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The Supporting Information includes the PRISMA 2020 flow diagram (Figure S1)
and PRISMA 2020 checklist (Figure S2), the exact Boolean search strings and filter-
ing criteria applied to all queried databases (Section 2) and tables of representative
predictive (Table S1) and generative (Table S2) studies.

1 PRISMA checklist and flow diagram

Figure S1 presents the PRISMA 2020 flow diagram for this systematic review, sum-
marising the study identification, screening, and inclusion process across all databases.
The diagram reports the number of records identified, duplicates removed, records
excluded at title/abstract and full-text screening stages, and the final set of studies
included in the qualitative synthesis, in accordance with PRISMA guidelines. Stud-
ies excluded at the full-text screening stage comprise works focused on polymeric
systems,[1-24] review articles,[25-33] or studies not addressing organic semiconductor
applications.[34] Figure S2 provides the completed PRISMA 2020 checklist, indicating
where each reporting item is addressed in the main text or Supporting Information.

PRISMA 2020 flow diagram for new systematic reviews which included searches of databases and registers only
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*Consider, if feasible to do so, reporting the number of records identified from each database or register searched (rather than the
total number across all databases/registers).

**If automation tools were used, indicate how many records were excluded by a human and how many were excluded by
automation tools.

Figure S1: PRISMA 2020 flow diagram illustrating the study identification, screening,
and inclusion process for the systematic review across all searched databases. Figure
adapted from Page et al.[35].



PRISMA 2020 Checklist

cation where item i

reported

assessment

for an outcome.

Title 1 | Identify the report as a systematic review. Title
ABSTRACT
Abstract 2 | See the PRISMA 2020 for Abstracts checklist. -
INTRODUCTION
Rationale Describe the rationale for the review in the context of existing knowledge. 1) Introduction
Objectives Provide an explicit statement of the objective(s) or question(s) the review addresses. 1) Introduction
METHODS
Eligibility 5 | Specify the inclusion and exclusion criteria for the review and how studies were grouped | 2.1) Search Strategy and
criteria for the syntheses. Inclusion Criteria
Information 6 | Specify all databases, registers, websites, organisations, reference lists and other 2.1) Search Strategy and
sources sources searched or consulted to identify studies. Specify the date when each source Inclusion Criteria
was last searched or consulted.
Search strategy 7 | Present the full search strategies for all databases, registers and websites, including any | Supporting information —
filters and limits used. Section 1)
Selection 8 | Specify the methods used to decide whether a study met the inclusion criteria of the 2.2) Study selection and
process review, including how many reviewers screened each record and each report retrieved, Data Extraction
whether they worked independently, and if applicable, details of automation tools used
in the process.
Data collection 9 | Specify the methods used to collect data from reports, including how many reviewers 2.2) Study selection and
process collected data from each report, whether they worked independently, any processes for | Data Extraction
obtaining or confirming data from study investigators, and if applicable, details of
automation tools used in the process.
Data items 10a | List and define all outcomes for which data were sought. Specify whether all results that | 2.3) Quality assessment
were compatible with each outcome domain in each study were sought (e.g. for all
measures, time points, analyses), and if not, the methods used to decide which results
to collect.
10b | List and define all other variables for which data were sought (e.g. participant and -
intervention characteristics, funding sources). Describe any assumptions made about
any missing or unclear information.
Study risk of 11 | Specify the methods used to assess risk of bias in the included studies, including details | 2.3) Quality assessment
bias of the tool(s) used, how many reviewers assessed each study and whether they worked
assessment independently, and if applicable, details of automation tools used in the process.
Effect 12 | Specify for each outcome the effect measure(s) (e.g. risk ratio, mean difference) used in | 2.2) Study selection and
measures the synthesis or presentation of results. Data Extraction
Synthesis 13a | Describe the processes used to decide which studies were eligible for each synthesis 2.3) Quality assessment
methods (e.g. tabulating the study intervention characteristics and comparing against the planned
groups for each synthesis (item #5)).
13b | Describe any methods required to prepare the data for presentation or synthesis, such -
as handling of missing summary statistics, or data conversions.
13c | Describe any methods used to tabulate or visually display results of individual studies 2.2) Study selection and
and syntheses. Data Extraction
13d | Describe any methods used to synthesize results and provide a rationale for the 2.2) Study selection and
choice(s). If meta-analysis was performed, describe the model(s), method(s) to identify Data Extraction
the presence and extent of statistical heterogeneity, and software package(s) used.
13e | Describe any methods used to explore possible causes of heterogeneity among study -
results (e.g. subgroup analysis, meta-regression).
13f | Describe any sensitivity analyses conducted to assess robustness of the synthesized 2.2) Study selection and
results. Data Extraction
Reporting bias 14 | Describe any methods used to assess risk of bias due to missing results in a synthesis -
assessment (arising from reporting biases).
Certainty 15 | Describe any methods used to assess certainty (or confidence) in the body of evidence 2.3) Quality assessment
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PRISMA 2020 Checklist

