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a b s t r a c t

The pursuit of high color purity in next-generation displays has spurred intense interest in multiple-

resonance thermally activated delayed fluorescence (MR-TADF) emitters, which combine narrowband

emission with high exciton utilization efficiency. However, the intricate relationship between molecular

structure and photophysical properties renders rational design highly challenging. Herein, we present an

integrated computational framework that unifies automated data extraction, de novo molecular generation

and multi-property prediction for the targeted discovery of MR-TADF materials. Our approach leverages

large-language-model-based literature mining and chemical structure recognition to construct a curated

dataset (MR585), which guides a Transformer-based variational autoencoder for generative molecular de-

sign. Machine learning models trained on this dataset achieve test-set R² values of 0.692 for predict-

ing the singlet-triplet energy gap (�EST) and 0.788 for full width at half maximum (FWHM). From the

generated candidates, we identify 15 structurally novel emitters with �EST values of 0.13–0.33 eV and

narrow FWHMs of 26.2–46.6 nm. Theoretical analysis further reveals that two sulphur-containing BCzBN

derivatives exhibit enhanced spin-orbit coupling, accelerated reverse intersystem crossing and reduced

efficiency roll-off compared to their parent structures. This work establishes a comprehensive AI-driven

platform that bridges automated knowledge extraction with generative chemistry, offering an efficient

and scalable pathway towards high-performance narrowband emitters.

© 2026 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

In recent years, thermally activated delayed fluorescence (TADF)

materials have attracted considerable attention as next-generation

emitters for organic light-emitting diodes (OLEDs), due to their

ability to achieve high exciton utilization efficiency without rely-

ing on precious metals [1]. These materials operate by minimizing

the energy gap (�EST) between the lowest singlet (S1) and triplet

(T1) excited states, thereby facilitating reverse intersystem crossing

(RISC), a process in which non-radiative triplet excitons are ther-

mally upconverted into radiative singlet excitons. This mechanism

theoretically enables an internal quantum efficiency approaching

100 % [2–4]. Conventional TADF emitters typically adopt a donor–

acceptor (D-A) molecular architecture to spatially separate the

highest occupied molecular orbital (HOMO) and the lowest unoc-

cupied molecular orbital (LUMO), effectively reducing �EST [5–9].

However, the torsional distortion between the donor and acceptor
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units often induces strong vibronic coupling between the ground

(S0) and S1 states, accompanied by significant structural relax-

ation in the excited state. As a result, the emission spectra become

markedly broadened, with full width at half maximum (FWHM)

typically ranging from 70nm to 100nm [10,11], which fails to meet

the stringent color purity requirements of high-resolution display

technologies.

To overcome the intrinsic limitation of conventional D–A type

TADF materials, which struggle to simultaneously achieve a small

�EST and narrow FWHM, Hatakeyama et al. introduced the con-

cept of multiple-resonance TADF (MR-TADF). In this design, rigid

aromatic backbones are functionalized with alternating electron-

deficient (e.g., boron) and electron-rich (e.g., nitrogen) heteroatoms,

creating opposing resonance effects that spatially alternate the

HOMO and LUMO distributions at the atomic level. This elec-

tronic arrangement effectively reduces �EST while enhancing the

RISC rate [12,13]. Furthermore, the structural rigidity suppresses

excited-state relaxation and vibronic coupling, enabling narrow-

band emission without compromising exciton utilization efficiency

https://doi.org/10.1016/j.cclet.2026.112633
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[14,15]. As a result, MR-TADF emitters strike an optimal balance

between efficiency and color purity, demonstrating great promise

for high-resolution OLED applications [16].

Nevertheless, the intricate coupling between molecular struc-

ture and photophysical processes remains a key bottleneck, limit-

ing the photothermal stability of MR-TADF materials. In addition,

device fabrication and performance validation are labor-intensive

and highly process-dependent, posing practical barriers to further

development in this field [17]. Current research predominantly fo-

cuses on local modifications of known B/N-based resonance frame-

works, yielding incremental progress in property modulation. For

instance, Jin et al. introduced various donor and acceptor sub-

stituents at para- or meta-positions on the BNCz backbone, achiev-

ing fine-tuned emission properties and color control. Their results

verified the effectiveness of the “fixed backbone+ local substitu-

tion” strategy in balancing device efficiency and spectral purity

[18]. However, most existing studies remain confined to optimizing

a limited number of known molecular scaffolds, lacking systematic

exploration of entirely new structural frameworks.

With the rapid advancement of computational methods, the-

oretical modeling has become increasingly vital for guiding the

rational design of MR-TADF materials. These approaches not only

aid in performance optimization but also deepen understanding of

structure-property relationships, thereby accelerating the discov-

ery of new-material with improved efficiency and success rates.

However, the evaluation of excited-state properties in MR-TADF

systems still depends heavily on quantum-chemical methods such

as time-dependent density functional theory (TD-DFT) and spin-

component-scaled second-order coupled cluster (SCS-CC2) calcu-

lations [19,20]. Although these methods are highly reliable, their

substantial computational cost renders them impractical for large-

scale high-throughput screening of molecular candidates.

Recent advances in artificial intelligence (AI) offer promising

pathways to overcome these limitations. Future research on MR-

TADF materials should focus on two key directions: First, explor-

ing molecular frameworks that go beyond traditional B/N reso-

nance architectures to enhance structural diversity; and second, in-

tegrating generative AI with automated design methodologies to

accelerate the intelligent evolution of materials discovery [18,21].

