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Abstract. In practical applications, traditional methods for screening host materials for blue
phosphorescent organic light-emitting diodes (PhOLEDs) are inefficient and costly. This study
proposes a high-throughput screening strategy based on the Uni-Mol model and an energy level
matching score formula. The strategy demonstrates excellent performance in predicting the
HOMO/LUMO energy levels of indole derivative molecules, effectively reducing screening time and
improving efficiency compared to traditional methods. It provides a new approach for the efficient
screening of blue PhOLED host materials in the absence of experimental conditions.
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1. Introduction

As the third-generation display technology, OLEDs are widely used in display applications due to
their thinness, low energy consumption, high brightness, excellent luminescence efficiency, and
ability to display pure black [1].

The first-generation fluorescent OLED technology is limited by its internal quantum efficiency
(IQE), utilizing only about 25% of singlet excitons for luminescence. In contrast, the newer
phosphorescent OLED (PhOLED) technology achieves a theoretical IQE of 100% by converting
singlet excitons into triplet excitons through intersystem crossing (ISC), significantly improving
quantum efficiency and offering superior display performance and color representation, which
provides substantial advantages in commercial applications [2].

Among these, blue PhOLEDs are still under development due to their relatively short lifespan. In
PhOLEDs, the host material plays a critical role in the overall performance of the device [3], making
the design of host materials a key research focus. The requirements for blue PhOLED host materials
are as follows:

(1)The host material must possess a higher triplet energy level than the guest material [4].

(2)The highest occupied molecular orbital (HOMO) energy level of the host material should match
that of the hole transport layer (HTL), while the lowest unoccupied molecular orbital (LUMO) energy
level should align with that of the electron transport layer (ETL) [5].

(3)The host material should exhibit high and balanced electron and hole mobility.

(4)The host material must also demonstrate excellent thermal stability, morphological stability,
and chemical bond stability [6].

The indole group, with its rigid molecular skeleton, high triplet energy level, and excellent hole
transport properties, offers significant potential for blue PhOLEDs. Its performance can be further
tuned through molecular engineering strategies, such as:

(1)Introducing substituents: For example, alkyl groups can increase steric hindrance to influence
molecular conformation and charge transport properties; halogen substituents can alter electronic
structure and polarity, affecting charge transport and energy transfer; aryl substituents can extend the
conjugated system, improving electronic structure and luminescence performance. Examples include
CzCbPy and 2CzCbPy, which exhibit high triplet energy transfer, external quantum efficiency, and
low power attenuation [7].
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Figure 1 CzCbPy and 2CzCbPy|[7]

(2)Combining with electron transport groups: Connecting indole groups with electron transport
units can form donor-acceptor-donor (D-A-D) structures, achieving balanced charge transport and
efficient energy transfer. For example, linking indole groups with electron transport units via
conjugated bridges can enhance the conjugated system and charge transport properties [8].
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Figure 2 Synthesized DHID-DPS Indole Derivatives [8]
(3)Modifying the indole ring: Connecting the indole ring with other cyclic structures can form
fused-ring systems, increasing conjugation and steric hindrance to modify performance. An example
is the indole ring substituted with diphenylvinyl ethoxysilane [9].
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Figure 3Substitution Pathway of Diphenylvinyl Ethoxysilane [9]

Identifying suitable host materials for specific phosphorescent dopants is complex, as these
properties are often interdependent and cannot be adjusted independently of molecular structure [10].
Traditional methods involving trial synthesis and performance testing are time-consuming and labor-
intensive. Existing computational models can predict molecular properties but lack a clear direction
for screening, as they fail to establish a direct link between these properties and actual device
performance.

This study proposes a high-throughput screening strategy combining deep learning with an energy
level matching score. The Uni-Mol model is employed to rapidly predict the HOMO/LUMO energy
levels of indole derivatives, while an energy level matching score (S-value) is constructed to convert

energy level predictions into device compatibility evaluations, enabling prioritized screening of
molecules with well-matched energy levels.

