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Artificial Intelligence in the Discovery and Design of
Molecular Semiconductors: A Systematic Review†

Malin Zollner,a Yashar Moshfeghi,b and Tahereh Nematiaram∗a

Artificial intelligence (AI) is rapidly transforming the discovery and design of molecular semiconduc-
tors by linking chemical structure to electronic function with unprecedented speed and accuracy.
These materials underpin flexible, lightweight, and sustainable optoelectronic technologies, yet their
optimisation has been limited by the immense chemical search space and the cost of exhaustive ex-
perimentation and quantum-chemical calculations. This systematic review presents a comprehensive,
PRISMA-guided analysis of 237 studies published between 2010 and 2025 that apply AI and machine
learning to molecular semiconductor research. The literature is organised into four interconnected
domains: electronic structure and spectroscopic properties, photoactive materials, emissive materi-
als, and charge transport. Across these areas, AI models have achieved near quantum-level precision
in predicting key electronic and optical properties, enabled the generative design of high-efficiency
photoactive and emissive compounds, and accelerated multiscale simulations of charge mobility. The
review identifies major trends toward hybrid, data-efficient, and physics-informed learning frameworks
while highlighting persistent barriers related to data quality, benchmark inconsistency, and limited
interpretability. By consolidating diverse methodologies and findings, this work establishes a uni-
fied perspective on how AI can drive reproducible, scalable, and autonomous discovery of molecular
semiconductors for next-generation electronic and photonic technologies.

1 Introduction
Molecular semiconductors (MSCs) form the materials foundation
of flexible, lightweight, and solution-processable optoelectronic
technologies by enabling precise control over electronic structure
at the level of individual molecules. These π-conjugated organic
compounds support frontier-orbital-mediated charge transport
and optoelectronic excitation, making them central to organic
photovoltaics (OPVs),1 organic light-emitting diodes (OLEDs),2

and organic field-effect transistors (OFETs).3 Compared with in-
organic semiconductors, MSCs can be processed at low temper-
atures, are compatible with large-area printing, and require re-
duced material consumption, collectively supporting scalable and
potentially more sustainable device architectures.4,5

In this review, the term MSC refers specifically to chemi-
cally discrete organic semiconductors with well-defined molecu-
lar structures and molecular weights, whose optoelectronic be-
haviour is governed by individual molecular units rather than
by indefinitely repeating polymeric chains. This definition en-
compasses small molecules and finite oligomers when treated as

a Department of Pure and Applied Chemistry, University of Strathclyde, 295 Cathedral
Street, Glasgow G1 1XL, U.K. E-mail: tahereh.nematiaram@strath.ac.uk
b Department of Computer and Information Sciences, University of Strathclyde, 26 Rich-
mond Street, Glasgow G1 1XH, U.K.

isolated, countable chemical entities, while excluding extended
polymeric or crosslinked systems whose properties are dominated
by chain-length distributions, polydispersity, or macromolecular
disorder.

This chemical discreteness distinguishes MSCs from poly-
meric systems and enables systematic interrogation of structure–
property–performance relationships with molecular-level resolu-
tion.6–8 Such resolution is essential because device performance
emerges from a highly non-linear interplay between molecu-
lar structure, solid-state organisation, and interfacial energetics,
where even subtle chemical modifications can strongly influence
energy-level alignment, packing motifs, exciton dynamics, and
charge-transport behaviour.9–11 Elucidating and controlling these
relationships remains a central challenge in MSC design.12

Despite decades of progress, rational optimisation of MSCs re-
mains constrained by the vastness of chemical space and the
complexity of structure–function coupling. Historically, advances
have relied on chemically intuitive strategies such as extending π-
conjugation, introducing donor–acceptor architectures, or modi-
fying side chains to tune packing, solubility, and mobility.13–17

These approaches have delivered OPV power conversion efficien-
cies exceeding 19%18 and OFET mobilities approaching those of
amorphous silicon,19 yet discovery remains slow and resource-
intensive. The combinatorial explosion of synthetically accessible
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molecules severely limits exhaustive experimental exploration.20

Predictive and computationally efficient design frameworks are
therefore essential.

Computational chemistry has long provided mechanistic in-
sight into MSC electronic structure and optoelectronic behaviour.
Quantum-chemical methods, including density functional theory
(DFT)21 and post–Hartree–Fock approaches,22 enable accurate
prediction of frontier orbital energies, excited states, and charge-
transport descriptors.23–25 High-throughput virtual screening has
extended these capabilities to large molecular libraries,26–28 but
the computational cost of quantum methods remains prohibitive
for comprehensive chemical-space coverage. This limitation has
driven a shift toward data-driven discovery paradigms.

Artificial intelligence (AI) now plays a central role in MSC re-
search by enabling rapid and scalable prediction of electronic
and optoelectronic properties at near-quantum accuracy and with
orders-of-magnitude reduced computational cost.29–31 Machine-
learning (ML) models, including neural networks,32 tree-based
ensembles,33 and kernel methods,34 have demonstrated reliable
prediction of HOMO–LUMO gaps, reorganisation energies, exci-
tation energies, and charge mobilities when trained on experi-
mental or computational datasets.35–37 Advances in molecular
representation learning, particularly graph-based and message-
passing neural networks,38,39 have further improved data effi-
ciency and model transferability. Beyond forward prediction, gen-
erative models and optimisation frameworks increasingly enable
inverse molecular design, active learning, and closed-loop dis-
covery pipelines that couple ML with computation and experi-
ment.40–42

Despite these advances, the maturation of AI-driven MSC de-
sign is constrained by persistent challenges in data quantity and
quality, standardisation, and interpretability. Available datasets
are often sparse, biased toward high-performing systems, and in-
consistently curated, with limited reporting of negative results
or experimental metadata.43–45 The absence of unified bench-
marks and validation protocols complicates cross-study compar-
ison,46 while many high-performing neural architectures offer
limited physical interpretability.47–49 Physics-informed learning
strategies and explainable representations offer promising direc-
tions but remain under active development.50,51

Motivated by these challenges, this review provides a system-
atic and molecular-semiconductor-focused synthesis of AI-driven
research in small-molecule organic semiconductors. Using a Pre-
ferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA)52 framework, we analyse 237 peer-reviewed studies
published between January 2010 and April 2025. The review
is organised into four interconnected domains reflecting the pro-
gression from molecular electronic structure to device-level func-
tion: (1) electronic structure and spectroscopic properties; (2)
photoactive materials; (3) emissive materials; and (4) charge
transport. By critically consolidating methodologies, datasets,
validation practices, and experimental outcomes across these do-
mains, this review establishes a coherent perspective on the cur-
rent capabilities and limitations of AI in MSC discovery and high-
lights pathways toward reproducible, interpretable, and scalable
molecular design paradigms.

2 Methodology

2.1 Search Strategy and Inclusion Criteria
A systematic literature search was conducted in accordance with
PRISMA guidelines.52 The objective was to identify studies em-
ploying AI in the discovery or design of MSCs. The search cov-
ered publications from January 2010 to April 2025, reflecting the
period during which data-driven methods gained prominence in
materials science.

Multiple bibliographic databases and publisher platforms were
queried, including Web of Science, Scopus, PubMed, and ma-
jor publisher repositories (ACS, RSC, Elsevier, Nature Publish-
ing Group, and Wiley Online Library). Search strings com-
bined keywords such as “organic semiconductor”, “molecular
semiconductor*”, “small molecule”, “machine learning”, “artifi-
cial intelligence”, “deep learning”, “neural network”, “reinforce-
ment learning”, “data-driven”, “organic photovoltaic”, “organic
light-emitting diode”, “organic electronics”, “OPV”, “OFET*”, and
“OLED”. To capture emerging work, we also searched major
preprint archives (arXiv) for relevant unpublished studies. The
exact search strings are available in the Supplementary informa-
tion (Section 1).

To maintain focus on MSCs, we applied exclusion filters to re-
move studies dealing exclusively with extended polymeric sys-
tems. Studies addressing finite oligomers were retained when
these systems were treated as discrete, well-defined molecular
entities. Works covering both polymeric and molecular systems
were included only when separate analyses or explicit discus-
sions relevant to the molecular or finite-oligomer regime were
provided.

As summarised in Figure 1, the initial search identified 10,235
records, including journal articles, conference proceedings, and
preprints. After removing 2,743 duplicates, 7,492 unique entries
remained. Title-level screening excluded 3,243 clearly irrelevant
works, such as those focused on inorganic semiconductors, purely
theoretical investigations lacking ML components, or device en-
gineering studies unrelated to materials design. The remaining
4,249 records were advanced to abstract screening. Abstracts and
titles were evaluated against the following inclusion criteria:

• Focus on organic semiconductors composed of chemically
discrete small molecules or finite oligomers, excluding ex-
tended polymeric systems.

• Explicit use of AI or ML methods in materials discovery,
screening, design, or property prediction.

• Investigation of properties or performance metrics relevant
to optoelectronic functionality (e.g. charge transport, opti-
cal absorption, frontier orbital energies, device efficiency, or
stability).

• Publication in English.

All records meeting these criteria were retained for full-text re-
view and data extraction.

2.2 Study Selection and Data Extraction
Full-text screening was performed on 273 articles that passed the
initial inclusion criteria. Screening and data extraction were car-
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Fig. 1 Overview of the systematic review workflow, showing the sequential search, screening, eligibility, and inclusion stages used to identify the final
set of studies analysed in this work, following PRISMA guidelines.

ried out independently by two reviewers to minimise selection
bias; discrepancies were resolved through discussion, and unre-
solved cases were adjudicated by a third reviewer. Each article
was examined to confirm eligibility and to extract key metadata,
including:

• Application domain (e.g., OPV, OFET, OLED).
• AI/ML techniques employed (algorithms, descriptors, and

model architectures).
• Dataset size and provenance (experimental, computational,

or hybrid).
• Target properties or performance metrics predicted or opti-

mised.
• Validation approaches and reported limitations.

Particular attention was given to the nature of the data (exper-
imental vs. simulated) and the extent of experimental validation
for AI-generated candidates. During this stage, 36 studies were
excluded for insufficient relevance (e.g., works that mentioned
ML only superficially or lacked substantive implementation). The
final dataset comprised 237 studies, which form the analytical
foundation of this review.

2.3 Quality Assessment
Given the rapid pace of research in AI-driven materials discov-
ery, several included manuscripts, particularly those from 2025,
were still preprints at the time of writing. Each study, whether
peer-reviewed or preprint, was critically assessed for methodolog-
ical soundness and reproducibility. Reported claims were cross-
checked wherever possible, particularly when multiple studies
presented comparable findings or when later work superseded
earlier “state-of-the-art” results.

Due to the diversity of AI methodologies and application tar-
gets, this review does not conduct a formal quantitative meta-
analysis. Instead, it adopts a qualitative and comparative frame-
work that identifies consensus trends, recurring challenges, and
divergent findings across the literature. This approach offers a
rigorous yet flexible synthesis, well-suited to the evolving and in-
terdisciplinary nature of AI-driven MSC research.

To ensure transparency and reproducibility of the systematic re-
view process, the Supplementary Information includes a PRISMA

flow diagram detailing study identification, screening, and inclu-
sion; a completed PRISMA 2020 checklist; and a comprehensive
database summarising all 237 included studies with extracted
metadata, including application domain, AI methodology, target
properties, data provenance, validation strategy, and experimen-
tal verification where available.

3 Landscape of AI Applications in Molecular Semi-
conductor Research

To contextualise the domain-specific analyses that follow, this sec-
tion surveys the overall landscape of AI applications in MSC re-
search. It outlines the evolution of publication activity, algorith-
mic strategies, and global research distribution, illustrating how
the field has progressed from early predictive modelling to emerg-
ing paradigms of generative and autonomous molecular design.

As shown in Figure 2, research activity in this area has
grown exponentially over the past decade. Fewer than ten
studies per year appeared before 2019, but this number ex-
ceeded fifty by 2024. Two major growth phases can be iden-
tified. The first, emerging around 2018–2019, coincided with
the widespread adoption of supervised learning algorithms and
graph-based molecular representations,53–55 which substantially
improved predictive accuracy and data efficiency. The second,
during 2023–2024, was driven by advances in transfer learning
and active learning frameworks,56–61 along with the introduc-
tion of large foundation models capable of cross-domain gener-
alisation. Although generative design currently accounts for a
smaller proportion of publications, its steady growth since 2020
marks a conceptual turning point, from passive property predic-
tion to inverse design and closed-loop discovery. This shift re-
flects a broader transition in the field, from descriptive modelling
toward proactive and autonomous exploration of chemical space.