In line with this trend, an increasing number of studies have be-

gun to employ machine learning (ML) models as reliable surrogates

for or alternatives to conventional quantum-chemical calculations,

thereby attaining prediction accuracy and enhancing efficiency of

structural exploration [22–25]. For instance, Shi et al. combined

electrotopological state (EState) and electronic-property descriptors

with Extreme Gradient Boosting (XGBoost) and neural networks

to construct a photoluminescence quantum yield (PLQY) regres-

sion model for 402 MR-TADF molecules, achieving a test accuracy

of up to 88 % [26]. By coupling this model with a variational au-

toencoder (VAE), they further realized large-scale virtual molecule

generation and high-throughput screening, effectively expanding

the search space for high-PLQY blue emitters [26]. Similarly, Chen

et al. developed a structure-aware ensemble learning model that

achieves high-precision predictions of FWHM and PLQY even un-

der small-sample conditions; their Shapley Additive Explanations

(SHAP)–based analysis clarified the roles of molecular rigidity, res-

onance fragments, and photophysical behavior [27]. Notably, the

quantitative structure-property relationships model developed by

Adachi’s group, which combines molecular fingerprints with kernel

partial least squares, exhibits strong predictive performance for the

peak emission wavelength (R2 =0.87, RMSE=21.4) and FWHM of

over 400 MR-TADF molecules [25]. This model successfully guided

the design and synthesis of the deep-blue emitter ν-DABNA-O-xy,
yielding OLED devices with an external quantum efficiency of 41.3

% [25], further demonstrating the practical utility of machine learn-

ing in real device-level MR-TADF material design.

Despite these advances, current approaches still exhibit notable

constraints. Most models depend heavily on high-quality three-

dimensional structural inputs and quantum-chemistry-derived

prior data, which hinders rapid deployment during the early stages

of molecular generation. Furthermore, existing studies tend to fo-

cus on optimizing a single property, such as PLQY, without system-

atically accounting for the trade-off between structural rationality

and synthetic feasibility, thereby limiting the overall efficiency of

multi-objective screening. Additionally, earlier efforts primarily re-

lied on limited experimental datasets or statistical regression based

on synthesized molecules, resulting in narrow structural coverage

and insufficient generalization to unseen chemical spaces [27–29].

To address these challenges, our group previously developed a

SOGCN (Screening for OLED materials by Graph Convolutional neu-

ral Networks) model for molecular property prediction [30]. Us-

ing the MR220 dataset and a tailored data-augmentation strategy,

the model achieved high-accuracy predictions of key photophys-

ical parameters such as �EST and FWHM for MR-TADF materi-

als, with predicted values showing strong agreement with exper-

imental measurements. This significantly improved the efficiency

of molecular screening. Building upon this foundation, the present

study establishes a comprehensive intelligent framework encom-

passing automated data acquisition, de novo molecular generation,

and multi-property prediction to enable systematic and targeted

design of MR-TADF emitters.

In the data-acquisition process, we employed the Qwen

Max large language model (LLM) in combination with prompt-

engineering techniques to automate the extraction of chemi-

cal knowledge from scientific literature. Dedicated prompt tem-

plates were designed to identify key parameters such as �EST
and FWHM, guiding the model to accurately locate and interpret

dispersed textual descriptions and convert them into standard-

ized data formats. Compared with the rule-based and template-

matching ChemDataExtractor system [31], our approach provides

a more adaptive pathway for chemical information extraction by

emphasizing deep semantic understanding and cross-sentence rea-

soning. It enables the model to capture latent semantic relation-

ships embedded in complex narrative contexts, thereby reducing

manual effort while ensuring data consistency and quality.

To enhance model generalization, we adopt a SMILES random-

ization strategy for data augmentation. By systematically gener-

ating multiple equivalent SMILES sequences for each molecule,

the model learns intrinsic compositional patterns of key struc-

tural motifs, such as conjugated backbones and B/N-containing

heteroatomic frameworks, mitigating overfitting and sequence bias

inherent to SMILES-based learning [27,28].

In the structure generation step, a Transformer-based VAE

(Transformer-VAE) module was employed for latent-space model-

ing. A physics-guided regularization term was incorporated into

the training objective, which ensures that, while learning the

grammatical rules of SMILES representation, the model also cap-

tures essential physical characteristics of MR-TADF systems. This

design enables the generation of candidate molecules that exhibit

both structural diversity and physical plausibility.

In the property-prediction module, we developed a lightweight

regression model that takes SMILES strings as input and rapidly

predicts �EST and FWHM with high accuracy. This provides a

computationally efficient surrogate for quantum-chemical methods

when dealing with large molecular systems, offering a practical

and efficient alternative for high-throughput screening.

Finally, to enable multi-objective optimization, our framework

integrates multiple molecular descriptors, including topological

scores, heteroatom density within the main skeleton, synthetic ac-

cessibility indices, and predicted excited-state properties. The inte-

gration of these multidimensional features provides a comprehen-

sive and quantitative basis for rational molecular selection. As il-
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Fig. 1. Overall workflow of the data-driven MR-TADF design platform.

lustrated in Fig. 1, the resulting “generation–prediction–screening”

integrated platform establishes a fully connected workflow, provid-

ing a robust support for systematic design and performance opti-

mization of MR-TADF emitters.

To systematically explore the structural diversity of MR-TADF

materials and construct a high-quality dataset, we established a

comprehensive data curation and annotation pipeline. During the

literature retrieval stage, we primarily searched major academic

databases (e.g., Web of Science Core Collection, Scopus, and Google

Scholar), complemented by targeted searches on journal plat-

forms; query terms were formulated by combining keywords such

as “MR-TADF/multi-resonance TADF”, “narrowband OLED”, “BN-

containing emitter/B,N-doped”, “�EST”, and “FWHM”. We then em-

ployed the Qwen Max large language model, guided by structured

prompts specifically designed for photophysical parameter extrac-

tion, to automatically identify and extract key data (e.g., �EST and

FWHM) from 265 relevant research articles. During extraction, the

model leveraged contextual cues to impose semantic constraints

between compound names and their corresponding numerical val-

ues, ensuring referential consistency and unambiguous interpreta-

tion (Fig. 2). This strategy significantly improved extraction accu-

racy under complex linguistic contexts.

