
MSDE

PAPER

Cite this: Mol. Syst. Des. Eng., 2025,

10, 413

Received 27th November 2024,
Accepted 10th March 2025

DOI: 10.1039/d4me00188e

rsc.li/molecular-engineering

Transfer learning accelerated discovery of
conjugated oligomers for advanced organic
photovoltaics†

Siyan Deng, Jing Xiang Ng and Shuzhou Li *

Machine learning accelerates material discovery which includes selection of candidate small molecules and

polymers for high-efficiency organic photovoltaic (OPV) materials. However, conventional machine

learning models suffer from data scarcity for conjugated oligomers, crucial for OPV material production.

To address this challenge, transfer learning within a graph neural network was introduced to reduce the

data requirement while accurately predicting the electronic properties of the conjugated oligomers. By

leveraging on transfer learning using original conjugated oligomer data and pre-trained models from the

renowned PubChemQC dataset, the limitations posed by insufficient data were mitigated. The models in

this study achieved a low mean absolute error, ranging from 0.46 to 0.74 eV, for the HOMO, LUMO, and

HOMO–LUMO gap. An original candidate dataset of 3710 conjugated oligomers was constructed for

materials discovery, and a high-throughput screening pipeline was developed by integrating the models

with density functional theory. This pipeline effectively identified 46 promising conjugated oligomer

candidates, showcasing its effectiveness in accelerating the discovery of advanced materials for organic

photovoltaics. These results demonstrated the potential of the approach used in this study to overcome

data scarcity while accelerating the discovery of new innovative materials in organic electronics.

1. Introduction

Organic photovoltaic (OPV) devices are promising alternatives
to conventional silicon-based photovoltaic devices, offering
lightweight, flexible, and energy efficient solutions.1–5 Given
this versatility, OPV becomes suitable for a wide range of
applications, from small flexible electronics in healthcare5–7

to industrial solar panels in solar farms.8–10 The performance

of OPV devices is critically dependent on the electronic
properties of the active layer, which can be composed of
small molecules,11–14 polymers,15–18 or conjugated
oligomers.19–22 One major limitation in OPV material
development is the difficulty of achieving both high
electronic performance and good processability, as many
high-performance materials suffer from poor solubility.23,24

Conjugated oligomers overcome this issue by offering
tunable electronic properties to enhance performance and
improved solubility to facilitate processability.25,26 Given
these advantages, ongoing research is imperative to explore
and identify novel conjugated oligomers that can further
enhance OPV performance. However, discovering conjugated
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Design, System, Application

Conjugated oligomers are key components in organic photovoltaic (OPV) materials, yet their design and optimization are limited by the lack of sufficient
training data for conventional machine learning models. To address this, we utilized a transfer learning approach within a graph neural network (GNN)
framework, leveraging pre-trained models from the PubChemQC dataset. This strategy enabled accurate predictions of crucial electronic properties such as
the HOMO, LUMO, and HOMO–LUMO gap, significantly mitigating the challenges of data scarcity. The developed system incorporates these GNN models
into a high-throughput screening pipeline, combined with density functional theory (DFT) for validation, allowing efficient exploration of 3710 candidate
oligomers. This led to the identification of 46 promising conjugated oligomer candidates for OPV applications. The integrated ML-DFT approach offers a
robust solution to navigate large design spaces with reduced computational effort, facilitating the discovery of advanced OPV materials with enhanced
performance. The methodology has immediate applications in accelerating the identification of novel organic semiconductors for energy conversion. Future
applications could involve expanding this approach to other organic electronic materials, enhancing the efficiency of material discovery processes across
diverse areas in organic electronics and renewable energy technologies.
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oligomers for OPV applications remains a challenge due to
the complex relationship between molecular structure and
electronic performance. Additionally, the vast chemical space
further amplifies that complexity.