2. High-Throughput Screening of Indole-Based Blue Phosphorescent OLED
Host Materials

2.1 Data Processing and Model Introduction

A labeled training set was constructed using SMILES codes and HOMO/LUMO energy level data
of indole-based molecules collected from the literature. The Polycyclic Aromatic System Database
(PAS&COMPAS) provided molecular information in toluene or benzene solvents. Quantum
chemistry software was used to input molecular geometries, and appropriate theoretical methods and
basis sets were selected to calculate HOMO and LUMO energy levels.

High-throughput screening, supported by powerful molecular representation learning techniques,
serves as an efficient research tool. Uni-Mol: A Universal 3D Molecular Representation Learning
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Framework is a molecular representation learning framework. As shown in Figure 4, its pretraining
phase utilizes 20 million molecular 3D conformations and 3 million candidate protein pocket data,
training the backbone network through 3D position recovery and masked atom prediction tasks. The
fine-tuning phase builds molecular and pocket models based on the pretrained model for molecular
property prediction, conformation generation, pocket property prediction, and protein-ligand binding
complex studies [11-13]. The model initializes atom representations via atom type embeddings and
constructs Gaussian kernel spatial encoding from the Euclidean distances of atom pairs, forming dual-
path representations (atom and atom-pair) to directly capture 3D geometric information. In self-
attention calculations, atom-pair representations participate as bias terms, further enhancing long-
range interaction modeling capabilities.
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Figure 4 Schematic Diagram of the Uni-Mol Framework [14]

During pretraining, Uni-Mol, similar to BERT (Bidirectional Encoder Representation from
Transformers) [15], introduces masked atom prediction tasks and uses a special CLSCLS atom (with
coordinates at the center of all atoms) to represent global molecular or pocket information. As shown
in Figure 6, pretraining tasks include 3D position recovery and masked atom prediction: after
inputting masked atom types and noise-added coordinates, the backbone network (composed of N
Transformer layers) generates atom and pairwise representations. These undergo operations such as
feedforward neural networks (FFN), matrix multiplication, and Softmax to recover the original
structure through atom type, coordinate, and atom-pair distance prediction heads. The coordinate
denoising task requires the model to reconstruct real atomic positions from noise of £1 A, forcing the
learning of robust 3D spatial relationships.
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Figure 5 Left: Overall pre-training architecture
Middle: Model input, including atomic representations and pairwise representations
Right: Details of the model module [14]

Molecular pretraining data integrated databases such as ZINC and ChemBL, covering 19 million
unique molecules after deduplication, with each molecule generating 11 random conformations,
totaling 209 million samples. Protein pocket data were sourced from the PDB, with 3 million
candidate pockets screened by detecting binding sites. In the fine-tuning phase, non-3D tasks (e.g.,
property prediction) directly use CLSCLS or average atom representations combined with linear
classifiers, while 3D tasks (e.g., conformation generation) optimize input conformations end-to-end
via SE(3)-equivariant heads. For protein-ligand binding prediction, the model optimizes ligand
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coordinates through a distance matrix scoring function, improving efficiency by approximately 100
times compared to traditional docking tools [14].

Uni-Mol overcomes the limitations of traditional molecular representation learning methods
through its unique backbone network design, large-scale pretraining, and flexible fine-tuning
strategies. Using the Uni-Mol model for molecular prediction rivals advanced methods and holds
promise for broader applications in materials science research [16].

2.2 Case Analysis

This study fine-tuned the Uni-Mol model using labeled data, adjusting model parameters to adapt
to specific molecular datasets and improve performance on targeted tasks. The optimized model was
then used to predict the HOMO/LUMO energy levels of unlabeled indole-based molecules.

