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Data-driven methods are receiving increasing attention to accelerate materials design and
discovery for organic light-emitting diodes (OLEDs). Machine learning (ML) has enabled
high-throughput screening of materials properties to suggest new candidates for organic
electronics. However, building reliable predictive ML models requires creating and
managing a high volume of data that adequately address the complexity of materials’
chemical space. In this regard, active learning (AL) has emerged as a powerful strategy to
efficiently navigate the search space by prioritizing the decision-making process for
unexplored data. This approach allows a more systematic mechanism to identify
promising candidates by minimizing the number of computations required to explore
an extensive materials library with diverse variables and parameters. In this paper, we
applied a workflow of AL that accounts for multiple optoelectronic parameters to identify
materials candidates for hole-transport layers (HTL) in OLEDs. Results of this work pave
the way for efficient screening of materials for organic electronics with superior efficiencies
before laborious simulations, synthesis, and device fabrication.
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INTRODUCTION

Organic light-emitting diodes (OLEDs) have received significant attention as the most demanded
forthcoming display and lighting technology because of their low cost, lightweight, low power
consumption, high brightness, and high contrast (Chen et al., 2018; Lee et al., 2019a; Lee et al., 2019b;
Abroshan et al., 2020a; Abroshan et al., 2020b; Abroshan et al., 2020c; Abroshan et al., 2020d). Recent
developments in OLEDs with flexible panels have opened a new avenue for innovative technologies
to fabricate cost-effective large-area, wearables, foldable and shape-fitting displays (Jeong et al., 2020;
Song et al., 2020; Yoo et al., 2020). However, further discovery and development are required to
improve OLEDs’ efficiency for widespread implementation in optoelectronic devices. In particular,
OLED devices showing high quantum efficiency and long lifetimes are in great demand for display
and lighting. These optoelectronic devices are composed of multiple layers of thin films, each
presenting a different functionality. The stability and the overall performance of the OLEDs are
impacted by the properties of the materials in each of the layers, such as chemical structure,
morphology, thermal and chemical stability, energy levels, and charge mobility.

Hole transport materials (HTMs) in optoelectronic devices need to be morphologically stable thin
films with high hole mobility. Additionally, HTMs should present an appropriate energy level of
HOMO (highest occupied molecular orbital) to allow efficient hole injection from the anode into the
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hole transport layer (HTL) and then the emissive layer (EML) of
OLEDs. Furthermore, the energy level of LUMO (lowest
unoccupied molecular orbital) of HTMs needs to be at a
suitable level to ensure blocking of electron injection from the
EML to the HTL. To avoid destroying excitons at the HTL/EML
interface, the triplet excited state of the HTMs should be higher,
relatively, than that of emitters, blocking triplet energy transfer
from emitters to HTMs to confine the excitons in the emissive
layer (Fukagawa et al., 2016).

Traditionally, electron-donating moieties with low ionization
potential (such as diphenylamine, carbazole, etc.) are utilized to
design HTMs with excellent cation radical stability and deliver
the charge carrier mobility required for thin films of HTLs.
Although the vastly different molecular properties of organic
moieties provide an exciting opportunity to design novel HTMs,
the enormous space of organic chemistry simultaneously poses a
serious challenge in developing novel HTLs with higher
performance (Gómez-Bombarelli et al., 2016). Given the
numerous potential molecules in the organic space, employing
expensive and time-consuming approaches based on chemical
intuition and trial-and-error experimentation is practically
ineffective. Thus, realizing next-generation OLEDs
technologies requires a paradigm change in materials design
and development.

Virtual high-throughput screening powered by ab initio
models has emerged as an exciting alternative to the
traditional approach for exploring the molecular space to
identify initial hit compounds in materials science and life
science research (Hautier et al., 2010; Korotcov et al., 2017; Li
et al., 2017; Dubey et al., 2021). However, screening extensive
molecular libraries using first principle calculations is expensive,
which does not allow efficient evaluation of many materials
candidates due to cost.

