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A B S T R A C T

Carbon dots (CDs), as significant luminescent carbon-based nanomaterials, exhibit broad application potential in 
sensing, biomedicine, and optoelectronic devices. However, their synthesis processes are highly nonlinear, and 
their structural heterogeneity is prominent, resulting in a long-standing lack of a decipherable framework for the 
synthesis-structure-property relationship, which has restricted on-demand design and controllable preparation. 
In recent years, machine learning (ML) has provided a data-driven paradigm to address this complexity, yet 
related research still faces challenges such as scattered data, unclear task boundaries, and insufficient model 
interpretability. This review systematically examines recent key advances in machine learning for CDs research, 
focusing on three core tasks: property prediction, synthesis and inverse design, and mechanism analysis. It 
critically analyzes the capabilities and limitations of various models in predicting emission wavelength, photo
luminescence quantum yield, and phosphorescence lifetime. By comparing data sources, feature construction, 
and validation strategies, it points out that many current high-prediction accuracies primarily stem from sta
tistical fitting rather than learning physical causality, particularly facing structural data bottlenecks in red or 
near-infrared emission and cross-system generalization. Furthermore, from the perspective of CDs application 
systems, the review systematically evaluates the practical enabling role of machine learning in CDs-related ap
plications such as sensing, biomedicine, optoelectronics, and information encryption, clearly distinguishing 
between its role as a tool for performance optimization and its function as a key means for rational design of CDs 
materials. Finally, a future-oriented pathway for machine learning-driven CDs research is proposed: by con
structing standardized, high-quality databases, introducing physically constrained and interpretable models, and 
combining active learning with closed-loop experimental validation, the field can advance from empirical trial- 
and-error toward a predictive, interpretable, and translatable paradigm of rational design.

1. Introduction

Carbon dots (Fig. 1), a class of nanomaterials with sizes typically 
below 10 nm [10–12], detailed information is presented in Table 1, 
possess distinct advantages such as tunable luminescence, excellent 
biocompatibility [13], high stability [14], and low toxicity [15]. They 

demonstrate broad application potential across multiple cutting-edge 
fields, including sensing [16], biomedicine [17], photocatalysis and 
energy applications [18–20], light-emitting diodes [21], and 
anti-counterfeiting encryption [22–24]. However, the synthesis–
structure–property relationship of CDs remains complex and inade
quately understood. The multivariate, nonlinear, and strongly coupled 
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nature of their synthesis processes renders traditional experience-based 
trial-and-error approaches inefficient, often making the discovery of 
high-performance CDs a matter of chance. In recent years, machine 
learning has emerged as an increasingly important data-driven tool in 
materials science, utilized for predicting material properties, screening 
novel compounds, and optimizing synthesis pathways [25–27]. Within 
this context, data-driven machine learning methods, leveraging their 
capacity to handle high-dimensional and nonlinear relationships, offer a 
promising opportunity to decipher the intricate correlations governing 
the structure-property relationships of CDs.

In the past period, substantial progress has been made in ML-assisted 
CDs research, with systematic contributions from multiple scholars 
laying a solid foundation for the advancement of this field [28], as 
shown in Table 2. Dananjaya et al. provided a comprehensive overview 
of the latest progress in the synthesis, functionalization, property mod
ulation, and diverse applications of GQDs in polymer nanocomposites, 
including 3D printing technologies [49]. Their work also explored the 
emerging role of ML in optimizing GQD-based polymer composites. 
EI-Azazy et al. reviewed synthesis methods for CDs, ML-assisted opti
mization strategies, and their applications in water pollution control and 
electrocatalytic hydrogen evolution reactions [50]. More recently, Yan 
et al. systematically summarized the current state, model architectures, 
and technical pathways of ML in optimizing CDs synthesis and their 
application across various analytical detection fields [51]. Given the 

continuous advancement of ML-assisted research on carbon dots, it is 
important to classify the machine learning methods used in CDs research 
based on their functional roles and scientific contributions, as shown in 
Table 3. Additionally, systematically sorting out the application logic, 
core achievements and technical bottlenecks of ML in the field of carbon 
dots is of great significance for promoting sustainable innovation in this 
area. It highlights the core value of ML in the integrated and 
multi-domain application of CDs, offering a broader and more balanced 
perspective.

