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Abstract: Machine learning (ML) is progressively being integrated into materials 
science, exhibiting great potential for optimizing chemical synthesis and structural 
regulation, thereby accelerating intelligent design and efficient exploration of novel 
materials. Carbon-based emitters (CBEs), as emerging functional materials, have 
attracted considerable attention due to their tunable photoluminescence properties, 
abundant precursor sources, and structural versatility. To date, extensive research 
on CBEs has generated a substantial data foundation, laying the groundwork for 
ML driven structural screening and property prediction. Although the application 
of ML in CBEs remains in its early stages compared to that of inorganic 
semiconductors and organic-inorganic hybrid perovskites, its potential to accelerate 
material screening and reveal structure-property relationships is becoming 
increasingly evident. Given the transformative role ML has played in other 
functional materials, it is expected to drive a paradigm shift in CBEs research from 
conventional trial-and-error approaches to data-driven, intelligence-guided design, 
substantially accelerating material discovery and expanding their functional 
applications. Therefore, this review systematically summarizes recent advances in 
ML applications in CBEs, focusing on the general ML workflow, property 
prediction and structural design strategies for organic small-molecules and carbon 
dots (CDs), and their applications in organic light-emitting diodes (OLEDs), 
quantum dot light-emitting diodes (QLEDs), information encryption, biomedicine, 
and sensing. Finally, this review discusses the key challenges currently facing the 
field and offers perspectives on future directions for ML-driven CBEs research, 
aiming to provide guidance for the rational design and efficient development of 
such materials.  

 Keywords: machine learning; carbon-based emitters; structure-property relationship; 
data-driven paradigm 

1. Introduction 

In recent years, artificial intelligence (AI) has undergone rapid advancements, profoundly reshaping the 
landscape of scientific research and practical applications [1,2]. Spanning from natural language processing to 
computer vision, AI algorithms possess powerful data processing and pattern recognition capabilities which have 
been widely applied in field of bioinformatics, drug discovery, and materials science, thereby establishing innovative 
paradigms for addressing complicated scientific challenges [3]. As a key driving technology of AI, machine learning 
(ML) has emerged as a powerful tool for accelerating materials design and discovery, which enables rapid property 
prediction, high-throughput screening, and efficient exploration of the vast chemical spaces [4–6]. Concurrently, the 
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Materials Genome Initiative, along with recent advances in automated and high-throughput experimental 
methodologies, has facilitated the massive and rapid accumulation of materials data, providing a solid foundation 
for the integration of ML into materials science [5,7]. By efficiently screening promising candidates and 
systematically navigating high-dimensional synthesis parameter spaces, ML is revolutionizing the traditional 
paradigm of materials discovery, marking a transformative era from experience-driven to data-driven innovation. 

This data-driven research paradigm opens up a new avenue for exploring the complex structure-property-
application relationships of carbon-based emitters (CBEs). As a diverse class of optoelectronic materials, CBEs cover 
carbon dots (CDs), carbon quantum dots (CQDs), carbonized polymer dots, and organic small-molecules [8–11]. 
Benefiting from their exceptional optoelectronic properties, CBEs hold tremendous promise for applications in 
bioimaging, optoelectronic devices, information encryption, and sensing [12–18]. In recent years, diverse CBEs with 
multicolor emissions, tunable narrowband emission, and high photoluminescence quantum yield (PLQY) have been 
successfully synthesized, laying a solid data foundation for ML-based investigations [12,19]. ML demonstrates 
prominent capabilities in the multi-property prediction of optoelectronic materials, enabling accurate prediction of 
key photophysical parameters such as emission wavelength and PLQY, as well as facilitating structural feature 
recognition and high-throughput virtual screening [20–22]. Building on increasingly mature forward prediction 
capabilities, the field is now advancing toward “inverse design”, where performance prediction models are employed 
to deduce target structures and synthesis parameters that satisfy the specific property requirements [23,24]. By 
identifying key structural features that govern material performance, inverse design strategies significantly shorten 
the discovery cycle of candidate materials and enable the goal-oriented development of high-performance CBEs, 
further highlighting the evolution of AI in the CBEs field, shifting from passive property prediction to active 
materials design [25,26]. More importantly, the in-depth integration of ML with automated synthesis platforms 
promises to accelerate the translation of novel materials into practical optoelectronic technologies. 

Although ML applications in CBEs still remain at an emerging stage compared with inorganic 
semiconductors and organic-inorganic hybrid perovskites, they have already demonstrated considerable potential 
in expediting material screening and elucidating structure-property relationships. Herein, we present a 
comprehensive and critical review of recent advances in ML for the design and application of CBEs, aiming to 
further broaden the scope application of ML-assisted CBEs. First, the general ML workflow is introduced, 
following by a systematic discussion of ML-driven structural design and property prediction of CBEs, especially 
organic small-molecules and CDs. We further highlight representative applications of ML-assisted strategies in 
electroluminescent material screening, information encryption and anti-counterfeiting, biomedicine and sensing. 
Finally, we elaborate on the existing challenges and provide perspectives, offering a feasible roadmap for the 
rational design and efficient development of ML-assisted CBEs. 

