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Automatic Screen-out of Ir(III) Complex Emitters by
Combined Machine Learning and Computational Analysis
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Zifeng Zhao,* and Qi Ou*

The organic light-emitting diode (OLED) has gained widespread commercial
use, yet there is a continuous need to identify innovative emitters that offer
higher efficiency and a broader color gamut. To effectively screen out
promising OLED molecules that are yet to be synthesized, representation
learning aided high throughput virtual screening (HTVS) over millions of
Ir(III) complexes, which are prototypical types of phosphorescent OLED
material constructed via a random combination of 278 reported ligands. This
study successfully screens out a decent amount of promising candidates for
both display and lighting purposes, which are worth further experimental
investigation. The high efficiency and accuracy of this model are largely
attributed to the pioneering attempt of using representation learning to
organic luminescent molecules, which is initiated by a pre-training procedure
with over 1.6 million 3D molecular structures and frontier orbital energies
predicted via semi-empirical methods, followed by a fine-tuning scheme via
the quantum mechanical computed properties over around 1500 candidates.
Such workflow enables an effective model construction process that is
otherwise hindered by the scarcity of labeled data and can be
straightforwardly extended to the discovery of other novel materials.

1. Introduction

First demonstrated by C. W. Tang and S. A. Vanslyke in 1987,[1]

organic light-emitting diodes (OLEDs) have gradually become
a mainstream display technology in consumer electronics due
to their superior color properties and the capability of being
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made flexible.[2] Despite the fact that
OLEDs have been commercialized for
years, challenges still remain in terms of
higher efficiency and wider color gamut,
which require the discovery of novel
molecules with desired luminescence
properties.[3–7] The conventional way to
design new materials relies on exper-
tise intuition and sufficient amount of
experimental validations, of which the
trial-and-error cost is usually burdensome.

The rapid development of massive com-
putational resources with advanced simu-
lation and theoretical algorithms has made
high-throughput virtual screening (HTVS)
a ground-breaking tool in the design of new
materials.[8–11] By comprehensively explor-
ing the chemical space with tailored proper-
ties, HTVS succeeds in predicting the most
promising candidates for experimental val-
idation, and the trial-and-error cost can be
remarkably reduced. Recent applications of
this approach include the search for both or-
ganic and inorganic materials in the field

of batteries,[12–17] 2D materials,[18–20] alloys,[21,22]

semiconductors,[23,24] catalyst,[25,26] light-emitting devices,[27,28]

and photovoltaics,[29,30] etc.[31–34] The central part of HTVS is the
screening criteria, of which the generation relies on sufficient
existing experimental data and/or accurate yet efficient quantum
mechanical (QM) calculations. Unfortunately, experimental
data under consistent conditions are rather limited, and highly
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accurate QM calculations are usually computationally demand-
ing and even prohibitive to large realistic systems.[35–37] Both
of these experimental and theoretical obstacles pose practical
challenges to the application of HTVS.

By constructing quantitative structure-activity relationships
(QSAR), machine learning (ML) algorithm can be applied as a
powerful tool to efficiently predict experimental or QM properties
and remarkably alleviate the data generation cost. Early property-
predicting works of ML algorithms employ manually constructed
features for the description of the structures, which requires case-
by-case design for different systems.[38] Graph convolution neu-
ral networks provide a general scheme by representing the struc-
ture via neural network layers with atomic information and posi-
tions of systems as initial input[39], which gains pronounced im-
provement in terms of generalizability and transferability. The
essential issue of ML-accelerated HTVS is indeed to achieve a
desired accuracy and transferability with as little data as possible.
Recently, attempts have been made to improve the data-efficiency
by employing a more information-rich and reliable representa-
tion to better describe the system structures, among which E(3)-
equivariant graph neural network (E3NN) is a good example.[40]

Other studies employ the transfer learning scheme, in which
the ML models is pre-trained with tremendous inexpensive la-
beled data and then fine-tuned with limited expensive but accu-
rate labels.[41–43]