This review systematically outlines the commonly used ML algo
rithms in CDs research. By integrating recent relevant literature, it 
summarizes the general workflow and core paradigms for ML-assisted 
CDs studies, as illustrated in Fig. 2. Beginning at the fundamental 
research level, the review elaborates in detail on the key applications 
and technological breakthroughs of ML in the quantitative prediction of 
critical CDs properties, the optimization of synthesis processes, and the 
in-depth exploration of underlying mechanisms. A systematic evaluation 
of both the contributions and limitations of these approaches is pro
vided. Subsequently, the focus shifts to the applied research level, where 
an in-depth analysis is presented on how ML has propelled the appli
cation of CDs in cutting-edge fields such as sensing and detection, 
photocatalysis and energy applications, biomedicine, light-emitting di
odes, and information encryption and anti-counterfeiting. Typical case 
studies are incorporated to illustrate these advancements. Finally, the 

Fig. 1. Methods for CDs synthesis and 
timing. (a) Arc discharge methods [1]. 
Copyright 2004, with permission from 
American Chemical Society. (b) Laser abla
tion methods [2]. Copyright 2006, with 
permission from American Chemical Society. 
(c) Combustion methods [3]. Copyright 
2007, with permission from John Wiley and 
Sons Ltd. (d) Electrochemical methods [4]. 
Copyright 2007, with permission from 
American Chemical Society. (e) Pyrolytic 
methods [5]. Copyright 2008, with permis
sion from John Wiley and Sons Ltd. (f) 
Chemical oxidation methods [6]. Copyright 
2009, with permission from American 
Chemical Society. (g) Microwave assisted 
heating [7]. Copyright 2009, with permis
sion from the Royal Society of Chemistry. (h) 
Hydrothermal or solvothermal methods [8]. 
Copyright 2010, with permission from John 
Wiley and Sons Ltd. (i) Soft and hard tem
plating methods [9]. Copyright 2013, with 
permission from the Royal Society of 
Chemistry.

Table 1 
Classification, definition, and key characteristics of CDs.

Abbreviation Full name Definition Structural features

CDs Carbon dots A broad umbrella term for zero-dimensional fluorescent carbon-based 
nanomaterials, typically with at least one dimension below 10 nm.

Generally composed of a carbonaceous core plus abundant surface 
functional groups, defects, and/or heteroatom dopants; may be 
crystalline, semicrystalline, or amorphous.

GQDs Graphene 
quantum dots

A subclass of CDs with graphene-like crystalline domains, usually 
consisting of one or a few graphene layers.

Typically anisotropic, sheet-like or quasi-sheet-like nanostructures 
with highly conjugated sp2 carbon frameworks; optical behavior 
strongly affected by edge states and π-domains.

CNDs Carbon 
nanodots

A broad class of quasi-spherical carbon nanoparticles, often used as a 
general term for spherical CDs with amorphous or weakly crystalline 
cores.

Mostly spherical or quasi-spherical; typically contain carbon cores 
with lower graphitization than GQDs and rich surface functional 
groups.

CQDs Carbon 
quantum dots

Generally refers to quasi-spherical carbon dots with more pronounced 
quantum-confinement-related behavior and a relatively higher degree 
of crystallinity than CNDs.

Spherical or quasi-spherical nanostructures with partially graphitic or 
crystalline domains; lattice fringes are often observed, indicating a 
more ordered carbon core.

CPDs Carbonized 
polymer dots

Carbon dots derived from polymerization, crosslinking, and partial 
carbonization processes, typically retaining polymeric/organic 
characteristics in addition to carbonized domains.

Usually composed of disordered or weakly ordered carbon cores 
embedded in or connected with polymer-like/crosslinked subdomains 
and abundant surface groups.
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review concentrates on the core bottlenecks faced by this interdisci
plinary field, discusses potential solutions, and outlines promising future 
research directions. The overarching objective of this review is to pro
vide a systematic, intelligent, and scalable data-driven methodology for 
CDs research, thereby fostering a fundamental transition in material 
development from an experience-oriented paradigm to an artificial 
intelligence-enhanced one. The overall framework of the review is 
presented in Scheme 1.