Recently, active learning (AL) has received much attention to
address the challenge of leveraging exhaustive libraries in
materials informatics (Vasudevan et al., 2021; LiveDesign
Release, 2021; Guyon et al., 2011). In this approach, an
adaptive design procedure is employed to provide a feedback
loop, which allows the selection of chemical structures from
extensive libraries in an efficient and targeted way. This type
of machine learning (ML) minimizes the number of expensive
and time-consuming physics-based (e.g., DFT) calculations
required to identify the best materials candidates and explore
the design space for building a reliable ML model. Although AL
has been successfully utilized in different fields, such as drug
discovery (Eisenstein, 2020) and biology (Pauwels et al., 2014),
the application of AL in optoelectronics is in its early stages.

In this paper, we developed an automated workflow to
combine AL with density functional theory (DFT) calculations
to predict the optoelectronic properties of OLED materials. The
proposed AL workflow is designed to efficiently account for
multiple optoelectronic parameters to evaluate the overall
OLED material’s performance. The AL framework is shown to
successfully determine the top candidates from a dataset of all-
organic compounds, including ∼9,000 molecules for the hole-
transport layer (HTL). This work may offer guidelines to
rationally combine atomic-scale simulations with active

learning to investigate and design OLED materials with high
quantum efficiencies, operational lifetime and thus, be extended
to other fields of optoelectronics such as photovoltaics.

The outline of this paper is as follows: The methods and
models used in this study are described briefly. The results
generated by the AL workflow for the HTL are discussed next.
Concluding remarks are offered at the end.

MATERIALS AND METHODS

Datasets
The hole transport materials library examined in this work was
built by R-group enumeration based on two groups of chemical
structures commonly observed in organic electronic applications.
A collection of 38 unique cores from frequently appearing
fragments in commercial catalogs and literature (Jhulki and
Moorthy, 2018; Swayamprabha et al., 2019) were collected,
and then, organic R-groups were generated using a genetic
algorithm (Murdock et al., 2015). Following a few cycles of
structural enumeration and diversity selection, 8627
representative hole transport candidate materials were chosen
to build the library. Structural enumeration steps were designed
so that the symmetrically equivalent substitution points will
always get the same R-group independently. The dataset of
this study are available on request from the corresponding author.

Active Learning and Multiple Property
Optimization
Active learning (AL) is employed for intelligent and iterative
identification of promising materials candidates within a large
dataset (Figure 1). In this approach, machine learning and DFT
are synergistically combined. In the framework of AL, the
predicted value with associated uncertainty is considered to
decide what structures to be added in each iteration, aiming to
improve the model’s performance in the next iteration. In this
process, machine learning algorithms and featurization
(descriptor generation) are both important. In the present
study, we used 200 cheminformatic descriptors and a
combination of circular fingerprints with topological torsion
fingerprints (RDKit, 2020) to featurize the chemical structures.
These fingerprints and descriptors generated on the initial subset
of structures are given as vectors to an algorithm based on
Random Forest (Pedregosa et al., 2011). Bayesian
Optimization is employed to tune the hyperparameters of the
model. In each iteration, a trained model is applied for making
predictions on the remaining materials in the dataset. We note
that for the latter materials, no DFT data is available. Since it is
important to consider multiple properties in material discovery,
we used a multiple property optimization (MPO) score (Kwak
et al., 2016; Schrödinger, 2020) to scale and combine multiple
properties into a single score. Here, MPO score is desired to be
maximized for obtaining the desired property profile.

The MPO scheme used in this work translates each property
data to a dimensionless value between 0 and 1, using a logistic
function (see the equation below), whose shape can be further
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tuned by defining fixed boundaries. In our study, we used 0.8 and
0.2 in the converted score for each property as thresholds for
“good” (0.8 or above) and “bad” (0.2 or below).

f(x) � 1
1 + e−b(x−a)

(1)

If the property needs to be maximized (identified as a “higher
better” mode with b > 0) or to be minimized (identified as a
“lower better” mode with b < 0), a single logistic function can be
used to set up the desirability score per property space. If the
target property is sandwiched between the less-desired property
domains (identified as a “middle good” mode), we break down
the property space into two spaces and solve for the two logistic
functions - “higher better” mode on the left and “lower better”
mode on the right - that are facing each other in line symmetry at
the target property.

Once the logistic function f(x) is solved for each property
space, f(x) becomes the desirability score for a compound that has
the property x. The MPO score is then generated by taking the
geometric mean of the desirability scores.