In recent studies, machine learning (ML) has proven to be
a powerful tool for accelerating the discovery and
optimization of various materials, notably OPV materials.27–40

By leveraging large datasets and advanced algorithms, ML
models performed well in predicting the properties of new
materials, achieving high accuracy and reducing the time
and cost associated with traditional experimental approaches.
Despite this potential, the application of ML in OPV
materials screening has predominantly focused on small
molecules27,28 and polymers.29–32 More importantly, ML
models struggle to predict the electronic properties of long
conjugated oligomers due to the complex structure–property
relationships.41 This complexity arises from the intermediate
chain length of oligomers, which creates a balance of
localized and delocalized electronic states that are difficult to
model accurately with ML techniques. Possible solutions to
this challenge include using calculated descriptors or the
development of sophisticated deep learning models with very
large datasets. However, obtaining calculated descriptors is
both expensive and tedious, and large datasets on properties
and structures needed to train deep learning models are
unavailable for conjugated oligomers. These limitations
underscore the need for more innovative approaches to
leverage the power of ML for property–structure prediction,
while addressing the constraints imposed by data scarcity
and the complex structure–property relationship of
conjugated oligomers.

Transfer learning, a subset of deep learning, involves
using pre-trained models trained on large and related
datasets to enhance the performance of models on smaller,
specific datasets. Several studies have demonstrated the
potential of transfer learning used in materials science
research, particularly in fields that typically suffer from data
scarcity.42–45 Some examples includes the prediction of the
bulk modulus and dielectric constant of crystal structures,42

as well as the prediction of toxicity, yield, and odor of
organic materials.43 Specific to conjugated oligomers, one
study utilized a model pre-trained on a large dataset from
the Clean Energy Project Database and then fine-tuned it
using a dataset of 400 molecules to predict the power
conversion efficiencies of oligomers based on the molecular
structure.44 However, that study only considered oligomers
with low degree of polymerisation (up to 5) and a small
variety of only 20 different monomers. Similarly, in another
study, transfer learning was introduced to predict the
electronic properties of conjugated oligomers. However, that
study only explored the effect of degrees of polymerization
using a single monomer type, failing to account for the
great variety of monomers present in oligomers.45 While
these studies highlight the effectiveness of transfer learning,
their chemical scope remains relatively narrow, limiting
their generalizability to diverse oligomer compositions.

Expanding the chemical space is crucial for improving
model applicability in large-scale material screening, as it
allows for the identification of novel candidates beyond
previously studied structures. A broader chemical space
enables more extensive candidate screening, which is
essential when considering the transition from lab-scale
discovery to practical fabrication. Other practical
considerations such as viability of production, physical
properties and cost of production exist in addition to
electronic properties. With a larger pool of candidates, the
probability of finding a material with both desirable
electronic properties and practical feasibility is increased.
To fulfil this, it is essential to develop models that can
operate across a broader chemical space. This includes
accommodating a wider range of polymerization degrees
and a larger diversity of monomer compositions. Developing
such models would significantly enhance the screening
process and facilitate the discovery of high-efficiency OPV
materials.