2. Application of ML to CDs

2.1. Prediction of CDs properties

Current research on the prediction of CDs properties has significantly 
enhanced the efficiency of experimental screening and has gradually 
shifted the field from traditional trial-and-error approaches to data- 
assisted decision-making. However, from a methodological perspec
tive, most studies still mainly focus on performance prediction and 
parameter optimization, rather than truly entering the stage of 
mechanism-guided rational design. This feature is particularly evident 
in the three core properties of emission wavelength and color, fluores
cence quantum yield, and afterglow characteristics of CDs. This is 
because the input variables in the models are empirical ones such as 
precursor type, reaction temperature, time or ratio, which mainly serve 
to compress the experimental search space and improve screening effi
ciency, but often still struggle to establish transferable structure-activity 

relationships, thus remaining a considerable distance from target- 
oriented reverse design. Therefore, to truly achieve mechanism-guided 
rational design, it is necessary to further strengthen the accumulation 
of high-quality data, enhance the physicochemical significance of de
scriptors, strengthen external validation and cross-system generaliza
tion, and deeply integrate machine learning with spectral 
characterization, theoretical calculation and electronic structure anal
ysis, thereby establishing structure-property-function relationships that 
are both interpretable and transferable.

2.1.1. Emission wavelength and color
The photoluminescence (PL) mechanisms and origins of CDs remain 

incompletely understood, which limits the effective prediction of their 
emission colors. Currently, most syntheses yield CDs that primarily emit 
blue and green fluorescence, while achieving efficient and stable red and 
near-infrared (NIR) emission remains challenging [65]. The ability to 
precisely tune the emission wavelength and color of CDs is critical for 
expanding their applications in multicolor imaging [66], enhancing 
deep-tissue penetration [67,68], and reducing biological background 
interference [69]. Early strategies relied largely on adjusting macro
scopic synthesis parameters to control luminescence, a process that 
remained essentially empirical and trial-and-error-based, resulting in 
low efficiency and poor controllability. In recent years, the research on 
the color regulation of CDs using machine learning can be roughly 
divided into three levels: (i) classification/regression of colors or 
wavelengths within the existing sample space; (ii) statistical mapping 

Table 2 
A summary table of common algorithms and applications in carbon dots application machine learning research.

Number Prediction Application Algorithm Data Date Ref

1 Contaminant Sensor array SVM, CNN, LSTM, CNN-LSTM, CNN-LSTM + Attention 1024 2025 [29]
2 Emerging Organic Pollutants (EOPs) Sensor array CNN, FCNN, RNN, DBN, TR, GRU, DNDF, CMAQ, SVR, GA- 

KELM, DBN-BP
137566 2025 [30]

3 NO2
− Sensor array GPR 140 2026 [31]

4 Ion category and concentration Sensor array ANN >240000 2025 [32]
5 Degrees of fermentation Sensor array ELM, SVM, LSSVM 210 2024 [33]
6 Biothiols Sensor array LDA, HCA, ANN, KNN, DT, SVM 2025 [34]
7 Heavy metal ions Sensor array NB, SVM, KNN, LDA, DT, ANN 90 2026 [35]
8 Quantum yield (QY) DT, RF, GBDT, KNN, ET, XGBoost 480 2023 [36]
9 Methimazole monitoring Sensor array U-Net 2025 [37]
10 Temperature data RNN 2025 [38]
11 Propazine concentration Sensor array SVR 400 2024 [39]
12 Amoxicillin Sensors PCA, LDA, Lasso, SVM 200 2025 [40]
13 Thiols Sensor array LDA, HCA 2022 [41]
14 Assess the risk of cardiovascular disease Sensor array Ridge-R, LSTM 2024 [42]
15 The AUC of the absorption curve in the 

300–400 nm range.
Material discovery ANN, BO 2025 [43]

16 Category and concentration Sensor arrays NDA, RF, SVM, EN 525 2025 [44]
17 Amino acids Sensor arrays ANN, NON-NEGATIVE-PARAFAC 600000 2021 [45]
18 Glucose electrochemical 

sensing
LR, RF, LightGBM, ANN 2024 [46]

19 Cr (VI) Sensor array K-means, RR, XGB, SVR, Linear 2023 [47]
20 Differentiating nucleobases Sensor array PCA, HCA, KNN, SIMCA 35 2018 [48]

Table 3 
Taxonomy of ML approaches in CDs research according to functional role and scientific contribution.

Category Typical methods Role of ML Typical tasks in CDs research Scientific contribution

Data reduction and 
pattern recognition

PCA, HCA, LDA, clustering Extract patterns, classify 
responses, visualize data

Sensor-array classification, sample 
grouping, preliminary mechanism 
exploration

Improves data organization and 
discrimination, but usually does not 
provide design rules

Predictive modeling MLR, SVR, SVM, RF, XGBoost, 
ANN

Learn input–output 
relationships

Predict emission wavelength, QY, 
phosphorescence lifetime, sensing 
signals

Accelerates screening and prediction, 
but often remains correlation-based

Optimization and 
decision-making

BO, GA, multi-objective 
optimization, active learning

Recommend conditions and 
improve experimental 
efficiency

Synthesis optimization, candidate 
selection, property maximization

Reduces trial-and-error and supports 
efficient exploration of design space

Mechanism-coupled 
and design-oriented 
ML

ML + DFT, interpretable ML, 
physically informed ML, closed- 
loop learning

Link descriptors to 
mechanism and support 
rational design

Mechanism analysis, precursor- 
informed design, transferable rule 
discovery

Most relevant to causality-aware 
rational design
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between synthetic variables and optical output; (iii) models based on 
precursors or structures, which are closer to true design.

