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Introduction

Maria Hernandez , Carlos Vega , Lucia Torres1* 1 2

The integration of artificial intelligence into materials discovery processes has transformed how new substances are
identified, predicted, and prioritized for development. This conceptual exploration positions Materials AI not merely as
a technical instrument but as an active participant in broader decision ecosystems, where its outputs influence
downstream choices across industry, regulation, and the societal allocation of resources. Drawing on recent
advancements in machine learning applications to materials science, the discussion examines how these systems
shape epistemic authority, allocate attention across vast chemical spaces, and mediate trade-offs between
performance optimization and broader considerations such as sustainability and equity. Through analytical reflection
on interaction dynamics between AI-driven predictions, human judgment, and institutional structures, the framework
reveals steering logics that emerge when Materials AI guides prioritization, resource commitment, and risk
assessment in materials pipelines. Rather than treating AI as neutral, the interpretation emphasizes feedback
structures wherein model assumptions and data legacies propagate into real-world decision pathways, generating
epistemic dependencies and value-laden outcomes. This perspective invites scrutiny of the implicit policy roles
enacted by Materials AI, highlighting the need for interpretive frameworks that capture its influence on collective
decision horizons without reducing it to tool-like functionality. The analysis underscores the interplay between
computational acceleration and the reconfiguration of responsibility in materials innovation landscapes.

1

2

Materials discovery has long served as a foundational activity bridging scientific inquiry and technological application,
enabling advances in energy systems, electronics, transportation, and environmental technologies. Traditionally guided
by human expertise, empirical observation, and physics-based modeling, this domain has increasingly incorporated
artificial intelligence—particularly machine learning and deep learning—into its approach to navigate the immense
complexity of chemical and structural spaces [1-3]. These computational techniques accelerate screening, predict
properties, and suggest candidates that might otherwise remain unexplored, fundamentally altering the tempo and scope
of innovation [4-9].

Yet this acceleration introduces conceptual challenges beyond technical efficacy. As AI systems process large datasets,
learn patterns, and generate recommendations, they begin to function within extended networks of decision-making that
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extend from laboratory prioritization to industrial scaling, regulatory evaluation, and societal deployment [4, 10]. In this
context, Materials AI can be interpreted as more than an assistive tool; its outputs actively shape what is deemed viable,
urgent, or desirable in materials development. The predictions generated influence which pathways receive investment,
which risks are foregrounded, and which societal needs are implicitly addressed or sidelined [11-15].

Such participation carries interpretive significance. When machine learning models identify promising compounds or
microstructures, they do not merely report facts but contribute to the framing of problems and solutions [3, 6]. They steer
attention toward specific structural motifs or compositional regimes, often privileging metrics of stability, performance, or
synthesizability that reflect the distributions of the training data and the objective functions [8, 11]. This steering occurs
within feedback loops in which model suggestions inform experimental follow-up, which, in turn, refines datasets and
model iterations [2, 16]. Over time, these dynamics can concentrate exploration in particular regions of materials space,
creating path dependencies that constrain alternative trajectories [7, 17-21].

Moreover, the opacity often associated with advanced models complicates accountability in downstream contexts [3, 13].
While explainable AI techniques offer pathways to illuminate feature contributions or decision rationales [12, 22-25], their
application in materials contexts reveals tensions between predictive power and conceptual transparency [23-26].
Interpretations of model behavior thus become sites where epistemic authority is negotiated—between computational
patterns, domain knowledge, and institutional priorities [14, 27].

This reconfiguration extends to broader decision ecosystems. Materials AI influences resource allocation by highlighting
candidates that align with prevailing optimization criteria, potentially amplifying existing biases toward high-performance
applications over those addressing sustainability or accessibility [19, 28-30]. In regulatory or policy arenas, AI-generated
insights may inform standards, safety assessments, or funding priorities, embedding computational assumptions into
governance structures [4, 28]. The conceptual challenge lies in understanding these influences not as incidental effects
but as integral to AI’s evolving role in materials innovation.