For molecular structures presented as images in the literature,

we used the DECIMER image recognition tool to automatically con-

vert graphical depictions into standardized SMILES representations

[32–34]. Since literature figures often contain non-structural ele-

ments such as atom numbering, reaction arrows, and condition

annotations, which may interfere with recognition, we performed

a lightweight manual preprocessing step before DECIMER parsing

when necessary. Specifically, the original figure was cropped and

cleaned using standard image editing software to retain only the

molecular structure region, while non-structural overlays such as

numbering labels, arrows, condition text, leader lines, and other

annotations were masked or removed. The processed images were

then resubmitted to DECIMER for recognition, and any remaining

ambiguous cases were resolved by manual inspection and correc-

tion. All recognized structures were manually verified to ensure

consistency between the molecular diagrams and the correspond-

ing SMILES codes. For molecules appearing across multiple sources,

we performed deduplication by comparing InChIKeys and retained

the most complete records, merging duplicate entries into a unified

data entry for each molecule. As a result, we constructed a dedi-

cated MR-TADF dataset containing 585 molecules and their associ-

ated excited-state parameters (referred to as MR585), which serves

as the core foundation for subsequent model training and perfor-

mance prediction within the generative framework.

To evaluate the chemical diversity of the constructed dataset

and prevent the generative model from being constrained by re-

dundant or structurally homogeneous samples, two complemen-

tary quantitative metrics were employed. First, the structural Shan-

non information entropy was calculated based on InChIKey identi-

fiers to assess the uniformity of structural-type distribution within

the training set. Second, Tanimoto distances were computed us-

ing Morgan fingerprints (radius=2, 1024 bits) to characterize the

pairwise molecular similarity distribution [35]. These two metrics

respectively reflect the evenness of structural-type representation

and the degree of local configurational variation among molecules.

The corresponding mathematical expressions are given below:

H = −
M∑

i=1

pilog2pi

↼

D = 2

N(N − 1)

∑

1≤i< j≤N

(

1 − Ai · Aj

‖ Ai‖2+ ‖ Aj‖2 − Ai · Aj

)
(1)

Here, H denotes the structural Shannon information entropy,

and
↼

D represents the average Tanimoto distance. pi is the oc-

currence frequency of the i-th structural class in the training

set. Ai and Aj denote the fingerprint vectors of the i-th and

j-th molecules, respectively, and N is the total number of samples.

The term Ai · Aj corresponds to the number of shared structural

features between two molecules. The constraint “1 ≤ i < j ≤ N” in
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Fig. 2. Workflow for extracting material properties from the literature.

the equation is applied to avoid redundant computation and self-

comparison.

Statistical analysis of the MR-TADF dataset (Fig. 3) reveals that

its molecular structures exhibit high diversity within the chem-

ical space. As shown in Figs. 3a and c, the MR585 dataset ex-

hibits significant structural diversity in molecular space. Pairwise

similarity analysis using Morgan fingerprints yields a mean Tani-

moto distance of 0.724 and a Shannon entropy of 9.185, indicat-

ing low overall structural similarity and broad coverage of chem-

ical space. Currently, publicly available and standardized datasets

specifically targeting MR-TADF materials remain limited, and many

of the reported datasets are constructed primarily for task-specific

modeling purposes without releasing complete molecular struc-

tures and annotations in a reusable form [36]. To ensure a fair and

reproducible dataset-level comparison, we compared MR585 with

two representative and publicly available MR-TADF datasets previ-

ously published by our group, namely MR220 [30] and MR262 [28].

As shown in Fig. 3c, MR585 achieves the highest values in both

Shannon entropy (9.185 vs. 7.687 and 7.890) and mean Tanimoto

distance (0.724 vs. 0.698 and 0.704), suggesting a more balanced

scaffold distribution and lower structural redundancy. These char-

acteristics are favorable for learning more transferable structure-

property relationships. This characteristic enables ML models to

learn broader structure–property mapping relationships, thereby

enhancing their extrapolation predictive capability. Fig. 3b displays

the two-dimensional projection obtained by applying t-distributed

stochastic neighbor embedding (t-SNE) dimensionality reduction to

the molecular fingerprints. The t-SNE method effectively preserves

local structural relationships in high-dimensional space, clearly

revealing the distribution patterns of molecules in the chemical

space. The results show that the molecules are widely distributed

in the projection without forming large-scale clusters, further con-

firming the global diversity of the dataset. At the same time, sev-

eral local clustering regions can be observed, indicating high lo-

cal similarity within certain structural scaffold families. The pres-

ence of such local similarity helps the model capture the influ-

ence of subtle structural changes on properties, thereby improving

prediction accuracy. Coloration results indicate a significant cor-

relation between the number of heteroatoms (including B, N, O,

S, Se, P, etc.) and the distribution of molecules in the chemical

space: molecules with a higher number of heteroatoms (e.g., 18)

tend to cluster in specific regions, while those with fewer het-

eroatoms (e.g., only 1) are more dispersed. Representative struc-

tures with the highest and lowest numbers of heteroatoms are fur-

ther annotated in the figure, intuitively illustrating their structural

differences. This demonstrates that the number of heteroatoms, as

a key structural descriptor, is closely related to the positioning of

molecules in the chemical space, providing important clues for un-

derstanding how structural features influence photophysical prop-

erties (such as �EST and FWHM).

From the perspective of SMILES encoding and generative mod-

eling, the presence of heteroatoms affects not only the fingerprint

representation but also the local pattern formation in sequence

modeling. For sequence-based generative architectures such as the

Transformer-VAE, inserting heteroatoms into a carbon-dominated

backbone introduces new syntactic nodes and turning points in

the molecular sequence, thereby altering the conditional probabil-

ity distribution for subsequent token prediction. This implies that
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Fig. 3. Structural diversity analysis and chemical space distribution of the MR-

TADF datasets. (a) MR585: Histogram of pairwise Tanimoto distances (Morgan fin-

gerprints, r=2, 1024 bits). (b) MR585: 2D t-SNE projection colored by heteroatom

count (perplexity=30, random_state=42). (c) Comparison of Shannon entropy and

mean Tanimoto distance for MR220, MR262, and MR585.

Fig. 4. Different SMILES representations for DOBNA [37].

heteroatoms serve not only a chemical function but also act as

“structural branching points” in sequence space, significantly shap-

ing the model’s ability to learn local structural motifs and expand-

ing the diversity of representations within the latent space.