2. ML Workflow 

ML is an interdisciplinary field integrating statistics, computer science, and optimization theory. Its primary 
aims to empower computers to learn latent patterns from massive datasets, build predictive models, and implement 
decision-making and inference tasks without intricate and time-consuming programming [27,28]. In contrast to 
conventional research methods rely on predefined theoretical models as well as physical and chemical equations, ML 
feature as a purely data-driven paradigm. It can automatically extract meaningful features from complex, high-
dimensional data and establish predictive relationships, which makes it a powerful tool for materials science [29,30]. 
Practically, ML adopts a standardized workflow (Figure 1) covering data collection, feature engineering, model 
selection, and model evaluation and interpretation [31,32]. As illustrated in Figure 1, experimental and 
computational datasets are initially collected and converted into machine-accessible descriptors, followed by 
feature refinement and model development via representative ML algorithms. The pre-trained models are then 
evaluated through statistical indicators and interpretability analyses which establish the reliable structure-property 
relationships, facilitates the rational design and optimization [33]. 
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Figure 1. The general workflow of the ML approach in material and related applications. 

2.1. Data Collection 

As an ML paradigms rely on inherently data-driven, the acquisition, scale and quality data serve as the 
cornerstone for model construction and performance optimization [34]. In materials science, ML models are 
typically trained using the multidimensional datasets that integrate synthetic parameters, intrinsic material 
properties obtained from experimental measurements and theoretical calculations. Key intrinsic properties include 
photoluminescence (PL) emission wavelength, PLQY, full-width at half-maximum (FWHM), highest occupied 
molecular orbital (HOMO), lowest unoccupied molecular orbital (LUMO), and HOMO-LUMO gap (ΔEg) [35]. 
Beyond experimental and computational data, virtual libraries of target candidate molecules could be augmented 
using fragment-based combinatorial expansion and computational enumeration, offering a new paradigm for high-
throughput screening and ML modeling [36]. 

2.2. Feature Engineering and Representation 

Following initial data preprocessing, feature engineering and representation is crucial for applying ML to 
CBEs development that converting intricate chemical and experimental data into model-readable numerical 
descriptors [37]. Typically, this process includes feature extraction, selection, and representation, which 
profoundly determines the prediction accuracy and generalization capability of constructed ML models [38]. 

Feature engineering is predominantly implemented molecular structural information. With the help of 
cheminformatics tools like RDKit, material structures can be converted into SMILES representations and 
molecular fingerprints. The fingerprints could encode molecular backbone, functional groups, topological 
characteristics, and local chemical environment. Subsequently, Pearson correlation heatmaps are widely employed 
to visualize the correlations among multiple features [39]. In particular, feature optimization is commonly 
performed via feature selection or dimensionality reduction algorithms, which is represented by Principal 
Component Analysis (PCA), for eliminating redundant or low-correlation features. 

2.3. Model Selection and Training 

ML algorithms possess distinct advantages that handling nonlinear relationships, adapting to varying sample 
sizes, and processing diverse feature dimensions, rendering model selection a critical step tailored to specific 
research objectives and data characteristics. Currently, commonly used ML models in the field of CBEs could be 
generally classified into two categories: traditional ML methods, including Random Forest (RF), Support Vector 
Machine (SVM), K-Nearest Neighbors (KNN), and Gradient Boosting (XGBoost), and deep learning (DL) 
approaches represented by Artificial Neural Networks (ANNs), Convolutional Neural Networks (CNNs), and 
Deep Convolutional Neural Networks (DCNNs) [40,41]. These models form a complementary ML toolkit, 
facilitating robust structure-property correlation modeling and efficient data-driven exploration in CBEs research. 
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Conventional ML algorithms exhibit high data efficiency and suit for small- and medium-sized datasets 
(typically < 103 samples), which are common in experimental CBE researches. RF offers are robust against outliers 
and collinearity that is compatible with mixed-inputs variables (e.g., synthetic parameters and spectral features), 
and capable of outputting feature importance rankings, making it ideal for predicting optical properties such as 
PLQY and emission wavelength. However, RF still suffers from weak extrapolation performance outside the 
training range. XGBoost could achieves superior prediction accuracy via the optimized gradient boosting and 
inherent regularization [42]. Nevertheless, XGBoost requires elaborate hyper parameter and is more sensitive to 
outliers than RF. Currently, SVM and KNN still remain valuable for small sample scenarios (tens to hundreds of 
data points) and classification tasks, such as predicting whether CBE mission exceeds a target wavelength 
threshold [43,44]. Their main limitations lie in poor scalability to large datasets and high sensitivity to feature 
normalization. 

DL models architectures including ANNs and CNNs dominate high-dimensional unstructured data such as 
spectral profiles or molecular images [45]. They can automatically extract hierarchical feature representations and 
enabling high-precision predictions of multiple optical properties (PLQY, FWHM, and emission wavelength, etc.). 
However, DL typically requires a relatively larger datasets over 104 samples to alleviate over-fitting and consumes 
substantial computational resources [46,47]. GNNs are particularly promising for CBE research as they directly 
process molecular graphs to extract luminescence-related topological and electronic features [48]. GNNs could 
capture structure-property relationships without manual feature engineering, but they generally require even larger 
labeled datasets and longer training cycles in comparison with ANNs. Generative models (e.g., variational 
autoencoders, generative adversarial networks) represent a cutting-edge tool for inverse CBEs design, generating 
novel molecular skeletons with targeted optical properties [49]. Their key limitations consist of difficult quality 
evaluation of generated molecule quality and overreliance for extensive training data. 