In 2022, we proposed Uni-Mol, a molecular representa-
tion learning scheme (MRL)[44–48], to further improve the data-
efficiency by enabling the utilization of unlabeled data as prior
knowledge. Within the framework of Uni-Mol, the property-
predicting model is constructed with a pre-training process of
tremendous unlabeled 3D structure data and cost-effective la-
beled data, followed by the application of fine-tuning schema
with limited expensive labeled data on multiple downstream
tasks.[49] Besides utilizing both labeled and unlabeled data for
pre-training, Uni-Mol also employs a pair-level representation
to obtain information-rich description of structures, making it
a competitive tool in predicting structural-related properties of
various materials.[49] In fact, by taking the advantage of enor-
mous 3D conformations of the target systems and the state-of-
the-art (SOTA) neural network, Uni-Mol rivals the performances
of some advanced methods such as D-MPNN and AttentiveFP in
predicting energetic properties of open-source organic and med-
ical molecules.[49]

In this work, we expand the application of Uni-Mol to the
HTVS of organic luminescent molecules, of which the light-
emitting properties are closely related to their 3D conformations.
We demonstrate that with the accurately benchmarked QM cal-
culations on a limited amount of systems combined with
the Uni-Mol training process over millions of automatically
constructed and semi-empirically optimized structures, photo-
physical properties of Ir(III) complexes, which are prototypical
phosphorescent molecules, can be efficiently predicted, enabling
the screen-out of presumably outstanding candidates. Most im-
portantly, such computational protocol can be effortlessly trans-
ferred to other organic materials such as thermally activated de-
layed fluorescence (TADF) molecules and organic photovoltaic,
facilitating an efficient means of material design in a variety of
fields.

2. Experimental Section

The overall workflow of HTVS process is schematized in
Figure 1. With 278 bidentate ligands collected from previously
published experimental studies on Ir(III) complex,[50] millions
of candidate molecules were constructed using stk[51] and fur-
ther optimized via density functional tight binding approach, i.e.,
GFN2-xTB.[52] A structure rationality filter was then introduced to
filter out unphysical structures based on atomic distances and/or
ligand angles. As such, around 1.6 million candidates were con-
structed, of which the coordinates and symbols were served as
as the initial guesses for QM calculations and self-learning label
during the pre-training process of Uni-Mol, while the energies of
highest occupied molecular orbital (HOMO) and lowest unoccu-
pied molecular orbital (LUMO) at GFN2-xTB level were served
as supervise-learning labels. Details of the framework, the pre-
training and fine-tuning processes, and the optimization of the
hyperparameters (Table S1, Supporting Information) of Uni-Mol
were illustrated in the Supporting Information.

Due to the high computational cost of QM calculations, they
were only carried out on 1468 randomly selected molecules
with less than 61 heavy atoms from the candidate pool. The
number of heavy atoms of the whole candidate pool ranges
from 22 to 157, and the overall distribution could be seen in
Figure S3 (Supporting Information). Four QM predicted proper-
ties, HOMO, LUMO, the adiabatic excitation energy of T1 (Ead),
and the photoluminescence quantum yield (PLQY), were uti-
lized to fine-tune the pre-trained model. All electronic structure
calculations were performed with quantum chemistry packages
Gaussian16[53] and ORCA,[54,55] while the photophysical proper-
ties including emission spectra and various rate constants were
calculated via the thermal vibration correlation function (TVCF)
method in the molecular material property prediction package
MOMAP.[56–58]

It should be noted all properties were calculated for isolated
gaseous phase molecules. In fact, such single-molecule model
had been widely employed to analyze both the molecular orbitals
and the excitation energies of solid-state organic light-emitting
systems.[59–61] The rationality of such single-molecule model lied
in the fact that for most OLED devices, luminescent molecules
were doped on thin films, and such amorphous pattern usu-
ally limits the intermolecular interactions, making the single-
molecule model a sound approximation to the practical scenario.
The accuracy of the QM calculation process was validated by com-
paring the theoretical predicted adiabatic excitation energy and
PLQY with the corresponding experimental values on ten se-
lected molecules (as listed in Table 1). The molecular structures
of these ten molecules were provided in Figure S4 (Supporting
Information).

After the pre-training and fine-tuning process, the estab-
lished Uni-Mol model was applied to single out potentially
outstanding candidates, followed by further QM validation on
these molecules. Target molecules for displaying and lighting
purposes were then screened out with corresponding criteria
(as detailed in the next section). Additional details of the HTVS
workflow (Figure S2, Supporting Information) and the applied
electronic structure theory were provided in the Supporting
Information.
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Figure 1. Schematic HTVS workflow for Ir(III) complex emitters.

Table 1. PLQY and adiabatic excitation energy (Ead) of ten OLED molecules
predicted by QM calculation and the corresponding experimental values.