PRISMA
RESULTS
Study selection 16a | Describe the results of the search and selection process, from the number of records Supporting information —
identified in the search to the number of studies included in the review, ideally using a Prisma_flow_diagram.pdf
flow diagram.
16b | Cite studies that might appear to meet the inclusion criteria, but which were excluded, Supporting information —
and explain why they were excluded. Prisma_flow_diagram.pdf
Study 17 | Cite each included study and present its characteristics. Supporting information —
characteristics Database.csv
Risk of bias in 18 | Present assessments of risk of bias for each included study. Supporting information —
studies Database.csv
Results of 19 | For all outcomes, present, for each study: (a) summary statistics for each group (where Supporting information —
individual appropriate) and (b) an effect estimate and its precision (e.g. confidence/credible Database.csv
studies interval), ideally using structured tables or plots.
Results of 20a | For each synthesis, briefly summarise the characteristics and risk of bias among Supporting information —
syntheses contributing studies. Database.csv
20b | Present results of all statistical syntheses conducted. If meta-analysis was done, Supporting information —
present for each the summary estimate and its precision (e.g. confidence/credible Database.csv
interval) and measures of statistical heterogeneity. If comparing groups, describe the
direction of the effect.
20c | Present results of all investigations of possible causes of heterogeneity among study 3) Landscape of Al
results. Application in Molecular
Semiconductor Research
20d | Present results of all sensitivity analyses conducted to assess the robustness of the Supporting information —
synthesized results. Database.csv
Reporting 21 | Present assessments of risk of bias due to missing results (arising from reporting -
biases biases) for each synthesis assessed.
Certainty of 22 | Present assessments of certainty (or confidence) in the body of evidence for each Supporting information —
evidence outcome assessed. Database.csv
DISCUSSION
Discussion 23a | Provide a general interpretation of the results in the context of other evidence. 3) Landscape of Al
Application in Molecular
Semiconductor Research
23b | Discuss any limitations of the evidence included in the review. Supporting information —
Database.csv
23c | Discuss any limitations of the review processes used. 2.3) Quality assessment
23d | Discuss implications of the results for practice, policy, and future research. 3.5) Challenges and
Opportunities
OTHER INFORMATION
Registration 24a | Provide registration information for the review, including register name and registration -
and protocol number, or state that the review was not registered.
24b | Indicate where the review protocol can be accessed, or state that a protocol was not -
prepared.
24c | Describe and explain any amendments to information provided at registration or in the -
protocol.
Support 25 | Describe sources of financial or non-financial support for the review, and the role of the -
funders or sponsors in the review.
Competing 26 | Declare any competing interests of review authors. Conflicts of Interest
interests
Availability of 27 | Report which of the following are publicly available and where they can be found: Data availability
data, code and template data collection forms; data extracted from included studies; data used for all
other materials analyses; analytic code; any other materials used in the review.