In practical application, ML model selection depends on dataset size, task category (e.g., regression, 
classification and generation), interpretability requirements, and computational costs. For typical experimental 
CBE datasets with limited samples, RF or XGBoost often strike an optimal trade-off between accuracy and 
interpretability. DL and GNNs are preferred when large datasets or molecular graph inputs are available, whereas 
generative models are more suitable for de novo materials design. These ML models are commonly combined 
with feature engineering (e.g., one-hot encoding, normalization) and hyperparameter optimization (e.g., grid 
search, Bayesian optimization) to enhance generalization and predictive accuracy [50]. 

2.4. Model Evaluation and Application 

Model evaluation is indispensable for certifying the reliability and generalizability of ML predictions. In the 
supervised learning framework, data partitioning and cross-validation is typically employed to assess model 
performance that mitigating overfitting and improving generalization toward unseen samples [51]. Common 
evaluation metrics include the coefficient of determination (R2), mean absolute error (MAE), and root mean square 
error (RMSE), which are utilized to quantify prediction accuracy of continuous photophysical parameters [52]. 
For classification tasks, accuracy (AUC), recall, and cross-validation scores are frequently combined for a 
comprehensive model assessment [53]. 

Beyond performance evaluation, two complementary approaches have emerged as crucial supplements to 
ML-driven CBEs research. First, Bayesian optimization could address challenges of small sample sizes and high 
experimental noise by efficiently navigating parameter spaces via surrogate models. It enables the simultaneous 
optimization of model hyperparameters and synthetic conditions while considerably minimizing experimental 
cost. Second, model interpretability, represented by SHapley Additive ExPlanations (SHAP) analysis, is developed 
to unravel structure-property relationships and identify the dominant factors governing the intrinsic material 
properties of diverse CBE systems [54]. 

3. ML-Assisted Optimization and Design of CBEs 

CBEs have attracted widespread attention due to their distinctive optical properties and structural diversity. 
In comparison with traditional inorganic phosphors or organic small molecules, CBEs are generally prepared from 
abundant and low-cost carbon precursors and their structures and properties could be tailored through various 
synthetic strategies, including bottom-up and top-down methodology [13]. Based on their structural characteristics, 
CBEs family include CQDs, CDs, carbonized polymer dots, and organic small-molecules [55]. Organic small-
molecules exhibit prominent superiority in structural precision, tunable optoelectronic properties, and manipulated 
molecular design. Recently, CDs have been extensively investigated owing to their tunable emission color, 
superior photostability, and excellent biocompatibility [56,57]. More importantly, the structural diversity endows 
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CDs with versatile luminescent behaviors, including excitation-dependent emission, narrowband emission, room-
temperature phosphorescence (RTP), aggregation-induced emission (AIE) and thermally activated delayed 
fluorescence (TADF) [58–60]. Benefiting from these unique merits, CBEs have demonstrated great application 
potentials, including bioimaging, optoelectronic devices, information encryption, anti-counterfeiting, as well as 
chemical and biological sensing. In recent years, ML has been increasingly implemented in the research of CBEs, 
especially for CDs, CQDs and organic small-molecules, where comprehensive datasets and methodological 
frameworks have been established [61]. Accordingly, this review focuses on these two representative CBE material 
systems, with representative ML-assisted studies summarized in Table 1. 

Table 1. ML approaches for various practical applications of CBEs in recent years. 

Number CBEs Input Output Method ML Algorithm Performance Application Ref. 

1 
Organic 
Small-

Molecule 

Molecular 
fingerprints kTADF Regression NN R2 = 0.94 OLED [62] 

2 
Organic 
Small-

Molecule 

Molecular 
descriptors ISC/RISC Regression 

GBRT  R2 = 0.74 Material 
design [63] RF-GBRT-

KNN R2 = 0.73 

3 
Organic 
Small-

Molecule 

Photophysical 
parameters, 
molecular 
descriptors 

PLQY Regression XGBoost R2 = 0.7 
Material 
design [64] PLQY ≥ 80% Classification NN AUC = 0.878 

PL-peak Regression LightGBM / 

4 
Organic 
Small-

Molecule 

Photophysical 
parameters, 
molecular 

descriptors, 
SMILES 

PLQY Regression XGBoost R2 > 0.8 

OLED [54] TDM Regression RF R2 = 0.6 

5 
Organic 
Small-

Molecule 

Molecular 
fingerprints 

PL-peak Regression Kernel-based 
partial  

least-squares 
(KPLS) 

R2 = 0.87 

OLED [65] FWHM Regression R2 = 0.79 

6 
Organic 
Small-

Molecule 

Molecular 
descriptors, 

MACCS, FP2 
fingerprints 

PL-peak 
Classification Ensemble 

learning  
model (BNML) 

AUC = 1 

Material 
design [66] 

FWHM AUC = 1 
PLQY AUC = 0.96 

PL-peak 
Regression 

R2 = 0.96 
FWHM R2 = 0.98 
PLQY R2 = 0.5 

7 CDs Experimental 
parameters PLQY Regression XGBoost 0.6 < R2 < 0.8 Sensing [20] 

8 CDs Experimental 
parameters PLQY Regression XGBoost AUC = 0.94 Guided 

synthesis [53] 

9 CDs Experimental 
parameters FL color Classification DCNN AUC = 0.82 Guided 

synthesis [67] 

10 CDs Experimental 
parameters 

Stokes shift, PL-
peak, PLQY Regression RF AUC = 0.8 (12 

new CDs) 
Guided 

synthesis [68] 