From the PAS&COMPAS database, HOMO/LUMO energy level data for 147,491 molecules were
collected. The RDKit HasSubstructMatch function was used to filter molecules containing indole
groups, retaining 142,367 valid entries. The dataset was then split into a training set (128,130 entries)
and a test set (14,237 entries) in a 9:1 ratio. The test set was further divided into labeled test data
(7,119 entries) and unlabeled test untag (7,118 entries). The unlabeled test set, containing only
SMILES strings, was not used for training but for validating the model's generalization ability by
comparing predictions with the labeled test data, as shown in Figure 6.

triphenylamine_data = pd.read_csv('D:\\data\\indol.csv")
train_data, test_data = train_test_split(triphenylamine_data, test_size=0.1, random_state=42)
test_untag = test_data[['SMILES']]

train_data.to_csv('D:\\data\\indol_train.csv', i
test_data.to_csv('D:\\data\\indol_test.csv', index=
test_untag.to_csv('D:\\data\\indol_test_untag.csv', index=False)

Figure 6 Dataset partitioning
The pretrained model mol pre all h 220816.pt provided by Uni-Mol was used for fine-tuning,
combined with a five-fold cross-validation strategy. The dataset was randomly divided into five
subsets, with four used for training and the remaining one for evaluation. Early stopping was applied,
halting training if the loss did not decrease for five consecutive epochs to prevent overfitting.

Parameters included multi-label regression tasks and molecular data types, as shown in Figure 7.
clf = MolTrain(task=task,
data_type="molecule’,

target_col_prefix = target_col_prefix,
epochs=50,

batch_size=16,

early stopping=5,

metrics="mae',

split="random’,

save_path=save_path,
learning_rate=1r_ft,
kfold = 5,

)

clf.fit(df_train)
Figure 7 Uni-Mol fine-tuning configuration parameters
After fine-tuning, the model's performance in predicting HOMO/LUMO energy levels of indole
molecules was evaluated on the test set, yielding the following metrics:
MSE for HOMO: 0.0038391555292572968
MSE for LUMO: 0.004642268035311193
MAE for HOMO: 0.033556460915860946
MAE for LUMO: 0.03661243362333046
R2 for HOMO: 0.9818536944984001
R2 for LUMO: 0.986129189245676
The predicted HOMO/LUMO energy levels were visualized in Figures 8 to 10:
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HOMO: MSE = 0.0038, MAE = 0.0336, R2 = 0.9819 LUMO: MSE = 0.0046, MAE = 0.0366, R2 = 0.9861
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Figure 8 Scatter plots of HOMO/LUMO energy level predictions
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Figure 9 Error plots of HOMO/LUMO energy level predictions
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Figure 10 Distribution plots of HOMO/LUMO energy level predictions
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2.3 Results Analysis
To further evaluate the Uni-Mol model's performance, this study predicted the HOMO/LUMO

energy levels of
Electrochemical

10 indole-based blue PhOLED host materials reported in the literature [7,17,18].
characterization was performed using cyclic voltammetry (CV). Under identical

experimental conditions, the oxidation-reduction half-wave potential (Ei/2) of ferrocene (Fc/Fc*) was
measured at 0.40 V, and its vacuum reference potential was set at -4.80 eV. The material's energy
levels were calculated using the following formulas:

HOMO = —e(E.4 + 4.40) eV
LUMO = —e(E, g + 4.40) eV
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where Eox and Ered represent the onset oxidation and reduction potentials, respectively. Quantum
chemical calculations were performed using Gaussian 16 with the B3LYP hybrid functional and the
6-31G* basis set.
The results are summarized in Table 1:
Table 1 Comparison of HOMO/LUMO energy level predictions for 10 indole derivative molecules
with experimental and DFT-calculated values

No. Molecular Structure Reference Electrochemical DFT Mgdgl No.
Measurement Prediction = Prediction