In addition to predicting the MPO score, we also calculate the
uncertainties/standard deviations of the Random Forest model
using the infinitesimal jackknife variance method (Wager et al.,
2014). When selecting the next rounds of molecules to be added
to the training set, we devised the “expected improvement score,”
which is the combination of predicted property values in the form
of a MPO score and the uncertainty measure of the molecule. The
utilization of the expected improvement function ensures the
optimal tradeoff between exploration and exploitation to avoid
being trapped in a local minimum of chemical space, and
molecules with high uncertainties are included in the training
set to improve machine learning model performance. Once DFT
calculations are performed on the selected molecules, the training

set is augmented with the newly calculated properties, and the
active learning cycle is repeated.

All DFT calculations within the AL framework were
automatically performed using B3LYP functional with the
MIDIXL basis sets available via the Jaguar package developed
by Schrӧdinger Inc. (Schrödinger Release, 2021; Bochevarov
et al., 2013).

Featurization and Machine Learning Model
Training
A 90%/10% training and test set split is used. The hyperparameters
of the Random Forest estimator are tuned using Bayesian
Optimization (and are thus different for every run). The three
hyperparameters that were tuned were the number of trees in the
forest (n_estimators), within a range of 1–250, the minimum
number of samples required to split an internal node
(min_samples_split), within a range of 2–25, and the number of
features to consider as a fraction of the total number of features when
looking for the best split (max_features), within a range of 0.1–0.999.

200 Rdkit descriptors were used capturing various
physicochemical properties such as molecular weight, fraction of
aromatic atoms, topological polar surface area (area). A detailed
description of the descriptors can be found on the Rdkit website
(RDKit, 2020). In addition to the 200 descriptors, circular (also
known as Morgan) fingerprints and topological torsion
fingerprints were used. The circular (bit-based) fingerprints had
a radius of 2 and described the presence/absence of certain
substructures/fragments around atoms in a molecule.
Topological torsion fingerprints are a linear sequence of four
consecutively bonded non-hydrogen atoms, each described by
its atomic type, the number of non-hydrogen branches attached
to it, and its number of pi electron pairs (Marcus, 1993).

FIGURE 1 | Active Learning workflow for the design and discovery of novel optoelectronic molecules.
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Reorganization Energies
Hole-transport layers (HTL) of OLED devices are desired to
present high rates of hole transfer. According to the semiclassical
Marcus equation (Nilakantan et al., 1987):

kh � 2π
ħ
|t|2 1�������

4πλhkBT
√ exp(− (λh +△G°)2

4λhkBT
) (2)

for estimating charge hopping rates, the hole transport rates (kh)
are inversely proportional to the charge transport’s
corresponding reorganization energies (λh). Thus, it is desired
to minimize λh to improve the hole transport rates in the
materials. In the Marcus equation, ħ, kB, and T denote the
reduced Planck constant, Boltzmann constant, and
temperature. The top candidates with low λh can be further
studied by evaluating electronic couplings (t) between
neighboring molecules and the associated change in free
energy (ΔGo) for the charge transports. In the framework of
AL, the reorganization energies for a hole (λh) are automatically
calculated employing the potential energy surface (PES)
calculations discussed in detail elsewhere (Samanta et al.,
2017). Here, hole reorganization energies were calculated as:

λh � (E+
0 − E+

+) + (E0
+ − E0

0), (3)

where E0
+ denotes the energy of the cation at the optimized

geometry of the neutral molecule; E+
0 is the energy of the

neutral molecule at the optimized geometry of the cation; E+
+

and E0
0 are the energy of the cation and neutral molecule at their

corresponding optimized geometries.

Oxidation Potential
For hole transport materials, in addition to the low λh to improve
the rates of hole transport, the HOMO energy (oxidation
potential, VOxidation) is required at an appropriate level to
ensure a low energy barrier for hole injection from the anode

into the emissive layer. As a reference, we considered 4,4′-Bis [N-
(1-naphthyl)-N-phenylamino]biphenyl (NPB), which is one of
the most commonly used as HTL compounds in OLEDs, see
Figure 2.