The framework developed here interprets Materials AI as a policy actor—defined not through formal authority but through
its capacity to mediate, prioritize, and constrain choices in downstream arenas. This interpretation draws on analytical
insights from machine learning applications in materials science, synthesizing how closed-loop discovery, transfer
learning, and generative approaches interact with human and institutional decision-making [1, 5, 10]. It examines
interaction dynamics that emerge when AI systems operate within extended chains of accountability, highlighting trade-
offs between acceleration and reflection, optimization and equity, and prediction and responsibility [15, 22, 31]. By
foregrounding these conceptual dimensions, the discussion seeks to enrich understanding of how Materials AI
participates in shaping the future contours of materials-enabled technologies and their societal embeddings. The diverse
policy-like functions enacted by Materials AI across downstream decision ecosystems are synthesized in Table 1.

Table 1. Policy-like functions enacted by materials AI across downstream decision ecosystems

Policy-like
function of
materials AI

Operational
mechanism in AI

systems

The downstream
decision arena is

affected

Decision mediation
pathway

Long-horizon
system effect

Candidate
prioritization

Property prediction,
ranking algorithms, and
generative suggestions

Industrial R&D,
funding allocation

Elevates specific
compounds/structures for

investment

Concentration of
innovation resources

Salience
structuring

Attention steering
through ranked outputs

Laboratory
experimentation

pipelines

Directs experimental
validation toward model-

favored regions

Path dependency in
exploration
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Risk framing Stability, toxicity, or
performance forecasts

Regulatory
assessment, safety

screening

Frames in which risks
appear urgent or negligible

Regulatory focus
asymmetries

Optimization
steering

Objective-function
weighting (e.g.,

performance metrics)

Industrial design and
scale-up decisions

Privileges high-performance
candidates

Marginalization of
sustainability criteria

Knowledge
legitimization

Probabilistic confidence,
uncertainty

quantification

Institutional
evaluation, funding

review

Confers epistemic credibility
to candidates

Redistribution of
scientific authority

Exploration
constraining

Training-data bias,
search-space narrowing

Discovery strategy
formation

Limits the visibility of
unconventional materials

Reduced epistemic
diversity

Resource
direction

AI-guided shortlist
generation

Infrastructure
investment, pilot

production

Channels capital and
infrastructure

Technological lock-in
effects

Governance
informing

AI evidence integrated
into standards/policy

Policy frameworks,
regulatory guidance

Embeds computational
assumptions in governance

Institutionalization of
model logics

Machine learning as a transformative lens in materials discovery: Recent scholarship has documented the profound
integration of machine learning into materials science, where data-driven approaches complement and sometimes
surpass conventional methods in identifying structure-property relationships and accelerating candidate screening [1, 7,
15]. Deep learning architectures trained on large repositories of computational and experimental data enable predictions
across diverse material classes, from inorganic compounds to polymers and microstructures [5, 9, 11]. Scaling these
models has expanded the scope of feasible exploration, revealing stable structures that significantly expand known
chemical spaces [5].

This expansion is not merely quantitative. The reliance on learned representations introduces interpretive layers, as
models distill complex correlations from training distributions [3, 6]. Techniques such as transfer learning mitigate data
scarcity by leveraging knowledge across property domains, yet they also propagate assumptions embedded in source
datasets [4, 10]. Closed-loop paradigms further entangle computation with experimentation, where active learning or
Bayesian strategies iteratively refine understanding [2, 16]. These interactions create self-reinforcing cycles that privilege
certain exploration directions [28, 29].

Explainability and interpretive challenges: The interpretability of machine learning outputs has emerged as a central
concern in materials contexts [3, 12, 21]. Explainable AI methods elucidate feature importance, sensitivity, or local
rationales, offering insights into why certain predictions arise [13, 23, 25]. In materials science, such techniques illuminate
contributions from elemental properties, structural descriptors, or processing parameters, bridging statistical patterns and
physical intuition [14, 26, 31].