Figure S2: Completed PRISMA 2020 checklist indicating the location of each reporting
item within the main text and Supporting Information. Figure adapted from Page et
al.[35].



2 Boolean searches

2.1 Scopus

Boolean: TITLE-ABS-KEY ((”artificial intelligence” OR ”machine learning” OR ”deep
learning” OR "neural network®” OR ”reinforcement learning” OR ”data-driven”) AND
(”organic semiconductor®*” OR ”organic electronic*” OR ”organic semiconducting ma-

terial®” OR ”small-molecule” OR ”molecular semiconductor*” OR ”"OLED” OR ”Or-

ganic Light-Emitting Diodes” OR ”organic photovoltaic*”)) AND PUBYEAR ; 2009

AND PUBYEAR ;2025 AND (LIMIT-TO(DOCTYPE,”ar”) OR LIMIT-TO(DOCTYPE,”re”))
AND LIMIT-TO(LANGUAGE,”English”)

2.2 Web of science

Boolean: (TS=((“artificial intelligence* OR “machine learning“ OR “deep learning*
OR “neural network*“ OR “reinforcement learning“ OR “data-driven®“) AND (“organic
semiconductor*“ OR, “organic electronic*“ OR, “organic semiconducting material*“ OR,
“small-molecule“ OR “molecular semiconductor®*“ OR “OLED“ OR “Organic Light-
Emitting Diodes” OR “organic photovoltaic*“))) AND LA=(English)

Filters: custom date range 2010-2025

2.3 ACS

Boolean: (”artificial intelligence” OR ”machine learning” OR ”deep learning” OR "neu-
ral network*” OR "reinforcement learning” OR ”data-driven”) AND (”organic semi-
conductor®” OR "organic electronics®” OR "organic semiconducting material*” OR
”small-molecule” OR ”molecular semiconductor*” OR ”"OLED” OR ”Organic Light-
Emitting Diodes” OR ”organic photovoltaic*”) NOT ”Drug”)

Filters: custom date range 2010-2025

2.4 RSC

Boolean: each combination individually and each with including NOT “drug” e.g. “ar-

tificial intelligence“ AND “organic semiconductor” NOT “drug”, “artificial intelligence “
AND *“organic electronic“ NOT “drug”

Filters: custom date range 2010-2025

2.5 Springer

Boolean: (“artificial intelligence“ OR “machine learning“ OR “deep learning“ OR “neu-
ral network“ OR “neural networks” OR “reinforcement learning“ OR “data-driven*)
AND (“organic semiconductors“ OR “organic semiconductor“ OR, “organic electronics”
OR “organic electronic“ OR “organic semiconducting materials“ OR “organic semicon-
ducting material © OR “small-molecule“ OR “molecular semiconductor*“ OR ”molecular
semiconductors” OR “OLED“ OR “Organic Light-Emitting Diodes” OR “organic pho-
tovoltaic“ OR, “organic photovoltaics”)

Filters: custom date range 2010-2025, English language, sorted by relevance

Note: Only the first 1000 papers are shown on Springer



2.6 PubMed

Boolean: each combination individually e.g. “artificial intelligence“ AND “organic
semiconductor”, “artificial intelligence“ AND “organic electronic*
Filters: custom date range 2010-2025, English language

2.7 Wiley Online Library

Boolean: (“artificial intelligence“ OR “machine learning“ OR “deep learning“ OR “neu-
ral network*“ OR “reinforcement learning“ OR “data-driven“) AND (“organic semi-
conductor*“ OR “organic electronic*“ OR “organic semiconducting material*“ OR
“small-molecule“ OR “molecular semiconductor®*“ OR “OLED“ OR “Organic Light-
Emitting Diodes” OR “organic photovoltaic**)