11 CQDs Experimental 
parameters 

PL-peak Regression XGBoost MSE = 0.1 Guided 
synthesis [23] PLQY MSE = 0.15 

12 
Organic 
Small-

Molecule 

Molecular 
graph 

HOMO 
Regression 

Graph 
convolutional 

network (GCN) 

MAE = 0.148 
OLED [69] LUMO MAE = 0.163 

13 CQDs PL intensities Correlated color 
temperature (CCT) Regression XGBoost R2 = 0.717 QLED [70] 

14 CDs Precursor 
features 

PLE-peak 
Regression XGBoost 

R2 = 0.97 Information 
encryption, 

LED 
[71] PL-peak R2 = 0.99 

Afterglow lifetime R2 = 0.98 

15 CDs Experimental 
parameters 

PL-peak 

Regression XGBoost 

R² = 0.95 
Information 
encryption [72] RTP-peak R2 = 0.94 

 FL Stokes shift R2 = 0.89 
RTP Stokes shift R2 = 0.94 

16 CDs Experimental 
parameters PL-peak Regression XGBoost R2 = 0.96 Sensing, 

Biomedicine [73] 

17 CDs Experimental 
parameters Formation yield Classification NN AUC = 0.987 Biomedicine [74] 

18 CDs RGB values Metal ion Classification 
Multi-layer 
perceptron 

(MLP) 
AUC = 0.797 Sensing [75] 

19 CDs Fluorescence 
spectra 

Concentrations of 
Cu2+ Classification KNN 

AUC = 1 (1 μM), 
0.905 (10 nM), 
0.725 (100 μM) 

Sensing [76] 

 

 



Lian et al.    Mater. Matter 2026, 1(1), 5  

  6 of 20 

3.1. Organic Small-Molecule 

One of the earliest applications of ML in organic small-molecule materials could be traced back to 2016. 
Alán Aspuru-Guzik and his colleagues successfully integrated ML with quantum chemical calculations to achieve 
large-scale virtual screening and rational design of blue-emitting molecules with TADF property [62]. In their 
works, NN models were adopted to screen out potential TADF molecules, laying out a solid foundation for ML-
assisted OLEDs research. 

Since this pioneering work, ML has been widely employed to explore innovative materials. As a representative 
example, Chen et al. applied gradient boosting regression trees (GBRT) and an RF-GBRT-KNN ensemble algorithm 
to perform high-throughput virtual screening on 564 TADF candidate molecules which were constructed from 20 
building blocks based on D-A, D-π-A, and D-A-D configurations (Figure 2) [63]. Nine promising molecules with 
excellent intersystem crossing (ISC) and reverse intersystem crossing (RISC) characteristic were finally obtained, 
with Pearson correlation coefficients reaching 0.89 and 0.82 for ISC and RISC rate prediction. This work highlights 
the powerful capability of ML in investigating the complicated excited-state processes. 

Accurate prediction of the PLQY of organic small-molecule emitters is crucial for the development of high-
efficiency OLEDs. In successive research works, Song et al. progressively promoted the ML-assisted design of 
blue TADF emitters via multiple-stage strategies [64]. Initially, they integrated SHAP interpretability framework 
with the Light Gradient Boosting Machine (LightGBM) algorithm to establish quantitative relationship between 
structure and PLQY properties, enabling the simultaneous prediction of emission wavelength and PLQY values 
of potential candidate materials. This work offers rational important guidance for the theoretical molecular design 
of blue-emissive emitters. Based on the established predictive framework, they further embed transition dipole 
moment (TDM) as a key optimization objective into the variational autoencoder (VAE) model, thereby achieving 
the inverse design of emitters with increased radiative transition. Among the top-ranked molecules, D1-0236 was 
synthesized, which exhibits deep-blue emission peak centered at 451 nm along with an exceptionally PLQY up to 
96.9% [54]. 

 

Figure 2. Research frame for ML-assisted virtual screening of TADF molecules with efficient ISC and RISC. 
Reproduced with permission from Ref. [63]. Copyright 2022, American Chemical Society. 

Recent advances in ML applied to organic small-molecule research have evolved toward multi-objective 
optimization. A quantitative structure-property relationship was established by Adachi et al., achieving cross-
validation to construct kernel-based partial least-squares (KPLS) models and identify intrinsic correlations among 
molecular structure, emission wavelength and FWHM (Figure 3a) [65]. Guided by this strategy, a deep-blue emitter 
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named ν-DABNA-O-xy was developed (Figure 3b), exhibiting an ultranarrow FWHM of 19 nm (Figure 3c). 
Subsequently, Liu et al. put forward a structure-aware ensemble learning model for the simultaneous prediction of 
multiple photophysical properties of TADF emitters, including emission wavelength, FWHM and PLQY [66]. 
Apart from its exceptional predictive accuracy, this model further revealed the contributions of donor moieties and 
π-conjugated skeletons to luminescent properties. The methodology was further validated by synthesizing newly 
design molecules and corresponding characterizations. 

 

Figure 3. (a) An outline of ML-driven molecular design. (b) Interpretable model visualization from radial-based 
KPLS regression model for λpeak prediction. (c) Absorption spectrum of ν-DABNA-O-xy and fluorescence spectra 
for the target and control molecules in toluene. Reproduced with permission from Ref. [65]. Copyright 2025, 
American Association for the Advancement of Science. 

