis feasibility. 

 

3.2.3 Electronic and Optical Properties 

Electronic datasets commonly include: 

• Band gap energy  

• Electrical conductivity  

• Magnetic behavior  

• Optical absorption  

• Dielectric constants  

Such properties are particularly important in renewable energy technologies and semiconductor 

design. 

 

3.2.4 Environmental and Sustainability Data 

Sustainable materials discovery increasingly requires environmental datasets such as: 

• Carbon footprint  

• Toxicity indicators  

• Lifecycle emissions  

• Water consumption  

• Recyclability metrics  

• Resource criticality  

Integrating these parameters into machine learning workflows enables environmentally optimized 

materials design. 
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3.2.5 Experimental Data 

Experimental datasets may include: 

• Spectroscopy results  

• Microscopy images  

• Mechanical testing measurements  

• Thermal analysis  

• Corrosion behavior  

These data are essential for validating computational predictions and improving model reliability. 

 

3.3 Data Preprocessing and Feature Engineering 

Raw materials datasets often contain inconsistencies, missing values, noise, and heterogeneous 

measurement formats. Consequently, data preprocessing represents a critical stage in materials 

informatics workflows. 

 

3.3.1 Data Cleaning 

Data cleaning procedures commonly involve: 

• Removing duplicate records  

• Correcting inconsistent units  

• Handling missing values  

• Eliminating corrupted entries  

• Filtering unreliable measurements  

Careful data cleaning significantly improves model robustness and prediction accuracy. 

 

3.3.2 Feature Engineering 

Feature engineering transforms raw materials data into machine-readable descriptors suitable for 

machine learning algorithms. Common materials descriptors include: 

• Atomic radius  

• Electronegativity  
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• Ionization energy  

• Electron affinity  

• Crystal symmetry parameters  

• Molecular fingerprints  

• Bond coordination numbers  

Well-designed descriptors are essential for accurate prediction of material properties and 

sustainability indicators. 

 

3.3.3 Dimensionality Reduction 

Materials datasets often contain thousands of correlated features, increasing computational 

complexity and overfitting risks. Dimensionality reduction methods help simplify datasets while 

preserving meaningful information. 

Common techniques include: 

• Principal Component Analysis (PCA)  

• t-distributed Stochastic Neighbor Embedding (t-SNE)  

• Autoencoders  

These methods improve visualization, clustering, and predictive modeling performance. 

 

Table 4 summarizes common preprocessing techniques used in materials informatics. 

 

Technique Purpose Example Application 

Data cleaning Remove inconsistencies and 

errors 

Filtering corrupted 

measurements 

Normalization Standardize numerical ranges Property scaling 

Feature engineering Generate predictive descriptors Atomic property vectors 

Dimensionality 

reduction 

Reduce feature complexity PCA and t-SNE 

Data augmentation Expand training datasets Synthetic materials generation 
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Outlier detection Identify anomalous data Experimental error correction 

Table 4 Common Data Preprocessing Techniques in Materials Informatics 

 

3.4 Challenges in Materials Data Infrastructure 

Despite major advances in materials data science, several significant challenges remain 

unresolved. 

 

One major issue is data fragmentation. Materials data are often distributed across multiple 

databases using different formats, measurement standards, and metadata conventions. This lack of 

interoperability complicates large-scale data integration and machine learning analysis. 

 

Another challenge involves data quality and reproducibility. Experimental measurements may vary 

across laboratories due to differences in synthesis conditions, characterization techniques, and 

environmental factors. Similarly, computational simulations may produce inconsistent results 

depending on the selected theoretical approximations and software implementations. 

 

Data imbalance also represents an important limitation. Existing datasets are frequently biased 

toward well-studied materials such as common semiconductors and battery compounds, while 

environmentally sustainable or novel materials remain underrepresented. This imbalance can 

reduce machine learning generalizability and hinder the discovery of unconventional sustainable 

materials. 

 

Furthermore, sustainability-related datasets remain relatively limited compared with traditional 

performance datasets. Comprehensive environmental indicators such as lifecycle emissions, 

toxicity, water consumption, and recyclability are often incomplete or unavailable, making 

sustainability-driven optimization more difficult. 

 

Addressing these challenges will require international collaboration, standardized data-sharing 

protocols, open-access infrastructures, and improved sustainability reporting practices. The 

development of interoperable and high-quality materials databases will be essential for enabling 

the next generation of AI-driven sustainable materials discovery systems. 
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4. Machine Learning Techniques in Sustainable Materials 

Discovery 

Machine learning has emerged as one of the most transformative technologies in modern materials 

science due to its ability to analyze large-scale datasets, identify hidden structure-property 

relationships, and accelerate the discovery of advanced materials. In sustainable materials 

research, machine learning techniques enable the rapid prediction of material performance, 

environmental impact, synthesis feasibility, and lifecycle sustainability. Compared with traditional 

experimental and computational approaches, machine learning significantly reduces development 

time, computational cost, and resource consumption while enabling the exploration of enormous 

chemical and structural design spaces. 

 

The integration of machine learning into materials informatics has introduced a paradigm shift 

from conventional trial-and-error experimentation toward predictive and data-driven materials 

design. Machine learning models can efficiently process heterogeneous datasets derived from 

computational simulations, laboratory experiments, spectroscopy, microscopy, and sustainability 

assessments. These capabilities are particularly valuable in sustainable materials discovery, where 

researchers must simultaneously optimize multiple objectives such as functionality, cost-

effectiveness, recyclability, toxicity reduction, energy efficiency, and carbon footprint 

minimization. 

 

Machine learning approaches used in sustainable materials discovery can generally be categorized 

into supervised learning, unsupervised learning, deep learning, and generative artificial 

intelligence models. 

 

4.1 Supervised Learning Approaches 

Supervised learning is among the most widely applied machine learning paradigms in materials 

science. In supervised learning, algorithms are trained using labeled datasets containing input 

features and corresponding target outputs. The trained model subsequently learns relationships 

between material descriptors and target properties, enabling predictions for previously unexplored 

materials [23]. 

 

Supervised learning models are particularly useful for predicting: 

• Mechanical strength  
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• Thermal conductivity  

• Band gap energy  

• Toxicity  

• Corrosion resistance  

• Catalytic activity  

• Energy storage capacity  

• Environmental impact indicators  

 

4.1.1 Random Forest 

Random Forest (RF) is a widely used ensemble learning algorithm based on multiple decision 

trees. The model improves prediction accuracy by combining predictions from numerous 

independently trained trees, thereby reducing overfitting and improving generalization. 

 

In sustainable materials discovery, Random Forest models are commonly used for: 

• Predicting thermal stability of polymers  

• Estimating material toxicity  

• Screening low-carbon materials  

• Evaluating corrosion resistance  

• Predicting photovoltaic efficiency  

One major advantage of Random Forest models is their interpretability, as they can identify the 

relative importance of different material descriptors influencing sustainability performance [24]. 

 

4.1.2 Extreme Gradient Boosting (XGBoost) 

Extreme Gradient Boosting (XGBoost) is an advanced boosting algorithm known for its high 

predictive performance and computational efficiency. XGBoost sequentially improves model 

performance by minimizing prediction errors during training. 