A central driver of this transition is the significant reduction
in computational cost achieved by ML surrogates relative to first-
principles calculations. For example, in the transfer-learning D-
MPNN framework reported by Nie et al.56, prediction of HOMO
and LUMO energy levels for candidate OPV molecules requires
approximately 1–1.2 seconds per molecule, whereas the corre-
sponding DFT calculations require between 2 and 4 days of wall-
clock time per molecule, depending on molecular size and func-
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Fig. 2 Annual number of studies published between 2010 and 2025
on MSCs, classified by AI application type. Predictive AI studies are
represented in red, and generative AI studies are represented in green.

tionalisation. This represents an acceleration of approximately
five orders of magnitude on a per-molecule basis. Crucially,
this speedup applies to routine model inference rather than to
active-learning cycles. Once trained, the model enables near-
instantaneous screening of thousands of molecules that would
otherwise require months of cumulative quantum-chemical com-
putation. Comparable reductions in computational cost are re-
ported across ML-driven MSC studies, where trained models re-
place explicit quantum-chemical evaluations during large-scale
virtual screening and allow chemical spaces comprising 103–106

candidates to be explored at negligible marginal computational
cost.62–64

Complementing this temporal expansion, Figure 3 summarises
the algorithmic diversity across the reviewed literature. As can
be seen, tree-based methods and ensemble learners constitute
the dominant class of algorithms applied in MSC research, repre-
senting approximately 35% of the surveyed studies. Their preva-
lence underscores the enduring reliability of ensemble techniques
such as random forests,65–67 gradient boosting models,68–70 bag-
ging60,71,72 and decision tree models,61,73,74 which combine
strong predictive performance with transparent feature impor-
tance analysis. These methods have proven particularly effective
for modestly sized datasets that characterise much of the avail-
able experimental and computational literature on MSCs. Linear
and generalised linear models, including linear regression,75–77

lasso,78–80, ridge regression69,81,82 elastic net regression,77,79,83

and orthogonal matching pursuit60,61,80 form the second largest
category, accounting for around 18% of the total. Their simplic-
ity, interpretability, and computational efficiency make them valu-
able as baseline predictors and as tools for mechanistic insight.
Feedforward and fully connected networks make up roughly
14% reported applications. This group spans traditional mul-
tilayer perceptrons,55,84,85 general neural networks,86–88 deep
learning,89–91 and feedforward neural networks.92,93 Instance-
and distance-based algorithms, including support vector ma-
chines,94–96 k-nearest neighbour,97–99 and kernel ridge regres-
sion,100–102 comprise about 9% of the literature. Although their
relative prominence has declined in recent years, they remain
highly competitive in low-data regimes and continue to serve

35.28%6.63%

18.04%

15.52%

4.11%

2.39% 1.06%

other

Instance & Distance-based
Feedfoward & Fully Connected Networks
Convolutional, Recurrent & Hybrid
Bayesian & Probabilistic Models
Evolutionary & Heuristic Optimisations
Generative & Latent Variable

Linear & Generalised Linear
Tree-based & Ensemble Learning

13.93%

3.05%

Fig. 3 Distribution of algorithm categories utilised in MSC research.
Tree-based and ensemble learning methods were the most common
(35.28%), followed by linear and generalised linear models (18.04%),
instance- and distance-based learning (15.52%), feedforward or fully con-
nected networks (13.93%) and convolutional, recurrent, and hybrid net-
works (6.63%). Less frequently used categories included Bayesian and
probabilistic models (4.11%), evolutionary and heuristic optimisations
(3.05%), and generative or latent variable models (2.39%). Other ap-
proaches accounted for 1.06% of the total.

as strong benchmarks for molecular property prediction. About
7% of the literature utilises convolutional, recurrent or hybrid
networks. These include (convolutional) recurrent neural net-
works,103–105, message passing neural networks,92,106,107 as well
as more advanced architectures such as graph (convolutional)
neural networks that directly encode molecular connectivity and
electronic interactions, thereby capturing structure–property re-
lationships in a physically meaningful way. Bayesian and prob-
abilistic models account for approximately 4% of studies. These
methods, which include Gaussian process regression,108–110 and
Bayesian optimisation,60,111,112 are particularly valuable for un-
certainty quantification and for guiding active learning work-
flows that iteratively refine training data through targeted ex-
perimentation or computation. Evolutionary and optimisation-
based techniques contribute around 3%, typically in applica-
tions involving multi-objective molecular design or inverse opti-
misation of optoelectronic properties.113–115 Generative models,
such as variational autoencoders,105,116,117 generative adversar-
ial networks,118 and generative pretrained transformers,119,120

currently represent about 2% of the reviewed work, reflecting a
rapidly expanding area of research focused on de novo molecular
generation. The remaining fraction, about 1%, includes hybrid
and miscellaneous algorithms that do not align with conventional
classifications but often combine multiple paradigms within inte-
grated discovery pipelines.

The overall distribution reveals a field that remains grounded
in established supervised learning methods while increasingly in-
corporating probabilistic reasoning, generative modelling, and
hybrid optimisation strategies. This diversification signifies a
methodological transition from purely predictive analytics toward
adaptive and exploratory frameworks capable of autonomous
molecular discovery. The convergence of interpretable, data-
efficient, and generative approaches is gradually redefining the
computational landscape of MSC research, promoting workflows
that are not only accurate and scalable but also transparent and
physically grounded.

Fair and transparent performance evaluation remains crucial
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Fig. 4 Geographical distribution of studies included in the systematic
review. Darker shading corresponds to a higher number of publications
originating from each country.

for comparing results across this heterogeneous literature. In
predictive modelling, regression and classification tasks employ
complementary metrics. Regression models are typically eval-
uated using the coefficient of determination (R2), root-mean-
square error (RMSE), and mean absolute error (MAE), which col-
lectively quantify accuracy and precision relative to the reference
data.121 Classification models rely on accuracy, precision, recall,
and the F1 score to evaluate categorical performance,122 while
receiver operating characteristic curves and the area under the
curve provide additional measures of discriminative power.123,124

In generative modelling, evaluation extends beyond numerical
accuracy to assess the chemical and functional realism of gen-
erated molecules. Common metrics include molecular validity
(the fraction of chemically plausible structures), uniqueness (non-
duplicate outputs), and novelty (the proportion of molecules not
present in the training data).125,126 Many recent studies further
incorporate task-specific objectives, such as predicted property
enhancement, synthetic accessibility, or thermodynamic stability,
to ensure that generated candidates are both realistic and experi-
mentally meaningful.92,127,128 These practices reflect the field’s
gradual movement toward quantitative, multi-objective bench-
marks that facilitate reproducibility and cross-study comparison.

The geographical distribution of studies, shown in Figure 4,
underscores the international and interdisciplinary nature of AI-
driven MSC research. China leads with 87 publications, followed
by the United States (39), South Korea (28), Japan (27), and
Saudi Arabia (27). Other major contributors include Germany,
Pakistan, and the United Kingdom, each producing more than
twenty studies. Additional contributions from Australia, Brazil,
Canada, Egypt, France, India, Italy, Singapore, Spain, Switzer-
land, Taiwan, and Turkey further demonstrate the breadth of
global engagement. At the same time, emerging outputs from
Africa, South America, and Eastern Europe indicate an expand-
ing international presence. The combination of increasing global
participation, methodological diversification, and integration of
AI across the molecular design pipeline highlights a field transi-
tioning from exploratory adoption toward systematic, data-driven
discovery frameworks.

Fig. 5 Distribution of predictive and generative AI applications across
major research domains in MSCs studies. The size of each block corre-
sponds to the number of publications within that domain.

Building on these observations, the following sections examine
how AI has been applied across key facets of MSC research. To-
gether, these areas, spanning molecular electronic structure, pho-
toactive and emissive materials, and charge-transport phenom-
ena, capture the progression from molecular design to device-
level function. The discussion focuses on how algorithmic strate-
gies, data practices, and validation approaches have evolved
within each domain, revealing common challenges and emerg-
ing opportunities that define the current trajectory of AI-driven
discovery.

3.1 Electronic Structure and Spectroscopic Properties
As shown in Figure 5, the prediction and design of molecules with
tailored electronic and spectroscopic characteristics constitute the
most active area of AI application in MSC research. A total of 123
studies were identified in this category, including 87 focused on
predictive modelling and 36 employing generative design strate-
gies.

Electronic-structure parameters such as the frontier molecular
orbital energies (HOMO and LUMO), bandgaps, optical absorp-
tion spectra, and exciton binding energies (Eb) govern essential
photophysical processes, including charge separation and light
absorption and emission.129,130 Traditionally, these quantities are
evaluated using first-principles quantum-chemical methods, most
notably DFT131–133 and many-body perturbation theory within
the GW–BSE formalism.134 While these approaches offer high ac-
curacy and physical interpretability, their computational cost lim-
its their use in large-scale screening or high-throughput discovery.

ML provides a scalable alternative, capable of capturing com-
plex, non-linear relationships between molecular structure and
target properties with near–first-principles precision at far lower
computational cost. Recent progress has expanded its scope
from predictive modelling to generative molecular design, where
algorithms autonomously propose new chemical structures op-
timised for desired optoelectronic performance. This shift
marks a broader transition from data-driven screening of known
molecules toward proactive exploration of chemical space and au-
tomated discovery of functional materials.
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The following analysis focuses on two complementary
paradigms within this domain: (1) predictive frameworks that
estimate electronic and spectroscopic properties from molecular
representations, and (2) generative approaches that create new
molecules optimised for target functionalities. These directions
illustrate how AI accelerates both the understanding and the de-
sign of high-performance MSCs.

3.1.1 Predictive Modelling

Early ML studies on MSCs focused on predicting quantum-
chemical electronic properties using fixed, low-order molecular
descriptors that encode composition and limited structural in-
formation. Representations such as Coulomb matrices, molecu-
lar fingerprints, and hand-crafted descriptors enabled supervised
learning models to approximate DFT–level frontier orbital ener-
gies within chemically constrained domains, thereby establishing
the feasibility of data-driven electronic-structure prediction.

Montavon et al. (2013)135 employed Coulomb matrix rep-
resentations with deep neural networks to predict HOMO and
LUMO energies for approximately 7,200 molecules, achieving
MAEs of 0.15 and 0.12 eV, respectively. Using alternative fixed
descriptors, Pereira et al. (2017)136 demonstrated that neural
networks trained on simple molecular features could reach com-
parable accuracy, with MAEs between 0.1 and 0.2 eV. Scaling
descriptor-based learning to substantially larger datasets, Pyzer-
Knapp et al. (2015)84 trained multilayer perceptrons on ap-
proximately 250,000 molecules represented by Morgan finger-
prints,137 reaching MAEs of 0.028 eV for HOMO energies and
0.12 eV for LUMO energies. These studies showed that low-order
descriptor encodings can support accurate electronic-property
prediction when training and target chemical spaces are closely
aligned.

To address limitations in chemical diversity and transferability,
subsequent work introduced representations that explicitly en-
code higher-order structural information or learn it directly from
molecular geometry. Many-body tensor representations (MBTRs)
capture element-resolved distributions of interatomic distances
and angles, while graph neural networks learn local chemical en-
vironments through message passing, enabling more expressive
and transferable descriptions of molecular structure. Stuke et al.
(2019)101 applied kernel ridge regression (KRR)138 with many-
body tensor representations to predict HOMO energies across
datasets of increasing chemical complexity, including QM9,139

amino acids and dipeptides,140 and optoelectronic compounds
from the Cambridge Structural Database (CSD).141 The resulting
MAEs, 0.086 eV (QM9), 0.100 eV (amino acids), and 0.173 eV
(CSD), highlighted both the improved expressiveness of higher-
order descriptors and the persistent challenges of cross-domain
generalisation. More recently, Gaul et al. (2024)142 employed
a SchNet-based graph neural network143 with Set2Set aggrega-
tion, achieving RMSE errors of 0.063 eV for HOMO energies and
0.059 eV for LUMO energies, demonstrating the advantages of
geometry-aware, learned representations.

Beyond ground-state properties, ML has also been applied to
model complex excited-state phenomena that underpin optoelec-
tronic behaviour. Schröder et al. (2019)144 developed a hybrid

simulation combining ML and tensor-network methods to study
singlet fission in a pentacene dimer, a process central to enhanc-
ing photovoltaic efficiency. By coupling time-dependent DFT (TD-
DFT) with ML-based clustering of vibrational modes, they simu-
lated non-Markovian quantum dynamics and identified specific
vibrational groups that promote efficient fission. Similarly, Liu
et al. (2022)145 employed the SISSO algorithm to derive in-
terpretable models for singlet-fission thermodynamics, achieving
RMSEs below 0.2 eV and identifying three new candidate crystals
(BCPP, TBPT, DPNP). Gao et al.(2025)146 extended this strategy
to model singlet and triplet excitation energies and exciton bind-
ing energies in polycyclic aromatic hydrocarbons, reaching MAEs
around 0.2 eV. These studies highlight how physics-informed ML
accelerates the identification of materials with targeted excited-
state characteristics while retaining interpretability and physical
grounding.

Recent research has increasingly prioritised model generalisa-
tion and data efficiency, two enduring challenges in AI-driven
property prediction. Because high-quality training data re-
main limited, particularly for experimentally validated molecules,
several strategies have emerged to leverage existing datasets
more effectively. Transfer learning147 has proven particularly
valuable, but reported performance gains depend strongly on
data provenance, noise levels, and evaluation metrics. Jeong
et al. (2022)148 pretrained a graph convolutional network
on experimentally derived optical data and fine-tuned it using
3,026 experimentally measured HOMO/LUMO values spanning
diverse solvents and solid-state environments, achieving MAEs
of 0.050–0.065 eV. Notably, these errors are comparable to or
smaller than the reported experimental uncertainties themselves
(0.089 eV for HOMO and 0.112 eV for LUMO), placing the model
performance near the intrinsic noise floor of the measurements.
In contrast, Peng et al. (2024)57 pretrained models on 11,626
DFT-computed frontier orbital energies and fine-tuned them on
1,198 experimental measurements, reporting correlation coeffi-
cients of 0.75 (HOMO) and 0.84 (LUMO) alongside MAEs of
0.094 and 0.117 eV, respectively. The absolute errors remain sub-
stantially larger than those achieved by Jeong et al., reflecting
both the smaller experimental fine-tuning set and the propaga-
tion of DFT-specific biases into the learned representation. Paral-
lel advances in foundation and language-based models have in-
troduced transferable chemical representations; for example, Xie
et al. (2024)120 fine-tuned GPT-3 to classify molecules by fron-
tier orbital energies, attaining accuracies above 90%, despite the
model’s origin in natural language processing. These develop-
ments signal a shift from task-specific featurisation toward gener-
alisable molecular representations that can bridge computational
and experimental data regimes.

The cost of generating new training data nevertheless remains
a major constraint, especially when exploring chemically diverse
spaces. Active learning has emerged as a powerful approach to
maximise predictive performance while minimising labelling ef-
fort. Instead of random sampling, the model iteratively selects
the most informative molecules for evaluation, typically those as-
sociated with the highest uncertainty or potential improvement,
thereby achieving high accuracy with fewer data points (Fig-
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Fig. 6 Illustration of the active learning workflow for MSC discovery. The cycle begins with an initial labelled dataset used to train a predictive
model. The trained model then evaluates a pool of unlabelled molecules, estimating both target properties and prediction uncertainties. Based
on these uncertainties or acquisition functions, the most informative candidates are selected for labelling through quantum-chemical calculations or
experiments. Newly labelled data are added to the training set, and the model is retrained, progressively improving its accuracy and domain coverage
with each iteration. This iterative, uncertainty-driven process enables efficient exploration of chemical space while minimising computational and
experimental cost.

ure 6). This approach is particularly well-suited to MSCs, where
both DFT calculations and experimental synthesis are resource-
intensive. Several recent studies have demonstrated the effec-
tiveness of this approach. Butler et al. (2024)149 employed
active learning to train machine-learned interatomic potentials
for organic crystal polymorph prediction. By selectively sampling
crystal configurations based on model uncertainty, their workflow
achieved near-DFT accuracy (RMSE = 1.2 kJ mol−1) with sig-
nificantly reduced computational effort. Saqib et al. (2024)150

combined active learning with a BRICS-based fragment recombi-
nation strategy to generate and screen low-bandgap molecules.
Their hist-gradient boosting model achieved RMSE = 0.18 eV
and R2 = 0.69 for bandgap prediction across thousands of can-
didates. The same workflow also predicted UV–vis absorption
maxima with RMSE = 42 nm and R2 = 0.703. The model it-
eratively identified promising candidates while constraining the
search to synthetically accessible chemistries, effectively narrow-
ing a large combinatorial space into a tractable and meaningful
design region.