In this study, transfer learning within graph neural
networks (GNNs) was introduced to address the issue of data
scarcity during the screening of conjugated oligomers for
candidates as OPV material's backbone. A pre-trained model
was developed using the PubChemQC dataset.46 PubChemQC
is one of the largest quantum chemistry databases, offering
high computational accuracy with the B3LYP/6-31G* level of
theory.47,48 By leveraging the extensive coverage of this
dataset, the model's generalizability is significantly
enhanced, allowing it to make more accurate predictions
across a diverse range of chemical structures. Next, an
original conjugated oligomer database was constructed using
density functional theory (DFT). This dataset consists of 610
unique oligomers with polymerization degrees varying
between 4 and 10 and the oligomers are made up of 131
distinct monomer units. Together, a new model was built
using the pre-trained model and fine-tuned with the original
oligomer dataset. The transfer learning technology
successfully mitigated the limitations posed by data scarcity,
enabling the construction of models that accurately predict
the electronic properties of conjugated oligomers over a
broader chemical space, encompassing a wider range of
polymerization degrees and a greater diversity of monomer
compositions. Due to its broader applicability and improved
predictive power, the model is better suited for real-world
material discovery. The developed models achieve a low mean
absolute errors of 0.74 eV for the highest occupied molecular
orbital (HOMO), 0.46 eV for the lowest unoccupied molecular
orbital (LUMO), and 0.54 eV for the HOMO–LUMO gap.
Furthermore, to balance computational efficiency and
predictive accuracy, a high-throughput screening pipeline
which combines these advanced models with DFT
calculations was developed. This pipeline enabled the
identification of 46 promising conjugated oligomer
candidates for OPV materials, accelerating the discovery of
possible innovative materials for organic electronics
applications.
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2. Methods
2.1 Data preparation

An original dataset, named CO-610, contains 610 conjugated
oligomers and their corresponding electronic properties,
including HOMO, LUMO, and gap. In this context, all
subsequent mentions of “gap” refer to the HOMO–LUMO
gap. Each oligomer is composed of a single type of monomer,
with polymerization degrees ranging from 4 to 10. These
oligomers encompass a total of 131 different monomers,
collected from published literature.49 The oligomers with
different polymerization degrees were generated through a
custom tool using the RDKit library.50 The electronic
properties of each oligomer were then calculated using DFT
at the B3LYP/6-31G* level.47,48 Additionally, 100 000 pieces of
data from PubChemQC were used for pre-training the
models.46 This pre-training dataset is referred to as
PubChemQC-100 K. PubChemQC-100 K includes organic
small molecules and their corresponding electronic
properties. The details of data selection are provided in the
ESI.†

2.2 Model development

A transfer learning framework was employed to develop
predictive models, as illustrated in Fig. 1. SchNet was
selected for this study due to its incorporation of continuous-
filter convolution layers, which model atomic interactions as
a function of interatomic distance, making it particularly
well-suited for predicting quantum chemical properties.51

Since the electronic properties of conjugated oligomers
depend strongly on molecular geometry, SchNet's ability to
capture smooth variations in the electronic structure ensures
more accurate predictions. Additionally, SchNet offers a
balance between accuracy and computational efficiency,
making it suitable for large-scale molecular screening. The
SchNet architecture consists of embedding layers, interaction
blocks, and property prediction layers. The embedding layers
map atomic types to high-dimensional vectors, while the
interaction blocks incorporate continuous-filter convolution
operations, which update atomic representations based on
neighboring atomic positions within a cut-off distance of 5 Å.
The property prediction layers, consisting of fully connected
neural networks, map these atomic embeddings to molecular
electronic properties such as HOMO, LUMO, and the gap.

This framework involves three key stages: random
initialization, pre-training, and fine-tuning. Initially, the
model is initialized with random parameters (Fig. 1a). The
pre-training phase is crucial for learning generalizable
chemical knowledge before fine-tuning on a smaller,
specialized dataset. SchNet is first pre-trained on the
PubChemQC-100 K dataset (Fig. 1b), a large-scale quantum
chemistry dataset containing diverse molecular structures
and electronic properties. This step allows the model to
capture fundamental molecular interactions and structure–
property relationships, creating a well-initialized parameter
space rather than relying on random initialization. Pre-
training mitigates overfitting, enhances model stability, and
reduces the need for extensive hyperparameter tuning during
fine-tuning. Following pre-training, the pre-trained layers
remain frozen to preserve the general chemical knowledge
acquired from a diverse set of molecular structures. This
prevents catastrophic forgetting, ensuring that the small CO-
610 dataset does not overwrite the broad chemical
understanding learned during pre-training. While pre-
training provides a strong foundation for molecular
representation, predicting the HOMO, LUMO, and gap in
conjugated oligomers requires further adaptation due to their
unique electronic behavior. To address this, a new interaction
block is introduced during fine-tuning (Fig. 1c). The
interaction block plays a crucial role in refining the captured
molecular interactions. Rather than modifying the embedding
or property prediction layers, adding a new interaction block
allows the model to capture atom-type-dependent and
environment-dependent electronic effects, particularly those
related to π-conjugation and electron delocalization. This
refinement step ensures that the model effectively encodes
conjugation-specific electronic interactions.