 

XGBoost has demonstrated strong performance in: 

• Battery materials optimization  
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• Catalyst screening  

• Mechanical property prediction  

• Toxicity classification  

• Energy-efficient materials selection  

Due to its ability to handle large heterogeneous datasets, XGBoost has become highly popular in 

materials informatics workflows [25][26]. 

 

4.1.3 Support Vector Machines (SVM) 

Support Vector Machines are effective supervised learning models capable of solving both 

classification and regression tasks. SVM algorithms identify optimal decision boundaries within 

high-dimensional feature spaces, making them suitable for complex materials datasets [27]. 

Applications of SVM in sustainable materials research include: 

• Classification of biodegradable polymers  

• Prediction of electronic properties  

• Material phase identification  

• Sustainable alloy design  

 

4.1.4 Artificial Neural Networks (ANNs) 

Artificial Neural Networks simulate interconnected neural structures inspired by biological brain 

systems. ANNs are capable of modeling highly nonlinear relationships between material 

descriptors and target properties [28]. 

ANNs are frequently applied in: 

• Composite material optimization  

• Thermal conductivity prediction  

• Sustainable cement design  

• Energy storage material modeling  

 

Table 5 summarizes several supervised learning algorithms commonly used in sustainable 

materials informatics. 
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Model Learning Type Main Applications 

Random Forest Supervised Property prediction and screening 

XGBoost Supervised Materials optimization 

Support Vector Machine Supervised Classification and regression 

Artificial Neural Network Supervised Nonlinear property modeling 

Linear Regression Supervised Simple property estimation 

Table 5 Supervised Learning Models in Sustainable Materials Discovery 

 

4.2 Unsupervised Learning Approaches 

Unlike supervised learning, unsupervised learning algorithms analyze unlabeled datasets to 

identify hidden structures, correlations, and clustering patterns without predefined target outputs. 

These methods are highly valuable for exploring unknown materials spaces and discovering 

previously unrecognized relationships among materials. 

 

4.2.1 Clustering Algorithms 

Clustering methods group materials according to similarities in composition, structure, or 

functional properties. 

 

K-Means Clustering 

K-means is one of the most commonly used clustering algorithms in materials informatics. The 

method partitions datasets into distinct clusters based on feature similarity. 

Applications include: 

• Classification of sustainable polymers  

• Grouping recyclable materials  

• Identification of low-toxicity compounds  

 

Hierarchical Clustering 
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Hierarchical clustering organizes materials into tree-like similarity structures, allowing researchers 

to explore multilevel relationships between materials families. 

 

DBSCAN 

Density-Based Spatial Clustering of Applications with Noise (DBSCAN) identifies dense regions 

within datasets while detecting anomalies and outliers. This approach is particularly useful for 

identifying unusual materials with potentially novel sustainability properties. 

 

4.2.2 Dimensionality Reduction 

High-dimensional materials datasets often contain thousands of correlated variables. 

Dimensionality reduction techniques simplify visualization and improve computational efficiency. 

Common methods include: 

• Principal Component Analysis (PCA)  

• t-SNE  

• Uniform Manifold Approximation and Projection (UMAP)  

These methods enable researchers to visualize relationships among materials and identify 

dominant sustainability trends. 

 

4.3 Deep Learning in Materials Informatics 

Deep learning represents a rapidly growing area of artificial intelligence capable of extracting 

highly complex nonlinear patterns from large datasets. Deep learning models consist of multiple 

interconnected neural network layers capable of automatically learning hierarchical feature 

representations. 

 

In sustainable materials discovery, deep learning enables: 

• High-accuracy property prediction  

• Image-based materials characterization  

• Autonomous feature extraction  

• Molecular representation learning  

• Inverse materials design  
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4.3.1 Convolutional Neural Networks (CNNs) 

Convolutional Neural Networks are primarily used for image analysis and pattern recognition. In 

materials science, CNNs analyze: 

• Microscopy images  

• Crystal structures  

• Surface morphologies  

• Defect distributions  

CNNs can significantly improve automated materials characterization and defect detection. 

 

4.3.2 Recurrent Neural Networks (RNNs) 

Recurrent Neural Networks process sequential data and are useful for modeling: 

• Time-dependent material behavior  

• Dynamic synthesis processes  

• Sequential molecular structures  

Although less common than CNNs, RNNs remain valuable for temporal materials modeling. 

 

4.3.3 Graph Neural Networks (GNNs) 

Graph Neural Networks have become highly important in materials informatics because materials 

can naturally be represented as graphs containing atoms and chemical bonds. 

Prominent GNN architectures include: 

• Crystal Graph Convolutional Neural Networks (CGCNN)  

• SchNet  

• Materials Graph Network (MEGNet)  

These models achieve highly accurate predictions of: 

• Formation energy  

• Band gap  

• Elastic properties  
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• Catalytic activity  

Graph-based models are particularly powerful because they preserve atomic-level structural 

relationships within materials. 

 

Table 6 summarizes major deep learning models used in sustainable materials research. 

 

Model Main Function Example Applications 

CNN Image and structure analysis Microscopy characterization 

RNN Sequential data modeling Dynamic synthesis prediction 

CGCNN Crystal graph analysis Property prediction 

SchNet Molecular representation learning Molecular property prediction 

MEGNet Graph-based materials learning Energy materials discovery 

Table 6 Deep Learning Models in Materials Informatics 

 

4.4 Generative Artificial Intelligence for Materials Design 

Generative artificial intelligence represents one of the most advanced developments in modern 

materials informatics. Unlike predictive models that estimate properties of existing materials, 

generative models can create entirely new molecular or crystalline structures optimized for 

targeted objectives. 

 

Generative AI enables inverse materials design, where researchers specify desired properties and 

algorithms generate candidate materials satisfying those criteria. 

 

4.4.1 Variational Autoencoders (VAEs) 

Variational Autoencoders learn compressed latent representations of materials and generate new 

structures by sampling latent spaces. 

Applications include: 

• Sustainable polymer generation  

• Low-toxicity molecular design  
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• Catalyst optimization  

• Energy storage materials discovery  

 

4.4.2 Generative Adversarial Networks (GANs) 

Generative Adversarial Networks employ competing neural networks to generate realistic material 

structures. GANs have demonstrated strong potential for: 

• Molecular generation  

• Nanomaterial design  

• Structural optimization  

 

4.4.3 Diffusion Models 

Diffusion-based generative models represent a recent advancement capable of generating stable 

molecular and crystal structures with high precision. 

These models are increasingly applied to: 

• Drug discovery  

• Green catalyst development  

• Battery materials optimization  

• Sustainable chemical synthesis  

 

4.4.4 Reinforcement Learning 

Reinforcement learning algorithms optimize sequential decision-making processes through 

reward-based learning mechanisms. 

In sustainable materials research, reinforcement learning can optimize: 

• Synthesis pathways  

• Processing conditions  

• Multi-objective sustainability criteria  

 

Table 7 summarizes major generative AI approaches used in sustainable materials discovery. 
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Model Primary Capability Sustainability Applications 

VAE Latent space generation Polymer and molecular design 

GAN Realistic structure generation Nanomaterials and catalysts 

Diffusion Models Stable molecular generation Sustainable chemistry 

Reinforcement Learning Process optimization Green synthesis optimization 

Table 7 Generative AI Models in Sustainable Materials Discovery 

 

4.5 Model Validation and Performance Evaluation 

Reliable validation is essential for ensuring the robustness, accuracy, and generalizability of 

machine learning models used in sustainable materials discovery. 