These developments collectively signify a transition toward
data-efficient, generalisable, and scalable predictive pipelines in
AI research. By integrating strategies such as transfer learning,
foundation models, and active learning, recent approaches have
significantly reduced dependence on costly quantum-chemical
and experimental labels. Beyond improving the accuracy and
speed of property prediction, these frameworks are establishing
the foundation for closed-loop discovery systems, in which molec-
ular generation, screening, and validation occur autonomously
within a continuous feedback cycle.

3.1.2 Generative Design

Generative models extend AI from evaluating existing molecules
to designing new ones that satisfy predefined optoelectronic ob-

jectives. In this inverse-design setting, the target property is spec-
ified first, and the algorithm explores chemical space to identify
structures that realise it. This paradigm is particularly valuable
for MSCs, where small structural modifications can cause large
shifts in energy levels or optical behaviour, and exhaustive enu-
meration rarely reaches the narrow regions of interest.

Recent work has demonstrated that these models can be con-
ditioned on diverse quantum-chemical and device-relevant objec-
tives, including frontier orbital energies,151–153 bandgaps,154–156

excited- and charge-transfer-state energies,54,118 and sin-
glet–triplet gaps relevant to emissive materials.157 In several
cases, auxiliary constraints such as oscillator strength, or syn-
thetic accessibility are introduced to ensure that generated
molecules are not only property-optimal but also physically mean-
ingful and experimentally realisable.115,158 These studies signal a
clear evolution from unguided chemical generation toward goal-
oriented design strategies that link molecular architecture directly
to targeted electronic and optical performance.

To achieve this, a variety of algorithmic frameworks have
been employed, including deep generative networks,159 rein-
forcement learning,160 evolutionary algorithms,161 and inverse-
design strategies.162 Many contemporary workflows integrate
these approaches with active learning or Bayesian optimisation,
forming closed feedback loops that iteratively refine the search
process and prioritise molecules with the highest predicted po-
tential. Such frameworks enable both local optimisation within
learned chemical spaces and global exploration beyond them.

One of the earliest demonstrations of generative molecular de-
sign for MSCs was presented by Huwig et al. (2017).151 Us-
ing a population-based evolutionary algorithm (see Figure 7),
they optimised the initial population of benzene-core derivatives
represented as six-site substitution patterns. Candidate fitness
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was evaluated using a suite of quantum-chemical descriptors, in-
cluding the HOMO–LUMO gap, spatial orbital overlap, oscillator
strength, and reorganisation energy. Through iterative cycles of
selection, crossover, and random mutation, the population con-
verged toward molecules exhibiting narrower bandgaps and en-
hanced oscillator strengths. Despite its simplicity, this approach
demonstrated how evolutionary search can efficiently traverse
combinatorial chemical spaces while preserving molecular valid-
ity and synthetic feasibility.

Building on this foundation, Kwon et al. (2021)153 developed
a hybrid framework that combined a genetic algorithm with deep
neural networks trained on a database of approximately 100,000
molecules with precomputed S1 excitation energies and frontier
orbital levels. The optimisation objective, minimisation of the S1

energy, was achieved by combining multiple correlated descrip-
tors within a unified scoring function. This integration of predic-
tive modelling with evolutionary search improved optimisation
efficiency and produced molecules with systematically reduced
excitation energies, establishing a scalable approach for multi-
objective design.

Subsequent advances incorporated property prediction directly
into the generation process. Nigam et al. (2024)113 introduced
the JANUS framework, which couples a genetic algorithm with
neural-network classifiers to guide exploration through chemi-
cal space. Using the SELFIES molecular representation and the
STONED mutation scheme, the workflow generated over 800,000
candidate molecules and identified more than 10,000 exhibit-
ing inverted singlet–triplet (INVEST) gaps and strong oscillator
strengths, essential for blue-emitting materials. Wavefunction-
based excited-state calculations validated the top candidates,
highlighting how classifier-guided evolutionary workflows can
balance chemical diversity with targeted optoelectronic optimi-
sation.

Alternative strategies have employed reinforcement learning
to achieve property-driven generation. Li and Tabor (2023)163

implemented a recurrent neural network agent trained to gener-
ate SMILES sequences with reward functions derived from quan-
tum chemical simulations. The agent autonomously designed
molecules optimised for excited-state alignment relevant to sin-
glet fission, producing both known and novel anthracene deriva-
tives with favourable electronic configurations. This work ex-
emplifies how physics-informed reinforcement learning can con-
strain generative exploration to synthetically accessible and func-
tionally relevant molecular regions.

Diffusion-based methods have recently emerged as a robust al-
ternative to traditional generative models. Weiss et al. (2023)156

introduced a guided diffusion framework that integrates gradi-
ents from property predictors into the generative trajectory, al-
lowing molecules to be sampled directly along property-optimised
directions. Unlike variational autoencoders or generative ad-
versarial networks, diffusion models provide more stable train-
ing and broader chemical diversity. Their framework generated
structurally novel aromatic compounds with targeted HOMO and
LUMO energies, demonstrating the capacity of diffusion models
to extrapolate beyond the distribution of training data.

Scalability and efficient chemical-space exploration have also

Criteria met?

Initial Population Stop

Fitness Evaluation
Selection 

of Fit Parents 

Mutation 
of Children

Crossover 
to Generate Children 

No

   

New Dataset

Yes

Fig. 7 Schematic overview of evolutionary models applied to MSC de-
sign. Molecules are represented as chromosomes that evolve through
cycles of selection, crossover, and mutation. A fitness function, often
based on predicted electronic or optical properties, evaluates each can-
didate and promotes those with favourable characteristics to subsequent
generations. Through this iterative optimisation, evolutionary algorithms
efficiently navigate chemical space, yielding molecular structures with
improved frontier-orbital energies, bandgaps, or optoelectronic perfor-
mance.

become central concerns. Ohno et al. (2023)164 addressed this
challenge with a graph-based molecular generator capable of pro-
ducing over 4.8 million n-type MSC candidates, of which more
than 740,000 exceeded an electron-affinity threshold of 3.0 eV.
This large-scale enumeration was enabled by coupling the gen-
erator with a graph neural network surrogate model trained to
rapidly predict electronic properties, exemplifying how genera-
tive and predictive approaches can operate synergistically to ex-
pand the accessible chemical landscape.

Generative frameworks have further evolved to include
supramolecular and morphological design, extending beyond
molecular composition to structural organisation. Tom et al.
(2023)165 used a property-based genetic algorithm to perform
the inverse design of tetracene polymorphs optimised for singlet-
fission performance. Rather than altering chemical substituents,
their algorithm explored three-dimensional crystal packings us-
ing a multi-objective fitness function combining thermodynamic
stability and theoretical fission rates. The model rediscovered
known polymorphs and identified several new low-energy pack-
ings with enhanced performance. Fan et al. (2024)98 later in-
troduced a theory-guided evolutionary framework for non-linear
optical materials that couples a chemically interpretable group-
contribution model with a multistage Bayesian neural network.
Mutation operations on donor, acceptor, and bridge fragments
were used to optimise first-order hyperpolarisability, and several
high-performing candidates were validated using DFT. This hy-
brid methodology demonstrates how interpretable models and
data-driven algorithms can be combined to balance accuracy, ef-
ficiency, and physical insight.

Across these studies, a unifying trend is evident such that the
generative AI for AIs is becoming increasingly integrated with
physics-based reasoning and heuristic search. Evolutionary al-
gorithms remain attractive because they preserve molecular di-
versity and avoid premature convergence, while surrogate ML
models accelerate property evaluation and guide exploration to-
ward promising regions of chemical space. These hybrid frame-
works achieve both the rediscovery of known high-performance
molecules and the discovery of novel structures with optimised
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electronic and spectroscopic properties, reflecting the growing
maturity of generative AI as a practical tool for AI design.

While these generative approaches demonstrate clear poten-
tial for accelerating electronic structure design, their practi-
cal translation to functional MSCs remains at an early stage.
Among the 36 generative studies identified in this domain, only 4
(11%) reported experimental validation of computationally de-
signed molecules,54,92,128,157 and just 3 (8%) included exter-
nal validation using independent test sets beyond their training
domains.117,166,167 This limited level of validation reflects the
broader challenges associated with transferring data-driven pre-
dictions to experimentally realised materials, rather than deficien-
cies of individual methodologies. In addition, many studies rely
on relatively small or chemically homogeneous starting datasets,
often drawn from specific molecular families used as fragment
sources for generation. Such constraints introduce inherent data
bias and restrict exploration of genuinely novel regions of chem-
ical space. The absence of reported negative experimental out-
comes further suggests the presence of publication bias, which
limits insight into failure modes and hampers systematic assess-
ment of model robustness. These structural limitations are exam-
ined in greater detail in Section 3.5.

3.2 Photoactive Materials
Building on advances in electronic-structure and spectroscopic
modelling, recent research has increasingly extended AI method-
ologies to the design and optimisation of photoactive materi-
als, which convert absorbed light into separated charge carriers.
Among these systems, OPVs have emerged as the most intensively
investigated platform and now serve as a benchmark for assessing
the impact of data-driven discovery in AI research.

Figure 8 illustrates the fundamental photophysical processes
governing OPV operation. Upon photoexcitation in the donor
layer (1), an exciton is generated and subsequently migrates to
the donor–acceptor interface (2), where charge separation oc-
curs. The resulting free carriers, i.e., holes in the donor HOMO
and electrons in the acceptor LUMO, are then transported through
their respective energy levels (3) and finally collected at the elec-
trodes (4). Each of these steps is influenced by the interplay be-
tween molecular electronic structure, interfacial alignment, and
nanoscale morphology, which together determine the overall de-
vice efficiency.168–170

Despite significant progress, the power-conversion efficien-
cies of OPVs remain lower than those of inorganic technolo-
gies, limited by this intricate coupling between exciton dynam-
ics, charge transport, and recombination.171 Traditional screen-
ing frameworks, such as the Scharber equation,172 offer fast,
semi-empirical estimates of device performance but fail to cap-
ture the non-linear correlations that emerge across these mul-
tiple physical scales.114,173,174 The chemical diversity of mod-
ern donor–acceptor systems,175 together with the proliferation of
non-fullerene acceptors (NFAs),176 has therefore motivated the
adoption of AI as a scalable tool capable of learning and predict-
ing the complex dependencies that dictate OPV behaviour.

By learning directly from experimental and computational

Anode

Cathode

LUMO

HOMO

LUMO

AcceptorDonor

1) 2)

2)

HOMO

3)

3)

4)

4)

Fig. 8 Schematic energy-level diagram of an organic photovoltaic device
illustrating the main photophysical processes: (1) photon absorption and
exciton generation in the donor, (2) exciton diffusion and dissociation at
the donor–acceptor interface, (3) charge transport through the respective
HOMO (holes) and LUMO (electrons) levels of donor and acceptor ma-
terials, and (4) charge collection at the electrodes (anode and cathode).
The donor and acceptor layers are shown in orange and blue, respectively.

datasets, AI-based approaches integrate information across
molecular, morphological, and device scales. These models link
chemical composition and structure to optoelectronic response
and operational stability, offering a data-driven route to the ra-
tional optimisation of photovoltaic materials and device architec-
tures.177 In doing so, they move beyond empirical design heuris-
tics toward multiscale predictive frameworks that connect molec-
ular chemistry with macroscopic performance.

Across the reviewed literature, 71 studies fall within this do-
main. The majority (64) employ predictive ML to estimate device-
level metrics, most prominently the power-conversion efficiency
(PCE), which quantifies the ratio of electrical output to incident
solar energy. PCE is determined by three key parameters: the
short-circuit current density (JSC), representing the current under
zero bias; the open-circuit voltage (VOC), corresponding to the po-
tential difference at zero current; and the fill factor (FF), which
measures how closely the current–voltage curve approaches an
ideal rectangular shape.178 A smaller subset (7 studies) explores
generative strategies that search chemical and interfacial design
spaces for new materials optimised for these performance targets.

3.2.1 Predictive Modelling

ML has emerged as a powerful framework for predicting and op-
timising the performance of OPV materials. By correlating molec-
ular structure, electronic properties, and device-relevant metrics,
ML models offer a scalable route to rationalise complex struc-
ture–function relationships that are difficult to resolve through
empirical screening or quantum-chemical methods alone.

A substantial body of work has focused on structure-derived
descriptors as the primary representation of molecular candi-
dates. Pyzer-Knapp et al. (2015)84 trained neural networks
on Morgan fingerprints derived from the Harvard Clean Energy
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Project, achieving mean absolute errors of approximately 0.28%
in power conversion efficiency (PCE) prediction and establish-
ing a widely used benchmark for data-driven screening. Simi-
larly, Sun et al. (2019)91 applied tree-based ensemble models
to roughly 1,700 donor molecules, demonstrating that molecu-
lar fingerprints outperform raw SMILES strings or image-based
representations when ranking high-efficiency candidates. Mor-
ishita et al. (2024)179 extended this descriptor-based paradigm
by combining principal component analysis, random forest fea-
ture selection, and support-vector regression to predict JSC across
47 donor–PCBM systems, achieving R2 = 0.64 and using genetic
optimisation to propose 250 new donor candidates.

An alternative strategy replaces predefined descriptors with
learned molecular representations. Zhang et al. (2025)180

employed graph neural networks operating directly on SMILES
strings to screen over 45,000 donor–acceptor pairs, exemplify-
ing an end-to-end representation learning approach that removes
manual feature engineering while improving scalability across
chemical space.