Previous studies have shown that using a relatively
inexpensive level of theory (B3LYP/MIDI!) combined with
empirical corrections are able to predict orbital energies in
good agreement with experimental measurements (Kondakova
et al., 2008; Shukla et al., 2009). Here, the empirical corrections
are applied to produce the Koopman redox potentials using the
raw density functional orbital energies:

VOxidation � −17.50 · EHOMO,DFT(eV) − 2.17 (4)

The oxidation potential of NPB using Koopmans’ method is
found to be 0.88 V, which is in acceptable agreement with the
experimental measurements of 0.75 V (Jia et al., 2005).

As discussed above, the reduction potential (LUMO energy)
and triplet state energies of HTMs also contribute to the overall
performance of OLED devices. These properties can also be
included in the calculations within the AL framework. For
simplicity and speed, in this paper, we exclude these
properties to estimate the MPO scores of the materials.

RESULTS AND DISCUSSIONS

We applied an automated workflow that efficiently integrates
active learning (AL) and density functional theory (DFT)
calculations for the high-throughput screening of ∼9,000
compounds. The materials’ performance for hole transport
layer (HTL) is examined by screening their hole
reorganization energies (λh) and oxidation potentials. Here, λh
is desired to be minimized (<0.1 eV) for fast hole transport rate
between neighboring molecules in HTL. Materials with λh >
0.3 eV are considered as not suitable for HTL. Furthermore, we
used the calculated oxidation potential of NPB (0.88 V) as a target
value with inner and outer tolerances of 0.15 and 0.3 V,
respectively. Materials with oxidation potentials of 0.88 ± 0.15
(i.e., inner tolerance) V are considered to be good candidates for
HTL. If oxidation potential of a material is estimated to be outside
of 0.88 ± 0.30 (i.e., outer tolerance) V range, the material is
considered to be not suitable for HTL. In this study, the
significance (i.e., weight) of hole reorganization energies and
oxidation potentials to calculate multiple property
optimization (MPO) scores of materials is considered to be
the same. The size of the training set for AL was increased
from 50 to 550 molecules in 10 iterations. In this study,
maximum simulation subjobs were set to be 50 (i.e., 50
CPUs), and the calculations were completed within ∼85 h.

Figure 3A displays MPO scores for the HTL dataset estimated
by AL as a function of hole reorganization energies that are
separately calculated for all the materials. This figure indicates
that there are many materials in the dataset with desired low hole
reorganization energies but are not suitable for HTL due to their
improper oxidation potentials. This result shows that the AL
workflow efficiently accounts for multiple parameters to evaluate
the optoelectronic performance of the materials.

FIGURE 2 | Chemical structure of NBP, which is used as a reference for
the oxidation potential.
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Figure 3B presents MPO scores of the materials used in the
training dataset of AL, demonstrating that the feedback loop in the
AL workflow efficiently guides the data collection as the size of the
training set increases. This approach provides a time-efficient route
to find promisingmaterials candidates across a huge chemical space.

Examples of top candidates with the highestMPO scores in the
dataset of hole transport layer materials are presented in Figure 4.
Results demonstrate that the AL workflow could successfully
select candidates with chemical cores that are known to offer
good performance in hole transport layers such as
triphenylbenzene-, triphenylamine-, carbazole-, and spiro-

based structures. Although the AL framework provides a
unique platform to filter out top candidates based on
reorganization energies and oxidation potentials, the selected
candidates need further investigations to estimate their
electronic couplings between neighboring molecules, hole
transport rates in thin films, LUMO levels and triplet states
energies. For example, we calculated LUMO and triplet state
energies of materials shown in Figure 4. Results are summarized
in Table 1. Calculated LUMO level of molecules 1, 3-8 are
moderately deeper than that for NPB, while it is significantly
up-shifted for molecule 2. This result indicates that the latter

FIGURE 3 | (A) MPO score of all materials in the HTL dataset and (B) those used in the training set as a function of λh.

FIGURE 4 | Some of the materials candidates with top MPO scores for the hole transport layer.
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molecule may successfully block electron injection to the HTL.
Triplet state energy of molecules 1, 2 and 5 is calculated to be
higher than that of NPB (2.46 eV), illustrating that the use of the
latter HTMs is expected to minimize triplet energy transfer at
HTL/EML interface, thus excitons are confined in the
emissive layer.