Filters: custom date range 2010-2025, journal filter

Note: title, abstract, keywords were searched separately

2.8 Science Direct

Boolean: TITLE-ABS-KEY() with shorter combinations due to Boolean limit e.g.
TITLE-ABS-KEY ((“artificial intelligence* OR “machine learning“ OR “deep learn-
ing“ OR “neural network“ OR ”neural networks” OR “reinforcement learning“ OR
“data-driven®) AND (“Organic Light-Emitting Diodes*), TITLE-ABS-KEY ( ( “arti-
ficial intelligence® OR, “machine learning“ OR “deep learning“ OR “neural network“
OR "neural networks” OR “reinforcement learning*“ OR “data-driven“) AND (”organic
electronics” OR ”organic electronic”))

Filters: custom date range 2010-2025, limited to review articles, limited to research
article, limited to mini reviews

2.9 Arxiv

Boolean: each combination individually e.g. “artificial intelligence* AND “organic
semiconductor”, “artificial intelligence“ AND “organic electronic*

Filters: custom date range February 2025-April 2025, materials science category,
physics category, computer science category

2.10 Nature

Boolean: (“artificial intelligence“ OR, “machine learning“ OR, “deep learning“ OR, “neu-
ral network™“ OR “reinforcement learning“ OR “data-driven“) AND (“organic semi-
conductor*“ OR “organic electronic*“ OR “organic semiconducting material*“ OR
“small-molecule“ OR “molecular semiconductor®**“ OR “OLED“ OR “Organic Light-
Emitting Diodes” OR “organic photovoltaic**)

Filters: custom date range 2010-2025

3 Representative studies

The tables presented in this section are intended to highlight a subset of representa-
tive studies selected from the full set of analysed studies in this review. Tables S1
and S2 are designed to illustrate key methodological approaches, application domains,
and validation strategies across predictive and generative categories, rather than to



provide exhaustive coverage. To ensure transparency and reproducibility, a complete
comma-separated values file containing all 237 included studies is provided as additional
Supporting Information. This dataset reports, for each study, the DOI, title, year of
publication, predictive or generative classification, application domain (photoactive ma-
terials, electronic structure and spectroscopic properties, emissive materials, or charge
transport), target property, data provenance (experimental, computational, or hybrid),
validation strategy (internal or external), presence of experimental validation, and the
availability of open databases and open-source code.

Table S1: Representative studies employing predictive modelling approaches for molec-
ular semiconductors. Highlighted examples illustrate the diversity of machine learning
methods used for property prediction and materials screening. Abbreviations: GNN =
Graph Neural Network; GCN = Graph Convolutional Network; GCN-FNN = Graph
Convolutional Network - Feedforward Neural Network; SVM = Support Vector Ma-
chine.

Study Application ML Method & Data Key Results
(Year)
Jeong et al.  Electronic Transfer learning;  First to apply transfer
(2022)[36] structure and  pretrained on spectro-  learning to HOMO/LUMO
spectroscopic scopic data, fine-tuned  prediction in OLED
properties on 3,000 experimental  molecules; achieved MAEs
HOMO/LUMO values of 0.050-0.065 eV and
guided high-EQE emitter
discovery.
Xie et al.  Electronic Fine-tuned GPT-3  Usage of large language
(2024)[37] structure and  (compared to GNN  models for prediction
spectroscopic and SVM); 48,0000 tasks; GPT-3 achieved ac-
properties tokenised SMILES  curacies of 0.92 (HOMO)
(compared to RDKit and 0.94 (LUMO).
descriptors and GNN)
Pyzer- Photoactive Neural network; pre-  One of the first to predict
Knapp materials dicted PCE, HOMO PCE using ML; achieved
et al. and LUMO for 250,000 MAEs of 0.28% (PCE),
(2015) [38] molecules  from the 0.028 eV (HOMO) and
Harvard Clean Energy  0.032 eV (LUMO).
Project
Bornschlegl Photoactive Predicted UV-C pho-  First to investigate UV-
et al.  materials tostability of 138  C photostability; identified
(2025)[39] molecules using Gaus-  stabilising and destabilis-

sian Process Regression

ing motifs achieving R? =
0.631.