In parallel, several studies have examined the contribution of
quantum-chemical electronic descriptors, either alone or in com-
bination with structural features. Sahu et al. (2018)181 aug-
mented electronic descriptor sets with donor–acceptor energetic
offsets, achieving R2 ≈ 0.8. Padula et al. (2019)102 demon-
strated that integrating frontier orbital energies with structural
descriptors within k-nearest-neighbour and kernel ridge regres-
sion frameworks enhances predictive accuracy across chemically
heterogeneous datasets. However, the utility of electronic de-
scriptors is not universal. Alwadai et al. (2022)71 and Janjua
et al. (2022)182 independently showed that purely structural
descriptors can outperform frontier orbital energies in PCE pre-
diction, reaching R2 values up to 0.89. This discrepancy likely
reflects differences in model expressivity: Padula et al. employed
relatively simple algorithms such as k-nearest neighbour and ker-
nel ridge regression, which may benefit from the inclusion of ex-
plicit electronic features, whereas the more flexible, nonlinear
models used by Alwadai and Janjua (e.g. random forests) are
better able to infer relevant electronic structure information im-
plicitly from structural descriptors alone.

Beyond isolated molecular properties, several approaches in-
corporate descriptors that reflect interfacial, morphological, or
processing effects. Yang et al. (2022)183 introduced a multi-
fidelity framework that integrates morphology-derived latent
variables with low-cost molecular descriptors, enabling consis-
tent performance across distinct donor–acceptor classes. Lee et
al. (2024)184 used gradient-boosted decision trees to model the
fill factor (FF) of 180 donor–acceptor systems, revealing that high
FF values correlate with small HOMO offsets (< 0.3 eV ) and bal-
anced hole-electron mobilities.(1.8 < µh/µe < 3.3). Complemen-
tary models of the open-circuit voltage further demonstrated the
importance of dielectric and interfacial descriptors for capturing
voltage losses.185 Liu et al. (2024)186 applied Gaussian process
regression with spectral decomposition and mRMR feature selec-
tion to correlate processing parameters with operational lifetime,
identifying the Huang–Rhys factor as a predictor of FF decay and
the stabilising role of [70]PCBM on morphology and trap den-

sity. Vubangsi et al. )2024)187 similarly incorporated dielectric
constants and VOC-loss descriptors into XGBoost regressors, im-
proving voltage prediction and revealing dielectric mismatch as a
dominant contributor to operational instability.

A subset of studies further integrates ML models with active-
learning and automatic fabrication. Du et al. (2021)188 com-
bined Gaussian process regression with a robotic fabrication plat-
form to jointly optimise efficiency and photostability across more
than 100 processing conditions within 70 hours. Their analy-
sis identified spectral features such as absorption peak position,
amplitude, and ordering as critical indicators of device degra-
dation, while stable configurations favoured thinner active lay-
ers and moderate annealing. Almalki et al. (2024)94 employed
active learning to optimise non-fullerene OPV fabrication under
sparse data regimes, efficiently identifying solvent ratios, anneal-
ing temperatures, and film thicknesses that improved PCE. Such
closed-loop strategies mark a departure from static prediction to-
ward adaptive experimentation, effectively redefining ML from
an analytical tool into a decision-making component of materials
discovery.

Finally, ML frameworks have also been applied to stability-
focused targets beyond device efficiency. Bornschlegl et al.
(2025)109 used Gaussian process regression trained on structural
fingerprints to predict UV-C photostability in hole-transport mate-
rials, identifying substructural motifs associated with photochem-
ical resilience or degradation and extending data-driven design
principles to operational robustness.

These studies collectively demonstrate a clear methodological
evolution in ML-guided OPV research, progressing from simple
structure-based descriptors toward increasingly expressive rep-
resentations that integrate electronic, interfacial, and device-
level information. Early fingerprint-based models established
the feasibility of large-scale screening, while subsequent work
showed that the choice of descriptors, whether structural or elec-
tronic, can strongly influence predictive performance depend-
ing on the application context. More recent approaches that
incorporate morphology proxies, dielectric effects, and explicit
donor–acceptor pairing have further improved physical inter-
pretability and relevance to device operation. In parallel, ad-
vances in representation learning have reduced reliance on man-
ual feature engineering, and closed-loop optimisation frame-
works have begun to couple ML models directly with experimen-
tal control. These developments mark a transition from static
property prediction toward adaptive, multiscale design strategies
that more accurately reflect the coupled physical processes gov-
erning OPV performance and stability.

3.2.2 Generative Design

Generative ML has emerged as a transformative approach in
the inverse design of OPV materials, shifting molecular discov-
ery from post hoc screening toward direct optimisation of tar-
get properties. In contrast to conventional workflows that evalu-
ate existing structures, generative models construct new molec-
ular candidates that satisfy predefined performance objectives.
These targets often include PCE,92,114,189–193 light-harvesting
efficiency,154,158 or specific device-level quantities such as the
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JSC.179 By learning structure–property relationships and then in-
verting them, these frameworks enable AI to autonomously ex-
plore and refine regions of chemical space that would be inacces-
sible through empirical intuition or random search.

The first significant demonstration of generative molecular
design for OPVs was reported by Khazaal et al. (2020),154

who introduced the PooMa (“Poor Man’s Materials Optimiza-
tion”) framework. This system combined a genetic algorithm
with a density-functional tight-binding evaluation (DFTB) en-
gine to perform computationally efficient exploration of enor-
mous combinatorial design spaces. The algorithm targeted a
composite performance index derived from a quantitative struc-
ture–property relationship model incorporating descriptors re-
lated to light-harvesting efficiency, oscillator strength, and elec-
tronic coupling. Within this framework, a tetrathiophene core
was functionalised at seven substitution sites using 22 donor
and acceptor groups, yielding over 2.5 billion possible molecular
combinations. Through iterative selection and mutation cycles,
PooMa identified 20 branched oligothiophenes predicted to dis-
play strong absorption and favourable HOMO–LUMO alignment.
Subsequent DFT and TD-DFT calculations confirmed these pre-
dictions, establishing the feasibility of evolutionary optimisation
guided by low-cost electronic-structure calculations. This study
laid the conceptual groundwork for data-driven generative explo-
ration of OPV-relevant chemical spaces.

Building upon this foundation, Greenstein et al. (2022)191

extended the evolutionary framework to design high-efficiency
NFAs. Their hybrid pipeline coupled a genetic algorithm with
TD-DFT-based fitness evaluation to recombine donor and accep-
tor building blocks into new NFAs, generating a library of 5,426
unique compounds. The fitness function estimated PCE values
using electronic and optical descriptors computed at the TD-DFT
level, while the donor component remained fixed. Remarkably,
1,087 generated molecules were predicted to exceed 18% PCE,
and 159 surpassed 20%, demonstrating that automated genera-
tive strategies can recover and surpass the performance of known
materials. Moreover, the terminal acceptor motifs repeatedly se-
lected by the algorithm, such as indanone and rhodanine deriva-
tives, mirrored those frequently used in experimental NFAs, pro-
viding data-driven validation of empirical design heuristics.

In a follow-up study, Greenstein et al. (2023)114 expanded
this framework to model tandem OPV architectures, thereby in-
corporating multi-junction device simulation into the generative
design process. Using a dataset of over 10,000 donor and ac-
ceptor structures, they employed fragment-based recombination
and hierarchical optimisation to identify complementary pairs
that optimised the absorption and voltage characteristics across
both subcells. Analysis of the resulting high-performance NFAs
revealed that molecules containing diphenylamine substituents
and three-dimensional terminal groups exhibited superior optical
coverage and reduced non-radiative voltage losses. These find-
ings not only reinforced earlier empirical observations but also
provided quantitative, design-level insight into how molecular
geometry and functional group orientation influence tandem de-
vice behaviour. The study exemplifies the growing sophistication
of generative frameworks capable of integrating molecular and

device-level considerations within a unified optimisation loop.
A more recent contribution by Morishita et al. (2024)179

further illustrated the synergistic potential of combining predic-
tive and generative learning. Their study employed the alva-
Builder genetic algorithm to design 250 new donor molecules for
fullerene-based OPVs, specifically targeting improvements in JSC.
A support-vector regression model trained on alvaDesc descrip-
tors served as a surrogate fitness function, predicting the perfor-
mance of newly generated candidates without expensive quan-
tum calculations. Iterative optimisation revealed that molecules
containing 4H-cyclopentadithiophene cores, fluorine-substituted
aromatic rings, and carbonyl groups adjacent to thiophene units
consistently achieved higher predicted JSC values. The combina-
tion of generative exploration and data-driven evaluation created
a closed feedback loop that accelerated the discovery of promising
donor motifs while providing interpretable correlations between
substructural features and device performance.

Parallel to these molecular-level advances, emerging studies
have begun extending generative methodologies to mesoscale
and morphological optimisation.193 These frameworks aim to
capture the influence of film structure, phase separation, and
interfacial orientation on charge separation and transport. For
instance, algorithmic searches guided by coarse-grained simula-
tions or machine-learned morphology descriptors have been pro-
posed to identify processing pathways that yield optimal percola-
tion networks and minimal energetic disorder. Although still in
the early stages of development, such models signal an important
broadening of generative AI from single-molecule optimisation
toward holistic design encompassing both chemical composition
and supramolecular organisation.

Generative approaches applied to OPV discovery to date are
dominated by evolutionary algorithms, with occasional use of
rule-based molecular enumeration methods such as STONED.63

Neural generative models, including generative adversarial net-
works and diffusion models, have not yet seen substantive adop-
tion for small-molecule OPV design. Evolutionary algorithms
remain prevalent, because they operate naturally on discrete
molecular building blocks, enforce chemical validity through ex-
plicit mutation and recombination rules, and readily incorporate
quantum-chemical or device-level fitness functions.154,191 Their
principal limitations are sample inefficiency and strong depen-
dence on the fidelity of the fitness function.194,195 Rule-based ap-
proaches such as STONED enable rapid and chemically valid local
exploration of molecular space, but do not learn underlying data
distributions and therefore lack intrinsic global optimisation ca-
pability.63 As a result, STONED is well suited for local chemical-
space traversal and hypothesis generation, but poorly matched
to directed inverse design or multi-objective optimisation of OPV
performance. The limited exploration of GANs and diffusion mod-
els likely reflects their reliance on large, well-curated datasets
and the difficulty of enforcing chemical validity alongside mul-
tiple coupled physical constraints.

Across these developments, the trajectory of generative AI in
OPV research reveals increasing integration between physical
modelling, data-driven learning, and heuristic optimisation. Early
studies relied primarily on rule-based genetic algorithms and sur-
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rogate quantum calculations, whereas more recent approaches
incorporate predictive surrogate models, active learning strate-
gies, and explicit multi-objective optimisation. This progression
reflects a shift from heuristic enumeration toward closed-loop,
physics-informed discovery workflows in which candidate gen-
eration, property evaluation, and model refinement proceed au-
tonomously and iteratively.

Despite these advances, critical limitations continue to con-
strain the practical applicability of generative AI for photoactive
material design. Among the generative OPV studies reviewed,
only one reported experimental validation of computationally de-
signed molecules and only one employed external validation us-
ing independent test sets.114,193 This near absence of real-world
verification raises significant concerns regarding the transferabil-
ity of computationally optimised photoactive molecules to func-
tional devices. Moreover, most studies rely on small or chemi-
cally homogeneous datasets or narrowly defined molecular fam-
ilies as starting points, and none report negative experimental
outcomes. As noted earlier, the lack of failure reporting limits
insight into model robustness and prevents a systematic under-
standing of when and why generative approaches succeed or fail
for photoactive materials. These challenges are discussed further
in Section 3.5.

3.3 Emissive Materials
The application of AI to emissive AIs has expanded rapidly, driven
by the need to improve the performance and stability of OLEDs.
OLEDs are now the dominant technology in high-performance
displays and emerging solid-state lighting, yet their efficiency and
lifetime remain limited by the coupled excited-state processes
governing light emission, colour purity, and degradation.196,197

These properties originate from a complex interplay between
molecular electronic structure, spin-state dynamics, and solid-
state organisation, making their simultaneous optimisation a per-
sistent challenge for conventional design strategies.

Figure 9 summarises the principal excited-state mechanisms
that underpin OLED operation. In fluorescent materials, radia-
tive decay from the lowest singlet excited state (S1 → S0) re-
stricts internal quantum efficiency to about 25%, as triplet exci-
tons are non-emissive.198,199 Phosphorescent systems overcome
this limit through spin–orbit coupling that enables emission from
the triplet manifold (T1 → S0), achieving near-unity exciton utili-
sation.200,201 Thermally activated delayed fluorescence (TADF)
emitters202,203 exploit reverse intersystem crossing to convert
triplets into emissive singlets, while INVEST materials invert the
energy ordering of the two states (ES1 < ET1 ), allowing ultrafast
radiative decay without thermal activation.204,205

The evolution from fluorescence to phosphorescence, TADF,
and INVEST emitters reflects a progressive refinement in exciton
management and energy utilisation. However, high-performance
OLED design remains a multidimensional optimisation problem
involving the simultaneous control of charge injection, exciton
generation and diffusion, intersystem conversion, and radiative
decay.206 These parameters are inherently coupled to molecular
conformation, packing geometry, and electronic coupling, creat-

TADF

Fluorescence Phosphorescence

INVEST

rISC

ISC

rISC 1T

1S

1T

0S

a)

c)

b)

d)

0S

0S0S

1S1S

ISC
1T

1S

ISC
1T

Fig. 9 Principal emission mechanisms in OLEDs. (a) Fluorescence (FL):
radiative decay from S1 → S0. (b) Phosphorescence (PH): emission from
T1 → S0 after intersystem crossing (ISC). (c) Thermally activated delayed
fluorescence (TADF): ISC populates T1, followed by reverse intersystem
crossing (rISC) and delayed fluorescence from S1 → S0. (d) Inverted sin-
glet–triplet (INVEST): inverted level ordering (ES1 <ET1 ) enables efficient
emission from S1 without thermal activation.

ing a design space too complex for exhaustive computational or
experimental exploration.

AI-based approaches address this complexity by learning non-
linear relationships between molecular structure and emissive be-
haviour. Predictive models trained on experimental or theoret-
ical datasets can estimate excited-state parameters such as sin-
glet–triplet gaps, oscillator strengths, transition dipoles, or non-
radiative decay rates with accuracy comparable to first-principles
methods but at vastly reduced cost. Generative models extend
this paradigm by enabling inverse design, autonomously propos-
ing new emitters with tailored optical or stability characteristics.