Molecule ID PLQY Ead (eV)

QM Exp. QM Exp.a)

(ppy)2Ir(oz)[62] 0.30 0.55 2.60 2.58

Ir(dpt)3
[3] 0.99 0.64 3.14 3.13

Complex 2[63] 0.39 0.35 2.62 2.44

(mdp)2Ir(acac)[64] 0.76 0.85 2.40 2.37

Complex 1[65] 0.78 0.78 2.97 3.12

IrS-5F[66] 0.67 0.95 2.47 2.35

Ir1[67] 0.99 0.93 2.46 2.75

2FBNO[68] 0.83 0.71 2.37 2.45

Complex 2[69] 0.90 0.73 2.63 2.94

Ir5b[70] 0.99 0.69 2.91 2.96
a)

The experiment values are estimated from the average of the absorption and emis-
sion energies.

3. Results and Discussion

3.1. Performance of Uni-Mol on Open-Source OLED Dataset

The capability of Uni-Mol in predicting electronic structure prop-
erties for organic optical molecules is first validated on an open-
source solvated organic fluorescent dyes dataset,[71] of which the
3D information required by Uni-Mol training is generated from
2D simplified molecular-input line-entry system (SMILES) via
Rdkit. Note that the solvent effect is not taken into consideration
in our training process and hence molecules solvated with dif-

ferent solvents are removed. The scaffold splitting is applied to
divide the dataset into training, validation, and test sets in the
ratio of 8:1:1. As shown in Figure 2, our Uni-Mol model is able
to provide accurate ML predictions for absorption and emission
wavelengths. The correlation coefficient (R) and the MAE on test
set are 0.991 and 7.3 nm for the absorption wavelength and 0.960
and 16.4 nm for the emission wavelength, which outperforms the
previously reported results.[72] Therefore, Uni-Mol model can be
rationally applied to our constructed candidate pool to initiate an
accurate and cost-effective approach that connects 3D informa-
tion of molecules and their optical properties.

3.2. Uni-Mol Performance on Ir(III) Complex Emitters

Next, we examine the performance of Uni-Mol on the constructed
Ir(III) complexes pool. The pre-training process of Uni-Mol is
performed over the whole candidate pool, with the energy of
the frontier orbitals at GFN2-xTB level as labels. By dividing
the dataset into training, validation, and test sets with the ra-
tio of 8:1:1, the R value for HOMO and LUMO on the test set
is 0.995 and 0.934, respectively, which evinces the consistency
between Uni-Mol prediction and GFN2-xTB calculations. Such
pre-training process is followed by the fine-tuning with four QM
predicted properties, i.e., HOMO, LUMO, adiabatic excitation en-
ergy of T1, and PLQY. The ratio of training, validation and test set
is also set to 8:1:1.

The performance of the established Uni-Mol model on predict-
ing these four optical properties is shown in Figure 3. It can be
seen that highly accurate predictions of HOMO (MAE = 0.067
eV, R = 0.95), LUMO (MAE = 0.114 eV, R = 0.87), and Ead (MAE
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Figure 2. Correlation between the Uni-Mol predicted values [a) absorption and b) emission wavelength] and the experimental values on an open-source
database.[71] The blue and yellow dots represent the training and test set, respectively. The color bar represents the density of data points in the absorption
and emission training set.

Figure 3. Correlation between the Uni-Mol predicted values [a) HOMO, b) LUMO, c) adiabatic excitation energy, and d) PLQY] and QM counterparts.
Blue and yellow dots represent the train and test set, respectively. The color bar represents the density of the data points in the training set.

= 0.043 eV, R = 0.96) on test set are achieved, while the predic-
tion on PLQY is less precise but still acceptable. This is aroused
from the fact that the former three are pure electronic structure
properties that only depend on electronic structure calculation,
while PLQY is obtained by calculating the radiative and nonradia-
tive decay rate constants via the rate formalizm (as detailed in the

Supporting Information). These two quantities are closely related
to both electronic structure and photophysical properties of the
light-emitting state and are intrinsically difficult to be accurately
computed and predicted. We verify the robustness of Uni-Mol by
performing four independent training to predict PLQY. As shown
in Table S2 (Supporting Information), the MAEs of PLQY given
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Figure 4. Distribution of PLQY (a,b) and emission wavelength (c,d) in 2D projections of Uni-Mol embedding layer via t-SNE. Data points in (a) and (c)
are predicted via the Uni-Mol model with random weight, while those in (b) and (d) are predicted via trained Uni-Mol model.

by these four models are basically lower than 10%, with a small
standard deviation of 1%. It can be seen that the overall MAE
of PLQY given by Uni-Mol (9.4%) reaches a desired accuracy for
high throughput screening.