3.2. CDs 

As a novel type of luminescent carbon-based nanomaterials, CDs has drawn extensive attention owing to 
their abundant precursor sources, facile synthetic conditions, high chemical and thermal stability, and favorable 
biocompatibility [77–80]. In our previous studies, we reported the synthesis of onion-like multicolor TADF CDs, 
achieving PLQYs of 42.3–61.0% and corresponding electroluminescent devices reached maximum external 
quantum efficiency (EQEmax) of 6.0–9.9% [81]. More recently, we successfully synthesized oxygen-doped carbon 
quantum rings (OD-CQRs) consisting of twelve benzene rings and six alternatively embedded five-membered 
oxygen-containing heterocycles. OD-CQRs exhibited a fluorescence emission peak centered at 393 nm with an 
ultranarrow FWHM of 18 nm and high PLQY of 95% [82]. 

Driven by growing demand for rational design and optimization of CDs, ML has emerged as a powerful tool 
for predicting their optical properties [40,83]. The pioneering application of ML to luminescent CDs was reported 
in 2019 [84]. Subsequent studies have constructed hydrothermal synthesis datasets based on key experimental 
parameters, such as ethylenediamine dosage, precursor mass, reaction temperature, heating rate, and reaction time, 
which were subsequently used to train ML models for PLQY prediction [20]. By integrating multiple algorithms, 
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such as XGBoost, multilayer perceptron (MLP), SVM, and Gaussian process (GP), reliable predictive models were 
established, which facilitated the synthesis of green CDs with a PLQY of 39.3%. Feature importance analysis 
further verified that precursor mass served as a dominant factor governing PLQY properties of CDs (Figure 4a). 
On this base, expanded datasets and optimized models (e.g., XGBoost regressor) have been applied to the high-
throughput screening of synthetic conditions. For instance, through screening a total of 1,555,840 parameter 
combinations, 11 promising conditions were successfully identified, allowing the preparation of CDs with a PLQY 
as high as 55.5% [85]. 

Beyond PLQY, the accurate prediction of emission wavelengths and identification of fluorescence color is 
critical for advancing the functional applications of CDs in LEDs, bioimaging, and information encryption [70]. 
DL approaches represented by DCNNs have been introduced to extract intricate spectral features of CDs, which 
enables not only PLQY prediction but also reliable classification fluorescence colors (Figure 4b). DCNNs models 
with multiple hidden layers that trained on experimentally measured photoluminescence datasets of diverse CDs, 
possess powerful capabilities in learning spectral representations and predicting fluorescence colors [53,67]. 
Although the prediction accuracies of up to 81% have been achieved for blue/green CDs, model performance still 
remains limited for red and multicolor CDs system. Given the irreplaceable role of red CDs in biomedical imaging, 
their low yield and high cost, classification-based ML strategies have been developed to address this challenge. 
By converting emission colors information into categorical labels and integrating XGBoost with dimensionality 
reduction algorithms such as PCA, these optimized frameworks achieve enhanced feature extraction and improved 
model interpretability [53]. After sufficient training, the established models were capable of predicting the 
formation of red-emissive CDs under specific synthesis conditions (Figure 4c) and exhibited favorable 
generalization performance in cross-validation, highlighting the great potential of ML techniques for the targeted 
regulation of CDs emission color. 

 

Figure 4. (a) Design workflow for ML guided synthesis of CLNMs. Reproduced with permission from Ref. [20]. 
Copyright 2020, American Chemical Society. (b) ANN assisted CDs to predict emission wavelength. Reproduced 
with permission from Ref. [67]. Copyright 2021, Royal Society of Chemistry. (c) The process of creating synthetic 
red fluorescent CDs-based on ML to improve the synthesis efficiency. Reproduced with permission from Ref. [53]. 
Copyright 2022, Royal Society of Chemistry. 



Lian et al.    Mater. Matter 2026, 1(1), 5  

  9 of 20 

Building upon these advances, ML techniques have been further extended to multicolor CDs systems. 
Through utilizing datasets derived from as-reported CDs in experimentally synthesized, RF models are capable of 
simultaneously predicting key photoluminescence properties, including PLQY, maximum emission wavelength, 
and Stokes shift, with overall accuracies approaching 80% (Figure 5a,b) [68]. Furthermore, this model enabled the 
optimization of synthetic routes by establishing quantitative correlation between fluorescence characteristics, 
reaction parameters and solvent properties. Benefiting from their excellent emission color tunability, such 
multicolor CDs have been successfully employed for high-capacity information encryption. Subsequent researches 
have introduced ML-assisted multi-objective optimization (MOO) strategies to regulate the hydrothermal 
synthesis of CQDs. With hyperparameters optimized via grid search, XGBoost was adopted to develop two 
independent regression models for the prediction of emission wavelength and PLQY (Figure 5c) [23]. Remarkably, 
trained only on a small dataset consisting of 63 experimental samples, the established models successfully guided 
the controllable synthesis of full-color fluorescent CQDs with PLQY of up to 60% (Figure 5d). Under data-scarce 
circumstances, this MOO framework effectively uncovered intrinsic correlations between synthetic parameters 
and luminescent properties, achieving the collaborative optimization of multiple luminescence-related indicators 
through a unified objective function. Collectively, these findings highlighted the merit of ML techniques in 
achieving efficient property regulation and rational structural design with complicated synthetic systems. 