Additionally, the materials for HTL are required to present
good thermal stability in the amorphous state to avoid a
significant change in the hole mobility under operating
conditions. Here, molecular dynamics simulations and neural-
network-based machine learning can provide insights into glass
transition temperature (Tg), determining their thermal stability.
Of note, one of the core structures that is frequently selected by
the AL workflow presents a spiro configuration. The spiro-core
structure is deemed to remarkably increase the Tg value of
materials (Swayamprabha et al., 2019), and thus enhance their
thermal stability, making them suitable materials with high
efficiency and a long operational lifetime for OLED devices.

It is noteworthy that the AL module developed in the Maestro
package provides ML models that can be used later to predict
MPO scores of other materials relevant to the dataset for which

ML models are optimized. To further validate the AL workflow,
we used the ML model generated for the same dataset of hole
transport layer materials and predicted MPO scores of the
materials. Figure 5 displays an acceptable linear correlation
between the MPO scores calculated during training of the ML
model by active learning and those scores predicted using the
optimized ML model. This result points to the reproducibility of
the MPO scores, indicating that the AL workflow is robust and
holds promise for practical materials informatics.

CONCLUSION

We present an active learning workflow for accelerated design and
optimization of novel OLED materials. The fully automated module
efficiently combines atomic-scale calculations at the level of DFTwith
active learning ML to reliably predict the optoelectronic properties of
OLED materials. This study used a dataset to identify top materials
candidates for hole transport using multiple property optimization
(MPO) scores for hole transport materials. Results showed that the
workflow enables a fast, high-throughput screening of materials,
filtering out the best molecules to be further examined for practical
applications. Here, for a dataset of ∼9,000 molecules, the AL
workflow determined the top candidates for HTL by evaluating
550 molecules in 10 iterations using DFT calculations. Performing
DFT calculations for all of the 9,000 molecules in the dataset would
increase the computational cost by a factor of 15× ‘s versus the Active
Learning (AL) workflow. This study describes a robust framework to
accurately link molecular and chemical descriptors to OLED
materials properties. The rapid screening of datasets by AL
enables improved understanding of structure-function
relationships for systematic design and application of OLED
materials with higher efficiency.
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TABLE 1 | Calculated LUMO and triplet state energy (T1) for some of the materials
shown in Figure 3 and NPB. All energies are given in eV.

Material LUMO T1

1 −2.48 2.84
2 −1.89 3.10
3 −2.75 1.35
4 −2.76 1.35
5 −2.62 2.75
6 −2.64 1.34
7 −2.74 1.33
8 2.70 1.25
NPB −2.30 2.46

FIGURE 5 | Linear correlation of MPO scores of materials in the HTL
dataset obtained during the training of the ML model in the framework of AL
and the scores estimated by using the ML model thus generated for the same
dataset.

Frontiers in Chemistry | www.frontiersin.org January 2022 | Volume 9 | Article 8003716

Abroshan et al. Active Learning for Organic Electronics

https://www.frontiersin.org/journals/chemistry
www.frontiersin.org
https://www.frontiersin.org/journals/chemistry#articles


REFERENCES

Abroshan, H., Cho, E., Coropceanu, V., and Brédas, J. L. (2020). Suppression of
Concentration Quenching in Ortho-Substituted Thermally Activated Delayed
Fluorescence Emitters. Adv. Theor. Simul. 3, 1900185. doi:10.1002/adts.201900185

Abroshan, H., Coropceanu, V., and Brédas, J.-L. (2020). Hyperfluorescence-based
Emission in Purely OrganicMaterials: Suppression of Energy-LossMechanisms
via Alignment of Triplet Excited States. ACS Mater. Lett. 2, 1412–1418.
doi:10.1021/acsmaterialslett.0c00407

Abroshan, H., Coropceanu, V., and Brédas, J. L. (2020). Radiative and Nonradiative
Recombinations in Organic Radical Emitters: The Effect of Guest-Host
Interactions. Adv. Funct. Mater. 30, 2002916. doi:10.1002/adfm.202002916