To mitigate the model’s structural bias toward specific SMILES

sequences and enhance its ability to generalize across diverse

molecular topologies, a SMILES randomization strategy was em-

ployed for data augmentation. This method systematically alters

the traversal order of atoms and bonding paths while strictly

preserving the underlying molecular topology, thereby generating

multiple semantically equivalent SMILES representations for each

molecule (Fig. 4). Such a design encourages the model to focus on

learning the intrinsic structural features of molecules rather than

memorizing fixed string patterns, effectively strengthening its ca-

pacity for deeper chemical structure understanding during train-

ing.

To achieve systematic data augmentation, the original molec-

ular set is defined as M = m1,m2, . . . ,mN . For each molecule mi,

K semantically equivalent SMILES representations are generated

through a randomization algorithm. The augmented training set

can thus be expressed as:

Daug =
⋃

mi∈M
{SMILES(mi) ∪ {SMILES(1)

rand(mi),

. . . , SMILES(K)
rand(mi)}}

(2)

where SMILES(k)
rand

(mi) denotes the K-th randomized SMILES vari-

ant generated through stochastic traversal of the molecular graph.

The generative model adopts a Transformer-VAE comprising

an encoder, a latent-space module, and a decoder [38]. The en-

coder stacks eight layers of multi-head self-attention and position-

wise feed-forward networks and employs a pre-layer normaliza-

tion scheme to improve optimization stability in deep architec-

tures. Input SMILES strings are mapped to dense embeddings and

augmented with sinusoidal positional encodings to capture the or-

dering of atomic connectivities and local structural context, en-

abling the model to learn latent regularities such as aromatic ring

topology and heteroatom distribution.

In contrast, VAE variants built on recurrent neural networks

or fully connected layers often struggle to preserve chemically

valid atom connectivity for structurally complex, higher-molecular-

weight compounds, leading to bond inconsistencies or repetitive

token outputs (e.g., runs of C atoms) [39,40]. By leveraging global

self-attention to model long-range interatomic dependencies, the

Transformer-VAE produces sequences that better adhere to molec-

ular structural rules and thereby improves the structural validity of

generated MR-TADF candidates.

After the encoder output is globally pooled and projected into

the latent space, the mean vector μ and the logarithmic variance

log(σ 2) are obtained. The latent variable is then generated through

the reparameterization trick, expressed as:

z = μ + σ · ε, ε ∼ N (0, I) (3)

here, z denotes the latent variable vector representing the com-

pressed structural features of a molecule in the latent space. μ is

the mean vector, predicted by the encoder, indicating the central

position of the latent distribution; σ is the standard deviation vec-

tor, controlling the spread of the distribution in latent space; ε is

a random noise term sampled from a standard normal distribu-

tion N (0, I), enabling differentiable stochastic sampling; and I is

the identity matrix that ensures independence across sampling di-

mensions.

The decoder adopts a Transformer-based architecture that con-

ditions on the latent vector z to autoregressively generate SMILES

sequences. Structural validity is verified using RDKit (version

2024.9.4), and chemically invalid outputs are filtered out prior to

downstream analysis.

Training is performed with the Adam optimizer [41] using an

initial learning rate of 1.0 × 10−4, a batch size of 256, and a fixed

training horizon of 10,000 epochs to ensure comparability across

different augmentation-ratio settings. The learning-rate schedule

includes a warmup phase (4000 steps) followed by a square-root

decay, and the KL term is applied with a fixed weight of β =0.001

to stabilize optimization and mitigate posterior collapse. Recog-

nizing that no single metric can comprehensively capture genera-

tive performance, we systematically evaluate the model along four

complementary dimensions (validity, diversity, novelty and dupli-

cation rate), thereby providing a more complete and interpretable

assessment protocol. Formal definitions and symbol conventions

for all metrics are provided in Table S1.

To systematically evaluate the effect of data augmentation mag-

nitude on generative model performance, comparative experiments

were conducted across augmentation factors ranging from 2× to
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10× . In each trial, 10,000 SMILES sequences were generated to

examine how structural validity and uniqueness varied with the

level of augmentation. As summarized in Table S2 (Supporting in-

formation), increasing the augmentation factor markedly enhanced

molecular uniqueness. A 6× augmentation achieved a relatively

balanced trade-off between uniqueness (3.14 %) and structural

validity (66.8 %). However, this “balance point” does not repre-

sent the optimal configuration, as the primary goal of this study

is to maximize chemical-space exploration and yield the largest

number of structurally distinct molecules. From this perspective,

10× augmentation, despite a lower validity of 59.8 %, attained

the highest uniqueness (4.01 %) and the best overall success rate

(2.4 %), indicating its superior effectiveness in generating novel

structures.

Overall, increasing the augmentation factor does not lead to a

linear improvement in model performance. Instead, moderate to

high augmentation levels (6×−10×) are more effective at broad-

ening the model’s structural exploration space and reducing over-

lap with structures already present in the training set. Accordingly,

we selected 10× augmentation based on the comparative results

in Table S2. Under a fixed generation budget (10,000 samples per

setting), 10× achieved the highest novelty/uniqueness (4.01 %) and

the best overall success rate (2.4 %), which matches our primary

objective of maximizing chemical-space exploration. Lower ratios

(e.g., 2×−6×) provide higher validity, but yield fewer structurally

distinct molecules. Augmentation levels beyond 10×were not pur-

sued because further increases offer limited gains in uniqueness

while the reduced validity would substantially increase the burden

of downstream screening and filtering. With 10× augmentation,

combined with structural screening and similarity filtering (Tani-

moto threshold=0.55), 15 structurally unique and chemically plau-

sible molecules were retained (Fig. S1 in Supporting information),

highlighting the advantage of higher augmentation in enhancing

structural diversity. The choice of the 0.55 cutoff is also supported

by systematic analyses: For commonly used fingerprints such as

ECFP4, compounds with substantial structural differences typically

show Tanimoto coefficients in the range of 0.4–0.6 [42]. Therefore,

we adopt 0.55 as the filtering threshold to maximize structural di-

versity while maintaining chemical reasonableness.