 

Figure 5. (a) Preparation of multicolor CDs to establish training datasets for ML. (b) Exploring the relationship 
between the synthesis parameters and the fluorescence properties of CDs, and predicting the PLQY of multicolor 
CDs using ML models. Reproduced with permission from Ref. [68]. Copyright 2023, John Wiley and Sons. (c) It 
consists of four key components: database construction, multi-objective optimization MOO formulation, MOO 
recommendation, and experimental verification. (d) Normalized PL spectra of as-synthesized CQDs. Reproduced 
with permission from Ref. [23]. Copyright 2024, Springer Nature. 
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4. Application of ML Optimized CBEs 

4.1. OLEDs 

The emissive layer of OLEDs is typically composed of electroluminescent molecules, which play a decisive 
role in determining device efficiency and optical characteristic. Benefiting from high efficiency and high color 
purity, OLEDs have been regarded as one of next-generation display technology for applications in high-definition 
television panels and flexible displays [86–88]. Conventional fluorescent emitters only utilized single excitons, 
which restricts the utilization electrically generated excitons to approximately 25%, thereby posing a bottleneck 
to further improvements in device efficiency [89]. Newly-developed TADF materials could utilize both singlet 
and triplet excitons for the enhancement of exciton utilization efficiency and EQE by converting triplet excitons 
into singlet states through RISC process [89,90]. ML techniques have thus emerged as a powerful tool for 
accelerating the rational design and efficient screening of OLEDs emitters [32,91,92]. 

Pioneering research has demonstrated the capability of ML in screen high-potential OLEDs candidate 
molecules, leading to optimized devices with a EQEmax of 22% [62]. More recently, ML models were trained on a 
dataset comprising HOMO and LUMO energy level of 3026 organic molecules in both solution and solid states. 
The established models realized high-precision prediction of frontier orbital energies, with a mean absolute error 
as low as 0.058 eV. Guided by this model, a deep-blue fluorescent OLED was fabricated using the screened emitter 
and suitable host material, exhibiting narrowband emission centered at 412 nm with a FWHM of 36 nm and a 
favorable EQEmax of 6.58% (Figure 6a–f) [69]. 

 

Figure 6. (a) Molecular structures of DPAc-Cz (host) and TDBA-pyCz (emitter). (b) Device structure. (c) CIE 
1931 chromaticity diagram. (d) Current density (J)-Voltage (V)-Luminance (L) curves. (e) EQE-Luminance (L) 
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curves. (f) EL spectra at different doping concentrations of emitters at a luminance of 500 cd m−2. Reproduced with 
permission from Ref. [69]. Copyright 2022, Springer. (g) J-V-L characteristics. (h) EQE-luminance curves of tested 
OLED samples. (i) Angle-dependent EL spectra for BN-type. (j) EL intensity profiles in steps of 5°. (k) J-EQE 
curves for BN- and HF-type OLED samples. (l) Quantification of roll-off in ν-DABNA-O-xy-based HF 
architecture. Reproduced with permission from Ref. [65]. Copyright 2025, American Association for the 
Advancement of Science. 

Recently, Adachi et al. proposed a ML-assisted molecular design strategy to accelerate the screening of high-
performance deep-blue TADF emitters [65]. The ν-DABNA-O-xy-based OLED device based on this molecule 
exhibited exceptional color purity with a CIEy coordinate of 0.07 and an ultranarrow FWHM of 19 nm. 
Implemented in a bilayer emitting architecture, the optimized OLED delivered a EQEmax of 27.5% and further 
improved to 41.3% as integrated into a hyper fluorescence configuration (Figure 6g–i). Collectively, these 
representative studies highlight the advantage of ML in high-throughput screening CBEs emitters and performance 
optimization of OLEDs device. This data-driven paradigm provides a powerful support for the development of 
high-efficiency and high-color-purity OLEDs. 

4.2. QLEDs 

CQDs have emerged as promising emitters for QLEDs owning to their tunable luminescence wavelength and 
high PLQY [93,94]. ML has become an effective data-driven approach to the development and optimization of 
CQD-based QLEDs [95]. 

Green-emissive CQDs with PL peak centered at 493 nm and PLQY of 63.5%, as well as orange-emissive 
CQDs with PL peak at 553 nm and PLQY of 83.6%, were synthesized using perylene-3,4,9,10-tetracarboxylic 
dianhydride. QLED devices were fabricated with these emitters achieved EQEmax of 1.98% and 1.76%, 
respectively. Furthermore, ML models including XGBoost and multilayer perceptron (MLP) were employed to 
predict the correlated color temperature of the trichromatic mixtures of blue, green, and orange CQDs, covering a 
wide correlated color temperature (CCT) range from 3093 to 11,018 K. With ML-assisted modulation of RGB 
component ratios, white QLEDs with continuously tunable emission spanning from warm white to cool white were 
successfully fabricated. The optimized cool-white device delivered CIE coordinates of (0.33, 0.33), EQEmax of 
1.18%, and a maximum luminance of 598 cd m−2 [70]. These results validate that ML could efficiently establish 
the relationships among CQDs structural characteristic, optical properties, and device performance, thereby 
accelerating the screening of high-performance emitters and structural optimization of QLEDs devices. 

4.3. Information Encryption and Anti-Counterfeiting 

Driven by the increasing demands for information encryption and anti-counterfeiting, CDs with RTP property 
emerged as promising candidates for multidimensional optical encoding systems due to their tunable emission 
color, persistent afterglow and excellent chemical and photophysical stability [96–98]. RTP CDs could achieve 
multiplexed information storage that relying on their tunable emission wavelength and lifetime. Their time-
resolved luminescence properties further significantly enhance anti-counterfeiting reliability, endowing RTP CDs 
with great potential for high-security encryption labels and dynamic optical anti-counterfeiting systems [99–101]. 