Study
(Year)

Application

ML Method & Data

Key Results

Lee et al.
(2024)[40]

Barneschi
et al.
(2024)[41]

Niu et al.
(2023)[42]

Bhat et al.
(2024)[43]

Emissive mate-

rials

Emissive mate-

rials

Charge
port

Charge
port

trans-

trans-

Crystal-structure-
informed GCN trained
on 1117  multilayer
OLED stacks

3D graph neural net-
work trained on 85,000
DFT and X-ray struc-
tures

GCN-FNN trained on
3D conformers of fused-
ring systems; stratified
sampling by ring num-
ber

3D message-passing
neural network trained
on 438,000 dimers from
25,000 crystals

First to model full OLED
device stacks using GNN;
achieved MAE = 2.6%
and R?> = 0.83 for cur-
rent efficiency, outperform-
ing MLP baselines.

First ML model for
predicting
glet—triplet gaps; achieved
MAE = 0.02 eV;
dated performance on
experimental geometries.

Achieved R? =~ 0.99,
RMSE = 2.6 meV; first
to show stratified GCNs
significantly  outperform
descriptor-based = models
for reorganisation energy.

inverted sin-

vali-

Enabled rapid prediction
of electronic  couplings
(MAE ~ 3 meV) and
mobility screening across
60,000 crystals in minutes.

Table S2: Representative studies on generative design and discovery of molecular
semiconductors. Highlighted examples demonstrate the range of Al-driven approaches
used for inverse molecular design and optimisation. Abbreviations: DFTB = Density-
Functional Tight-Binding, DNN = Deep Neural Network; GA = Genetic Algorithm;
RL = Reinforcement Learning; RNN = Recurrent Neural Network; TD-DFT = Time-
Dependent Density Functional Theory.

Study Application ML Method & Data Key Results

(Year)

Li & Tabor  Electronic RL (REINVENT) com-  Discovered diverse singlet-

(2023) [44] structure  and  bined with QChem fission molecules (e.g.,
spectroscopic multi-anthracenes)  with
properties ideal singlet—triplet en-

ergy gaps and balanced
synthetic accessibility.



Study Application ML Method & Data Key Results
(Year)
Weiss et al.  Electronic Guided Diffusion Model  Integration of property-
(2023) [45] structure and  incorporating property-  predictor gradients yielded
spectroscopic predictor gradients diverse polybenzenoid hy-
properties drocarbons with optimised
electron affinity, ionisation
potential, and bandgap be-
yond the training distribu-
tion.
Khazaal Photoactive EA  combined with  Identified 20 novel
et al.  materials DFTB branched oligothio-
(2020)[46] phenes  optimised  for
light-harvesting efficiency
and synthetic accessibility.
Greenstein Photoactive GA guided by TD-DFT  Generated 5,426 NFAs;
et al.  materials fitness functions 159 candidates predicted
(2022)[47] to exceed 20% PCE,
highlighting recurrent

Kim et al.
(2018)[48]

Kwak et al.
(2022)[44]

Kunkel
et al.
(2021)[49]

Kwak et al.
(2022)[50]

Emissive mate-
rials

Emissive mate-
rials

Charge trans-
port
Charge trans-
port

Deep Generative Net-
work combining a DNN
encoder and a RNN de-
coder

REINVENT
multi-objective
erty optimisation

with
prop-

AL using Bayesian Op-
timisation

RNN combined with
Deep RL

structural motifs in high-
performance NFAs.

Early example of gener-
ative design for OLED
hosts;  successfully pro-
posed new molecules with
T > 3eV.

Simultaneous optimisation
of singlet—triplet gap, oscil-
lator strength, and molec-
ular stability, illustrating
synthesis-aware generative
optimisation.

Active learning rapidly
identified 20 novel struc-
tures with mobility de-
scriptors exceeding known
benchmarks.

Designed  hole-transport
materials with low A
and high glass-transition
temperatures, balancing
mobility with morphologi-
cal stability.
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