To further justify the strength of Uni-Mol in predicting the op-
tical properties of OLED molecules, we employ another two ML
models, namely, the Deep Potential (DP)[73] and E3NN,[40] on our
Ir(III) complexes dataset. For DP and E3NN, we randomly split
the dataset to training and test sets and the ratio of training and
test set is set to 9:1. Details of hyperparameters of DP and E3NN
are provided in the Supporting Information. The mean absolute
errors (MAEs) of DP, E3NN, and Uni-Mol in predicting the four
QM properties are listed in Table S3 (Supporting Information).
For all investigated properties in our dataset, the DP shows the
worst accuracy, which is because DP only employs pair distances
and angles of molecules to describe the spatial information. The
E3NN employs the E(3)-equivariant convolutions and message
passing algorithm, resulting in a more information-rich and re-
liable representation for the spatial information.[40] The accuracy
of E3NN is therefore remarkably higher than that of DP. Bene-
fitting from the pre-training process, the accuracy of Uni-Mol on
four QM properties are further improved compared with that of

E3NN as shown in Table S3 (Supporting Information). Table S3
(Supporting Information) also illustrates the poor accuracy of
Uni-Mol without pre-training, which is merely on par with DP,
thereby signifying the necessity of pre-training in the Uni-Mol
training process. Altogether, these results evince that our pre-
trained and fine-tuned Uni-Mol model can be applied as a pow-
erful tool to model the structure-property relationship for optical
molecules with limited QM data.

After training the Uni-Mol model, we apply t-SNE, one of
the best techniques for high-dimensional data reduction and
visualization,[74] to project the embedding layer (512 dimensions)
of the Uni-Mol model into two dimensions. Figure 4 shows
the distribution of 8500 randomly selected candidates in the 2D
space, where the upper and lower color bars represent PLQY and
emission wavelength, respectively. Figure 4a,c display the t-SNE
projected results of PLQY and wavelength before training, which
are purely randomly distributed, while data points after training
in Figure 4b,d are well-clustered into distinct regions with re-
spect to the value of PLQY or emission wavelength, elucidating
the existence of the structure-property relationship established
by the Uni-Mol model. It can be seen that data points with PLQY
greater than 70% are concentrated in an area of about 30% of
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Table 2. The adiabatic excitation energy ranges that are applied to filter out
four different colors.

Color Red Yellow Green Blue

Ead min. (eV) 2.00 2.32 2.55 2.84

Ead max. (eV) 2.21 2.40 2.63 3.27

the whole 2D plot, and data points with varied wavelengths dis-
tribute in different regions. In addition, it is also found that the
deep green area (PLQY larger than 70%) in Figure 4b almost coin-
cides with the blue/green area (wavelength shorter than 500 nm)
in Figure 4d, while the region of red/orange emitters are basically
located at the low PLQY region. This is consistent with the ex-
perimental observation that OLED materials with short emission
wavelength usually have high PLQY. Figure 4d also shows that
the emission wavelengths of most selected candidate molecules
are within 450–650 nm range, while the pure red or pure blue
emitters are relatively rare. In fact, only a tiny proportion of the
candidate pool would meet the specific screening criteria for dis-
play purpose, which will be introduced in next section.

3.3. Screen-Out of Novel Emitters

To search for potentially outstanding emitters, we apply Uni-Mol
model to our candidate pool and perform the screening accord-
ing to four screening criteria, i.e., PLQY, Ead, the number of lig-
and types, and the number of heavy atoms. First, we screen out
red, yellow, green, and blue emitters based on the Uni-Mol pre-
dicted emission energy of all 1.6 million candidates. Note that
the experimental counterpart of the theoretically computed Ead is
close to the crossing point of the absorption/fluorescence spec-
tra, of which the wavelength is shorter compared to the maxi-
mum emission wavelength. Therefore, as shown in Table 2, Ead