These approaches, therefore, establish a data-driven frame-
work that links molecular design, excited-state physics, and
device-level performance within a unified modelling pipeline.
Within the reviewed literature, 54 studies explore AI in emissive
materials: 40 focus on predictive modelling of optical, electronic,
or thermal properties, while 14 employ generative strategies for
targeted molecular design. These developments mark a transition
from empirical screening toward autonomous discovery of high-
efficiency OLED emitters, where AI serves not only as a predictive
surrogate but as a creative partner in molecular design.

3.3.1 Predictive Modelling

Predictive ML models have become central to quantifying and ra-
tionalising the excited-state and device-level properties that de-
termine OLED performance. At the molecular scale, these models
provide efficient surrogates for quantum-chemical calculations,
enabling accurate estimation of key photophysical parameters
such as photoluminescence quantum yield (PLQY),85,207–210 sin-
glet and triplet excitation energies,107,211–215 and singlet–triplet
energy gaps (∆EST).212,216–219 At the device scale, ML has been
applied to predict performance metrics that depend strongly
on charge balance, interfacial energetics, and morphological
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stability, including external quantum efficiency (EQE),220–222

glass-transition temperature (Tg),77,81 decomposition tempera-
ture (Td),221,223 and operational metrics such as current ef-
ficiency, colour coordinates, and luminance stability.117 These
studies illustrate how predictive modelling now connects atom-
istic structure, excited-state physics, and macroscopic device re-
sponse within a single computational framework.

ML approaches based on simple molecular descriptors have
played a central role in establishing quantitative links between
molecular structure and emissive performance in organic op-
toelectronic materials. Golin et al.85 trained neural networks
and support vector machines on small molecular datasets de-
scribed by 1,688 physicochemical descriptors to model electrolu-
minescence, identifying extended π-conjugation and charge de-
localisation as the dominant factors governing emission inten-
sity. More recently, Zhao et al.224 employed LightGBM regres-
sors with molecular fingerprints to predict Stokes shifts across
6,064 fluorescent compounds, achieving R2 = 0.86 and an RMSE
of 19.16 nm. Guided by the model, the authors synthesised PXZ-
F, whose experimentally measured Stokes shift (183 nm) closely
matched the predicted value (153 nm), demonstrating the prac-
tical utility of fingerprint-based screening. In a complementary
classification setting, Zhao et al.225 trained a LightGBM model on
3,074 compounds to distinguish aggregation-induced emission-
active molecules from aggregation-caused quenchers with 97.4%
accuracy. Experimental validation confirmed the discovery of
new aggregation-induced TADF emitters, illustrating how sim-
ple structural descriptors can bridge molecular photophysics and
device-relevant behaviour.

Beyond purely structural representations, several studies
have incorporated explicit electronic descriptors derived from
quantum-chemical calculations to improve physical interpretabil-
ity and predictive fidelity. Sato et al.77 developed a hierarchical
ML pipeline that combines DFT-derived and empirical descriptors
to design triazine-based electron-transport materials. Screening
a virtual library of 3.67 million candidates led to the synthesis
of nine compounds, with the top performer (T2-6970) exhibit-
ing enhanced efficiency and operational lifetime. Shi et al.226

further demonstrated the value of electronic features by applying
XGBoost models to predict transition-dipole orientations relevant
to radiative efficiency, achieving R2 ≈ 0.8 and revealing that pla-
nar donor–acceptor geometries promote preferential horizontal
dipole alignment.

An alternative modelling paradigm replaces manually engi-
neered descriptors with representations learned directly from
molecular graphs. Li et al.219 introduced the SOGCN archi-
tecture, a structure-aware graph neural network capable of si-
multaneously predicting singlet–triplet energy gaps (∆EST) and
emission bandwidths, attaining mean absolute errors of 0.037
eV and 10–12 nm, respectively. Barneschi et al.216 trained a
three-dimensional graph neural network on more than 85,000
DFT-optimised and experimental structures, achieving mean er-
rors of 0.02 eV in predicting inverted singlet–triplet gaps. Ex-
tending graph-based learning to higher levels of device com-
plexity, Lee et al.227 incorporated crystal-structure information
into graph neural networks to predict current efficiency in mul-

tilayer OLED stacks, achieving R2 = 0.83 and outperforming fully
connected baselines. Nikhitha and Mondal212 further combined
semi-empirical calculations with ∆-learning and SchNet-based ar-
chitectures, obtaining an RMSE of 0.004 eV and R2 = 0.95 for
∆EST while successfully generalising to benchmark INVEST emit-
ters.

While most ML models focus on intrinsic molecular proper-
ties, some studies have directly incorporated device-level observ-
ables and architectures into the learning process. Lim et al.89

trained deep neural networks on time-resolved electrolumines-
cence measurements to extract triplet–triplet annihilation kinet-
ics with R2 = 0.99, eliminating the need for iterative kinetic fit-
ting and demonstrating that transient device signals can be used
directly as model inputs. Similarly, Kim et al. (2023)88 trained
an artificial neural network on transient electroluminescence de-
cay profiles to directly extract polaron recombination coefficients,
achieving R2 values up to 0.949 and enabling quantitative re-
construction of polaron dynamics from device-level time-resolved
measurements alone.

In line with other target domains such as OPV performance and
electronic-structure prediction, these studies demonstrate that
ML models for emissive organic semiconductors can be formu-
lated across multiple representational levels, ranging from sim-
ple structural fingerprints and electronic descriptors to learned
graph-based embeddings and device-resolved observables. While
molecular-level descriptors enable efficient screening and retain
a high degree of physical interpretability, representation-learning
approaches offer greater expressivity and scalability by alleviating
the need for manual feature engineering. The repeated experi-
mental validation of models based on both structural and elec-
tronic descriptors underscores their practical reliability and estab-
lishes ML as a robust tool for connecting molecular photophysics
to emissive performance.

3.3.2 Generative Design

Following the success of predictive frameworks in correlating
molecular structure with emissive behaviour, recent studies have
shifted toward generative strategies that actively design new
emitters rather than evaluate existing ones. In OLED research,
this transition reflects the need to navigate a vast but sparsely
populated chemical landscape where optimal performance de-
pends on finely balanced excited-state properties. High-efficiency
materials must simultaneously exhibit small singlet–triplet gaps,
large oscillator strengths, and robust thermal and morphologi-
cal stability, criteria rarely satisfied within known molecular li-
braries.228 Generative AI provides a practical route to address
this challenge by learning latent chemical rules from data and
using them to propose synthetically accessible molecules with tai-
lored optoelectronic characteristics.162,229 Through this inverse-
design paradigm, AI transforms molecular discovery from empir-
ical screening into a directed search guided by physics-informed
objectives.

Across the reviewed literature, generative deep-learning frame-
works have been employed to design materials with optimised (i)
singlet–triplet energy gaps (∆EST),115,118,157,230 (ii) singlet and
triplet excitation energies,118,128,153,231 (iii) photoluminescence
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quantum yield,117,166 (iv) glass-transition temperature,232 and
(v) spectral efficiency and emission profiles.233

An early example of generative OLED design is the work by Kim
et al. (2018),54 who employed an encoder–decoder architecture
for the inverse design of OLED host materials. Their model sig-
nificantly increased the proportion of molecules achieving target
triplet energies, demonstrating the feasibility of AI-driven molec-
ular generation for optoelectronic applications.

Despite these successes, a key challenge persists: molecules
proposed by AI models must not only exhibit desirable photo-
physical properties but also be synthetically feasible and chemi-
cally stable. Without these constraints, generative algorithms may
yield unrealistic or impractical structures. To address this limita-
tion, researchers have incorporated synthetic accessibility, stability
scoring, and multi-objective optimisation directly into the genera-
tive process. For example, Lim et al. (2018)234 introduced a
conditional variational autoencoder that allows controlled molec-
ular generation based on multiple target properties, including
ease of synthesis. Although initially developed for pharmaceuti-
cal applications, this strategy has clear implications for optoelec-
tronic materials, where balancing electronic performance with
manufacturability is essential. Building on this concept, Kim et
al. (2018)54 developed an inverse design framework integrating
predictive property models with multi-objective optimisation to
generate molecules that simultaneously satisfy thermal stability,
optical gap, and synthetic accessibility criteria. Similarly, Kwak
et al. (2022)232 implemented a goal-directed generative model
combined with high-throughput molecular simulations, optimis-
ing singlet–triplet energy gaps, oscillator strengths, and molecu-
lar stability in parallel. These studies highlight the importance of
embedding chemical realism into generative design pipelines.

More recent efforts have focused on improving the scalability
and generalisability of these frameworks. Tan et al. (2022)118

combined autoencoders with deep property predictors and TD-
DFT-based filtering to identify TADF emitters with favourable
∆EST and enhanced spin–orbit coupling, thereby bridging data-
driven design with physics-based validation.

These advances illustrate a transition from purely data-driven
molecular generation toward physically informed, multi-objective
design of OLED materials. By integrating synthetic feasibility and
quantum-chemical insight into generative workflows, AI models
are becoming capable not only of proposing high-efficiency emit-
ters but also of prioritising those that are experimentally realis-
able. Notwithstanding these computational achievements, signif-
icant limitations challenge the practical utility of generative AI
approaches for emissive material design. Of the 14 generative
studies reviewed in this domain, only three reported experimen-
tal validation of computationally designed molecules,54,128,157

and only two included external validation using independent
test sets.117,166 This near absence of experimental verification
represents a critical knowledge gap, as the field lacks empiri-
cal evidence demonstrating that these computationally optimized
emissive molecules translate into materials with the desired pho-
tophysical properties, including emission wavelength, quantum
yield, colour purity, and operational stability. The reliance on
small, homogenous datasets or specific chromophore families as

starting points for generation further limits these approaches, in-
troducing substantial data bias and constraining exploration to
incremental modifications of known structures rather than dis-
covery of genuinely novel emissive scaffolds. The absence of any
reported negative results compounds these concerns, preventing
practitioners from learning about failure modes or calibrating
expectations about the reliability of computational predictions.
Systematic challenges including data bias, chemical validity, and
publication bias are addressed in Section 3.5.

3.4 Charge Transport
The preceding sections have examined AI applications in opto-
electronic function, including absorption and excitation in pho-
toactive materials, power conversion in OPVs, and emission in
OLEDs. A complementary and equally important aspect of AIs
performance is charge transport. Efficient transport governs cur-
rent extraction in photovoltaics, charge injection and balance in
OLEDs, and switching in thin-film transistors. Unlike spectral
or radiative properties, charge transport arises from collective
condensed-phase dynamics rather than any single molecular pa-
rameter, making it one of the most complex phenomena to model
and design.235–237

Charge transport in AIs differs fundamentally from that in crys-
talline inorganic materials. In these soft, π-conjugated lattices,
charge carriers move in a regime where electronic and nuclear
motions are strongly coupled. Consequently, neither a purely
band-like description,238 which assumes long-range coherence,
nor a purely hopping-based model,239 which treats carriers as lo-
calised, is sufficient. Thermal fluctuations in molecular geometry
continuously modulate intermolecular electronic couplings, lead-
ing to time-dependent fluctuations collectively described as dy-
namic disorder.240 This coupling places charge transport in an in-
termediate regime between coherent band motion and incoherent
hopping, often referred to as the transient localisation regime.241

At the microscopic level, dynamic disorder arises from coupling
between electronic and vibrational degrees of freedom. It can be
expressed as σ = ∇J ·Q, where ∇J is the gradient of the transfer
integral J with respect to nuclear displacements, and Q represents
vibrational normal-mode vectors.240,242 This relation shows how
phonon-induced nuclear motions drive fluctuations in electronic
coupling, linking charge mobility to the vibrational landscape of
the solid state. The resulting mixed transport regime has moti-
vated extensive theoretical and experimental efforts to connect
molecular electronic structure with mesoscale structural dynam-
ics.243,244

Within this framework, charge-carrier mobility is not an in-
trinsic molecular property but an emergent feature of the con-
densed phase. As illustrated schematically in Figure 10, mobility
reflects the combined influence of four interdependent factors:
(i) the intramolecular reorganisation energy, which quantifies the
structural relaxation cost during charge transfer; (ii) the inter-
molecular electronic coupling, which determines the efficiency of
wavefunction overlap; (iii) the magnitude and timescale of dy-
namic disorder induced by thermal vibrations; and (iv) the solid-
state morphology, including molecular packing, orientational or-

14 | 1–31Journal Name, [year], [vol.],

Page 14 of 32Digital Discovery

D
ig

ita
lD

is
co

ve
ry

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

5 
Fe

br
ua

ry
 2

02
6.

 D
ow

nl
oa

de
d 

on
 2

/2
6/

20
26

 2
:0

4:
59

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
DOI: 10.1039/D5DD00552C

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5dd00552c


Enn
Enc

a) Intermolecular
Reorganisation Energy

b) Intermolecular
Electronic Coupling

c) Dynamic
Disorder

d) Solid-State
Morphology

Neutral

ChargedEcn
Ecc

Fig. 10 Factors affecting charge transport in molecular semiconductors. a) Intermolecular reorganisation energy: Energy required to reach optimal
nuclear positions during charge transfer, b) Intermolecular electronic coupling: quantifies how strongly electronic wavefunctions on adjacent molecules
overlap, c) Dynamic disorder: quantified by the dot product of the gradient of transfer integral (the red arrows shows the direction and relative
magnitude of the nuclear deformation) and normal phonon modes (the overlapped geometries of 10 vibrating molecules at 290 K are shown), d)
Solid-state morphology: Spatial arrangement and packing of molecules in the bulk material. In this figure, En

n represents the energy of the neutral
molecule in its optimised neutral geometry; Ec

n refers to the energy of the charged molecule evaluated in the neutral geometry; Ec
c denotes the energy

of the charged molecule in its optimised charged geometry; and En
c corresponds to the energy of the neutral molecule in the charged geometry.

der, and percolation pathways.245–248

Because these factors are strongly coupled and sensitive to mor-
phology and temperature, accurate prediction or optimisation of
charge transport requires models that capture multiple length and
time scales, from local electronic structure to mesoscale organi-
sation. Traditional simulations combining molecular dynamics,
quantum-chemical calculations, and kinetic modelling are com-
putationally intensive and difficult to generalise. ML now offers a
scalable alternative. In this review, we identify 39 studies that ap-
ply AI to charge transport in AIs: 34 focus on predictive modelling
and 5 on generative design. Predictive models estimate transport-
relevant quantities from molecular or morphological descriptors,
while generative approaches propose new molecular scaffolds or
packing motifs with improved mobility under realistic synthetic
and processing constraints. The following subsections provide a
detailed discussion of these directions.