In this work, SchNet was configured with an embedding
dimension of 128. The pre-trained model contained six
interaction blocks, while the transfer learning model
included seven interaction blocks, with one additional block
added post-pre-training. The Adam optimizer was used with
an initial learning rate of 0.0001 for pre-training, reduced to
0.00001 for fine-tuning. Pre-training was conducted for 1000
epochs, followed by 3000 epochs of fine-tuning, with early

Fig. 1 Schematic of the transfer learning protocol used in this work.
The SchNet model, consisting of an embedding layer, interaction
blocks, and prediction layers, is first randomly initialized. The model is
then pre-trained on the PubChem-100 K dataset to learn general
chemical representations. After pre-training, an additional interaction
block is added, and the model is fine-tuned using the CO-610 dataset,
which contains the target conjugated oligomers.
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stopping applied to prevent overfitting. The dataset was
divided into 400 training samples, 100 validation samples,
and 110 test samples, with training conducted using a batch
size of 64. The pre-training phase on the PubChemQC-100 K
dataset was conducted on an NVIDIA A100-SXM4-40GB GPU
with 16 physical CPU cores, requiring approximately 14 hours
to complete for 1000 epochs. Fine-tuning on the CO-610
dataset utilized the same hardware and took approximately
1.8 hours for 3000 epochs, benefiting from pre-trained
representations that accelerated convergence.

2.3 High-throughput screening

To identify potential conjugated oligomers with desirable
electronic properties for photovoltaic applications, a
candidate dataset was constructed. This dataset includes
3710 oligomers derived from 530 different monomers, with
polymerization degrees ranging from 4 to 10. The oligomers
were generated using the same method described in section
2.1, with monomers sourced from published literature.49

Initially, optimized models were employed to predict the
HOMO, LUMO, and gap of the oligomers in the candidate
dataset. This initial screening step effectively reduced the
dataset to a smaller subset of promising candidates.
Subsequently, more accurate and computationally intensive
DFT calculations were performed. These calculations
provided a precise evaluation of the electronic properties,
further refining the selection of potential conjugated
oligomers for photovoltaic applications. This two-step
screening process, which combines the efficiency of machine
learning models with the precision of DFT calculations,
significantly reduces computational costs while ensuring the
identification of high-potential materials. The initial model-
based screening allows for the rapid elimination of less
promising candidates, while the follow-up DFT calculations
ensure that the selected candidates meet the stringent
electronic property requirements for photovoltaic
applications.

3. Results
3.1 Dataset analysis

The CO-610 dataset covers a broad chemical space, providing
a solid foundation for analyzing the electronic properties of
conjugated oligomers. The CO-610 dataset includes 610
oligomers derived from 131 different types of monomers,
with polymerization degrees varying from 4 to 10. To ensure
relevance for OPV applications, monomers were selected
based on their ability to form conjugated oligomers, with
89% containing aromatic rings and the remaining 11% being
aliphatic monomers. Among the aromatic monomers, 56%
contain a single aromatic ring, 28% contain two aromatic
rings, and 5% contain three aromatic rings, contributing to
an overall aromatic ring count ranging from 4 to 30 per
oligomer. This diversity enriches the dataset, allowing the
model to capture a wide range of structural variations. In
addition to aromaticity, the dataset includes a significant