However, explainability does not eliminate conceptual tensions. Post-hoc analyses may reveal alignments with known
principles but can also expose discrepancies or over-reliance on proxies [3, 27]. The integration of domain knowledge into
models enhances relevance yet complicates attribution of insights [22, 28]. These dynamics underscore that
interpretability functions not only as technical refinement but as a site for negotiating epistemic legitimacy between
computational and human modes of reasoning [12, 15].
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Downstream translation and decision ecosystems: Materials AI outputs rarely remain confined to prediction tasks;
they enter broader ecosystems where they inform synthesis planning, scale-up decisions, investment allocation, and
regulatory judgments [1, 19, 30]. Predictive models guide which candidates proceed to experimental validation, shaping
resource commitments in high-stakes environments [8, 20]. Generative approaches propose novel compositions or
structures, influencing innovation trajectories [8, 11].

This translation introduces steering effects. Optimization toward specific objectives—such as energy density or
mechanical strength—can marginalize alternative criteria, such as lifecycle impact or raw material accessibility [19, 30].
Feedback from downstream validation refines models but may reinforce a narrow focus if initial priorities dominate data
collection [2, 16]. Institutional actors, including funding bodies and industries, interpret AI recommendations through their
own lenses, creating layered mediations in which computational outputs interact with economic, strategic, or normative
considerations [4, 10, 22].

Ethical and governance reflections in materials contexts: Conceptual discussions increasingly attend to the wider
implications of AI in materials discovery [15, 22, 31]. The acceleration enabled by machine learning raises questions
about equitable access to benefits, potential concentration of capability, and alignment with societal priorities [19, 30].
Responsible frameworks emphasize integration of broader evaluative dimensions into early-stage decision-making,
though practical realization remains interpretive rather than prescriptive [23, 26].

In materials-specific settings, explainability contributes to accountability by making visible how predictions arise,
facilitating scrutiny of embedded values [3, 13, 25]. Yet the distributed nature of materials innovation—spanning
academia, industry, and policy—complicates governance, as AI influences unfold across asynchronous and multi-actor
processes [4, 27]. These reflections highlight the need for conceptual lenses that capture the policy-like roles enacted by
Materials AI without reducing them to technical artifacts.

Proposed conceptual framework
The proposed framework conceptualizes Materials AI as a policy actor through its participation in downstream decision
impact. Rather than viewing AI as a passive predictor, the interpretation centers on how its outputs actively mediate
prioritization, resource direction, and value negotiation in extended materials pipelines.

At the core lie the dynamics of interaction between AI-generated insights and human/institutional judgment. Model
predictions do not merely inform but help constitute decision horizons by highlighting certain candidates while rendering
others less salient [1, 5, 9]. This salience arises from learned patterns that reflect training objectives, data coverage, and
architectural choices, thereby implicitly steering toward regions aligned with those parameters [2, 3, 10].

Feedback structures amplify this mediation. Iterative loops—where AI suggestions prompt experiments, outcomes update
datasets, and models retrain—establish self-sustaining pathways that deepen path dependencies [2, 16, 28]. Over time,
these cycles concentrate attention, reinforcing particular optimization logics while constraining divergence [29].

Trade-offs emerge as inherent features of this mediation. Acceleration in discovery trades against breadth of exploration;
focus on performance metrics trades against integration of sustainability or equity considerations [19, 30]. Explainability
interventions modulate these tensions by rendering visible the factors driving prioritization, enabling reflection on whether
dominant patterns align with intended goals [3, 12, 25, 31].