To enable rapid performance evaluation of generated molecules,

a machine learning-based screening mechanism was developed

specifically for predicting the excited-state properties of MR-TADF

systems. The framework aims to provide fast and accurate predic-

tions of key parameters, �EST and FWHM, serving as a reliable

foundation for subsequent molecular prioritization. Considering

that MR-TADF compounds often exhibit intricate resonance struc-

tures and that available datasets remain limited, the proposed ap-

proach avoids the time-consuming structural optimization typically

required in conventional quantum-chemical methods. Instead, a

lightweight regression model was constructed by integrating two-

dimensional molecular descriptors with fingerprint-based struc-

tural features. This hybrid strategy maintains high predictive ac-

curacy while substantially reducing computational cost, thereby of-

fering a practical and scalable pathway for high-throughput molec-

ular screening.

To support the construction of the predictive model, a structural

space analysis was first performed on the 585 MR-TADF molecules.

Each molecule was processed using the RDKit toolkit to generate

its binary Morgan fingerprint vector fi ∈ {0,1}1024 with a radius

of 2. Subsequently, the Tanimoto distance di j between any two

molecules (i, j) was calculated as:

di j = 1 − |fi∩f j|
|fi∪f j|

= 1 −
∑1024

k=1 fi,k ·f j,k∑1024
k=1 max(fi,k,f j,k)

(4)

where di j represents the structural dissimilarity between

molecules i and j; fi ∩ f j and fi ∪ f j denote the intersection

and union of structural features encoded in their fingerprint

vectors, respectively. A smaller di j value indicates a higher degree

of structural similarity between the two molecules.

Accordingly, the distance matrix D = [di j] ∈ R
585 × 585 was ob-

tained, representing the pairwise topological dissimilarities among

all MR-TADF molecules. To visualize the overall structural dis-

tribution and capture how molecular features vary with �EST
and FWHM, classical multidimensional scaling (MDS) was em-

ployed to project the high–dimensional distance matrix onto a

two-dimensional plane [43]. The transformation is defined as:

X = MDS(D) ∈ R
585 × 2 (5)

where R
585 × 2 denotes the two-dimensional real space containing

585 sample points, and Xi = (xi, yi) represents the coordinates of

molecule i in the 2D projection space. This allows direct visualiza-

tion of the relative distribution and structural relationships among

different MR-TADF molecules.

We visualized and analyzed two key photophysical properties

(�EST and FWHM), within a unified structural feature space (Fig.

5). Statistical analysis of the dataset shows that �EST ranges from

0.004 eV to 0.680 eV, while FWHM spans 12–116nm. This indicates

that the studied molecules exhibit a broad variation range in both

critical photophysical properties, laying a solid data foundation for

in-depth exploration of their intrinsic correlation. To screen high-

quality candidate molecules with both small �EST and narrow

FWHM, this study adopted a multi-objective collaborative screen-

ing strategy. First, molecules were independently ranked based on

�EST and FWHM respectively. Then, molecules that ranked high

in both properties and had consistent structures were selected

to form an intersection subset. Finally, molecules that ranked

among the top 10 in both properties were further filtered from

this subset (Fig. 5c). This screening method ensures that the se-

lected molecules perform excellently in key performance indica-

tors, thereby guaranteeing their overall performance reaches an

optimal level. Structural analysis of the screened intersection sub-

set revealed that local structures such as rigid B/N-fused polycyclic

fragments appear frequently. The repeated occurrence of these

structural units indicates that they play a crucial role in the syner-

gistic regulation of �EST and FWHM.

In constructing input features, this study comprehensively char-

acterized molecular structures while avoiding human-imposed bi-

ases by automatically computing all 217 two-dimensional molecu-

lar descriptors from SMILES representations using RDKit. These de-

scriptors encompass a broad range of structural and physicochem-

ical properties, such as topological complexity, polar surface area,

charge distribution, EState energy indices, and atomic connectivity

patterns, thus providing a systematic description of both 6the elec-

tronic and geometric features of MR-TADF materials.

Given that the excited-state properties of MR-TADF systems are

jointly governed by orbital distribution, polarization effects, and

molecular rigidity, the parameters �EST and FWHM exhibit an ap-

proximately linear response to local structural perturbations (Fig.

6). Statistical analysis of the molecular dataset revealed a Pear-

son correlation coefficient of r=0.175 (p=8.67×10–5) between

�EST and structural difference (Tanimoto distance), and r=0.127

(p=4.61×10–3) between FWHM and structural difference. Al-

though the correlations are moderate, their statistical significance

indicates that molecular topological perturbations can linearly re-

flect variations in excited-state properties under small-sample con-

ditions, supporting the use of the Pearson coefficient as a valid

metric for feature–property association.

Accordingly, the Pearson correlation coefficient (PCC) was em-

ployed to quantify the linear relationship between each molecular
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Fig. 5. Distribution of �EST and FWHM within the same structural feature space. (a) Visualized distribution of �EST and (b) the corresponding distribution of FWHM.

Comparing both properties under identical embedding coordinates enables the identification of molecules exhibiting simultaneously small �EST and narrow FWHM. The

dataset was independently ranked by �EST and FWHM, and (c) the top 10 molecules from each ranking were intersected.

Fig. 6. (a) Variation of �EST with structural perturbation. (b) Variation of FWHM

with structural perturbation. The x-axis (�Structure, Tanimoto distance) indicates

the extent of structural difference, with larger values representing greater dissimi-

larity.

descriptor and the target property, expressed as:

ρX,Y =
∑n

i=1

(
Xi −

↼

X

)(
Yi −

↼

Y

)

√
∑n

i=1

(
Xi −

↼

X

)2

·
√

∑n
i=1

(
Yi −

↼

Y

)2
(6)

where Xi and Yi denote the descriptor value and the corresponding

measured property value of the i th sample, while X̄ and Ȳ repre-

sent the sample means. The coefficient ρ ranges from [−1,1]; the

closer the absolute value of ρ is to 1, the stronger the linear cor-

relation, with the sign indicating the direction of the relationship.

To mitigate noise and redundancy in small-sample modeling,

PCC between each molecular descriptor and the target properties

(�EST and FWHM) were computed. Descriptors with absolute cor-

relation values below 0.2 were excluded, retaining only those that

exhibited significant contributions to property variation. The fil-

tered results revealed that �EST showed strong correlations with

13 descriptors, whereas FWHM was closely associated with 8 de-

scriptors (Fig. 7).