portion of heteroatom-containing monomers, with 65%
containing sulfur (S), 17% nitrogen (N), and 16% oxygen (O).
Incorporating heteroatoms into conjugated polymers is a
well-established strategy, as it facilitates fine-tuning of
electronic properties, molecular geometry, solid-state
packing, and processability—all critical for OPV performance.
The dataset also maintains a balanced distribution of
polymerization degrees, ensuring robust learning across
different chain lengths. Specifically, lower polymerization
degrees (n = 4–5) account for 30%, mid-range polymerization
(n = 6–8) account for 49%, and higher polymerization degrees
(n = 9–10) account for 21%. This even representation across
polymerization degrees allows the model to learn from a
broad range of molecular structures, improving its ability to
generalize across different oligomer sizes. The extensive
variety in monomer types and polymerization degrees
ensures that the dataset encompasses a large chemical space,
thereby increasing the likelihood that the model will learn
from a broader spectrum of chemical knowledge. More
importantly, the CO-610 dataset reveals the intricate and
complex nature of structure–property relationships in
conjugated oligomers.

Firstly, Fig. 2 illustrates a comparative sensitivity analysis
of oligomers with polymerization degrees ranging from n = 4
to n = 10 against a standardized heptameric baseline (n = 7),
with each column representing oligomers derived from a
unique monomer but at varying degrees of polymerization.
The arrows in the figure indicate the direction of increasing
polymerization degree. The deviations in electronic
properties are evident across all three plots, demonstrating
that the degree of polymerization significantly influences the
electronic properties of the conjugated oligomers. Moreover,
the sensitivity varies across properties, with the gap being the
most sensitive, reflecting the cumulative effect of variations
in both HOMO and LUMO levels. The deviations of the
HOMO and LUMO are generally within ±0.5 eV, but the
deviations in the gap are more pronounced, often exceeding
±0.5 eV. Specifically, in Fig. 2a, the points above the zero line
are more densely clustered, indicating that as the
polymerization degree increases, the increase in HOMO levels
becomes smaller. Conversely, in Fig. 2b, the points below the
zero line are more densely clustered, indicating that with an
increase in polymerization degree, the decrease in LUMO
levels becomes less pronounced. This observation aligns with
the known behavior of conjugated oligomers, where
electronic properties tend to stabilize beyond a certain
conjugation length. Furthermore, different monomers exhibit
varying sensitivities to changes in polymerization degree. For
example, oligomers derived from monomer 0 exhibit a
significant reduction in the gap, greater than 1.0 eV, as the
polymerization degree increases from 4 to 10, indicating that
longer chains enhance electron delocalization. In contrast,
oligomers derived from monomer 23 show minimal changes
in the gap, less than 0.1 eV, over the same range of
polymerization degrees, suggesting a negligible impact of
chain length on their electronic properties.
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Secondly, as shown in Fig. S1,† the dataset exhibits
significant variability in electronic properties, with HOMO
levels ranging from −8.0 eV to −3.4 eV, LUMO levels between
−5.4 eV and 0.4 eV, and gap levels spanning from 0.1 eV to
5.3 eV. This wide distribution underscores the diverse
electronic environments and the complex interplay between
molecular structure and electronic properties.

Lastly, investigating the electronic properties of specific
oligomers revealed that simple linear correlations between
structure and properties were insufficient to capture the
intricacies of their electronic behavior. For instance, as
shown in Fig. S3,† oligomers with identical backbone
structures exhibited significantly different HOMO and LUMO
levels. Both oligomers incorporate a thiophene ring with an
ethynyl group attached. In the first oligomer, each thiophene
ring features a methoxy group (–OCH3), while in the second
oligomer, the methoxy group is substituted with a cyano
group (–CN). This substitution results in the HOMO level
shifting from −4.56 eV to −5.69 eV, the LUMO level shifting
from −0.97 eV to −2.45 eV, and the gap changing from 3.59
eV to 3.20 eV. This suggests that subtle variations in
substituents or conformations play a crucial role in
determining electronic properties.