Since the first discovery of the afterglow emission from CDs in 2013, substantial advances have been 
achieved in the synthesis methodology and luminescence modulation of RTP CDs [102]. However, controllable 
preparation of multi-color phosphorescent CDs still remains challenges due to the intricate synthetic variables and 
ambiguous structure-property relationship. To address these issues, ML-assisted approaches integrating XGBoost 
and Bayesian optimization have been introduced to predict key phosphorescence parameters, including optimal 
excitation wavelength, emission wavelength, and phosphorescence lifetime, thereby guiding microwave-assisted 
synthesis of RTP CDs with phosphorescence lifetimes up to 3.43 s (Figure 7) [71]. Furthermore, a comprehensive 
ML framework established on a dataset consisting of 210 multicolor RTP CD samples could simultaneously 
predict PL and RTP emission peaks as well as their corresponding Stokes shifts. The established model achieved 
a R2 as high as 0.9, low MAE and RMSE. Guided by this model, various CDs with distinct luminescent properties 
have been screened and successfully applied in information encryption, fully validating the great potential of ML 
in the regulation and functionalization design of RTP CDs luminescence [72]. 



Lian et al.    Mater. Matter 2026, 1(1), 5  

  12 of 20 

 

Figure 7. Schematic representation of CD-based long afterglow material exploration and design utilizing active 
ML and quantum chemical simulations. Reproduced with permission from Ref. [71]. Copyright 2024, American 
Chemical Society. 

4.4. Biomedical Applications: From Imaging to Therapy 

Biomedical imaging and precision diagnostics have been advancing toward higher sensitivity, superior 
resolution, and multifunctional integration, CDs could serve as promising candidates for next-generation theragnostic 
platforms. Their remarkable merits include favorable biocompatibility, tunable luminescence properties, negligible 
cytotoxicity, and good water solubility, exhibiting tremendous application potential [103–106]. Currently, CDs have 
been widely exploited in cellular and tissue imaging, targeted drug delivery, inflammation treatment and cancer 
therapy [107]. In particular, our group recently developed large amino acids mimicking carbon quantum dots 
(LAAM GSH-CQDs) with the inherent water solubility of up to 2.0 g mL−1 that delivering an outstanding stability 
against long-term storage and adding various electrolytes. The rich amino acid groups on the edge of LAAM GSH-
CQDs simultaneously endow them tissue imaging and tumor-selectively targeting. More importantly, serve as 
tumor-targeted drug carriers for chemotherapeutic agents. Such materials exhibit great prospects in integrated 
diagnosis and treatment [108]. To meet the requirements for precise modulation of emission wavelength and 
functional properties of CDs systems, ML links synthesis parameters to material structures, allowing rapid 
screening of CDs with high fluorescence efficiency and excellent cell imaging performance, thereby accelerating 
the optimization cycle and improving screening efficiency [15]. 

In applications including deep-tissue imaging, synergistic drug delivery, and visible light-triggered 
photodynamic therapy, optimized XGBoost models can accurately predict the luminescence peak wavelength and 
corresponding PLQY, thereby facilitating the rational design and performance optimization of CDs. Guided by 
ML-assisted reaction optimization, the screened CD-3 system exhibited excellent optical properties that enables 
its application in whole-cell imaging (Figure 8a) [73]. Furthermore, 10 ML models were systematically compared 
to the performance to predict the optimal conditions for the formation of CD-gastric protease nanoparticles, thereby 
boosting the synthetic yield. The as-obtained nanoparticles achieved not only enhanced imaging capability but 
also the ability to generate reactive oxygen species upon visible light irradiation and sustained drug delivery, 
demonstrating multi-functional synergistic therapeutic potential (Figure 8b) [74]. In principle, ML could 
significantly improve the design efficiency and functional optimization of CDs, thereby promoting the intelligent 
and data-driven development of biomedical nanomaterials. 
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Figure 8. (a) Whole-cell FL imaging by CDs-3. Reproduced with permission from Ref. [73]. Copyright 2022, 
American Chemical Society. (b) Schematic diagram illustrating the synthesis of 3-hydroxy-2-naphthoic acid-based 
CDs, their conjugation with pepsin, and the subsequent development of a nano-formulation for applications in 
bioimaging, drug delivery, and as a photodynamic agent. Reproduced with permission from Ref. [74]. Copyright 
2025, Royal Society of Chemistry. 

4.5. Nanosensing 

CBEs have been considered promising candidates for the detection of metal ions and biomolecular markers. 
Featuring as high photostability, low background interference, and highly responsive surface functional groups, CBEs 
hold the promise for the fabrication of highly sensitive optical sensing platforms [109]. Particularly for detection in 
complex systems, their surfaces are abundant in carboxyl, hydroxyl, amino groups as well as heteroatom doping sites, 
which could interact with different analytes. Such specifical interactions could lead to the changes in emission 
wavelength and intensity, lifetime, or distinctive multi-dimensional optical response signatures. 