Abroshan, H., Zhang, Y., Zhang, X., Fuentes-Hernandez, C., Barlow, S.,
Coropceanu, V., et al. (2020). Thermally Activated Delayed Fluorescence
Sensitization for Highly Efficient Blue Fluorescent Emitters. Adv. Funct.
Mater. 30, 2005898. doi:10.1002/adfm.202005898

Bochevarov, A. D., Harder, E., Hughes, T. F., Greenwood, J. R., Braden, D. A.,
Philipp, D. M., et al. (2013). Jaguar: A High-Performance Quantum Chemistry
Software Program with Strengths in Life and Materials Sciences. Int. J. Quan.
Chem. 113, 2110–2142. doi:10.1002/qua.24481

Chen, H.-W., Lee, J.-H., Lin, B.-Y., Chen, S., and Wu, S.-T. (2018). Liquid crystal
Display and Organic Light-Emitting Diode Display: Present Status and Future
Perspectives. Light Sci. Appl. 7, 17168. doi:10.1038/lsa.2017.168

Dubey, D. K., Thakur, D., Yadav, R. A. K., RamNagar,M., Liang, T.-W., Ghosh, S., et al.
(2021). High-throughput Virtual Screening of Host Materials and Rational Device
Engineering for Highly Efficient Solution-ProcessedOrganic Light-EmittingDiodes.
ACS Appl. Mater. Inter. 13, 26204–26217. doi:10.1021/acsami.1c04015

Eisenstein, M. (2020). Active Machine Learning Helps Drug hunters Tackle
Biology. Nat. Biotechnol. 38, 512–514. doi:10.1038/s41587-020-0521-4

Fukagawa, H., Shimizu, T., Kawano, H., Yui, S., Shinnai, T., Iwai, A., et al. (2016).
Novel Hole-Transporting Materials with High Triplet Energy for Highly
Efficient and Stable Organic Light-Emitting Diodes. J. Phys. Chem. C 120,
18748–18755. doi:10.1021/acs.jpcc.6b05099

Gómez-Bombarelli, R., Aguilera-Iparraguirre, J., Hirzel, T. D., Duvenaud, D., Maclaurin,
D., Blood-Forsythe, M. A., et al. (2016). Design of EfficientMolecular Organic Light-
Emitting Diodes by a High-Throughput Virtual Screening and Experimental
Approach. Nat. Mater. 15, 1120–1127. doi:10.1038/nmat4717

Guyon, I., Cawley, G. C., Dror, G., and Lemaire, V. (2011). “Results of the Active Learning
challenge. In Active Learning and Experimental Design Workshop in Conjunction
with AISTATS 2010”. In JMLR Workshop and Conference Proceedings. 19.

Hautier, G., Fischer, C. C., Jain, A., Mueller, T., andCeder, G. (2010). FindingNature’s
Missing Ternary Oxide Compounds Using Machine Learning and Density
Functional Theory. Chem. Mater. 22, 3762–3767. doi:10.1021/cm100795d

Jeong, E. G., Kwon, J. H., Kang, K. S., Jeong, S. Y., and Choi, K. C. (2020). A Review
of Highly Reliable Flexible Encapsulation Technologies towards Rollable and
Foldable OLEDs. J. Inf. Display 21, 19–32. doi:10.1080/15980316.2019.1688694

Jhulki, S., andMoorthy, J. N. (2018). Small Molecular Hole-TransportingMaterials
(HTMs) in Organic Light-Emitting Diodes (OLEDs): Structural Diversity and
Classification. J. Mater. Chem. C 6, 8280–8325. doi:10.1039/c8tc01300d

Jia, W. L., Moran, M. J., Yuan, Y.-Y., Lu, Z. H., and Wang, S. (2005). (1-Naphthyl)
phenylamino Functionalized Three-Coordinate Organoboron Compounds:
Syntheses, Structures, and Applications in OLEDs. J. Mater. Chem. 15, 3326.
doi:10.1039/b506840a

Kondakova, M. E., Pawlik, T. D., Young, R. H., Giesen, D. J., Kondakov, D. Y., Brown, C.
T., et al. (2008).High-efficiency, Low-Voltage PhosphorescentOrganic Light-Emitting
Diode Devices with Mixed Host. J. Appl. Phys. 104, 094501. doi:10.1063/1.3000046