Overall, the analysis of the CO-610 dataset demonstrates
that the structure–property relationships in conjugated

oligomers are highly complex. This complexity necessitates
advanced modeling approaches to accurately predict
electronic properties and identify promising conjugated
oligomers for OPV applications. Furthermore, the broad
chemical space covered by the CO-610 dataset ensures that
the models developed will have a comprehensive
understanding of the potential electronic behaviors.

3.2 Model performance

To validate the effectiveness of the transfer learning
approach, a comparison was made between the
performance of the transfer learning models and models
trained solely on the CO-610 dataset without transfer
learning. Fig. 3a illustrates the comparative performance
of direct learning and transfer learning models in
predicting the HOMO, LUMO, and gap across various
polymerization degrees. Fig. S5† shows a comparison
between predicted and calculated values for different
properties, further highlighting the performance
differences between direct learning and transfer learning.
The MAE indicates that direct learning models achieve
acceptable accuracy within the mid-range of
polymerization degrees (6 to 8), but their performance
significantly declines at the higher and lower ends of the

Fig. 2 Sensitivity analysis of conjugated oligomers by polymerization degree. This figure presents a comparative sensitivity analysis of oligomers
with polymerization degrees ranging from n = 4 to n = 10 against a standardized heptameric baseline (n = 7). The scatter colors denote the values
of the (a) HOMO, (b) LUMO, and (c) energy gap, respectively. The arrows in the figure indicate the direction of increasing polymerization degree.
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polymerization spectrum. For instance, the MAE for
HOMO predictions by the direct learning model increases
from 0.91 eV at polymerization degree 6 to 2.93 eV at
degree 10. This MAE increase suggests a limitation of
direct learning models in accurately modeling conjugated
oligomers across a wide range of polymerization degrees.
For oligomers with higher polymerization degrees (9 to
10), the extremely poor performance of direct learning
models can be attributed to the low distribution of these
oligomers within the CO-610 dataset, as shown in Fig.
S2.† The scarcity of training samples for higher
polymerization degrees results in larger prediction errors
due to insufficient data to capture their electronic
properties accurately. However, for oligomers with lower
polymerization degrees (4 to 5), their distribution is
comparable to those in the mid-range (6 to 8), yet the
MAE remains high. One possible reason is that electronic
sensitivity is higher at lower polymerization degrees as
discussed previously in Fig. 2. This increased sensitivity
makes it more challenging for the model to generalize
and accurately predict the properties of shorter oligomers.
However, transfer learning models demonstrate improved
performance across the full range of polymerization
degrees, evidenced by lower MAE values throughout. The
improvement is primarily due to the ability of transfer
learning to leverage knowledge from pre-trained models
on larger datasets, which enhances the model's
generalization and prediction accuracy across different
polymerization degrees. At higher polymerization degrees,
transfer learning mitigates prediction errors caused by the
scarcity of training samples. For lower polymerization
degrees, it effectively captures subtle variations in
electronic properties despite increased sensitivity to small
structural changes. This broader knowledge base allows

the model to adapt to the specific characteristics of the
oligomers, resulting in consistently lower MAE values and
superior performance compared to direct learning models.

Moreover, the impact of transfer learning on prediction
accuracy varies across different molecular properties. As
demonstrated in Table 1, the most substantial accuracy
improvements are observed for HOMO predictions.
Specifically, the MAE for HOMO predictions decreases from
1.34 eV with direct learning to 0.74 eV with transfer learning,
reflecting a 44.8% reduction in error. Similarly, predictions of
LUMO energy levels exhibit a significant enhancement, with
the MAE decreasing from 0.68 eV to 0.46 eV, which
corresponds to a 32.4% reduction. Although less pronounced,
the improvements for the gap are also noteworthy, with the
MAE reducing from 0.71 eV to 0.54 eV, indicating a 23.9%
improvement. The variation in enhancement can be
attributed to the similarity in property distributions between
PubChemQC-100 K and CO-610, as depicted in Fig. 3b. The
greater similarity in HOMO energy distributions results in
more substantial improvements through transfer learning.
For the LUMO and gap, despite the higher variance between
PubChemQC-100 K and CO-610, transfer learning still
achieves notable gains, demonstrating the model's
robustness and adaptability.