 

4.5.1 Cross-Validation 

K-fold cross-validation is widely used to assess model reliability by dividing datasets into multiple 

training and testing subsets. 

 

4.5.2 External Validation 

Independent datasets are often used to evaluate model performance under real-world conditions 

and improve generalizability. 

 

4.5.3 Experimental Validation 

Although machine learning can rapidly generate predictions, laboratory experiments remain 

essential for confirming: 

• Material stability  

• Environmental safety  

• Synthesis feasibility  

• Industrial applicability  

Experimental verification significantly improves trust in AI-generated materials. 
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4.5.4 Evaluation Metrics 

Common machine learning evaluation metrics include: 

• Mean Absolute Error (MAE)  

• Root Mean Square Error (RMSE)  

• Accuracy  

• Precision  

• Recall  

• F1-score  

• R² coefficient  

These metrics help quantify prediction quality and model robustness. 

 

The integration of machine learning into sustainable materials research has significantly 

accelerated scientific discovery and opened new possibilities for environmentally responsible 

innovation. As artificial intelligence technologies continue to advance, machine learning is 

expected to play an increasingly central role in enabling faster, safer, and more sustainable 

materials development across industrial sectors. 

 

5. Sustainability Assessment Metrics 

The development of sustainable materials requires more than optimizing functional performance 

alone. Modern materials research increasingly emphasizes the integration of environmental, 

economic, and societal considerations throughout the entire material lifecycle. Consequently, 

sustainability assessment metrics have become essential components of data-driven materials 

discovery frameworks. These metrics enable researchers to evaluate the environmental impact, 

resource efficiency, safety, and long-term sustainability of materials during early-stage design and 

optimization processes. 

 

In sustainable materials informatics, sustainability metrics are integrated directly into machine 

learning workflows to guide the selection and optimization of environmentally responsible 

materials. This approach allows researchers to move beyond conventional performance-focused 
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design toward multi-objective optimization strategies that simultaneously consider functionality, 

cost, durability, recyclability, energy efficiency, and ecological impact. 

 

The incorporation of sustainability assessment methodologies into materials informatics aligns 

closely with the principles of green chemistry and circular economy systems. Green chemistry 

emphasizes pollution prevention, safer chemical synthesis, renewable feedstocks, and reduced 

energy consumption, while circular economy models focus on minimizing waste generation and 

maximizing material reuse throughout industrial supply chains. 

 

5.1 Life Cycle Assessment (LCA) 

Life Cycle Assessment (LCA) is one of the most widely used methodologies for evaluating the 

environmental impact of materials and industrial processes. LCA analyzes the entire lifecycle of a 

material, beginning with raw material extraction and continuing through manufacturing, 

transportation, usage, recycling, and final disposal [29]. 

 

The primary objective of LCA is to quantify environmental burdens associated with each stage of 

the material lifecycle, thereby enabling more sustainable design decisions. LCA is particularly 

important in sustainable materials discovery because materials with excellent functional properties 

may still exhibit significant environmental impacts during production or disposal stages. 

 

A standard LCA framework typically includes: 

• Raw material extraction analysis  

• Manufacturing energy consumption  

• Transportation emissions  

• Operational efficiency  

• Waste generation  

• End-of-life management  

 

Environmental indicators commonly evaluated within LCA studies include: 

• Greenhouse gas emissions  

• Energy consumption  
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• Water usage  

• Toxic emissions  

• Land use impact  

• Resource depletion  

 

In AI-driven materials discovery, lifecycle indicators can be incorporated into machine learning 

models as optimization objectives, allowing algorithms to prioritize environmentally favorable 

materials during screening procedures. 

Table 8 summarizes major components of lifecycle assessment in sustainable materials research. 

 

Lifecycle Stage Sustainability Consideration Example Impact 

Raw material extraction Resource depletion Mining emissions 

Manufacturing Energy consumption Industrial CO₂ emissions 

Transportation Fuel usage Logistics-related pollution 

Material usage Operational efficiency Energy savings 

Recycling Material recovery Waste reduction 

Disposal Environmental degradation Landfill accumulation 

Table 8 Major Components of Life Cycle Assessment 

 

5.2 Carbon Footprint Assessment 

Carbon footprint analysis measures the total greenhouse gas emissions associated with the 

production, usage, and disposal of a material. Carbon emissions are commonly expressed in terms 

of carbon dioxide equivalent (CO₂-eq), which accounts for multiple greenhouse gases including 

methane and nitrous oxide. 

 

Carbon footprint assessment has become increasingly important due to global climate mitigation 

efforts and international carbon reduction policies. Many industrial materials, including cement, 

plastics, steel, and battery components, are associated with substantial carbon emissions during 

manufacturing [30]. 
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In sustainable materials discovery, carbon footprint analysis helps researchers: 

• Identify low-carbon alternatives  

• Optimize energy-efficient synthesis pathways  

• Reduce industrial emissions  

• Support climate-neutral manufacturing systems  

 

Machine learning models can accelerate carbon-efficient materials design by predicting emission 

profiles prior to experimental synthesis. AI systems may also optimize manufacturing conditions 

to minimize energy consumption and greenhouse gas generation. 

 

Examples of low-carbon sustainable materials include: 

• Geopolymer cement  

• Bio-based polymers  

• Lightweight composites  

• Recyclable aluminum alloys  

• Green hydrogen catalysts  

 

5.3 Energy Efficiency Metrics 

Energy efficiency is another critical sustainability metric in materials science. Many traditional 

material synthesis processes require extremely high temperatures, pressures, or energy-intensive 

purification methods, contributing significantly to industrial energy demand [31]. 

 

Energy-efficient materials are desirable for two major reasons: 

1. Reduced energy consumption during manufacturing  

2. Improved energy performance during operation  

Examples include: 

• Thermal insulation materials  

• High-efficiency photovoltaic materials  
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• Low-energy catalysts  

• Energy-saving electronic materials  

 

In materials informatics, machine learning algorithms can identify synthesis pathways requiring 

lower processing temperatures or reduced energy input. AI-driven optimization may significantly 

improve industrial sustainability while lowering production costs. 

 

5.4 Recyclability and Circular Economy Indicators 

The transition from linear production systems toward circular economy models has increased the 

importance of recyclability and material recovery metrics. Traditional linear economies follow a 

“take-make-dispose” approach that generates large quantities of waste and accelerates resource 

depletion. 

 

Circular economy systems instead emphasize: 

• Material reuse  

• Recycling  

• Resource recovery  

• Waste minimization  

• Extended material lifecycles  

 

Sustainable materials should ideally maintain functionality while enabling efficient recycling or 

biodegradation at the end of their useful lifespan. 

Key recyclability indicators include: 

• Recovery efficiency  

• Material purity after recycling  

• Mechanical property retention  

• Closed-loop recyclability  

• Reusability potential  
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Machine learning models can assist in predicting recyclability performance and identifying 

environmentally favorable material compositions. 

Table 9 presents several important sustainability metrics used in materials informatics. 