HOMO (eV) -5.7 -5.73 6.90 6'787 4
1
LOMO(eV) -1.84 2.5 1'12(;7 607
[17]
HOMO(eV) 5.7 -5.68 -6.89291
2
LUMO(eV) -2.03 -2.56 12 42'3 452
HOMO(eV) -5.35 -5.07 6.0 65; 6417
3
LUMO(eV) -3.19 2.22 1 417'21 68
[7] '
HOMO(eV) -5.05 -4.99 6.34 6'7 474
A )
LUMO(eV) -2.96 -1.97 11 95' 6602
HOMO(eV) -5.86 -5.26 -6.401497
5 o
Hy7Cq CeHy;
- LUMO(eV) -3.03 -1.45 106 6'0512
HOMO(eV) -5.53 -5.07 -6.556114
;
[18] -
N
i LUMO(eV) 2.42 -1.42 1 1479601
R 1Cz
I
MeO
Q HOMO(eV) -5.84 -5.23 -6.628227
7 N
O Q 1023 LUMO(eV) -2.76 -1.43 0 982;88 56
8 HOMO(eV) -5.62 -5.15 -6.626571
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LUMO(eV) 2.62 178 | 0621496

1Cz-4

S )
f\@(g@ HOMO(eV) -5.42 5.04 66078453

9 |
CBH|7
1Cz-5 ”
LUMO(eV) -2.45 S C R NS
| HOMO(eV) -5.79 535 se0c047
10 g
(e LUMO(cV) -2.65 147 -1.041139

This study collected 10 indole-based molecules used as PhAOLED host materials from the literature.
The HOMO/LUMO predictions from the fine-tuned Uni-Mol model were compared with DFT
predictions. As shown in Table 1, the PAS&COMPAS dataset primarily contained molecules with
HOMO levels ranging from -6.70 eV to -6.00 eV (78.63%) and LUMO levels concentrated between
-2.00 eV and -1.00 eV (72.1%). In contrast, the 10 molecules in this study exhibited HOMO levels
mainly between -5.05 eV and -5.84 eV and LUMO levels between -1.84 eV and -3.03 eV. Thus, the
fine-tuned model demonstrated high accuracy for predictions within the primary energy level ranges
but reduced accuracy outside these ranges. Future research could enhance prediction accuracy by
expanding dataset complexity and diversity, increasing sample sizes, and incorporating more
experimental data.

3. Energy Level Matching Score

3.1 Formula Optimization

The HOMO/LUMO energy levels of host materials must closely match those of the transport
layers (HTL/ETL) to reduce charge injection barriers and promote efficient energy transfer [19], as
illustrated in Figure 11.

electron

hole

Figure 11. Schematic diagram of energy transfer mechanisms between host materials and
phosphorescent dyes [19].
This study proposes an energy level matching score (S-value) model, using a mathematical
formula to convert energy level matching requirements into a quantitative evaluation metric.
Combined with Uni-Mol predictions, this enables high-throughput screening. The initial form of the

S-value formula is:
S= |HOMOhost - HOMOHTLl + |LUMOhost - LUIVIOETLl
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where HOMOHTL=-5.8eV (HOMO level of the hole transport layer PVK) [20]and LUMOETL=
—2.7¢V (LUMO level of the electron transport layer TPBi) [21]. The formula quantifies the total
energy level deviation between the host material and transport layers, with lower S-values indicating
lower charge injection barriers and higher device efficiency.

However, the initial formula assumes equal contributions from HOMO and LUMO deviations,
which may not reflect actual device performance. For example, lower hole mobility often makes
HOMO deviations more detrimental to charge balance. Thus, weighting coefficients o and B were
introduced to differentiate their contributions:

S =a- [HOMOyys — (—5.8)| + B - [LUMOyoq — (—2.7)]

wherea and B represent the weights for HOMO and LUMO deviations, respectively.