Overall, this comparative analysis underscores the
improved generalization and predictive accuracy of transfer

Fig. 3 a) Mean average errors (MAEs) for the HOMO, LUMO, and gap using direct (red) and transfer learning (blue) methods across different
polymerization degrees (n). b) The distribution of HOMO, LUMO, and gap values in the PubChemQC-100 K and CO-610 datasets.

Table 1 Mean absolute error (MAE) of direct learning and transfer
learning models in predicting the HOMO, LUMO, and gap

Properties Direct learning (eV) Transfer learning (eV)

HOMO 1.34 0.74
LUMO 0.67 0.46
Gap 0.71 0.54
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learning models. The robustness and adaptability of transfer
learning are highlighted by its ability to effectively address
the limitations of direct learning models, particularly in
regions with sparse data and higher electronic sensitivity.
This analysis demonstrates the significant advantages of
transfer learning in modeling the electronic properties of
conjugated oligomers across a wide range of polymerization
degrees.

3.3 High-throughput screening

The high-throughput screening process employed in this
study combines ML predictions and DFT calculations to
identify potential conjugated oligomers for OPV application.
This two-step approach efficiently narrows down the
candidate pool to select conjugated oligomers with desirable
electronic properties.

The parallel coordinate plots in Fig. 4a and b provide a
visual representation of how the candidate materials were
progressively refined through HOMO, LUMO, and gap
selection criteria. The funnel diagram in the center
summarizes this sequential filtering approach. This workflow
efficiently filters candidate materials while balancing
computational efficiency and predictive accuracy. Initially,
the transfer learning models were used to predict the HOMO,
LUMO, and gap for the 3710 candidate oligomers in the
candidate dataset. To account for the inherent prediction
errors of ML models, we adjusted the selection criteria to
include a margin of error equivalent to half the MAE of the
ML models. The original criteria were set to HOMO levels
between −6.5 and −4.9 eV, LUMO levels between −4.5 and
−3.0 eV, and gap between 1.1 and 2.0 eV.52 Given that the
MAEs for the HOMO, LUMO, and gap were 0.74 eV, 0.46 eV,
and 0.54 eV, respectively, we expanded the selection range by
adding half the MAE to each threshold. The adjusted criteria

became HOMO levels between −6.87 and −4.53 eV, LUMO
levels between −4.73 and −2.77 eV, and band gaps between
0.83 and 2.27 eV.52 This adjustment prevented the premature
exclusion of potential candidates whose true properties might
fall within the desired range but were slightly misestimated
due to ML prediction errors. Fig. 4a presents a parallel
coordinate plot visualizing these ML-predicted values. Each
blue line represents a candidate oligomer, showing its ML-
predicted HOMO, LUMO, and gap values. The green line
highlights the subset of 256 oligomers that passed ML
screening, meeting the adjusted selection criteria. This ML-
based high-throughput screening step enabled a significant
reduction in the number of candidates by filtering out those
that did not meet the desired electronic criteria. By applying
these adjusted criteria, the initial pool of 3710 oligomers was
reduced to 256 candidates for further investigation.