Fig. 7. The figure illustrates the distribution of Pearson correlation coefficients for

�EST (in red) and FWHM (in blue) with various categories of molecular descriptors.

Analysis of the correlation distribution and the physical mean-

ings of the descriptors (Table S3 in Supporting information) high-

lights a clear distinction in feature sensitivity between �EST
and FWHM. �EST correlates significantly with electronic state in-

dices (e.g., EState and EState_VSA series) and topological com-

plexity descriptors (e.g., BalabanJ, HallKierAlpha), indicating that

its variation is primarily governed by the nonuniformity of in-

tramolecular electron distribution and the connectivity of molec-

ular skeletons. In contrast, FWHM shows positive correlations

with descriptors related to polar surface area and local charge

distribution (e.g., PEOE_VSA series, BCUT2D_CHGLO), suggesting

that FWHM increases with greater molecular polarization and

charge delocalization—reflecting property changes driven mainly

by charge redistribution and geometric relaxation in the excited

state.

Building upon the preceding analysis and the structural com-

monalities revealed in Fig. 7c, it becomes evident that molecular

7
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Fig. 8. Comparison of ML models for predicting �EST and FWHM. (a-d) Parity plots for �EST predictions. (e-h) Parity plots for FWHM predictions.

properties are jointly governed by both local structural motifs and

global topological patterns. To more effectively capture these two

levels of information, this study incorporated Morgan fingerprints

(radius=2, 2048 bits) as supplementary features to the previ-

ously selected core descriptors. This integration aimed to combine

molecular topology with chemical descriptors, thereby construct-

ing a more comprehensive and high-dimensional feature represen-

tation. Consequently, the �EST-related feature set comprised 13 se-

lected descriptors together with the 2048-bit fingerprint encoding,

while the FWHM-related set consisted of 8 descriptors combined

with an equally sized fingerprint representation-forming a feature

space that balances structural specificity and high-dimensional cor-

relation under limited data conditions.

Based on this composite feature space, four types of tree-based

regression models were constructed, namely Random Forest, Extra

Trees, Gradient Boosting, and XGBoost, covering both parallel en-

semble and sequential gradient-boosting paradigms [44–47]. Dur-

ing model training, BayesSearchCV was employed for automated

hyperparameter optimization, using the tree-structured parzen es-

timator to build a surrogate performance model [48]. The search

process was dynamically guided by the expected improvement cri-

terion [49], enabling efficient exploration of the parameter space

and global model performance optimization.

The predictive performance of the four regression models for

both �EST and FWHM was systematically evaluated (Fig. 8). In the

�EST prediction task, the Extra Trees model achieved the best per-

formance, with an R2 =0.692, RMSE=0.05 eV, and MAE=0.03 eV

(Fig. 8a), demonstrating excellent overall fitting accuracy. The Ran-

dom Forest and XGBoost models also exhibited strong predictive

capability, reaching R2 =0.635 and R2 =0.681, respectively (Figs. 8b

and c). Although the Gradient Boosting model showed minor fit-

ting deviations in certain sample ranges, it still achieved R2 =0.624

(Fig. 8d), confirming its robustness under limited-sample condi-

tions.

For the FWHM prediction, the Gradient Boosting model out-

performed all others, yielding R2 =0.788, RMSE=5.42nm, and

MAE=4.31nm (Fig. 8e). The XGBoost model followed closely with

R2 =0.743 (Fig. 8f), while the Random Forest and Extra Trees

achieved R2 =0.678 and R2 =0.424, respectively (Figs. 8g and h).

Overall, all models exhibited a strong positive linear correlation

between predicted and experimental values. Notably, the gradient-

based ensemble approaches (XGBoost and Gradient Boosting) pro-

duced regression slopes closer to the ideal prediction line, sug-

gesting their superior capability in capturing nonlinear structure-

property relationships and complex feature interactions.

To further elucidate the structural response mechanisms under-

lying the differences between �EST and FWHM (Fig. 9), SHAP anal-

ysis was conducted on the predictive models.

In the �EST model (Fig. 9a), the key influential features were

mainly associated with the internal electronic distribution and

molecular topology, with descriptors such as FP_1159, FP_106,

and HallKierAlpha showing significant contributions. Among them,

FP_1159 had the highest impact (Fig. 9c), corresponding to struc-

tural fragments primarily located around the B atom. As a rela-

tively electropositive center, the B atom modulates the local elec-

tron density of neighboring atoms, thereby influencing the spatial

separation of HOMO and LUMO orbitals and consequently regu-

lating �EST. The HallKierAlpha descriptor reflects the rigidity and

connectivity of the molecular skeleton-higher values indicate a

more conjugated and delocalized structure, which helps fine-tune

the energy gap magnitude.

In contrast, the FWHM model (Fig. 9b) exhibits a clear

geometry-charge co-regulation pattern. Key descriptors include

FpDensityMorgan3, BCUT2D_MWLOW, and FP_574. FpDensityMor-

gan3 captures the connection strength and bonding type among

atoms, representing the coupling between electronic states and

molecular geometry; its importance highlights that the interplay

between vibrational modes and electronic transitions is a dom-

inant factor influencing spectral broadening. BCUT2D_MWLOW,

which links molecular weight with topological shape, explains

how rigidity and polarity modulate emission bandwidth. FP_574,

meanwhile, identifies the influence of local charge distribution on

FWHM; the corresponding structural fragment (marked in blue as

Bit #574 in Fig. 9c) is mainly located near N atoms, suggesting that

the local polarity and charge environment in these regions play a

key role in determining the extent of spectral broadening.