 

Metric Importance Example Measurement 

Carbon footprint Climate impact CO₂-eq emissions 

Energy efficiency Sustainable manufacturing Energy consumption (kWh) 

Toxicity index Human and ecological safety Hazard assessment 

Recyclability Circular economy performance Recovery percentage 

Water usage Resource conservation Liters per kilogram 

Lifecycle emissions Total environmental impact Cradle-to-grave emissions 

Resource criticality Supply chain sustainability Rare-element dependency 

Table 9 Sustainability Metrics in Materials Informatics 

 

5.5 Toxicity Assessment and Green Chemistry 

Toxicity assessment plays a central role in sustainable materials discovery because many 

conventional materials contain hazardous substances that pose risks to human health and 

ecosystems. Sustainable materials research increasingly prioritizes safer chemical alternatives 

capable of minimizing environmental contamination and occupational exposure [32]. 

 

Green chemistry principles encourage: 

• Safer solvents  

• Non-toxic feedstocks  

• Reduced hazardous waste  

• Energy-efficient reactions  

• Renewable raw materials  

 

In materials informatics, toxicity prediction models can rapidly evaluate environmental and 

biological hazards associated with candidate materials before experimental synthesis. Machine 
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learning algorithms trained on toxicological databases can identify harmful compounds and 

recommend safer alternatives. 

 

Applications include: 

• Heavy-metal-free semiconductors  

• Non-toxic battery electrolytes  

• Biodegradable plastics  

• Eco-friendly catalysts  

The integration of toxicity assessment into AI-driven materials discovery workflows significantly 

improves environmental safety and regulatory compliance. 

 

5.6 Water Footprint and Resource Efficiency 

Water consumption has become an increasingly important sustainability concern, particularly in 

energy-intensive industrial sectors such as semiconductor manufacturing, mining, and chemical 

processing [33]. 

 

Water footprint analysis evaluates: 

• Direct water usage  

• Indirect water consumption  

• Wastewater generation  

• Water contamination risks  

 

Resource efficiency metrics also assess the dependence on scarce or geopolitically sensitive raw 

materials such as lithium, cobalt, rare-earth elements, and platinum-group metals. 

 

Sustainable materials discovery increasingly seeks: 

• Earth-abundant alternatives  

• Reduced critical mineral dependency  

• Water-efficient synthesis methods  
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• Resource-conserving manufacturing systems  

 

AI-driven optimization frameworks can help identify materials that balance high performance with 

improved resource sustainability. 

 

5.7 Multi-Objective Sustainability Optimization 

One of the most important advantages of machine learning in sustainable materials discovery is its 

ability to perform multi-objective optimization. Traditional materials design often prioritizes a 

single target property such as conductivity or mechanical strength. However, sustainable materials 

research requires simultaneous optimization of multiple sometimes-conflicting objectives. 

 

For example, a material may exhibit excellent electrical conductivity but poor recyclability or high 

toxicity. AI-driven optimization systems can evaluate trade-offs among: 

• Performance  

• Cost  

• Durability  

• Toxicity  

• Carbon emissions  

• Recyclability  

• Resource availability  

 

Advanced optimization algorithms such as Bayesian optimization, reinforcement learning, and 

evolutionary algorithms enable researchers to identify balanced solutions within highly complex 

design spaces. 

 

The integration of sustainability assessment metrics into machine learning pipelines represents a 

critical step toward environmentally responsible materials innovation. As sustainability challenges 

continue to intensify globally, comprehensive multi-objective optimization frameworks will 

become increasingly important for enabling cleaner technologies, circular manufacturing systems, 

and low-carbon industrial development. 
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6. Applications of AI-Driven Sustainable Materials 

Artificial intelligence and materials informatics have enabled substantial progress across multiple 

areas of sustainable materials research. By integrating machine learning algorithms with 

computational simulations, experimental data, and sustainability metrics, researchers can 

accelerate the development of environmentally responsible materials with improved functional 

performance and reduced ecological impact. AI-driven methodologies are increasingly applied in 

renewable energy systems, biodegradable materials, green chemistry, sustainable manufacturing, 

environmental remediation, and advanced electronic materials [34]. 

 

The ability of machine learning models to rapidly analyze large datasets and identify hidden 

structure-property relationships has significantly reduced the time and cost associated with 

conventional materials development. In many applications, AI-driven screening can evaluate 

thousands or even millions of candidate materials computationally before laboratory synthesis, 

thereby minimizing experimental waste and improving research efficiency. 

 

6.1 Sustainable Energy Materials 

One of the most important applications of sustainable materials informatics involves renewable 

energy technologies. The transition toward low-carbon energy systems requires advanced 

materials capable of improving energy generation, storage, and conversion efficiency while 

minimizing environmental impact. 

 

6.1.1 Battery Materials 

Rechargeable batteries play a critical role in electric vehicles, portable electronics, and renewable 

energy storage systems. However, conventional battery technologies often depend on scarce raw 

materials, toxic elements, and environmentally intensive mining operations [35]. 

 

Machine learning techniques are increasingly used to: 

• Predict battery stability  

• Optimize electrode materials  

• Improve electrolyte performance  

• Identify safer battery chemistries  

• Reduce dependency on critical minerals such as cobalt  
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AI-driven screening has accelerated the discovery of sustainable battery materials including: 

• Solid-state electrolytes  

• Sodium-ion batteries  

• Lithium-sulfur systems  

• Organic battery materials  

 

Graph neural networks and generative AI models have demonstrated strong potential for predicting 

ionic conductivity, thermal stability, and electrochemical performance of battery compounds. 

 

6.1.2 Photovoltaic Materials 

Solar energy technologies require high-efficiency photovoltaic materials capable of converting 

sunlight into electricity while maintaining long-term stability and low environmental impact. 

 

Traditional silicon-based solar cells involve energy-intensive manufacturing processes. 

Consequently, sustainable alternatives such as perovskites, organic photovoltaics, and thin-film 

materials have gained increasing attention [36]. 

 

Machine learning models assist researchers by: 

• Predicting band gap energies  

• Screening semiconductor materials  

• Optimizing light absorption properties  

• Improving photovoltaic efficiency  

 

AI-driven approaches have significantly accelerated the identification of promising solar materials 

with improved sustainability profiles. 
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6.1.3 Hydrogen Storage and Catalysts 

Hydrogen technologies are considered important components of future clean energy systems. 

Sustainable hydrogen production and storage require advanced catalysts and lightweight storage 

materials with high efficiency and stability [37]. 

 

Machine learning models are widely used for: 

• Catalyst discovery  

• Adsorption energy prediction  

• Reaction pathway optimization  

• Hydrogen storage material screening  

 

AI-assisted catalyst design has contributed to the development of low-cost and earth-abundant 

alternatives to expensive noble-metal catalysts. 

 

Table 10 summarizes major AI applications in sustainable energy materials research. 

 

Application Area AI Contribution Sustainability Benefit 

Battery materials Electrolyte and electrode 

optimization 

Reduced toxic mineral dependency 

Solar cells Band gap prediction Improved renewable energy 

efficiency 

Hydrogen 

storage 

Catalyst optimization Cleaner energy systems 

Fuel cells Material screening Lower emissions 

Thermoelectrics Property prediction Waste heat recovery 

Table 10 AI Applications in Sustainable Energy Materials 

 

6.2 Biodegradable and Bio-Based Materials 
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Plastic pollution has become a major global environmental challenge due to the persistence of 

petroleum-based polymers in natural ecosystems. Sustainable materials research increasingly 

focuses on biodegradable and bio-based alternatives capable of reducing long-term environmental 

accumulation. 