Korotcov, A., Tkachenko, V., Russo, D. P., and Ekins, S. (2017). Comparison of
Deep Learning with Multiple Machine Learning Methods and Metrics Using
Diverse Drug Discovery Data Sets. Mol. Pharmaceutics 14, 4462–4475.
doi:10.1021/acs.molpharmaceut.7b00578

Kwak, H. S., An, Y., Giesen, D. G., Highes, T. F., Brown, C. T., Leswing, K., et al.
2016 Design of Organic Electronic Materials with a Goal-Directed Generative
Model Powered by Deep Neural Networks and High- Throughput Molecular
Simulations. Front. Chem.

Lee, H. E., Shin, J. H., Park, J. H., Hong, S. K., Park, S. H., Lee, S. H., et al. (2019).
Micro Light-Emitting Diodes for Display and Flexible Biomedical Applications.
Adv. Funct. Mater. 29, 1808075. doi:10.1002/adfm.201808075

Lee, J.-H., Chen, C.-H., Lee, P.-H., Lin, H.-Y., Leung, M.-k., Chiu, T.-L., et al.
(2019). Blue Organic Light-Emitting Diodes: Current Status, Challenges, and
Future Outlook. J. Mater. Chem. C 7, 5874–5888. doi:10.1039/c9tc00204a

Li, N., Chen, X., Ong, W.-J., MacFarlane, D. R., Zhao, X., Cheetham, A. K., et al.
(2017). Understanding of Electrochemical Mechanisms for CO2 Capture and
Conversion into Hydrocarbon Fuels in Transition-Metal Carbides (MXenes).
ACS Nano 11, 10825–10833. doi:10.1021/acsnano.7b03738

Marcus, R. A. (1993). Electron Transfer Reactions in Chemistry. Theory and
experiment. Rev. Mod. Phys. 65, 599–610. doi:10.1103/revmodphys.65.599

Murdock, S. E., Hughes, T. F., Kwak, S. H., Goldberg, A., Giesen, D. J., Cao, Y., et al.
(2015). Discovery of New Anode SEI Forming Additives Using an In Silico
Evolutionary Approach. ECS Trans. 69, 67–74. doi:10.1149/06901.0067ecst

Nilakantan, R., Bauman, N., Dixon, J. S., and Venkataraghavan, R. (1987). Topological
Torsion: a NewMolecular Descriptor for SARApplications. ComparisonwithOther
Descriptors. J. Chem. Inf. Comput. Sci. 27, 82–85. doi:10.1021/ci00054a008

Pauwels, E., Lajaunie, C., and Vert, J. P. (2014). A Bayesian Active Learning
Strategy for Sequential Experimental Design in Systems Biology. BMC Syst.
Biol. 8, 102. doi:10.1186/s12918-014-0102-6

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., et al.
(2011). Scikit-learn: Machine Learning in Python. J. Mach. Learn. Res. 12, 2825.

RDKit 2020 Open-source Cheminformatics. http://www.rdkit.org .
Samanta, P. K., Kim, D., Coropceanu, V., and Brédas, J.-L. (2017). Up-conversion

Intersystem Crossing Rates in Organic Emitters for Thermally Activated
Delayed Fluorescence: Impact of the Nature of Singlet vs Triplet Excited
States. J. Am. Chem. Soc. 139, 4042–4051. doi:10.1021/jacs.6b12124

Schrödinger (2020). LiveDesign User Manual 8.9. MPO Calculation Methodology.
LiveDesign Release (2021). LiveDesign Release 8.11. New York, NY:

Schrödinger, LLC.
Schrödinger Release (2021). Schrödinger Release 2021-2: Materials Science Suite.