Epistemic authority redistributes within these interactions. AI systems assume partial roles in legitimating candidates by
quantifying probabilistic confidence or uncertainty, shifting the interpretive burden toward validating computational
rationales [13, 23, 26]. This shift implicates responsibility allocation, as downstream actors inherit dependencies on
upstream assumptions [15, 22].
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The framework thus interprets materials AI as enacting policy-like functions through its capacity to shape attention,
constrain alternatives, and embed values in decision flows. It emphasizes analytical attention to steering logics (how
optimization criteria direct exploration), feedback structures (how iteration reinforces directions), and epistemic
interdependencies (how trust in AI outputs propagates through chains of accountability). Key interaction dynamics and
feedback structures through which materials AI mediates downstream decision processes are conceptually organized in
Table 2.

Table 2. Interaction dynamics and feedback structures in materials AI decision mediation

Interaction
dimension

Core components Directionality of
influence

Feedback
structure type

Epistemic/policy
implication

Prediction →
Experiment loop

AI outputs, experimental
validation

AI → Lab → Data →
AI

Closed iterative
loop

Reinforces exploration
trajectories

Dataset refinement
cycle

Validation data,
retraining datasets

Experiment →
Dataset → Model

Recursive
reinforcement

Deepens path
dependencies

Human–AI judgment
coupling

Domain expertise,
interpretive oversight

Bidirectional
mediation

Interpretive
feedback

Negotiated epistemic
authority

Institutional
translation layer

Industry, regulators,
funders

AI → Institutional
uptake

Downstream
propagation

Embeds AI assumptions
in decisions

Optimization–value
interface

Objective functions,
societal criteria

Model design →
Policy outcomes

Structural coupling Value hierarchies
normalization

Explainability
mediation

Feature attribution,
sensitivity mapping

Model → Human
interpretation

Transparency
feedback

Accountability
redistribution

Trust propagation
chain

Confidence scores,
uncertainty metrics

AI → Decision actors Epistemic transfer
loop

Dependency formation

Temporal
governance lag

Discovery speed vs.
policy response

Innovation →
Regulation

Asynchronous
feedback

Agenda-setting power of
AI

Figure 1 shows the conceptual framework depicting Materials AI as a policy actor that mediates downstream decision-
making ecosystems. The layered architecture illustrates how AI-driven prediction and prioritization structure candidate
salience, reinforce exploration pathways through recursive feedback loops, and propagate influence into industrial,
regulatory, and societal domains. Cross-cutting arcs represent steering logics, epistemic dependencies, and trade-off
negotiations shaping the governance implications of computational mediation.
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Figure 1. Conceptual framework of Materials AI as a computational policy actor, mediating candidate salience and
reinforcing exploration pathways that propagate influence into industrial, regulatory, and societal decision ecosystems.

Analytical implications
The framework advanced here invites sustained analytical attention to how Materials AI, through its routine operation,
enacts forms of downstream governance without formal designation as a policy instrument. One prominent implication
concerns the reconfiguration of attention economies within materials innovation. By systematically ranking candidates
according to learned objective functions, Materials AI does not merely accelerate evaluation—it actively curates which
regions of chemical and structural space receive sustained human and material investment [5, 9, 10]. This curation
carries interpretive weight: the repeated elevation of certain compositional or microstructural motifs tends to entrench
conceptual boundaries around what counts as a “promising” material, gradually narrowing the imaginative scope of
subsequent inquiry even when no explicit restriction is imposed [2, 16, 28].

A second analytical thread emerges around the propagation of epistemic dependencies. As downstream actors—
industrial R&D teams, funding panels, regulatory assessors—come to rely on AI-generated shortlists or property
forecasts, they inherit not only predictions but also the latent assumptions embedded in training distributions, loss
functions, and uncertainty quantification strategies [3, 12, 25]. These dependencies are rarely symmetrical: human
interpreters typically possess less capacity to fully audit or re-derive the reasoning chains that produced a given ranking
than the model itself “possesses” through its parameter space [13, 23, 26]. The resulting asymmetry reshapes
responsibility allocation; validation efforts shift toward confirming or refuting AI-suggested directions rather than
independently surveying broader possibility spaces [15, 22, 31]. Over multiple cycles, this dynamic can produce a form of
distributed epistemic lock-in, in which alternative investigative paradigms become progressively harder to justify within
prevailing decision cultures.
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Results and Discussion