 

Machine learning approaches support biodegradable materials discovery by: 

• Predicting degradation behavior  

• Optimizing polymer compositions  

• Modeling mechanical properties  

• Evaluating environmental compatibility  

 

AI-driven generative models have been used to design novel biodegradable polymers with 

improved flexibility, durability, and decomposition rates. 

Bio-based materials derived from renewable feedstocks such as cellulose, lignin, starch, and 

chitosan are also gaining increasing importance in sustainable packaging, biomedical engineering, 

and construction applications. 

 

6.3 Green Chemistry and Sustainable Chemical Design 

Green chemistry aims to reduce hazardous substances, minimize waste generation, and improve 

energy efficiency in chemical manufacturing processes. Artificial intelligence has become an 

increasingly valuable tool for supporting environmentally responsible chemical design. 

 

Machine learning techniques are used to: 

• Predict chemical toxicity  

• Optimize reaction conditions  

• Design safer solvents  

• Minimize hazardous byproducts  

• Improve catalytic efficiency  
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AI-driven reaction optimization can substantially reduce experimental waste and energy 

consumption while improving reaction yields. 

 

Generative AI models also enable the design of environmentally friendly molecular structures with 

targeted functional and sustainability properties. 

 

Examples include: 

• Non-toxic flame retardants  

• Green solvents  

• Biodegradable surfactants  

• Sustainable pharmaceutical compounds  

 

6.4 Sustainable Construction Materials 

The construction industry is one of the largest contributors to global carbon emissions, particularly 

due to cement and steel production. Sustainable construction materials are therefore essential for 

reducing the environmental impact of urbanization and infrastructure development. 

 

Machine learning has been applied in: 

• Low-carbon cement optimization  

• Sustainable concrete mixture design  

• Recyclable composite materials  

• Structural durability prediction  

 

AI-driven materials screening has accelerated the development of: 

• Geopolymer cement  

• Recycled aggregate concrete  

• Self-healing materials  

• Bio-based insulation systems  
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These materials contribute to lower carbon emissions, improved energy efficiency, and enhanced 

resource conservation within the built environment. 

 

6.5 Environmental Remediation Materials 

Advanced materials are increasingly used for environmental remediation applications including 

water purification, air pollution control, and soil decontamination. 

 

Machine learning models support the development of remediation materials by: 

• Predicting adsorption efficiency  

• Optimizing catalyst performance  

• Screening porous materials  

• Designing selective filtration systems  

 

Applications include: 

• Heavy metal adsorption  

• Carbon capture materials  

• Photocatalysts for pollutant degradation  

• Membrane filtration systems  

 

AI-assisted optimization has improved the performance and sustainability of environmental 

remediation technologies. 

 

Table 11 presents major applications of AI-driven sustainable materials across industrial sectors. 

 

Sector Sustainable Material 

Application 

AI Function 

Energy Batteries and solar materials Property prediction 
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Packaging Biodegradable polymers Molecular design 

Construction Low-carbon concrete Composition 

optimization 

Electronics Sustainable semiconductors Material screening 

Environmental 

remediation 

Water purification materials Adsorption prediction 

Chemical industry Green catalysts Reaction optimization 

Table 11 Applications of AI-Driven Sustainable Materials 

 

6.6 Sustainable Electronic and Semiconductor Materials 

The electronics industry relies heavily on rare-earth elements, toxic chemicals, and energy-

intensive manufacturing processes. Sustainable electronic materials research seeks to reduce 

environmental impact while maintaining device performance. 

 

Machine learning techniques are increasingly applied to: 

• Predict semiconductor properties  

• Identify earth-abundant alternatives  

• Optimize thermal management materials  

• Reduce hazardous material usage  

 

AI-driven discovery has accelerated research into: 

• Lead-free semiconductors  

• Flexible electronic materials  

• Organic electronic systems  

• Recyclable conductive materials  

 

These innovations are particularly important for next-generation flexible electronics, wearable 

devices, and low-energy computing systems. 
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6.7 Autonomous Laboratories and Smart Manufacturing 

One of the most advanced applications of AI-driven materials science involves autonomous 

laboratories and intelligent manufacturing systems. These systems integrate robotics, machine 

learning, high-throughput experimentation, and real-time data analysis to accelerate sustainable 

materials development [38]. 

 

Autonomous laboratories can: 

• Conduct automated experiments  

• Optimize synthesis parameters  

• Continuously update predictive models  

• Reduce material waste  

• Improve reproducibility  

 

Smart manufacturing systems additionally support: 

• Energy-efficient production  

• Predictive maintenance  

• Resource optimization  

• Waste minimization  

The integration of artificial intelligence with autonomous experimentation represents a major step 

toward sustainable and self-optimizing industrial systems. 

 

6.8 Industrial and Societal Impact 

The widespread adoption of AI-driven sustainable materials has the potential to significantly 

transform industrial systems and global sustainability efforts. These technologies may contribute 

to: 

• Reduced greenhouse gas emissions  

• Improved resource efficiency  

• Cleaner manufacturing systems  

• Lower industrial waste generation  
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• Accelerated renewable energy adoption  

 

Furthermore, sustainable materials innovation supports broader societal goals related to climate 

resilience, environmental protection, energy security, and circular economy development. 

 

As artificial intelligence technologies continue to evolve, AI-driven sustainable materials research 

is expected to become increasingly central to the future of environmentally responsible industrial 

transformation and global sustainable development. 

 

7. Challenges and Limitations 

Despite the remarkable progress achieved in materials informatics and artificial intelligence-driven 

sustainable materials discovery, several scientific, technical, environmental, and organizational 

challenges continue to limit the widespread implementation and industrial adoption of these 

technologies. While machine learning models have demonstrated exceptional capabilities in 

accelerating materials screening and prediction, the reliability, scalability, interpretability, and 

sustainability of AI-driven systems remain important areas of concern. 

 

The development of sustainable materials is inherently complex because it requires the 

simultaneous optimization of multiple interconnected objectives, including functional 

performance, environmental impact, economic feasibility, manufacturability, durability, and 

regulatory compliance. Consequently, current AI-driven methodologies face numerous limitations 

that must be addressed to enable reliable and responsible sustainable materials innovation. 

 

7.1 Data Quality and Availability 

One of the most significant limitations in materials informatics involves the quality, consistency, 

and accessibility of materials datasets. Machine learning models are highly dependent on large 

volumes of accurate and representative data for effective training and prediction. However, 

existing materials databases frequently contain incomplete, inconsistent, or noisy data that can 

negatively affect model performance. 

 

Experimental materials data are often generated under varying laboratory conditions, using 

different synthesis procedures, measurement techniques, and characterization standards. Such 
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variability may introduce inconsistencies that reduce reproducibility and generalizability across 

datasets. 

 

Common data-related challenges include: 

• Missing values  

• Measurement errors  

• Inconsistent units  

• Limited metadata  

• Duplicate records  

• Experimental bias  

Furthermore, many materials datasets remain heavily biased toward well-studied compounds such 

as conventional semiconductors, battery materials, and industrial alloys, while sustainable and 

emerging materials remain underrepresented. This imbalance can reduce the ability of machine 

learning models to identify novel environmentally responsible materials. 