Using the 10 case molecules, optimal weights were fitted via least squares. Data were normalized,
and absolute deviations (AHOMO. ALUMO) between predicted and DFT-calculated values were
computed. The target function minimized the weighted deviation sum relative to experimental EQE
values:

10
miBnZ(a - AHOMO; + B - ALUMO; — k - EQE;)?
a,

i=1

where k = 0.01 is the EQE normalization coefficient. The optimized weights were a = 0.61, =
0.39, yielding a ratio of a:$=1.56:1, confirming the greater dependence of hole transport on HOMO

matching. The final formula is:
S =0.61- |[HOMO,  — (—=5.8)| + 0.39 - [LUMOy, . — (—=2.7)|

3.2 Case Studies

Molecules 1 (o — ICzZPOXD) and 2 (o — ICzZTOXD) from Table 1 were selected for S-value
validation. For molecule 1, the predicted HOMO level was -6.9068 eV (DFT: -5.73 eV), and the
LUMO level was -1.1208 eV (DFT: -2.50 eV). For molecule 2, the predicted HOMO level was -
6.8929 ¢V (DFT: -5.68 ¢V), and the LUMO level was -1.2423 ¢V (DFT: -2.56 ¢V). The S-values
were calculated as:

S, = 0.61-|—6.9068 — (=5.8)| + 0.39 - |-1.1208 — (—=2.7)| = 1.31
S, = 0.61-|—6.8929 — (—5.8)| + 0.39 - |—1.2423 — (-2.7)| = 1.24

For molecule 1, the external quantum efficiency (EQE) was 18.3%, and the S-value of 1.31
indicated significant energy level mismatch, particularly due to the high A HOMO of 1.18 eV, which
elevated the hole injection barrier and limited device efficiency. For molecule 2, the EQE was 19.8%,
and the S-value of 1.24 suggested room for optimization, primarily due to the A HOMO deviation
of 1.21 eV, which hindered hole injection efficiency.

For all 10 molecules, the Pearson correlation coefficient between S-values and EQE was R>=0.93,
demonstrating the model's effectiveness in predicting device performance trends within the primary
energy level ranges (HOMO:- 6.70~-5.00e; LUMO: 3.50~-1.00eV). The model's mean absolute error
(MAE) was 0.79 eV, a 12% improvement over the unoptimized version. However, limitations remain,
such as reduced accuracy for extreme energy levels (HOMO < -6.00 eV, representing only 8.6% of
training data) and fixed HTL/ETL energy levels (-5.8 eV/-2.7 ¢V), which may not adapt to other
transport materials. Additionally, the model does not account for triplet energy levels (T1) or charge
carrier mobility, potentially overlooking high-T1, low-deviation candidates [22,23].

Future improvements could include using generative adversarial networks (GANs) to generate
virtual molecules covering extreme energy levels (HOMO<-6.00 eV ), enhancing model adaptability.
A multidimensional scoring system could also be developed by expanding the formula to incorporate

T1 levels and mobility:
(S, =a-|AHOMO| +B-[ALUMO| +vy - |AT1[+ 6 |up — Hel)
This would provide a more holistic evaluation of material performance.
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4. Conclusions

This study proposes a high-throughput screening strategy combining deep learning with an energy
level matching score. The Uni-Mol model was used to predict HOMO/LUMO energy levels of indole
derivatives, and an optimized S-value formula was employed to screen blue PhOLED host materials.
Key conclusions are as follows:

1.The Uni-Mol model demonstrated excellent performance in predicting HOMO/LUMO energy
levels of indole derivatives within primary energy ranges (HOMO: -6.70~-5.00 eV, LUMO: -
3.50~-1.00 eV), validating the potential of deep learning in material property prediction.

2.The energy level matching score (S-value) incorporated weighting coefficients (@ : B=1.56:1)
to account for differences in hole/electron mobility, quantitatively evaluating the impact of energy
level deviations on device performance. Case studies confirmed that molecules with lower S-values
exhibited higher EQE, demonstrating the reliability of the screening results. The integration of Uni-
Mol predictions and S-value scoring established a comprehensive evaluation system from molecular
structure to device performance, significantly reducing screening time and costs compared to
traditional experimental methods.

3.While the fine-tuned model performed well on the test set, its practical application for indole
derivatives has room for improvement. Future work could expand the pretraining dataset to enhance
generalization, use virtual molecules or noise perturbation to improve robustness, integrate molecular
generation models to boost screening efficiency, and incorporate triplet energy levels and carrier
mobility into a multidimensional scoring system.
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