3.4.1 Predictive Modelling

Predictive ML approaches have been increasingly used to esti-
mate key physical quantities governing charge transport in MSCs.
Among these, the reorganisation energy (Figure 10, panel a)
has received the most attention.53,58,60,69,73,249–257 In an early
study, Atahan-Evrenk and Atalay255 trained ridge regression,258

KRR,259 and deep neural networks260 on two-dimensional struc-
tural descriptors, achieving R2 ≈ 0.90 on a dataset of 5,631
molecules. This high predictive performance must be interpreted
in the context of the underlying chemical space: the dataset was
constructed from a small set of aromatic building blocks (ben-
zene, thiophene, furan, pyrrole, pyridine, pyridazine, and cy-
clopentadiene) and restricted to molecules containing two to five
rings, resulting in a narrow and highly correlated molecular fam-
ily. The corresponding reorganisation energy values spanned only
0.084–0.38 eV, a limited target range that intrinsically inflates
correlation-based metrics such as R2. Niu et al.252 later reported

substantially higher accuracy (R2 ≈ 0.99) using graph neural net-
works261 with three-dimensional conformer inputs. However,
this improvement was obtained using the same underlying molec-
ular database as Atahan-Evrenk and Atalay, indicating that the
apparent performance gain primarily reflects the increased repre-
sentational capacity of 3D graph models within an already chem-
ically constrained dataset, rather than improved generalisation
across broader chemical space. By contrast, Ando et al. (2022)250

applied Gaussian process regression262 to a much smaller but
chemically broader dataset of 165 molecules, predicting hole
and electron reorganisation energies with R2 = 0.512 (hole) and
R2 = 0.343 (electron). In this case, electron reorganisation en-
ergies spanned 0.12–0.90 eV and hole energies ranged from
0.07–0.41 eV, substantially widening the learning target and mak-
ing direct comparison of R2 values with the Atahan–Niu dataset
inappropriate. Zhang et al. (2023)58 addressed data scarcity
through transfer learning, improving R2 values from 0.24–0.53 to
0.39–0.56. Although their dataset comprised 7,681 molecules, it
remained chemically focused on thiophene-based systems, while
spanning a very broad reorganisation energy range (0.01–1.96
eV). The moderate R2 values therefore reflect genuine energetic
diversity rather than methodological weakness. These studies
demonstrate that reported improvements in predictive accuracy
are strongly conditioned by dataset construction, chemical diver-
sity, and target-property variance, and that correlation metrics
must be interpreted within this context rather than compared in
isolation. Katubi et al. (2023)253 developed a high-throughput
ML-assisted screening framework that identified more than 1,000
molecules with low reorganisation energies and good synthetic
accessibility for organic solar cell applications. A follow-up study
by Katubi et al. (2024)73 extended this approach to the design
of photodetector materials, integrating property prediction with
synthetic feasibility to identify high-efficiency candidates.

Beyond molecular descriptors, charge mobility is critically in-
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fluenced by intermolecular electronic couplings (Figure 10, panel
b). These transfer integrals are traditionally computed using com-
putationally demanding quantum-chemical methods.263 To accel-
erate such calculations, Wang et al. (2019)264 developed a KRR
model to predict electronic couplings between ethylene dimers.
The optimal model, based on Gaussian kernels and intermolec-
ular descriptors, achieved a MAE of 3.5 meV and correctly pre-
dicted coupling signs in more than 98% of cases, while provid-
ing computational speed-ups of 104–1010 compared with ab ini-
tio calculations. Subsequent studies extended this approach to
more complex systems. Wang et al. (2020)265 trained neural
networks on naphthalene dimers extracted from molecular dy-
namics simulations, obtaining MAE of 6.5 meV while capturing
orientation-dependent variations. Krämer et al. (2020)82 used
KRR models trained on DFTB266 data to predict site energies
and electronic couplings in anthracene crystals, reproducing hole
mobilities within 8.5% of DFTB reference and 34% of experi-
mental values using only 1,000 samples. Bhat et al. (2024)267

introduced a three-dimensional message-passing neural network
trained on 438,000 dimer configurations extracted from 25,000
organic crystals. Their model predicted HOMO–HOMO and
LUMO–LUMO couplings with MAEs of approximately 3 meV, en-
abling Marcus-theory-based screening of 60,000 crystal struc-
tures within minutes. In a related effort, Nematiaram et al.
(2025)37 utilised LightGBM classifiers to predict charge-transport
two-dimensionality, an important indicator of mobility, achieving
95% accuracy with geometric and chemical descriptors. They
identified crystal volume, molecular rigidity, and intermolecular
distance as key features.

Thermal molecular motions further modulate electronic
couplings, introducing dynamic disorder (Figure 10, panel
c).240,242,268 Reiser et al. (2021)86 showed that static Gaus-
sian disorder models fail to capture the full complexity of charge-
transfer fluctuations. Building on this, Wang et al. (2023)269

combined molecular dynamics with ML models, including KRR
and neural networks, to evaluate time-resolved charge-transfer
integrals in ethylene and naphthalene dimers. Their spectral den-
sity analysis revealed that low-frequency intermolecular motions,
such as translations and rotations, dominate coupling fluctua-
tions. The spectral density exhibited a sub-Ohmic character with
cut-off frequencies between 100 and 200 cm−1, consistent with
inelastic neutron scattering measurements.270,271

Beyond molecular-scale parameters, charge transport is
strongly governed by the solid-state morphology (Figure 10,
panel d). The relationship between morphology and charge-
carrier mobility poses a fundamental multiscale challenge. Elec-
tronic couplings between neighbouring molecules depend sen-
sitively on sub-angstrom variations in relative geometry, while
macroscopic mobility emerges from percolation pathways that ex-
tend over micrometre length scales through structurally hetero-
geneous films comprising crystalline domains, grain boundaries,
and amorphous regions. Traditional modelling approaches face
an inherent trade-off. Quantum-chemical methods can accurately
resolve intermolecular electronic couplings, but their computa-
tional cost prohibits application to the millions of molecular pairs
present in realistic morphologies. Conversely, coarse-grained or

mesoscale models efficiently capture large-scale structural organ-
isation but lack the electronic resolution required to describe
charge transfer processes. ML provides a viable route to bridge
these length scales by learning surrogates of quantum-chemical
calculations at greatly reduced computational cost, thereby en-
abling direct coupling between electronic-structure predictions
and morphology-resolved simulations. Lederer et al. (2019)272

coupled KRR with molecular dynamics and kinetic Monte Carlo
simulations to predict mobility in disordered pentacene, success-
fully reproducing mobility anisotropy while reducing computa-
tional cost. Tan and Wang (2023)36 extended this concept by
training symmetry-adapted neural networks on transfer integrals
computed for rubrene, pentacene, DNTT, and BTBT. The net-
works mapped molecular geometries directly to electronic cou-
plings, which were then incorporated into kinetic Monte Carlo
simulations. The resulting hole mobilities closely matched those
from ab initio workflows while being several orders of magni-
tude faster. Tan and Wang (2024)273 further developed a multi-
scale framework for small-molecule thin films, combining molec-
ular dynamics, ML, and kinetic Monte Carlo simulations. Their
study on quadruple thiophene demonstrated how polymorphism,
grain boundaries, and molecular orientation influence charge mo-
bility. Neural networks pre-trained on crystalline dimers were
fine-tuned on 68,844 dimers extracted from disordered film mor-
phologies, achieving near-quantum accuracy for transfer integrals
and enabling large-scale mobility predictions. These studies il-
lustrate how ML models approximate morphology–mobility rela-
tionships not by explicitly resolving mesoscale morphology in full
detail, but by learning effective mappings between local struc-
tural environments and transport-relevant electronic properties
such as transfer integrals. Rather than treating morphology as a
single global descriptor, contemporary approaches encode its in-
fluence through ensembles of local molecular arrangements sam-
pled from molecular dynamics simulations or crystal databases.
By embedding these local configurations into ML-predicted cou-
pling distributions, kinetic Monte Carlo simulations can recover
emergent transport behaviour arising from disorder, anisotropy,
and polymorphism.

At the device level, ML has been used to correlate molecu-
lar and interfacial properties with measured charge transport in
OFETs. Lee et al. (2019)274 employed random forest and gra-
dient boosting algorithms to predict electron mobilities in n-type
OFETs using features such as HOMO/LUMO levels and electrode
work functions. The models identified energy-level alignment
and air stability as key determinants of device performance, guid-
ing the optimisation of both materials and contacts.

Active learning has also been applied to improve data efficiency
in charge-transport prediction. Antono et al. (2020)275 imple-
mented a closed-loop platform using random forest surrogate
models within the FUELS framework, which includes uncertainty
estimation to guide sample selection. By combining expected-
improvement and uncertainty-based acquisition strategies, their
approach identified hole-transporting materials with mobilities
26% higher than the best in the initial dataset after only 165
evaluations. Kunkel et al. (2021)108 expanded this approach
to explore an open-ended space of π-conjugated molecules using
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Gaussian process regression and chemically valid transformations
such as ring fusion and side-chain modification. Iterative retrain-
ing guided the search toward high-mobility candidates, discover-
ing previously unreported compounds within fifty iterations and
outperforming brute-force screening.

Unsupervised learning and pattern-analysis approaches have
also been applied to uncover structure–property relationships in
existing datasets. Kunkel et al. (2019)276 employed network
analysis on 350 π-conjugated molecules, identifying recurring
structural motifs, referred to as “molecular LEGO bricks”, that
frequently appear in high-mobility compounds. These motifs in-
cluded specific fused rings, heterocycles, and side chains that can
be recombined to form new candidates with enhanced transport
properties. Tufail et al. (2024)60 applied a related fragment-
based strategy to design small-molecule acceptors with low reor-
ganisation energies, validating top candidates through quantum-
chemical calculations. Such fragment-oriented methods provide
chemically intuitive design rules and help constrain the search
space for generative and active-learning-based exploration.

Across all four domains discussed above, electronic structure,
photoactive materials, emissive materials, and charge transport,
predictive ML has evolved from small datasets and empirical re-
gressors to scalable, physics-informed neural architectures. These
studies demonstrate that ML can now reproduce or even surpass
traditional quantum-chemical accuracy for well-characterised tar-
gets while revealing transferable design principles across diverse
materials classes. Table S1 summarises representative studies
in predictive modelling, illustrating the progression from mod-
est datasets and simple descriptors to big-data and deep-learning
approaches. Predictive ML for AIs has matured to a point where
several properties (e.g., DFT-level orbital energies, OPV VOC, pho-
toluminescence quantum yield) can be estimated reliably without
direct calculation. In more complex areas, particularly those en-
tangled with device physics such as full device efficiency or oper-
ational stability, performance remains limited by sparse and noisy
data. Nevertheless, as datasets expand and models become more
physically grounded, ML predictions are approaching the accu-
racy required to guide experiments, dramatically reducing the
search space for high-performance materials.

3.4.2 Generative Design

Building upon the advances achieved in predictive modelling,
generative ML has emerged as a complementary paradigm for
the inverse design of AIs with enhanced charge-transport per-
formance. Instead of estimating charge-mobility descriptors for
known compounds, these models autonomously generate new
molecular structures optimised for transport-relevant properties.
Early studies primarily focused on minimising the intramolecu-
lar reorganisation energy (λ), a key descriptor governing charge-
transfer rates in the Marcus regime.235 More recent work has
expanded this scope to incorporate intermolecular interactions,
packing motifs, and morphology-related descriptors, thereby ad-
dressing the condensed-phase nature of charge transport.

The first explicit demonstration of a transport-oriented gener-
ative framework was presented by Kunkel et al. (2021),108 who
coupled molecular morphing with Bayesian active learning to ex-

plore π-conjugated chemical space. Their closed-loop workflow
jointly optimised reorganisation energy, charge-injection barri-
ers, and mobility-related proxies, successfully identifying previ-
ously unreported high-mobility candidates. Building on this foun-
dation, Marques et al. (2021)105 implemented the REINVENT
reinforcement-learning algorithm to design heteroacenes with re-
duced hole reorganisation energies, demonstrating that on-policy
reinforcement learning can effectively guide molecular genera-
tion toward improved transport characteristics.

Subsequent studies have refined and benchmarked gener-
ative algorithms for transport-oriented optimisation. Staker
et al. (2022)103 compared four de novo frameworks, MolDQN,
GraphGA, GENTRL, and ChemTS, using a dataset of 250,000 DFT-
calculated reorganisation energies. GraphGA achieved the best
balance between chemical validity, novelty, and exploration ef-
ficiency, producing synthetically plausible low-λ molecules later
confirmed through quantum-chemical validation. In a related
effort, Kwak et al. (2022)232 combined a goal-directed recur-
rent neural network with deep reinforcement learning to design
hole-transport materials. The model integrated high-throughput
molecular simulations directly into the generation loop, yielding
compounds with hole reorganisation energies below 0.2 eV and
linking molecular design to predicted mobility. More recently,
Kawagoe et al. (2024)251 coupled Bayesian optimisation with
learned molecular embeddings to efficiently locate low-λ candi-
dates while quantifying the role of descriptor selection and acqui-
sition strategy on search performance.