 

Another major issue involves the limited availability of sustainability-specific datasets. While 

many databases provide structural and thermodynamic properties, comprehensive environmental 

indicators such as lifecycle emissions, recyclability, toxicity, water usage, and resource criticality 

are often incomplete or unavailable. 

 

Table 12 summarizes major data-related challenges in sustainable materials informatics. 

 

Challenge Description Impact 

Missing data Incomplete measurements Reduced model accuracy 

Data inconsistency Different measurement standards Poor reproducibility 

Dataset imbalance Overrepresentation of common 

materials 

Limited generalization 

Limited sustainability 

data 

Incomplete environmental 

indicators 

Weak sustainability 

optimization 
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Noisy data Experimental uncertainty Unstable predictions 

Data fragmentation Distributed databases and formats Integration difficulties 

Table 12 Data Challenges in Materials Informatics 

 

7.2 Model Interpretability and Explainability 

Many advanced machine learning models, particularly deep learning architectures, operate as 

“black-box” systems that provide highly accurate predictions without clear explanations regarding 

how decisions are generated. While predictive accuracy is important, scientific interpretability 

remains essential in materials science because researchers must understand the underlying 

relationships between composition, structure, processing conditions, and material properties. 

 

The lack of interpretability creates several challenges: 

• Reduced scientific transparency  

• Difficulty validating predictions  

• Lower industrial trust  

• Regulatory uncertainty  

• Limited knowledge extraction  

 

For example, a deep neural network may predict that a material exhibits excellent sustainability 

performance without clearly identifying which structural features or chemical interactions 

contribute to that prediction. 

 

To address these limitations, researchers are increasingly developing explainable artificial 

intelligence (XAI) methods capable of improving transparency and interpretability within machine 

learning systems. Techniques such as feature importance analysis, SHAP values, attention 

mechanisms, and interpretable graph neural networks are becoming increasingly important in 

sustainable materials research. 

 

Improving model explainability is critical for: 

• Scientific understanding  
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• Industrial adoption  

• Regulatory approval  

• Safer materials development  

• Ethical AI implementation  

 

7.3 Experimental Validation Challenges 

Although machine learning can rapidly generate predictions and identify promising material 

candidates, computational predictions alone are insufficient for industrial deployment. 

Experimental validation remains essential for confirming: 

• Material stability  

• Synthesis feasibility  

• Mechanical performance  

• Environmental safety  

• Long-term durability  

 

One major challenge involves the gap between computational predictions and real-world 

experimental conditions. Many machine learning models are trained using idealized simulation 

data that may not fully capture manufacturing variability, impurities, environmental fluctuations, 

or degradation mechanisms. 

 

Additionally, laboratory validation of AI-generated materials may require: 

• Expensive equipment  

• Specialized expertise  

• Long testing periods  

• Complex synthesis procedures  

 

This creates a bottleneck in sustainable materials discovery workflows, where computational 

screening can generate thousands of candidate materials faster than laboratories can 

experimentally validate them. 
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Hybrid AI-experimental systems and autonomous laboratories are increasingly being developed to 

reduce this gap by integrating machine learning with robotics and automated experimentation. 

 

7.4 Computational Complexity and Energy Consumption 

The rapid growth of artificial intelligence models has introduced concerns regarding computational 

cost and energy consumption. Training advanced deep learning systems, graph neural networks, 

and generative AI models often requires: 

• Large computational infrastructures  

• High-performance GPUs  

• Extensive storage capacity  

• Significant electrical energy  

Ironically, AI systems intended to support sustainability objectives may themselves contribute to 

substantial carbon emissions due to energy-intensive computation. 

 

Large-scale training procedures can generate considerable environmental impacts through: 

• Electricity consumption  

• Data center cooling requirements  

• Hardware manufacturing  

• Electronic waste generation  

 

Consequently, researchers are increasingly exploring “Green AI” approaches aimed at improving 

computational efficiency while minimizing environmental impact. 

 

Strategies for reducing AI-related environmental costs include: 

• Energy-efficient model architectures  

• Lightweight neural networks  

• Transfer learning  

• Sparse computation methods  
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• Renewable-energy-powered data centers  

 

7.5 Integration of Sustainability Metrics 

Another major challenge involves the integration of comprehensive sustainability metrics into 

machine learning workflows. Traditional materials optimization often focuses on isolated 

performance criteria such as conductivity, durability, or efficiency, while sustainability involves 

multiple interconnected environmental and societal dimensions. 

 

Difficulties arise because sustainability metrics are often: 

• Multidimensional  

• Nonlinear  

• Context-dependent  

• Difficult to quantify  

For example, a material with low carbon emissions may exhibit poor recyclability or dependence 

on rare-earth elements. Similarly, a biodegradable polymer may require energy-intensive 

manufacturing processes that offset environmental benefits. 

 

Additionally, standardized sustainability assessment frameworks remain underdeveloped across 

many areas of materials science. Different studies frequently employ inconsistent methodologies 

for evaluating: 

• Carbon footprint  

• Eco-toxicity  

• Resource efficiency  

• Lifecycle emissions  

• Circularity performance  

This inconsistency complicates direct comparison between studies and limits reproducibility. 

 

Table 13 summarizes major sustainability integration challenges in AI-driven materials discovery. 
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Challenge Description Consequence 

Multi-objective 

optimization 

Conflicting sustainability goals Complex decision-making 

Lack of standardization Different sustainability 

methodologies 

Reduced comparability 

Limited lifecycle data Incomplete environmental 

assessments 

Weak optimization 

reliability 

Resource criticality Dependence on scarce elements Supply chain vulnerability 

Circularity assessment Difficult recyclability evaluation Reduced sustainability 

accuracy 

Table 13 Sustainability Integration Challenges 

 

7.6 Ethical and Regulatory Concerns 

As AI-driven materials discovery becomes increasingly influential in industrial systems, ethical 

and regulatory considerations are becoming more important. 

 

Key ethical concerns include: 

• Algorithmic bias  

• Scientific reproducibility  

• Data ownership  

• Transparency  

• Responsible innovation  

 

Biases within training datasets may lead machine learning models to favor certain materials classes 

while neglecting potentially sustainable alternatives. Furthermore, proprietary industrial datasets 

may limit open scientific collaboration and reduce reproducibility. 

 

Regulatory frameworks for AI-generated materials also remain relatively underdeveloped. 

Governments and regulatory agencies must establish guidelines regarding: 

• Safety validation  
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• Environmental certification  

• Data governance  

• AI accountability  

 

Ensuring responsible and ethical implementation of AI technologies will be essential for 

maintaining public trust and supporting sustainable industrial development. 

 

7.7 Scalability and Industrial Adoption 

Although many AI-driven materials discovery systems demonstrate strong laboratory-scale 

performance, scaling these technologies for industrial manufacturing remains challenging. 

Industrial adoption may be limited by: 

• Manufacturing complexity  

• Economic constraints  

• Infrastructure requirements  

• Regulatory approval delays  

• Supply chain limitations  

 

Additionally, some AI-generated materials may rely on synthesis conditions that are difficult to 

implement at commercial scale. 