To evaluate the potential applicability of the 15 newly gen-

erated molecules in the MR-TADF domain, a comprehensive set

of key parameters was systematically calculated. The evaluation

framework encompassed both photophysical properties, such as

�EST and FWHM, and structural descriptors, including the topolog-

ical score (TopoScore), heteroatom density of the molecular back-

bone, and synthetic accessibility score (SAScore). Among these,

�EST and FWHM are directly associated with emission efficiency

and color purity; TopoScore and heteroatom density jointly reflect

the complexity, stability, and orbital-tuning capacity of the conju-
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Fig. 9. SHAP analysis and visualization of key structural features in the �EST and FWHM predictive models. (a) SHAP feature contributions for the �EST model. (b) SHAP

feature contributions for the FWHM model. (c) Spatial distribution of the most influential fingerprint bits within representative molecular structures (red: Bit #1159; blue:

Bit #574).

Fig. 10. Multi-attribute visualization of generated MR-TADF candidates. The five parallel subplots display the predicted �EST, FWHM, TopoScore, heteroatom density, and

SAScore of the de-duplicated candidate set. Two lead candidates selected for theoretical validation are highlighted in red.

gated skeleton; while SAScore serves as an indicator of the feasi-

bility of synthetic routes. This multidimensional evaluation system

thus provides a quantitative basis for screening high-performance

yet synthetically accessible MR-TADF candidates.

The multidimensional assessment results (Fig. 10) indicate that

the 15 generated candidate molecules exhibit strong potential

in both photophysical performance and structural characteristics.

From a performance perspective, their �EST values fall within the

range of 0.13–0.33 eV and the FWHM values span 26.2–46.6 nm,

suggesting potentially high exciton utilization efficiency and good

color purity. Structurally, the relatively high TopoScore values (typ-

ically > 3) reflect the rigid, polycyclic conjugated backbones char-

acteristic of MR-TADF emitters, while the heteroatom density of

the main skeleton (0.10–0.24) indicates a reasonable B/N doping

9
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Fig. 11. Molecular structures of the investigated compounds.

ratio that is favorable for constructing balanced donor-acceptor

electronic structures. In addition, the SAScore values range from

2.89 to 5.81, implying that most candidates retain acceptable syn-

thetic feasibility while maintaining a certain degree of structural

complexity.

To further strengthen the "generation-screening-application"

closed-loop logic, we explicitly incorporated SAScore as a synthetic

feasibility constraint in the screening process and stratified the

15 candidate molecules accordingly. Based on the distribution of

SAScore, nine molecules with SAScore ≤ 4.0 (compounds 1–3, 5,

6, 11–13, and 15) were prioritized for follow-up validation; four

molecules with SAScore in the range of 4.0–5.0 (compounds 4, 9,

10, and 14) were considered as intermediate-priority candidates;

and two molecules with SAScore > 5.0 (compounds 7, 8), due

to higher synthetic complexity, were assigned lower priority for

short-term validation.

Based on this multi-objective evaluation, molecules 1 and 2

were selected as priority targets for in-depth quantum-chemical

validation. On the one hand, both molecules rank highest in the

overall multi-objective screening and thus represent high-potential

candidates under the proposed strategy. More importantly, both

have clear structural precedents in the existing MR-TADF liter-

ature, which reduces the structural uncertainty when progress-

ing from generated candidates to verifiable molecules. Specifically,

Molecule 1 shares a highly similar multi-resonance scaffold with

reported emitters such as NBO, with the primary difference be-

ing an O→ S substitution at a key site [50]. Molecule 2 retains the

core structural motifs of representative systems such as tCzBT2B

and Cz-BSN, while introducing targeted refinements in local frag-

ments [51,52]. This generation pathway, element substitution and

localized structural tuning around experimentally validated scaf-

folds, demonstrates that the model does not assemble structures

arbitrarily, but instead proposes differentiated candidates in the

vicinity of chemically feasible frameworks, providing a more reli-

able starting point for high-level theoretical validation. At the same

time, given that high-accuracy methods such as SCS-CC2 are highly

sensitive to molecular size and incur rapidly increasing compu-

tational costs, extending in-depth validation to all 15 candidates

would be prohibitive; moreover, candidates with smaller molecu-

lar sizes did not exhibit superior predicted performance or empir-

ical structural advantages over molecules 1 and 2. Consequently,

prioritizing molecules 1 and 2 represents a balanced compromise

between scientific rigor and practical feasibility.

To verify the predicted performance of the generated and

screened candidates, molecules 1 and 2 were subjected to compre-

hensive theoretical calculations. Both molecules are based on the

classical MR-TADF skeleton BCzBN (Fig. 11) [53]. Compared with

BCzBN, Molecule 1 replaces one nitrogen atom with sulfur and in-

troduces a benzothiophene group fused to the upper phenyl ring,

whereas Molecule 2 retains the BCzBN backbone but substitutes

the central phenyl ring with a benzothiophene unit.

Frontier molecular orbitals analysis reveals that all investigated

molecules exhibit a typical MR feature characterized by the spa-

tially alternating distribution of HOMO and LUMO (Fig. 12), which

effectively suppresses vibrational coupling in the excited state

and enables narrowband emission [54,55]. Compared with BCzBN,

Fig. 12. HOMO and LUMO energy levels, �EH-L, �EST, and orbital distributions of

the investigated molecules.

molecules 1 and 2 show a more delocalized FMOs distribution due

to the expanded π-conjugated framework, leading to a reduced

�EST and a corresponding red-shift in emission wavelength (Ta-

ble S4 in Supporting information). Notably, the HOMO of molecule

2 extends entirely over the benzothiophene fragment, while its

LUMO is localized near the sulfur atom. This asymmetric elec-

tron distribution enhances the intramolecular charge-transfer char-

acter, increasing the HOMO-LUMO separation distance (DH-L) and

decreasing their overlap (SH-L), thereby facilitating a reduction in

�EST.

Although MR-TADF materials exhibit great potential for high-

resolution display applications owing to their intrinsically narrow-

band emission, their practical device performance is often con-

strained by efficiency roll-off. This limitation is mainly attributed

to the relatively low reverse intersystem crossing rate (kRISC): Un-

der high current densities, triplet excitons tend to accumulate,

thereby activating loss channels such as triplet–triplet annihilation.