ML has been progressively adopted for data analysis and pattern recognition, to decipher the intricate optical 
signals of CBEs upon the exposure analytes. By building classification and regression models, ML enables the 
extraction of analyte-specific response features from high-dimensional datasets, achieving qualitative identification 
and quantitative determination [110]. For example, Prolay Das et al. fabricated a sensor array using 9 coumarin S-
modified fluorescent carbon nanoparticles for the discriminative detection of various metal ions [75]. Different metal 
ions exhibited responsive fluorescence characteristics. By introducing enhanced multi-layer perceptron (Aug-
MLP) and combining with generative adversarial networks (GAN) for data augmentation, the problem of small 
sample size has been well resolved which achieved a classification accuracy of 79.7%, highlighting the superiority 
of deep learning in the recognition of complex array signals (Figure 9a–d). Recently, Cho, S.-Y. et al. developed 
an ML-based optical signal amplification strategy for enhancing the performance of CQDs nanosensors for metal 
ions detection [76]. Fluorescence spectra were acquired under blank conditions and varying analyte concentrations, 



Lian et al.    Mater. Matter 2026, 1(1), 5  

  14 of 20 

and 7 ML algorithms were systematically compared to establish a high-performance classification model. The 
optimized model could be capable of identifying Cu2⁺ at concentrations as low as 100 pM signals even under 
strong noise, lowering the limit of detection by 104–106 folds relative to the original sensor. This approach was 
further extended to detect various metal ion systems, such as Hg2⁺, Pb2⁺, Cr6⁺, and Fe3+, all showing significantly 
improved sensitivity and good generalization ability (Figure 9e). 

 

Figure 9. (a) Nine CNPs synthesized for this study along with their precursors. (b) General scheme for the synthesis 
and purification of CNPs. (c) Digital image of the array sensing of toxic heavy metal ions using the nine CNPs. (d) 
ML discrimination of the array sensor data. Reproduced with permission from Ref. [75]. Copyright 2022, Royal 
Society of Chemistry. (e) Calculation of wavelength difference with seven types of ML algorithms and selection 
of the best model for target analytes through evaluation metrics. (f) Signal classification between spectra with and 
without analytes. Reproduced with permission from Ref. [76]. Copyright 2024, American Chemical Society. 
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5. Outlook and Remaining Challenges 

Although ML has demonstrated substantial potential in performance prediction, key-parameter recognition, 
and high-throughput screening of CBEs, several fundamental bottlenecks still impede its further advancement. 

First, the lack of standardized and reliable database remains a major limitation for CBEs. Most existing 
datasets are often compiled from a limited number of experiments or extracted manually from published literature. 
These datasets are relatively small in scale, and frequently influenced by inconsistent experimental conditions, 
which inevitably lead to uneven data quality. In this regard, data cleaning and preprocessing have been regarded 
as indispensable procedures to guarantee reliable and standardized model inputs. Future efforts should focus on 
establishing unified, high-quality CBEs databases that cover a broader range of synthetic parameters and material 
systems. Additionally, incorporating data from negative or unsuccessful experimental results will help enhance 
model robustness and predictive transferability. 

Second, the inherent structural complexity of CBEs poses a significant challenge for ML implementation. In 
contrast to organic small molecules with well-defined structures, CBEs typically possess highly diverse structural 
features, including various carbon skeletons and surface functional groups as well as multiple emission centers. These 
features make it challenging for current models to precisely establish reliable structure-property relationships. 
Although some reports have adopted quantum chemistry-derived electronic structure descriptors, precise 
investigation on the surface states and local structural units still remains inadequate. Accordingly, it is imperative to 
combine advanced characterization techniques to acquire highly reliable structural data and molecular representation 
methods, thereby improving the capacity of ML to illustrate the intricate properties of CBEs. 

Third, feature engineering in current CBEs-related ML research still largely relies on empirical experience. 
Input features are mostly derived from synthetic variables and empirical descriptors, without in-deep exploration 
of the underlying luminescence mechanisms. Consequently, even models with reasonable prediction accuracy 
often lack sufficient interpretability, which hinder the identification of the key factors governing optical properties 
of CBEs. To address this issue, subsequent efforts should be made to integrate physicochemical descriptors with 
deep learning architectures and interpretability tools such as SHAP, so as to achieve an in-depth understanding of 
underlying mechanism. The development of interpretable models based on physically meaningful features is 
essential for improving the practical guidance value of ML in CBEs research. 

Finally, poor transferability and generalization capability of ML models remain another key bottleneck in the 
research of novel CBEs. A large number of models deliver excellent performance on designated CBEs datasets, 
yet their accuracy declines when applied to new material systems, synthetic routes, or device configurations. 
Therefore, future efforts should focus on developing transfer learning and adaptive learning strategies, to enable 
effective model migration across diverse CBEs systems and experimental conditions. 

6. Conclusions 

In summary, this review comprehensively outlines the recent progress of ML in the rational design, 
performance optimization and application exploration of CBEs. Through integrating literature datasets, 
experimental parameters, and theoretical calculations, ML facilitates the recognition of dominant factors within 
complicated systems and further establishes quantitative structure-property-application relationships of CBEs. 
This approach significantly accelerates high-throughput screening and inverse molecular design, which further 
drive the collaborative optimization of optoelectronic performance and multifunctional applications. Despite the 
achievements made to date, ML-assisted research on CBEs is still in an early development stage. Future 
combination of high-quality databases, interpretable ML frameworks, automated synthesis platforms, and active 
learning strategies is expected to construct dedicated closed-loop optimization systems for CBEs, thereby 
substantially advance the rational design, performance improvement of next-generation CBEs. 
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