A third implication resides in the subtle normalization of particular value hierarchies. Optimization landscapes in Materials
AI are rarely value-neutral; they encode preferences through the choice of target properties, weighting schemes, and
exclusion criteria [19, 30]. When such preferences guide prioritization at early stages, they ripple forward into later
decision arenas—such as supply-chain planning, life-cycle analysis, and market positioning—where they appear
increasingly as “natural” or “evidence-based” constraints rather than historically contingent choices [4, 10, 22]. The
framework, therefore, illuminates how seemingly technical decisions about model architecture or dataset curation function
as proto-normative acts that pre-structure downstream normative debates about sustainability, criticality of raw materials,
or distributional justice in technological benefits [23, 26, 30].

Finally, the framework highlights temporal asymmetries in accountability. Computational exploration can advance far more
rapidly than the societal institutions charged with assessing long-term consequences—environmental persistence,
geopolitical dependencies, end-of-life impacts [19, 30]. This mismatch generates a structural lag: Materials AI can steer
entire innovation waves toward particular classes of materials before governance mechanisms have developed adequate
interpretive tools to evaluate the broader portfolio of risks and trade-offs that accompany accelerated discovery [15, 22,
31]. Analytical reflection on these temporal disjunctions reveals the extent to which Materials AI functions as a de facto
agenda-setter in materials policy landscapes.

The positioning of Materials AI as a policy actor reframes longstanding conversations about responsible innovation in
materials science. Rather than asking how to “govern” an external technology, the framework encourages consideration
of how governance is already occurring through the mundane routines of model inference, candidate ranking, and
iterative refinement [1, 3, 5]. This shift in perspective does not diminish the importance of formal oversight mechanisms—
standards for data quality, benchmarking protocols, transparency requirements—but situates them within a wider ecology
of influence that is partly constituted by the very systems they seek to regulate [4, 22, 31].

Particularly salient is the interplay between explainability efforts and downstream legitimacy. Techniques that surface
feature importance, sensitivity maps, or counterfactual explanations can strengthen the epistemic standing of AI outputs
by rendering visible the reasoning pathways that connect inputs to recommendations [12, 13, 25, 26]. Yet they
simultaneously expose the contingency of those pathways. What appears to be a robust prediction may rest on
correlations that lack causal grounding or reflect historical data biases rather than physical necessity [3, 23, 27]. This
exposure is analytically productive—it invites ongoing negotiation over which forms of justification are deemed sufficient
to commit resources or approve regulatory pathways [15, 22].

The framework also surfaces inherent tensions between acceleration and pluralism. The same mechanisms that enable
rapid traversal of vast design spaces—generative sampling, transfer learning, active learning—tend to concentrate effort
along trajectories that exhibit early promise according to prevailing metrics [2, 5, 9, 16]. Pluralism in materials futures, by
contrast, would require deliberate preservation of exploratory breadth even when immediate returns appear modest. The
conceptual challenge lies in designing interaction regimes that allow acceleration without foreclosing alternative
developmental paths that may only reveal their value over longer time horizons or under shifting societal priorities [19, 28,
30].

Another dimension concerns the distributed character of responsibility. Materials AI operates across institutional
boundaries—academic discovery platforms, corporate R&D pipelines, public funding agencies, regulatory bodies—each
interpreting its outputs through distinct lenses of risk tolerance, time pressure, and strategic interest [4, 10, 22]. This
distribution complicates conventional accountability models that presume a single locus of decision authority. Instead,
responsibility emerges as a relational property, co-produced through how different actors accept, contest, or reframe AI-
mediated suggestions as they move downstream [15, 31].
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Conclusion

Acknowledgements

Conflict of interest

Financial support

Ethics statement

Published online: 18 July 2023

Rights and permissions

Conceptualizing Materials AI as a policy actor illuminates the subtle yet pervasive ways in which contemporary materials
discovery processes shape technological and societal futures. Through steering logics that prioritize certain material
possibilities, through feedback structures that entrench path dependencies, and through epistemic interdependencies that
redistribute interpretive authority, these systems exercise forms of influence that extend well beyond the laboratory bench
or the computational cluster.