The refined set of 256 candidates from the ML screening
was then subjected to DFT calculations, which are more
accurate but computationally intensive. Unlike ML
predictions, DFT calculations were evaluated using the
original selection criteria: HOMO levels between −6.5 and
−4.9 eV, LUMO levels between −3.0 and −4.5 eV, and gaps
between 1.1 and 2.0 eV.52 Fig. 4b illustrates the parallel
coordinate plot of the DFT-calculated HOMO, LUMO, and
gap for the candidates that passed ML screening. Each
green line represents a candidate refined through DFT
calculations, providing a higher-accuracy evaluation of
electronic properties. Orange lines highlight the 46 final
candidates, which satisfy the original OPV-relevant
electronic selection criteria under DFT assessment. This
DFT refinement step ensured that the candidates identified
by ML screening truly met the required electronic criteria
when evaluated with a more accurate method. The
distribution of HOMO, LUMO, and gap values in Fig. 4b
indicates that while some ML-selected candidates fell

Fig. 4 Screening process. a) ML screening: parallel coordinate plot of HOMO, LUMO, and gap predictions for the initial 3710 candidates. b) DFT
screening: parallel coordinate plot showing the DFT-calculated HOMO, LUMO, and gap for the refined selection of 256 candidates, from which 46
final candidates were selected.
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outside the final DFT selection criteria, a substantial
number remained within the desired range, confirming the
effectiveness of the ML pre-screening step. The SMILES of
these 46 final candidates is shown in Table S1.† The
monomer structures of the final 46 OPV candidates are
presented in Fig. 5. These candidates represent the most
promising materials for further experimental validation and
potential application in OPV devices.

Notably, a significant number of these monomers are
oligothiophene-based, which are among the most
extensively studied and utilized conjugated oligomers in
OPV materials.53–57 Among the oligothiophene-based
candidates, monomer 187, thieno[3,2-b]pyrrole, stands out
as it has been widely used as a building block in OPV

materials.58–60 This monomer features fused thiophene
and pyrrole rings and was first developed in 1957 by
Matteson and Snyder.61 It possesses a low-lying HOMO
level, which is beneficial for long-term stability.59

Monomer 295 is part of the benzothiophene-based family,
while monomer 433 belongs to the 2,1,3-benzothiadiazole-
based family. These two families are also widely studied
and utilized in OPV materials.62–66 The presence of these
well-known and widely studied monomers among our final
candidates validates our screening methodology,
demonstrating that our process is robust and capable of
identifying promising materials that align with current
OPV research trends. Furthermore, most of the monomers
we identified are novel and not commonly used in OPV

Fig. 5 Monomer structures of the final 46 OPV candidates. The candidates with same monomer but different polymerization degree are not shown here.
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materials, providing new avenues for material
development.

Overall, our combined ML and DFT screening approach
effectively balances computational efficiency with predictive
accuracy, resulting in a robust evaluation of potential OPV
materials. The identification of monomers such as
thieno[3,2-b]pyrrole, along with benzodithiophene- and
benzothiadiazole-based families, which are already well-
documented in OPV research, serves as validation for our
methodology. This demonstrates that our screening process
can reliably identify promising candidates with proven
relevance. Moreover, our method has also highlighted several
novel candidates offering new avenues for OPV material
development. These newly identified candidates offer
valuable insights and a solid foundation for subsequent
experimental work, holding significant potential for future
OPV applications.

4. Conclusion

This study successfully integrates ML predictions and DFT
calculations to accelerate the discovery of high-performance
conjugated oligomers for OPV applications. By introducing
transfer learning within a GNN, we addressed the challenge
of data scarcity, enabling accurate predictions of the
electronic properties of conjugated oligomers across a wide
range of polymerization degrees and various monomer types.
The transfer learning models achieved a MAE of 0.74 eV for
the HOMO, 0.46 eV for the LUMO, and 0.54 eV for the gap. A
high-throughput screening pipeline was developed to
seamlessly combine these ML models with DFT calculations,
effectively narrowing down an initial set of 3710 oligomer
candidates to 46 promising ones. This two-step screening
process not only reduces computational costs but also
ensures the selection of high-potential candidates. The
methodology demonstrated here identifies conjugated
oligomers with significant potential for future experimental
validation, paving the way for the practical application of
novel and efficient OPV materials.
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