ranges that applied to screen out four different colors are set a bit
higher compared to the normal emission energy of correspond-
ing emitters. Based on these energy ranges, 9772, 90664, 384170,
and 61329 candidates are singled out, corresponding to red, yel-
low, green, and blue emitters, respectively. Next, molecules with
PLQY larger than 40% are selected from the red and yellow set,
and molecules with PLQY larger than 80% are selected from
the green and blue set, ensuring a favored high quantum effi-
ciency. From a practical point of view, candidates that are diffi-
cult to be synthesized and/or further processed are eliminated,
such as those with three different types of ligands and/or with
unreasonably large molecular weights. The screened-out candi-
dates according to all aforementioned criteria are summarized
in the Supporting Information. It can be seen that our search
is able to recover some well-known phosphorescent emitters,
such as Ir(Fppy)2(acac), FIrpic[75] and a few (dfppy)2Ir(NHC)
complexes,[70] which essentially validates the rationality of our
theoretical protocol.

Molecular structures of the most promising candidates for
both display and lighting purposes, which have not been previ-
ously reported, are shown in Figure 5, with the theoretically pre-
dicted spectra and CIE coordinates. Three candidates with red,
green, and blue emission are predicted with high performance
for display as shown in Figure 5a,b. For display purpose, nar-
rower full-width at half-maximum (FWHM) of the emitter, es-
pecially for green and blue emitters, is desired to cover a wider
color gamut and provide more vivid hue. Based on our screen-
ing procedure, the green emitter 89_89_228 and the blue emitter
152_189_189 stand out, with remarkably narrower FWHM (38
and 52 nm, respectively) compared to common green and blue
phosphorescent emitters. The CIE coordinates of these two emit-
ters are (0.22, 0.66) and (0.15, 0.05), respectively. The screened out
red emitter 41_41_75, though with slightly broader FWHM, has
the main emission peak at 611 nm, which corresponds to a satis-
factory CIE coordinate (0.66, 0.34) for red emitters. It can be seen

Figure 5. Theoretical predicted emission spectra and CIE coordinates of screened out candidates for both display (a,b) and lighting (c,d) purposes.
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in Figure 5b that the color gamut covered by these three emitters
is close to that defined by DCI-P3 and significantly wider than
that defined by sRGB.[76]

Contrary to displays, white lighting devices require broader
emission spectra to achieve higher lighting quality, which could
be quantified by color rendering index (CRI). Dual-color based
on blue and yellow light is widely applied as a low-cost white
lighting protocol. According to our HTVS workflow, two candi-
dates are screened out for lighting purpose, i.e., the sky blue
emitter 197_197_210 and the yellow-orange emitter 44_44_229.
As shown in Figure 5c, the predicted emission spectra of these
two molecules exhibit main peaks at 474 and 574 nm, respec-
tively, both of which acquire broad FWHM larger than 85 nm.
The corresponding CIE coordinates of these two candidates read
(0.18, 0.27) and (0.56, 0.44), respectively, as depicted in Figure 5d.
By tuning the mixing proportion of these two colors, pure white
emission with CIE coordinate (0.32, 0.33) can be achieved as
shown in the inset of Figure 5c,d. The corresponding CRI2012
index [77] is calculated as 85, which could be attractive for daily
light source with balanced quality and cost. Based on our theo-
retical analysis, we foresee good performance of these selected
candidates that are yet to be experimentally synthesized and ex-
plored for both display and lighting.

4. Conclusion

In this work, we have applied Uni-Mol, an advanced MRL al-
gorithm, combined with accurately benchmarked QM calcula-
tions to perform HTVS over millions of Ir(III) complex emit-
ters. The whole screening process consists of three automatized
workflows, i) the generation of tremendous candidates with Ir
atom and a random combination of 278 reported ligands, ii) the
generation of 3D inputs and labels for Uni-Mol, which is accom-
plished via the semi-empirical method on all candidates with ra-
tional structures and the high-level QM calculation over around
1500 molecules, and iii) the pre-training and fine-tuning process
of Uni-Mol. Based on this cascade of automatic workflows, we
are able to screen out a decent amount of promising Ir(III) com-
plexes for both display and lighting purposes, which are worth
further experimental investigation. To the best of our knowledge,
this is the first work that applies MRL to organic luminescent ma-
terials, and our screening protocol can be effortlessly transferred
to other organic materials, impulsing the design of novel mate-
rials that are otherwise shielded by conventional mindset and/or
limited computational and experimental resources.

Supporting Information
Supporting Information is available from the Wiley Online Library or from
the author.
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