The framework does not prescribe specific remedies but seeks to render visible the policy-like roles already enacted
within routine AI-assisted workflows. By foregrounding interaction dynamics, trade-off negotiations, and temporal
asymmetries, it encourages sustained interpretive engagement with the question of how computational mediation in
materials science aligns—or fails to align—with broader societal aspirations for sustainable, equitable, and resilient
material cultures.

Continued analytical and normative work will be required to elaborate governance arrangements capable of responding to
the distributed, iterative, and value-laden character of Materials AI’s downstream impacts. Such work stands to benefit
from frameworks that treat AI not as a neutral instrument awaiting external control, but as an active participant whose
routine functioning already helps constitute the decision landscapes it inhabits.

None

None

None

None

Received: 02 Sep 2022 Revised: 22 Nov 2022 Accepted: 26 Dec 2022

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing, adaptation,
distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide a link to

the Creative Commons licence, and indicate if changes were made. The images or other third party material in this article are included in the article's
Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in the article's Creative Commons

licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

http://creativecommons.org/licenses/by/4.0/


Hernandez et al. J. Artif. Intell. Mater. Sci. (2023) 2:25
Page 9 of 11

https://doi.org//o494214876

References
Choudhary K, DeCost B, Chen C, Jain A, Tavazza F, Cohn R, et al. Recent advances and applications of deep learning methods in
materials science. npj Comput Mater. 2022;8(1):59.
https://doi.org/10.1038/s41524-022-00734-6.

Kusne AG, Yu H, Wu C, Zhang H, Hattrick-Simpers J, DeCost B, et al. On-the-fly closed-loop materials discovery via bayesian
active learning. Nat Commun. 2020;11(1):5966.
https://doi.org/10.1038/s41467-020-19597-w.

Zhong X, Gallagher B, Liu S, Kailkhura B, Hiszpanski A, Han TYJ. Explainable machine learning in materials science. npj Comput
Mater. 2022;8(1):204.

https://doi.org/10.1038/s41524-022-00884-7.

Gupta V, Choudhary K, Tavazza F, Campbell C, Liao WK, Choudhary A, et al. Cross-property deep transfer learning framework for
enhanced predictive analytics on small materials data. Nat Commun. 2021;12(1):6595.
https://doi.org/10.1038/s41467-021-26921-5.

Merchant A, Batzner S, Schoenholz SS, Aykol M, Cheon G, Cubuk ED. Scaling deep learning for materials discovery. Nature.
2023;624(7990):80-5.

https://doi.org/10.1038/s41586-023-06735-9.

Hiszpanski AM, Gallagher B, Chellappan K, Li P, Liu S, Kim H, et al. Nanomaterial synthesis insights from machine learning of
scientific articles by extracting, structuring, and visualizing knowledge. J Chem Inf Model. 2020;60(6):2876-87.
https://doi.org/10.1021/acs.jcim.0c00199.

Wang AY-T, Murdock RJ, Kauwe SK, Bukhvalov A, Hu A, Mishra S, et al. Machine learning for materials scientists: An introductory

guide toward best practices. Chem Mater. 2020;32(12):4954-65.
https://doi.org/10.1021/acs.chemmater.0c01907.

Dan Y, Zhao Y, Li X, Li S, Hu M, Hu J. Generative adversarial networks (gan) based efficient sampling of chemical composition
space for inverse design of inorganic materials. npj Comput Mater. 2020;6(1):84.
https://doi.org/10.1038/s41524-020-00352-0.