New York, NY: Schrödinger, LLC.
Shukla, D., Welter, T. R., Robello, D. R., Giesen, D. J., Lenhard, J. R., Ahearn, W. G.,

et al. (2009). Dioxapyrene-Based Organic Semiconductors for Organic Field
Effect Transistors. J. Phys. Chem. C 113, 14482–14486. doi:10.1021/jp903472q

Song, Y. J., Kim, J.-W., Cho,H.-E., Son, Y. H., Lee,M.H., Lee, J., et al. (2020). Fibertronic
Organic Light-Emitting Diodes toward Fully Addressable, Environmentally Robust,
Wearable Displays. ACS Nano 14, 1133–1140. doi:10.1021/acsnano.9b09005

Swayamprabha, S. S., Nagar, M. R., Yadav, R. A. K., Gull, S., Dubey, D. K., and Jou,
J. H. (2019). Hole-transporting Materials for Organic Light-Emitting Diodes:
An Overview. J. Mater. Chem. C 7, 7144.

Vasudevan, R., Pilania, G., and Balachandran, P. V. (2021). Machine Learning for
Materials Design and Discovery. J. Appl. Phys. 129, 070401. doi:10.1063/5.0043300

Wager, S., Hastie, T., and Efron, B. (2014). Confidence Intervals for Random Forests:
The Jackknife and the Infinitesimal Jackknife. J. Mach. Learn. Res. 15, 1625–1651.

Yoo, S., Kim, T., Lee, H., Moon, H., Kim, E., and Lee, S. (2020). “22-4: Invited
Paper: OLEDs for Wearables: From Form Factor Engineering to Healthcare
Applications,” SID Int. Symp. Dig. Tech. Pap. 52, 274.

Conflict of Interest:Authors HA, SK, YA, CB, AC, PW andMHwere employed by
the company Schrödinger, Inc.

The authors declare that this study received funding from Schrödinger, Inc.
Schrodinger, Inc. was solely responsible for the design of the study, data
collection, analysis, interpretation of data, the writing of this article, and
decision to publish the manuscript.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors, and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Copyright © 2022 Abroshan, Kwak, An, Brown, Chandrasekaran, Winget and Halls.
This is an open-access article distributed under the terms of the Creative Commons
Attribution License (CC BY). The use, distribution or reproduction in other forums is
permitted, provided the original author(s) and the copyright owner(s) are credited
and that the original publication in this journal is cited, in accordance with accepted
academic practice. No use, distribution or reproduction is permitted which does not
comply with these terms.

Frontiers in Chemistry | www.frontiersin.org January 2022 | Volume 9 | Article 8003717

Abroshan et al. Active Learning for Organic Electronics

https://doi.org/10.1002/adts.201900185
https://doi.org/10.1021/acsmaterialslett.0c00407
https://doi.org/10.1002/adfm.202002916
https://doi.org/10.1002/adfm.202005898
https://doi.org/10.1002/qua.24481
https://doi.org/10.1038/lsa.2017.168
https://doi.org/10.1021/acsami.1c04015
https://doi.org/10.1038/s41587-020-0521-4
https://doi.org/10.1021/acs.jpcc.6b05099
https://doi.org/10.1038/nmat4717
https://doi.org/10.1021/cm100795d
https://doi.org/10.1080/15980316.2019.1688694
https://doi.org/10.1039/c8tc01300d
https://doi.org/10.1039/b506840a
https://doi.org/10.1063/1.3000046
https://doi.org/10.1021/acs.molpharmaceut.7b00578
https://doi.org/10.1002/adfm.201808075
https://doi.org/10.1039/c9tc00204a
https://doi.org/10.1021/acsnano.7b03738
https://doi.org/10.1103/revmodphys.65.599
https://doi.org/10.1149/06901.0067ecst
https://doi.org/10.1021/ci00054a008
https://doi.org/10.1186/s12918-014-0102-6
http://www.rdkit.org
https://doi.org/10.1021/jacs.6b12124
https://doi.org/10.1021/jp903472q
https://doi.org/10.1021/acsnano.9b09005
https://doi.org/10.1063/5.0043300
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/chemistry
www.frontiersin.org
https://www.frontiersin.org/journals/chemistry#articles

	Active Learning Accelerates Design and Optimization of Hole-Transporting Materials for Organic Electronics
	Introduction
	Materials and Methods
	Datasets
	Active Learning and Multiple Property Optimization
	Featurization and Machine Learning Model Training
	Reorganization Energies
	Oxidation Potential

	Results and Discussions
	Conclusion
	Data Availability Statement
	Author Contributions
	Acknowledgments
	References