As discussed across preceding domains, a persistent challenge
in generative molecular design is achieving a balance between
electronic performance, chemical realism, and experimental fea-
sibility. Unconstrained optimisation often yields electronically
ideal but synthetically inaccessible or thermally unstable struc-
tures. To address this, recent studies have incorporated physi-
cal constraints and empirical design rules directly into genera-
tive objectives, enabling models to account for both functionality
and manufacturability. Multi-objective optimisation frameworks
have become particularly effective, coupling charge-transport de-
scriptors with stability-related metrics to ensure holistic per-
formance. For instance, Kwak et al. (2022)232 employed a
composite reward function integrating HOMO–LUMO alignment,
hole reorganisation energy, and glass-transition temperature (Tg),
a surrogate for morphological robustness, resulting in candi-
date materials that combined high mobility with enhanced ther-
mal and structural stability. These developments mark a shift
from single-property optimisation toward integrated, closed-loop
frameworks that unify molecular generation, surrogate predic-
tion, and physics-based validation. In such systems, genera-
tive models propose candidate structures, ML surrogates estimate
charge-transport descriptors such as λ and electronic coupling,
and quantum-chemical or kinetic simulations provide final verifi-
cation. The convergence of data-driven design and physical mod-
elling thus establishes a scalable pathway for the rational discov-
ery of high-mobility MSCs.

Table S2 summarises representative generative and inverse-
design studies across multiple domains, illustrating the growing
methodological diversity and scope of AI-assisted molecular dis-
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covery. A decade ago, the design of new small-molecule semi-
conductors relied primarily on chemical intuition and analogue
synthesis; today, AI-driven pipelines routinely propose novel scaf-
folds with superior predicted performance, accelerating the ex-
ploration of chemical space far beyond human intuition.92,166 Re-
maining challenges include enforcing synthetic accessibility, en-
suring accurate surrogate predictions, and balancing conflicting
objectives such as mobility, stability, and ease of processing, is-
sues that define the next frontier of generative AI in AI design.

These generative strategies highlight the computational
promise of inverse molecular design; however, their transla-
tion to practical charge-transport material discovery remains lim-
ited. Among the five generative studies identified in this do-
main, none reported experimental validation of computationally
proposed molecules, nor did they include external validation us-
ing independent test sets. This gap is particularly relevant for
charge-transport applications, where predicted mobilities must
ultimately be corroborated through device fabrication and test-
ing to assess energy-level alignment, thin-film morphology, and
environmental stability. Broader challenges common to genera-
tive approaches, including dataset bias and limited reporting of
negative outcomes, are discussed in Section 3.5.

3.5 Challenges and Opportunities
The integration of AI into AI discovery has substantially advanced
materials design, yet several persistent challenges constrain its
full transformative potential. These include the scarcity, hetero-
geneity, and limited interoperability of available datasets; the re-
stricted generalisability of models across distinct chemical fam-
ilies; and the reliance on incomplete or task-specific molecular
representations that impede transferability and mechanistic in-
sight. Further limitations arise from the insufficient treatment of
predictive uncertainty, the gap between computational prediction
and experimental realisation, and the absence of interpretable,
physically grounded frameworks linking model outputs to chem-
ical principles. Addressing these interdependent issues within a
unified methodological framework is essential to enable robust,
transferable, and experimentally meaningful AI-guided materials
discovery. The following sections provide a detailed discussion of
these challenges.

3.5.1 Data and Representation Challenges

The predictive reliability of ML models for MSCs depends funda-
mentally on the quality, diversity, and completeness of the data
used for training. Experimentally measured properties such as
charge-carrier mobility, optical bandgap, and PCE remain limited
in both quantity and scope, with available data often biased to-
ward high-performing materials.277–279 This publication bias pre-
vents models from learning from low-performing or failed sys-
tems, restricting the diversity of examples and narrowing the ac-
cessible design space. As a result, ML models frequently overes-
timate their predictive power and struggle to generalise beyond
known chemical families. This limitation is compounded by re-
stricted data accessibility, with only 110 of the 237 studies re-
viewed providing openly accessible datasets suitable for indepen-
dent validation and reuse, as documented in the accompanying

Electronic Supplementary Information (CSV file).
To compensate for the scarcity of experimental data, most

studies rely on computationally generated datasets derived
from DFT, TD-DFT, or semi-empirical quantum-chemical calcu-
lations.88,89,219 These datasets offer scalability, internal consis-
tency, and systematic exploration of chemical space, forming the
foundation of current ML development. Large community initia-
tives such as the Harvard Clean Energy Project,26 the Harvard
Organic Photovoltaic Dataset,279 and the PubChemQC Project99

have established valuable computational baselines for bench-
marking and model training.

However, these resources remain inherently theoretical and
therefore lack the experimental fidelity required for accurate pre-
diction of device performance. Information essential to real-
world functionality, such as morphology, molecular packing, pro-
cessing conditions, and degradation pathways, is typically beyond
the scope of first-principles datasets.280 Likewise, metadata cen-
tral to experimental reproducibility, including fabrication parame-
ters, measurement protocols, and environmental stability metrics,
are intrinsically absent, limiting model transferability across data
domains.

A further limitation lies in their narrow chemical diversity.
Many available datasets are confined to specific donor–acceptor
families or fused-ring systems,139 which limits model generalis-
ability to new molecular scaffolds or device architectures.281 In
addition, negative or low-performing examples, molecules that
are synthetically feasible but fail to meet target thresholds, are
rarely reported. Without such counterexamples, models tend to
overfit to successful data and cannot learn to distinguish pro-
ductive from unproductive designs. The deliberate inclusion
of synthetic negative samples or controlled noise, as demon-
strated in two-dimensional materials discovery,282 could enhance
model discrimination and robustness by exposing algorithms to
the boundaries of viable chemical space.

Progress in this area also depends on improving the quality,
consistency, and accessibility of available data. The absence of
standardised data formats, metadata conventions, and measure-
ment protocols continues to limit reproducibility and compara-
bility across studies. The adoption of FAIR data principles (Find-
able, Accessible, Interoperable, and Reusable)283 and the system-
atic reporting of low-performing materials284 would establish a
more balanced and transparent data ecosystem. Open, version-
controlled repositories that incorporate uncertainty estimates and
standardised metadata would further enable reproducible bench-
marking and closer collaboration between computational and ex-
perimental communities.

Because generating new experimental data remains slow
and resource-intensive, data-efficient learning strategies have
emerged as practical solutions for maximising the value of ex-
isting information. Active learning algorithms identify simula-
tions or experiments expected to yield the greatest information
gain,62,285 guiding exploration toward the most informative re-
gions of chemical space. Complementary approaches, such as
transfer learning, enable models trained on related datasets to
improve predictions in data-scarce domains by reusing learned
representations.58 These strategies have been successfully ap-
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Second Zagreb Index: 111
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Fig. 11 Common molecular representations and feature encoding frameworks used in data-driven modelling of MSCs. These representations form
the critical link between molecular structure and machine learning, allowing algorithms to interpret chemical connectivity, electronic structure, and
intermolecular interactions for property prediction and materials optimisation.

plied to predict key molecular properties including frontier or-
bital energies,56 reorganisation energies, and charge-carrier mo-
bilities,58,273 demonstrating that meaningful generalisation can
be achieved even under data constraints.

Beyond data availability, how molecular information is repre-
sented within ML algorithms constitutes a second major limita-
tion. Molecular representations define how structural and elec-
tronic features are encoded, directly influencing model accuracy,
interpretability, and transferability (Figure 11). Early studies re-
lied on handcrafted descriptors such as extended-connectivity fin-
gerprints,137 topological indices,286 and quantum-chemical fea-
tures.139 These representations are computationally efficient and
interpretable but fail to capture critical aspects such as three-
dimensional conformation, stereochemistry, and intermolecular
interactions, which strongly affect charge transport and excited-
state behaviour. The introduction of graph-based learning marked
a turning point, with graph neural networks enabling data-driven
feature extraction directly from molecular connectivity.287 De-
spite their success, many implementations remain restricted to
two-dimensional molecular graphs and therefore neglect spa-
tial information that is essential for accurately describing struc-
ture–property relationships.

Recent progress has focused on incorporating explicit
three-dimensional information into molecular representations.
Message-passing neural networks with geometric edge fea-
tures,38 equivariant neural networks,288 and conformer-aware
embeddings289 have all demonstrated improved performance for

geometry-sensitive properties such as reorganisation energies257

and charge-transfer integrals.273 However, these models depend
on accurate molecular geometries, which are computationally ex-
pensive to generate and sensitive to conformer selection, espe-
cially for flexible or disordered systems.

Capturing solid-state and mesoscale effects represents the next
frontier in molecular representation for MSCs. Device perfor-
mance depends not only on molecular structure but also on pack-
ing, morphology, and interfacial interactions.290–292 To bridge
this molecular-to-device gap, new representations must integrate
information across multiple length scales, combining molecular,
crystallographic, and morphological descriptors. Promising di-
rections include the use of packing efficiency metrics, crystal
symmetry parameters, and intermolecular coupling features de-
rived from molecular dynamics simulations or experimental char-
acterisation.293 Physics-informed neural networks and differen-
tiable molecular dynamics frameworks provide additional oppor-
tunities to embed physical constraints directly into model archi-
tectures, enabling the prediction of temperature-dependent be-
haviour, morphological evolution, and long-term stability.

Looking forward, advancing data and representation frame-
works will be essential for achieving robust and interpretable
AI-driven materials discovery. Future priorities include the in-
tegration of experimental and computational data within FAIR-
compliant repositories, the use of active and transfer learning
to enhance data efficiency, and the development of multiscale,
physics-informed representations that capture both molecular
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structure and device-level phenomena. These advances will en-
able reliable, transparent, and experimentally relevant ML mod-
els capable of accelerating the rational design of next-generation
MSCs.

3.5.2 Generalisation and Domain Transfer

Many ML models achieve high accuracy on standard test sets
but fail to generalise to novel chemical families outside their
training distribution.225 This limitation is particularly severe in
exploratory or data-scarce settings where models must extrap-
olate into previously unrepresented chemical spaces. Conven-
tional validation techniques, such as random or stratified cross-
validation,281,294 often overestimate model performance because
structurally similar compounds appear in both training and test
sets. In contrast, domain-aware evaluation schemes, such as
Leave-One-Group-Out cross-validation that partitions data by
scaffold or chemical family, provide a more realistic assessment
of model transferability and typically reveal substantial drops in
accuracy for out-of-domain samples.249,281 Without such rigor-
ous validation, models risk over-fitting dominant chemotypes and
producing unreliable predictions when faced with new molecular
motifs.

This fragility often stems from the chemical homogeneity of
available datasets. Models trained primarily on fused hete-
rocycles,295 donor–acceptor cores,296 or specific π-conjugated
frameworks69 learn narrow structure–property heuristics297 that
fail when encountering unfamiliar bonding topologies or het-
eroatom arrangements.75 Even minor structural variations, such
as introducing electron-withdrawing substituents or modifying π-
bridge positions, can substantially alter optoelectronic behaviour
and invalidate extrapolations. Expanding chemical diversity and
adopting scaffold-aware validation protocols are therefore es-
sential for improving model robustness. Complementary strate-
gies, including transfer learning and domain-adaptation tech-
niques,56,57,104,298 can help extend model applicability across
related datasets. In parallel, geometric and equivariant neural
networks offer the potential to learn more universal structure-
based features that enhance generalisation across chemical fami-
lies.57,148,299

Looking forward, improving model generalisation will require
community-wide adoption of scaffold-based validation standards,
greater chemical diversity in benchmark datasets, and systematic
integration of domain-adaptation and uncertainty-analysis meth-
ods. Such practices will enable models that not only interpolate
within known systems but also extrapolate reliably to new chem-
ical spaces.

3.5.3 Uncertainty Quantification and Model Reliability

As ML increasingly drives high-throughput screening and gener-
ative design, assessing predictive confidence has become essen-
tial for ensuring reliability. Models that perform well on famil-
iar data may produce misleading results when applied to novel
molecules. Without explicit uncertainty estimates, researchers
risk over-trusting unreliable predictions, leading to wasted exper-
imental effort and inefficient use of resources.300

Several complementary approaches exist for quantifying pre-

dictive uncertainty. Model ensembling estimates confidence
from the variance across independently trained models,301 while
Bayesian methods, including Gaussian processes262 and Bayesian
neural networks,302 offer principled probabilistic predictions
with credible intervals. Monte Carlo dropout provides a computa-
tionally tractable approximation of Bayesian inference by apply-
ing dropout at inference time to produce distributions from a sin-
gle network.303–305 Each method involves trade-offs: ensembles
improve robustness but are computationally demanding, whereas
dropout-based methods are efficient but can underestimate un-
certainty in extrapolative regions.

Applicability-domain (AD) analysis complements UQ by iden-
tifying whether a molecule lies within the scope of the train-
ing distribution. AD frameworks employ distance-based similar-
ity measures,100,306 density estimation, or statistical outlier de-
tection algorithms307 to flag predictions that are likely unreli-
able. Integrating UQ and AD analyses into ML pipelines enables
early detection of low-confidence predictions and more efficient
allocation of experimental resources. Despite these advantages,
uncertainty-aware practices remain under-represented in MSC re-
search.108,308

Looking forward, embedding UQ and AD analysis directly into
model development and evaluation will be crucial for establishing
trust and reproducibility. Future benchmarks should assess both
predictive accuracy and calibration quality, while active-learning
workflows should incorporate uncertainty-based acquisition func-
tions to prioritise the most informative experiments.

3.5.4 Experimental Viability and Multi-objective Design

Although AI-guided discovery has accelerated molecular design,
a persistent gap remains between computational predictions and
experimentally realisable materials. Most ML-driven studies op-
timise isolated-molecule properties such as reorganisation energy
or frontier orbital alignment while neglecting practical constraints
related to synthesis, stability, and processability.107,142,309,310 As
a result, generative models frequently propose compounds that
are synthetically infeasible, chemically unstable, or unsuitable for
device fabrication.311 This disconnect is evident in quantitative
trends across the literature. Of the 237 studies included in this
review, only 38 report any form of experimental validation, as
documented in the Electronic Supplementary Information (CSV).
The imbalance is particularly pronounced among generative de-
sign studies, where only 5 of the 46 works include experimental
synthesis or device-level evaluation.

Where experimental validation is reported, it is typically lim-
ited to a small number of top-ranked candidates. None of the re-
viewed studies provides systematic statistics on unsuccessful syn-
theses or failed experimental outcomes. The absence of negative-
result reporting prevents quantitative assessment of success rates
for AI-predicted candidates and likely reflects a combination of
publication bias and practical constraints associated with experi-
mental follow-up. As a result, objective evaluation of model reli-
ability and generalisability remains limited.