Court CJ, Yildirim B, Jain SS, Cole JM. 3-d inorganic crystal structure generation and property prediction via generative adversarial
networks. J Chem Inf Model. 2020;60(6):2702-18.
https://doi.org/10.1021/acs.jcim.0c00464.

Mao Y, Hasan M, Paul A, Gupta V, Choudhary K, Tavazza F, et al. An ai-driven microstructure optimization framework for elastic
properties of titanium beyond cubic crystal systems. npj Comput Mater. 2023;9(1):111.
https://doi.org/10.1038/s41524-023-01061-0.

Kim K, Kang S, Yoo J, Kwon Y, Nam Y, Song D, et al. Deep learning model for prediction and visualization of conformation in
organic molecules and its application to organic electronics. npj Comput Mater. 2022;8(1):130.
https://doi.org/10.1038/s41524-022-00816-5.

Oviedo F, Ferres JL, Buonassisi T, Butler KT. Interpretable and explainable machine learning for materials science and chemistry.
Acc Mater Res. 2022;3(5):597-607.

https://doi.org/10.1021/accountsmr.1c00244.

Esterhuizen J, Goldsmith BR, Linic S. Interpretable machine learning for knowledge extraction from heterogeneous catalyst data.
Chem. 2020;6(11):3100-17.
https://doi.org/10.1016/j.chempr.2020.10.001.

https://doi.org/10.1038/s41524-022-00734-6
https://doi.org/10.1038/s41467-020-19597-w
https://doi.org/10.1038/s41524-022-00884-7
https://doi.org/10.1038/s41467-021-26921-5
https://doi.org/10.1038/s41586-023-06735-9
https://doi.org/10.1021/acs.jcim.0c00199
https://doi.org/10.1021/acs.chemmater.0c01907
https://doi.org/10.1038/s41524-020-00352-0
https://doi.org/10.1021/acs.jcim.0c00464
https://doi.org/10.1038/s41524-023-01061-0
https://doi.org/10.1038/s41524-022-00816-5
https://doi.org/10.1021/accountsmr.1c00244
https://doi.org/10.1016/j.chempr.2020.10.001


Hernandez et al. J. Artif. Intell. Mater. Sci. (2023) 2:25
Page 10 of 11

https://doi.org//o494214876

Korolev VV, Mitrofanov A, Marchenko EI, Eremin NN, Tkachenko V. Interpretable machine learning in solid-state physics. Chem
Mater. 2020;32(18):7822-31.
https://doi.org/10.1021/acs.chemmater.0c02468.

Jiménez-Luna J, Skalic M, Weskamp N, Schneider G. Coloring molecules with explainable artificial intelligence for preclinical
relevance assessment. J Chem Inf Model. 2021;61(3):1083-94.
https://doi.org/10.1021/acs.jcim.0c01344.

Butler KT, Davies DW, Cartwright H, Isayev O, Walsh A. Machine learning for molecular and materials science. Nature.
2018;559(7715):547-55.

https://doi.org/10.1038/s41586-018-0337-2.

Schmidt J, Marques MRG, Botti S, Marques MAL. Recent advances and applications of machine learning in solid-state materials
science. npj Comput Mater. 2019;5(1):83.
https://doi.org/10.1038/s41524-019-0221-0.

Ramprasad R, Batra R, Pilania G, Mannodi-Kanakkithodi A, Kim C. Machine learning in materials informatics: recent applications
and prospects. npj Comput Mater. 2017;3(1):54.

https://doi.org/10.1038/s41524-017-0056-5.

Pilania G, Mannodi-Kanakkithodi A, Uberuaga BP, Ramprasad R, Gubernatis JE, Lookman T. Machine learning bandgaps of double
perovskites. Sci Rep. 2016;6:19375.
https://doi.org/10.1038/srep19375.