Fig. S2 (Supporting information) summarizes the key excited-state

decay rates of all investigated molecules, while the corresponding

detailed calculated results and parameters are compiled in Table 1

and Tables S5 and S6 (Supporting information). Compared with the

parent scaffold BCzBN, the two molecules generated in this study

(molecules 1 and 2) exhibit markedly enhanced spin–orbit cou-

pling (SOC) upon sulfur incorporation, benefiting from the heavy-

atom effect and mechanistically favoring an increased kRISC. When

assessed using the figure of merit (FOM) proposed by Diesing and

co-workers to quantify efficiency roll-off, molecules 1 and 2 display

a substantially reduced roll-off tendency owing to their accelerated

RISC process (Table 1).

Vibronically resolved emission spectra calculations (Figs. S3-S5

in Supporting information) show that the calculated FWHM of

BCzBN (26nm) agrees well with the experimental value (29nm),

confirming the reliability of the computational approach. Although

the introduction of sulfur atoms induces slight conformational dis-

tortion, leading to moderately broader FWHMs for molecules 1 and

2 (30 and 37nm, respectively), their emissions still fall within the

narrowband regime, indicating strong potential for high-resolution

display applications. Collectively, these findings demonstrate that

the proposed molecular generation framework not only preserves

high color purity but also provides a feasible strategy for produc-

ing high-performance MR-TADF materials capable of mitigating ef-

ficiency roll-off.

In conclusion, this study establishes an integrated framework

encompassing data acquisition, molecular generation, and perfor-

mance prediction for MR-TADF emitters, aiming to overcome the

limitations of conventional quantum-chemical workflows, namely

high computational cost, limited data availability, and restricted

structural innovation. By leveraging the Qwen Max large lan-
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Table 1

Calculated �EST (eV), SOC, kr
S, kISC, kRISC (s-1), and FOM of the investigated molecules.

Sample �EST <S1|HSOC|T1> kISC kRISC kr
S FOM

BCzBN 0.12/0.13 [53] 0.07 7.61×105 2.16×103 1.37×108 2.86× 103

1 0.12 0.15 3.51×106 1.04× 104 8.14×107 1.32× 104

2 0.10 0.20 7.56×106 4.41×104 7.46×107 5.18× 104

guage model and prompt engineering, key photophysical param-

eters (�EST and FWHM) were automatically extracted and struc-

tured from the literature, while DECIMER enabled the conversion

of molecular diagrams into SMILES representations.

In the molecular generation module, a Transformer-VAE-

based latent space modeling approach was introduced. Combined

with SMILES randomization for data augmentation, the model

achieved a balance between structural validity and diversity. Un-

der 10× augmentation, the model reached a validity rate of 59.8 %

and the highest uniqueness rate of 4.01 %, generating a broader

range of novel structures, consistent with the goal of maximizing

molecular diversity.

For excited-state property prediction, a lightweight machine-

learning screening mechanism based on 2D molecular descriptors

was developed to independently predict �EST and FWHM. Among

the compared models, Extra Trees achieved the best performance

for �EST prediction (R2 =0.692), while XGBoost delivered the high-

est accuracy for FWHM (R2 =0.788). SHAP analysis further eluci-

dated the structure–property relationships: �EST was mainly in-

fluenced by electronic state indices and topological complexity de-

scriptors, whereas FWHM was more dependent on polar surface

area, charge distribution, and local geometric factors, consistent

with literature reports on FWHM’s multifactorial dependence.

Among the 15 candidate molecules generated through this

workflow, �EST values ranged from 0.13 eV to 0.33 eV and FWHM

values from 26.2 nm to 46.6 nm, indicating promising exciton uti-

lization and color purity, though further improvement is required

to achieve ultra-low �EST (≤0.10 eV) and narrower FWHM (≤30–

35nm). Multi-parameter evaluation incorporating TopoScore, het-

eroatom density, and SAScore identified molecules 1 and 2 as the

most promising candidates. Compared with the emitter BCzBN,

both molecules-derived from the BCzBN backbone-exhibited signif-

icantly enhanced SOC and an order-of-magnitude increase in kRISC
due to the sulfur heavy-atom effect, leading to reduced efficiency

roll-off and confirming the consistency between model generation

and predicted performance.

Overall, this study develops an integrated data mining-

generation-prediction-screening workflow that unifies literature

curation, candidate discovery, and performance evaluation within

a single framework, substantially improving the efficiency of MR-

TADF candidate generation and screening while providing a data-

driven basis for systematically summarizing structure-property re-

lationships; with MR585 as the training foundation, the successful

validation of molecules 1 and 2 further indicates that the model

is not arbitrarily assembling molecular structures, but can capture

physically meaningful patterns under the design paradigm of ele-

ment substitution and local motif tuning and generate new struc-

tures beyond those present in the dataset with improved predicted

performance. Nevertheless, the current framework remains con-

strained by the coverage of MR585: Some heteroatom–containing

structures are still underrepresented. In particular, systems con-

taining Se or P are relatively scarce and were not the primary fo-

cus of validation in this work, so generalization in these chemical

spaces may be limited, particularly because such systems often in-

troduce synthetic and stability considerations beyond photophys-

ical metrics (e.g., Se-containing molecules can be prone to oxida-

tion, may involve weaker C-Se bonds, and can be highly sensitive

to air, temperature, and reaction conditions), implying that can-

didates in these regions should be judged jointly with synthetic-

feasibility and operational-stability constraints. In addition, ultra-

narrowband targets with �EST ≤ 0.10 eV and FWHM ≤ 30nm con-

stitute only a small fraction of the present dataset, restricting both

learning and rigorous evaluation in this extreme regime; more-

over, these high-performance regions often correspond to highly

optimized electronic structures that are extremely sensitive to sub-

tle structural perturbations, placing higher demands on descriptor

completeness and model resolution. Accordingly, our discussion is

centered on the property ranges covered by the generated can-

didates (�EST =0.13–0.33 eV; FWHM=26.2–46.6 nm), and future

work will expand data coverage for underrepresented chemistries

and extreme-property regimes, refine structural and excited-state

descriptors, and further incorporate feasibility and reliability con-

straints into the generation and screening process to improve ap-

plicability across broader chemical spaces and enhance consistency

between predicted properties and device-level performance.
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