Post hoc screening techniques such as the synthetic accessibility
score (SAscore),312 synthetic complexity score (SCScore),313 and
retrosynthetic planning tools including ASKCOS314 and AiZyn-
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thFinder315 are often used to filter unrealistic candidates. While
these methods help eliminate impractical designs, they are in-
herently reactive and inefficient because they discard large re-
gions of generated chemical space after screening. A more ef-
fective approach incorporates feasibility directly into the gener-
ative process. Fragment-based assembly rules such as BRICS316

and RECAP317 can constrain molecular construction to syntheti-
cally plausible motifs. Surrogate descriptors such as logP, Hansen
solubility parameters, bond-dissociation energies, and predicted
glass-transition temperatures318–320 can also be included as opti-
misation objectives to balance processability and stability along-
side electronic performance. Integrating retrosynthetic analysis
within closed-loop optimisation workflows further ensures that
synthetic accessibility influences candidate prioritisation from the
outset.

Since high-performing MSCs must satisfy multiple, often com-
peting requirements, including electronic performance, stabil-
ity, and manufacturability, multi-objective optimisation frame-
works are indispensable. Techniques such as evolutionary al-
gorithms, reinforcement learning, and Bayesian optimisation
have been used to identify Pareto-optimal solutions that balance
trade-offs across diverse property spaces.321–323 Adaptive weight-
ing schemes that incorporate experimental feedback represent a
promising avenue toward more realistic optimisation of material
performance.

Looking forward, embedding synthetic feasibility, processabil-
ity, and stability constraints directly within generative and optimi-
sation models will be essential for translating computational pre-
dictions into experimentally viable materials. Equally important
will be improved reporting practices, including transparent dis-
closure of unsuccessful predictions and failed experimental val-
idations, to enable rigorous benchmarking and fair assessment
of AI-driven design strategies. The development of benchmark
datasets that include experimentally measured stability and man-
ufacturability metrics will further enable AI systems to propose
MSCs that are both high-performing and practical to realise in
the laboratory.

3.5.5 Interpretability and Physical Insight

As ML becomes increasingly central to the discovery of MSCs, the
interpretability of model predictions has emerged as a critical is-
sue. While deep neural networks324 and graph-based models325

can achieve high predictive accuracy, their decision processes are
often opaque. This lack of transparency limits scientific under-
standing, hinders trust in model outputs, and reduces the prac-
tical value of AI tools for experimental research. For chemists
and materials scientists, it is not enough for a model to predict
that a molecule will perform well; understanding the underlying
reasons is essential for validating hypotheses, rationalising struc-
ture–property relationships, and guiding synthesis.326

The opacity of many high-performing ML models also com-
plicates error analysis and limits the ability to derive transfer-
able design principles. Without insight into which features drive
a prediction, it becomes difficult to identify biases, detect fail-
ure modes, or translate computational results into physical in-
tuition.112 To address this challenge, recent work has focused
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Fig. 12 Representative SHAP summary plot showing the relative contri-
bution and directional influence of molecular descriptors on model pre-
dictions. Each point represents a molecule, where the feature colour de-
notes the descriptor value and the horizontal position indicates whether
the feature increases or decreases the predicted property. The example
is schematic and provided for illustrative purposes only.

on developing interpretability frameworks that explain how in-
put features influence model outputs. Among the most widely
used approaches are SHAP (SHapley Additive exPlanations),327

LIME (Local Interpretable Model-Agnostic Explanations),328 and
gradient-based feature attribution methods.329 These techniques
provide quantitative or visual insight into the relationship be-
tween molecular descriptors and predicted properties.

SHAP has become one of the most effective and widely adopted
methods for model interpretation. It assigns each input feature
a contribution value indicating how much that feature increases
or decreases the predicted outcome. Figure 12 illustrates a rep-
resentative SHAP summary plot, where each point corresponds
to a molecule. The colour indicates the magnitude of a specific
descriptor, while the horizontal position shows whether that de-
scriptor increases or decreases the target property. The overall
spread of points reflects the global importance of that feature.
For example, a cluster of red points with positive SHAP values
for electron affinity indicates that higher electron affinity tends
to enhance predicted device efficiency. By transforming high-
dimensional numerical outputs into chemically meaningful pat-
terns, SHAP enables us to connect data-driven predictions with
mechanistic insight.

This approach has been successfully applied in several recent
studies. Das et al. (2024)330 used SHAP analysis to identify the
molecular descriptors most strongly affecting PCE, VOC, JSC, and
FF in OPVs. Their analysis revealed that the acceptor oscillator
strength, electron affinity, and the Gibbs free energy of charge
transfer were the dominant contributors to device performance.
Similarly, Abadi et al. (2022)331 demonstrated that reorganisa-
tion energy and heteroatom count were key determinants of PCE.
These studies illustrate how SHAP facilitates a direct link between
model predictions and chemically interpretable variables.

Beyond feature-level analysis, interpretability can also be
achieved through methods embedded directly within model ar-
chitectures. Graph-based attention mechanisms332 and gradient-
based saliency maps329 have been applied to graph neural net-
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Fig. 13 Example saliency map illustrating atom-level feature importance.
Regions of high influence are shown in red, while regions with lower
influence appear in blue. The molecular structure and annotations are
illustrative and not based on specific data.

works to visualise which atoms or structural motifs most strongly
influence a prediction. Figure 13 shows a schematic example in
which atomic regions with greater influence are highlighted in red
and less influential regions appear in blue. These maps are partic-
ularly valuable in MSCs research, where small structural modifi-
cations, such as adjusting π-bridge length or substituent position,
can significantly alter optoelectronic properties.

Another promising direction is the development of hybrid or
physics-informed models that combine interpretable physical de-
scriptors with data-driven architectures.333–335 These models in-
tegrate features such as HOMO and LUMO energies, reorgani-
sation energies, dipole moments, and singlet–triplet energy gaps
within interpretable frameworks such as tree-based algorithms or
symbolic regressors. While they may sacrifice some predictive ac-
curacy compared to deep neural networks, they provide clearer
physical insight and better alignment with established theory.

In some cases, symbolic regression and equation-discovery
techniques have been employed to derive explicit, human-
readable relationships that capture structure–property
trends.218,336,337 This integration of mechanistic understanding
with statistical learning represents a key step toward transparent
and scientifically grounded AI models.

Latent-space visualisation provides another valuable inter-
pretability tool.338 When applied to embeddings produced by au-
toencoders or graph neural networks, low-dimensional maps can
reveal clusters of molecules with shared features, uncover hidden
structure–property relationships, and identify outliers that devi-
ate from expected design patterns.55,339 When coloured or la-
belled by experimental performance, such maps offer an intuitive
overview of how the model organises chemical space, providing
a bridge between prediction and intuition.

Looking forward, improving interpretability will be crucial for
building trust and extracting mechanistic understanding from AI-
guided molecular design. Future progress will require frame-
works that integrate physically meaningful descriptors with ex-
plainable architectures, combine uncertainty estimation with in-
terpretability analysis, and establish community benchmarks for
transparent and reproducible model evaluation. Embedding in-
terpretability as a core principle, rather than a post-hoc addition,
will enable ML models that not only predict performance but also
reveal the physical and chemical logic that governs it.

The challenges discussed above are deeply interlinked. Lim-
ited and biased data restrict model generalisation, weak gen-
eralisation amplifies uncertainty, ignoring synthetic constraints
undermines experimental translation, and limited interpretabil-
ity obscures mechanistic insight. Addressing these issues re-
quires unified, physics-aware frameworks that jointly advance
data infrastructure, domain-aware validation, uncertainty quan-
tification, and interpretability tools. Achieving this level of inte-
gration will transform AI from a primarily predictive instrument
into a reliable and explanatory partner in the rational design of
next-generation MSCs.

One tangible response to these interlinked challenges is
the emergence of closed-loop, AI-driven experimental work-
flows that embed ML models directly within iterative de-
sign–make–test–analyse cycles. Such frameworks provide a uni-
fying mechanism through which restricted generalisation, uncer-
tainty amplification, limited interpretability, and weak experi-
mental translation can be addressed simultaneously. By coupling
predictive, generative, and active-learning strategies with auto-
mated synthesis and experimental feedback, closed-loop systems
enable continuous model refinement under physically and syn-
thetically realistic constraints. In this setting, interpretability and
uncertainty estimation become integral to experimental decision-
making rather than retrospective analytical tools.

Importantly, recent methodological advances demonstrate that
this level of integration is no longer purely conceptual but increas-
ingly experimentally operational.340,341 Within MSC research,
however, such paradigms remain the exception rather than the
norm. As shown across the preceding sections of this review, the
majority of AI-driven studies continue to rely on in silico screen-
ing or limited experimental validation applied after model devel-
opment, with only a small subset embedding ML models within
genuinely iterative experimental workflows.

Progress in laboratory automation has nevertheless enabled the
first realisations of fully closed-loop, “self-driving” laboratories for
organic electronic materials. To date, the most advanced demon-
strations are found in small-molecule organic semiconductor
lasers, where autonomous platforms couple ML–guided molecu-
lar selection with automated cross-coupling synthesis and in-line
or quasi-in-line optical characterisation.342,343 In these systems,
candidate molecules are proposed algorithmically, synthesised
through automated workflows, and evaluated using rapid opti-
cal measurements, with experimental outputs returned directly
to the learning model to guide subsequent iterations. The optimi-
sation and coordination of these workflows are typically achieved
using Bayesian optimisation frameworks, including ChemOS344

and Phoenics345, as well as more recent efforts aimed at improv-
ing the accessibility and integration of Bayesian optimisation tools
within experimental environments.346

While these demonstrations validate the technical feasibility of
AI-driven experimental autonomy, they also highlight the con-
straints that currently limit broader translation to MSCs. In par-
ticular, reliable automation of synthesis, materials handling, and
performance-relevant characterisation remains a dominant bot-
tleneck, especially for solid-state assembly and device-level eval-
uation. Consequently, and consistent with the validation gaps
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identified across predictive and generative studies in this review,
existing self-driving platforms are largely restricted to solution-
phase measurements or proxy performance metrics.347 Neverthe-
less, these early successes establish a credible pathway toward
future autonomous discovery frameworks that integrate molec-
ular design with materials processing and device-level perfor-
mance assessment, positioning AI as an experimentally grounded,
decision-making component of MSC research rather than solely a
predictive surrogate.

4 Conclusion and Outlook
AI is redefining the discovery and design of MSCs by connecting
chemical structure to electronic and photonic function through
data-driven understanding. This systematic review analysed 237
studies published between 2010 and 2025 to provide a compre-
hensive assessment of how AI has advanced the field from con-
ventional computational modelling to predictive, generative, and
physically informed discovery. The collective evidence demon-
strates that AI has become an essential tool for accelerating inno-
vation and deepening mechanistic insight in molecular materials
research.

Across the four principal research domains, i.e., electronic
structure, photoactive materials, emissive systems, and charge
transport, AI has achieved significant progress. In electronic
structure prediction, ML models have reached near-quantum ac-
curacy while reducing computational cost by orders of magni-
tude. In photoactive and emissive materials, predictive and gen-
erative frameworks have enabled the rational design of high-
performance donors, acceptors, and emitters by directly linking
molecular architecture to optoelectronic behaviour. In charge
transport, hybrid and physics-informed models have begun to
clarify the combined effects of morphology, disorder, and elec-
tronic coupling on carrier mobility. These advances demonstrate
that AI now functions not only as a predictive tool but also as a
powerful framework for uncovering the physical principles that
underpin material performance.

The methodological foundations of this research have ex-
panded in both depth and diversity. Tree-based and linear models
remain valuable due to their interpretability, robustness, and re-
liability, while graph-based and message-passing neural networks
have become essential for encoding molecular topology and elec-
tronic interactions. Generative and diffusion-based models fur-
ther extend these capabilities by enabling inverse design, allow-
ing algorithms to propose and optimise molecular structures that
satisfy defined physical or functional objectives. These advances
reflect a shift from purely data-driven prediction toward intelli-
gent exploration, in which AI functions as an integrated scientific
framework for guiding molecular design.

Despite these advances, several key challenges persist. Data
availability and quality remain uneven, which restricts repro-
ducibility and transferability across studies. Only 110 of the
237 studies reviewed provide openly accessible datasets, and just
58 release executable code, limiting independent benchmarking,
methodological reuse, and long-term reproducibility. Benchmark-
ing standards also vary widely across the literature, constrain-
ing cross-comparability and obscuring true model performance.

In addition, many high-capacity neural models continue to func-
tion as opaque systems that deliver accurate predictions but of-
fer limited chemical insight. Experimental validation remains the
exception rather than the norm, with only 38 studies reporting
experimental confirmation of AI-predicted MSCs. This pattern
highlights a persistent disconnect between computational discov-
ery and laboratory realisation. Addressing these challenges will
require coordinated, community-wide efforts to establish open
and standardised datasets, transparent validation protocols, and
learning architectures that incorporate physical constraints and
uncertainty quantification. Building these foundations will help
ensure that AI-driven discovery remains credible, interpretable,
and scientifically meaningful.

AI now occupies a central position in MSC research, provid-
ing a unifying framework that links theory, computation, and ex-
periment within increasingly adaptive discovery pipelines. While
predictive and generative models have already transformed how
chemical space is explored, their long-term impact will depend
on the maturation of data infrastructure, transparent validation
practices, and deeper integration with experimental workflows.
The convergence of AI with automation, robotics, and high-
throughput experimentation offers a credible route toward self-
driving discovery systems, but realising this vision will require
community-wide commitments to open data, reproducible bench-
marks, and experimentally grounded feedback loops. As these
foundations are established, AI will evolve from a powerful ac-
celerant of screening into a reliable, decision-making partner in
materials design, enabling MSCs to be developed not by intuition
alone, but through systematic, evidence-driven optimisation for
future electronic and photonic technologies.
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All data supporting this review are publicly available in the Supporting Information. This includes a 
PDF document containing the PRISMA 2020 checklist, the PRISMA 2020 flow diagram, and the full 
Boolean search strings used for literature retrieval, as well as a CSV file providing a structured database 
of all studies included in the review. The CSV dataset contains extracted metadata for each study, 
including publication details, application domain (e.g. electronic structure, photoactive, emissive, or 
charge-transport materials), AI and ML methodologies employed, target properties or performance 
metrics, data provenance (experimental, computational, or hybrid), validation strategy, and the 
presence or absence of experimental verification.
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