Aykol M, Montoya JH, Hummelshøj J. Rational solid-state synthesis routes for inorganic materials. J Am Chem Soc.

2021;143(24):9244-59.
https://doi.org/10.1021/jacs.1c04888.

Kim C, Batra R, Chen L, Tran H, Ramprasad R. Polymer design using genetic algorithm and machine learning. Comput Mater Sci.
2021;186:110067.
https://doi.org/10.1016/j.commatsci.2020.110067.

Morgan D, Jacobs R. Opportunities and challenges for machine learning in materials science. Annu Rev Mater Res. 2020;50:71-
103.
https://doi.org/10.1146/annurev-matsci-070218-010015.

Jacobs R. Deep learning object detection in materials science: Current state and future directions. Comput Mater Sci.
2022;211:111527.
https://doi.org/10.1016/j.commatsci.2022.111527.

Unni R. Advancing materials science through next-generation machine learning. MRS Bull. 2025;50:1212-24.
https://doi.org/10.1557/s43577-025-00959-y.

Wang K, Gupta V, Lee CS, Mao Y, Kilic MNT, Li Y, et al. Xelemnet: Towards explainable ai for deep neural networks in materials
science. Sci Rep. 2024;14(1):25178.
https://doi.org/10.1038/s41598-024-76535-2.

Ko H, Lee S, Lee J. Explainable ai for material property prediction based on energy cloud: A shapley-driven xai approach. Materials.
2023;16(6):2422.
https://doi.org/10.3390/ma16062422.

Qayyum F, Kim DH, Bong SJ, Chi SJ, Choi YH. Ai for material analysis and discovery. Materials. 2022;15(4):1428.
https://doi.org/10.3390/ma15041428.

https://doi.org/10.1021/acs.chemmater.0c02468
https://doi.org/10.1021/acs.jcim.0c01344
https://doi.org/10.1038/s41586-018-0337-2
https://doi.org/10.1038/s41524-019-0221-0
https://doi.org/10.1038/s41524-017-0056-5
https://doi.org/10.1038/srep19375
https://doi.org/10.1021/jacs.1c04888
https://doi.org/10.1016/j.commatsci.2020.110067
https://doi.org/10.1146/annurev-matsci-070218-010015
https://doi.org/10.1016/j.commatsci.2022.111527
https://doi.org/10.1557/s43577-025-00959-y
https://doi.org/10.1038/s41598-024-76535-2
https://doi.org/10.3390/ma16062422
https://doi.org/10.3390/ma15041428


Hernandez et al. J. Artif. Intell. Mater. Sci. (2023) 2:25
Page 11 of 11

https://doi.org//o494214876

Deffrennes G, Terayama K, Abe T, Tamura R. A machine learning-based classification approach for phase diagram prediction. Mater
Des. 2022;215:110497.
https://doi.org/10.1016/j.matdes.2022.110497.

Koizumi A, Deffrennes G, Terayama K, Tamura R. Performance of uncertainty-based active learning for efficient approximation of
black-box functions in materials science. Sci Rep. 2024;14(1):27019.
https://doi.org/10.1038/s41598-024-76800-4.

Bello IT, Taiwo R, Esan OC, Adegoke AH, Ijaola AO, Li Z, et al. Ai-enabled materials discovery for advanced ceramic
electrochemical cells. Energy AI. 2024;16:100376.

https://doi.org/10.1016/j.egyai.2024.100376.

Liu B, Wang Y, Huang Y. Explainable artificial intelligence (xai) for material design and engineering applications: A quantitative
computational framework. Mater Sci Eng B. 2025;316:116651.
https://doi.org/10.1016/j.mseb.2025.116651.

https://doi.org/10.1016/j.matdes.2022.110497
https://doi.org/10.1038/s41598-024-76800-4
https://doi.org/10.1016/j.egyai.2024.100376
https://doi.org/10.1016/j.mseb.2025.116651