 

Bridging the gap between academic research and industrial deployment will require stronger 

collaboration among: 

• Materials scientists  

• Chemical engineers  

• Manufacturing industries  

• Data scientists  

• Policymakers  
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7.8 Interdisciplinary Collaboration Challenges 

Sustainable materials informatics is an inherently interdisciplinary field combining: 

• Materials science  

• Chemistry  

• Artificial intelligence  

• Environmental science  

• Engineering  

• Data science  

 

However, effective interdisciplinary collaboration remains challenging due to differences in 

terminology, methodologies, research priorities, and technical expertise across disciplines. 

 

Successful advancement of sustainable materials discovery will require: 

• Shared data standards  

• Collaborative research infrastructures  

• Interdisciplinary education  

• Open-access scientific platforms  

• International cooperation  

 

Despite these challenges, ongoing advances in artificial intelligence, high-throughput 

experimentation, explainable machine learning, and sustainable manufacturing technologies are 

expected to significantly improve the future capabilities of materials informatics. Addressing these 

limitations will be essential for enabling reliable, scalable, and environmentally responsible 

materials innovation in the coming decades. 

 

8. Future Research Directions 

The convergence of machine learning, autonomous experimentation, robotics, and high-

performance computing is creating new opportunities for accelerating environmentally responsible 
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materials innovation. Future sustainable materials discovery systems are expected to become 

increasingly autonomous, adaptive, explainable, and environmentally optimized. 

 

8.1 Explainable Artificial Intelligence in Materials 

Science 

One of the most important future research priorities involves improving the interpretability and 

transparency of machine learning models used in materials discovery. While deep learning systems 

have demonstrated exceptional predictive capabilities, their “black-box” nature often limits 

scientific understanding and industrial trust. 

 

8.2 Autonomous Laboratories and Self-Driving Experimentation 

The integration of artificial intelligence with robotics and automated experimentation is expected 

to revolutionize materials research. Future laboratories may operate continuously with minimal 

human intervention while accelerating sustainable materials innovation. 

 

8.3 Advanced Generative AI for Inverse Materials Design 

Generative artificial intelligence is expected to become increasingly important in future materials 

discovery systems. Unlike conventional predictive models that evaluate existing materials, 

generative AI can design entirely new molecular and crystalline structures optimized for targeted 

objectives. 

 

Future research directions include: 

• Diffusion-based materials generation  

• Reinforcement learning-driven synthesis optimization  

• Multi-objective inverse design  

• Generative graph neural networks  

• Physics-informed generative models  
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These technologies may enable researchers to specify desired sustainability characteristics such 

as: 

• Low carbon footprint  

• High recyclability  

• Non-toxicity  

• Energy-efficient synthesis  

and automatically generate materials satisfying those criteria. 

 

Future generative systems are also expected to incorporate: 

• Manufacturing constraints  

• Economic feasibility  

• Lifecycle sustainability  

• Supply chain considerations  

thereby enabling more realistic and industrially relevant materials discovery. 

 

8.4 Integration of Physics-Based and Data-Driven Models 

Although machine learning models provide exceptional predictive speed, purely data-driven 

approaches may lack physical interpretability and scientific robustness. Consequently, future 

research is increasingly focused on hybrid frameworks combining: 

• Physics-based simulations  

• Quantum mechanical calculations  

• Experimental measurements  

• Data-driven learning  

 

Physics-informed machine learning models can integrate scientific laws directly into neural 

network architectures, improving: 

• Prediction reliability  

• Generalization performance  
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• Scientific consistency  

Examples include: 

• Physics-informed neural networks (PINNs)  

• Hybrid DFT-machine learning workflows  

• Thermodynamics-aware AI systems  

 

The integration of first-principles simulations with machine learning is expected to significantly 

improve sustainable materials optimization and reduce dependence on large training datasets. 

 

8.5 Standardization of Sustainability Metrics 

One of the major future challenges in sustainable materials informatics involves establishing 

globally standardized sustainability assessment frameworks. 

 

Currently, sustainability evaluations often vary significantly across studies due to inconsistent 

methodologies for assessing: 

• Carbon footprint  

• Toxicity  

• Recyclability  

• Resource criticality  

• Lifecycle emissions  

 

Future international collaboration will likely focus on: 

• Unified sustainability reporting standards  

• Open environmental databases  

• Standardized lifecycle methodologies  

• Benchmark datasets for sustainable materials  

 

Such standardization will improve: 
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• Reproducibility  

• Cross-study comparison  

• Regulatory alignment  

• Industrial adoption  

 

Standardized sustainability metrics will also improve the reliability of machine learning models 

trained for environmentally optimized materials design. 

 

8.6 Green Artificial Intelligence and Sustainable Computing 

As artificial intelligence systems become increasingly computationally intensive, future research 

must address the environmental impact of AI itself. Large-scale deep learning models may require 

substantial computational power, electricity consumption, and data center infrastructure. 

 

8.7 Digital Twins and Smart Manufacturing 

Future sustainable manufacturing systems are expected to increasingly rely on digital twins and 

intelligent industrial platforms. Digital twins are virtual representations of physical systems 

capable of simulating material behavior, manufacturing processes, and environmental performance 

in real time. 

 

In materials science, digital twins may support: 

• Predictive maintenance  

• Process optimization  

• Lifecycle monitoring  

• Real-time sustainability assessment  

• Manufacturing simulation  

 

The integration of digital twins with machine learning and Internet of Things (IoT) technologies 

may significantly improve: 

• Resource efficiency  
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• Waste reduction  

• Energy management  

• Product durability  

 

Such smart manufacturing systems align closely with Industry 4.0 and sustainable industrial 

transformation initiatives. 

 

8.8 Open Science and Collaborative Data Ecosystems 

The future success of sustainable materials informatics will strongly depend on open scientific 

collaboration and large-scale data-sharing initiatives. Open-access databases, collaborative 

research platforms, and interoperable data infrastructures are expected to accelerate innovation and 

improve reproducibility. 

 

Future collaborative ecosystems may include: 

• Shared materials repositories  

• Open-source machine learning models  

• International sustainability benchmarks  

• Federated learning systems  

• Distributed research infrastructures  

 

Such collaborative frameworks can significantly improve: 

• Dataset diversity  

• Model robustness  

• Scientific transparency  

• Global accessibility  

International cooperation among universities, industries, governments, and research organizations 

will likely become increasingly important for addressing global sustainability challenges. 
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8.9 Societal and Industrial Transformation 

AI-driven sustainable materials research is expected to contribute substantially to broader societal 

and industrial transformation during the coming decades.  

 

9. Discussion 

The integration of artificial intelligence, machine learning, and materials informatics into 

sustainable materials discovery represents one of the most significant technological 

transformations in modern materials science. By combining computational modeling, data-driven 

analytics, and sustainability assessment frameworks, researchers are increasingly capable of 

accelerating the development of environmentally responsible materials while reducing 

experimental cost, resource consumption, and discovery time. The growing convergence of data 

science and sustainable engineering has created new opportunities for addressing major global 

challenges associated with climate change, industrial pollution, resource scarcity, and 

unsustainable manufacturing systems. 

 

Traditional materials discovery methods have historically depended on slow and labor-intensive 

experimental trial-and-error approaches. While these methods contributed substantially to 

scientific advancement, they are often insufficient for addressing the urgent sustainability 

challenges facing modern industrial systems. In contrast, AI-driven materials informatics enables 

rapid exploration of massive chemical and structural design spaces, thereby improving the 

efficiency of sustainable materials development and enabling more environmentally optimized 

decision-making processes. 

 

One of the most important contributions of machine learning to sustainable materials discovery is 

its ability to perform multi-objective optimization. Unlike traditional optimization strategies that 

frequently focus on a single property such as conductivity or mechanical strength, AI-driven 

systems can simultaneously evaluate performance, cost, recyclability, toxicity, energy 

consumption, and carbon emissions. This capability is particularly important for sustainable 

development because environmentally responsible materials must satisfy multiple interconnected 

technical and ecological requirements simultaneously. 

 

The integration of sustainability assessment metrics into materials informatics workflows further 

strengthens the environmental relevance of AI-driven materials design. The incorporation of 

lifecycle assessment (LCA), carbon footprint analysis, toxicity evaluation, recyclability indicators, 
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and energy-efficiency metrics enables researchers to identify materials with reduced 

environmental impact during early-stage development. Such approaches support the transition 

from linear production systems toward circular economy models emphasizing resource efficiency, 

waste reduction, and material reuse. 

 

AI-driven sustainable materials discovery aligns directly with UN SDGs 9, 12, and 13 by enabling 

cleaner manufacturing, circular systems, and low-carbon technologies. 

 

By enabling cleaner manufacturing systems, low-carbon materials, renewable energy 

technologies, and environmentally responsible industrial processes, sustainable materials 

informatics supports global climate mitigation efforts and sustainable industrial transformation. 

 

Another major issue concerns the interpretability of machine learning models. Many advanced 

deep learning architectures operate as black-box systems that provide highly accurate predictions 

without clearly explaining the scientific relationships underlying those predictions. In scientific 

and industrial contexts, interpretability is essential because researchers and engineers must 

understand why a material exhibits certain sustainability characteristics before implementing it in 

real-world applications. Consequently, explainable artificial intelligence is becoming increasingly 

important for improving trust, transparency, and scientific understanding within materials 

informatics. 

 

Experimental validation also remains a major bottleneck in AI-driven materials discovery 

workflows. Although computational models can rapidly generate thousands of candidate materials, 

laboratory synthesis and characterization are still necessary to confirm stability, manufacturability, 

environmental safety, and long-term performance. The integration of autonomous laboratories and 

robotic experimentation systems may partially address this limitation by enabling faster and more 

automated validation cycles. 

 

An additional concern involves the environmental impact of artificial intelligence itself. Large-

scale deep learning models require significant computational resources, high-performance 

hardware, and substantial electrical energy consumption. As AI becomes increasingly integrated 

into sustainable materials research, it is important to ensure that the computational infrastructure 

supporting these technologies remains environmentally responsible. The development of Green AI 

frameworks emphasizing computational efficiency and renewable-energy-powered data centers 

will therefore become increasingly important. 
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The future of sustainable materials informatics will likely depend heavily on interdisciplinary 

collaboration. Effective implementation of AI-driven sustainable materials discovery requires 

expertise spanning materials science, chemistry, physics, computer science, environmental 

engineering, manufacturing, and public policy. Collaborative frameworks involving academia, 

industry, government agencies, and international research organizations will be essential for 

establishing standardized sustainability metrics, open-access data infrastructures, and ethical AI 

guidelines. 

 

Looking forward, several emerging technologies are expected to significantly enhance sustainable 

materials discovery capabilities. Generative artificial intelligence models may enable inverse 

materials design in which algorithms autonomously generate environmentally optimized materials 

with targeted functional properties. Hybrid AI-experimental systems integrating machine learning, 

robotics, and high-throughput experimentation may dramatically accelerate discovery cycles while 

reducing resource consumption and experimental waste. Furthermore, advances in explainable AI, 

graph neural networks, quantum computing, and autonomous laboratories may improve the 

reliability, scalability, and scientific transparency of future sustainable materials informatics 

systems. 

 

Overall, data-driven sustainable materials discovery represents a highly promising pathway toward 

environmentally responsible industrial innovation. Although important technical and 

organizational challenges remain unresolved, the continued integration of artificial intelligence, 

sustainability science, and advanced materials engineering is expected to play a central role in 

supporting low-carbon economies, circular manufacturing systems, renewable energy 

technologies, and long-term global sustainability objectives. 

 

10. Conclusion 

The growing urgency of climate change, environmental degradation, resource depletion, and 

industrial emissions has significantly increased the global demand for sustainable materials 

capable of supporting environmentally responsible technological and industrial development. 

Traditional materials discovery approaches, while historically effective, are often limited by slow 

experimental cycles, high research costs, and inefficient trial-and-error methodologies. In response 

to these challenges, the integration of materials informatics, machine learning, and artificial 

intelligence has emerged as a transformative paradigm capable of accelerating sustainable 

materials discovery while improving environmental performance and resource efficiency. 
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This review article examined the evolving role of data-driven methodologies in sustainable 

materials research, with particular emphasis on machine learning techniques, materials databases, 

sustainability assessment metrics, and emerging AI-driven discovery frameworks. The analysis 

demonstrated that machine learning models—including supervised learning, deep learning, graph 

neural networks, and generative artificial intelligence systems—can significantly accelerate the 

prediction, optimization, and design of sustainable materials across multiple industrial sectors. 

 

The incorporation of sustainability metrics such as lifecycle assessment, carbon footprint analysis, 

toxicity evaluation, recyclability indicators, and energy-efficiency measurements into AI-driven 

workflows represents a critical advancement toward environmentally optimized materials design. 

These approaches support the development of cleaner technologies, circular economy systems, 

low-carbon manufacturing processes, and renewable energy applications aligned with global 

sustainability objectives. 

 

The article also highlighted several major applications of sustainable materials informatics, 

including renewable energy materials, biodegradable polymers, green chemistry systems, 

sustainable construction materials, environmental remediation technologies, and advanced 

electronic materials. These applications demonstrate the broad industrial relevance and 

transformative potential of AI-driven sustainable materials discovery. 

 

Despite substantial progress, several important challenges remain unresolved. Limitations related 

to data quality, model interpretability, sustainability standardization, computational cost, and 

experimental validation continue to affect the reliability and scalability of current AI-driven 

systems. Furthermore, ethical considerations, regulatory frameworks, and the environmental 

footprint of artificial intelligence itself require careful attention as these technologies continue to 

evolve. 

 

Future progress in sustainable materials informatics will likely depend on interdisciplinary 

collaboration among materials scientists, chemists, environmental researchers, data scientists, 

engineers, policymakers, and industrial stakeholders. Emerging technologies such as explainable 

artificial intelligence, autonomous laboratories, generative AI, hybrid physics-informed machine 

learning, and smart manufacturing systems are expected to significantly enhance future sustainable 

materials discovery capabilities. 

 



136 

 

Ozaki, Moeko 2(2026). Data-Driven Discovery of Sustainable Materials. SOLAV Journal 

In conclusion, data-driven sustainable materials discovery represents a highly promising pathway 

toward environmentally responsible innovation and sustainable industrial transformation. By 

integrating artificial intelligence with sustainability science and advanced materials engineering, 

future materials discovery systems may contribute substantially to climate change mitigation, 

cleaner manufacturing, resource conservation, and the global transition toward more sustainable 

and resilient technological infrastructures. 
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