For instance, Luo et al. constructed a classification model based on 
literature data that achieved high-accuracy identification of red versus 
non-red CDs, as shown in Fig. 3(a) [70]. Senanayak et al. further inte
grated literature and experimental data to establish a statistical corre
lation model between synthesis parameters and emission wavelength, 
illustrated in Fig. 3(b) [71]. It should be noted, however, that such 
studies essentially address the problem of color or wavelength identifi
cation under existing sample conditions, rather than the inverse design 
of precursors and synthesis conditions for a targeted emission wave
length. Especially in the red and near-infrared CDs systems, due to the 
significantly insufficient sample quantity and highly uneven distribu
tion, the red CDs account for a minority in the training set. The model 
has difficulty capturing their key features, and the high accuracy of the 
model more reflects its fitting ability for blue-green emitting CDs. Its 
cross-system generalization and reverse design capabilities are still 

limited by the structural data bottleneck. This is because the model 
cannot directly represent the core microscopic structural factors that 
determine the performance of the CDs. It can only rely on the local 
statistical correlation between process parameters and performance, and 
therefore it is difficult to learn transferable structure-property rules. 
Tuchin et al. specifically addressed the core challenge of predicting the 
optical properties of red and NIR-emitting CDs, as depicted in Fig. 3(c) 
[72]. By integrating literature data to build ML models and employing 
both human-driven and machine-driven methods for data clustering, 
they constructed primarily linear-regression-based prediction models. 
While these studies have achieved accurate prediction of absorption and 
fluorescence peak positions, significant challenges persist in targeted 
design. Xing et al. proposed an ML prediction strategy that treats pre
cursor combinations as variables [73]. By constructing a dataset of 
multiple precursor combinations and optimizing model parameters, 
they realized precise prediction of the PL performance of CDs under 
different excitation wavelengths, taking a step forward towards 

Fig. 2. (a) The development stage of artificial intelligence. (b-c) Commonly used algorithms of ML [52–61] and DL [62–64]. The above pictures have all been 
obtained with copyright permission. (d) The workflow of ML.

Scheme 1. Overview of ML-assisted CDs research, highlighting ML-driven CDs applications, and future research directions.
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design-oriented modeling, as presented in Fig. 3(d). This strategy mainly 
operates at the level of precursor combination screening rather than 
being completely based on mechanism-based reverse design.

The optical properties of CDs serve as the critical bridge connecting 
synthesis conditions to their ultimate applications and form the central 
focus for prediction and optimization using ML. Although current ML 
methods have demonstrated progress in predicting CDs color and 
emission wavelength, they still face significant challenges including 
inadequate dataset quality, uneven sample distribution, and insufficient 
model generalizability. Furthermore, due to the lack of descriptors 
related to the mechanism, the above research did not deeply interpret 
the structure-activity relationship of carbon dots. The later model input 
should not be limited to process parameters alone; it should start from 
physical and chemical descriptors. With continued advances in data 
accumulation and algorithm development, the integration of ML with 
quantum chemical calculations and theoretical simulations at a deep 
level, and revealing the fundamental nature of luminescence from the 
electronic structure perspective, will emerge as a vital pathway toward 
achieving truly rational design of CDs.

2.1.2. Fluorescent quantum yield
Beyond absorption and emission wavelengths, photoluminescence 

QY is another core metric for evaluating the luminescent performance of 
CDs. It represents the efficiency of energy conversion in fluorescent 
materials and directly determines their sensitivity, brightness, and 
effectiveness in applications [74]. However, the solid-state photo
luminescence QY of experimentally synthesized fluorescent CDs remains 
generally low, with poor controllability. Achieving precise regulation of 
QY still requires extensive experimental screening, which severely hin
ders the practical application of CDs materials. In this context, the 
introduction of ML offers precise guidance for the directional prepara
tion of CDs with high QY, greatly accelerating the development process, 
reducing trial-and-error costs, and enabling a more rational design 
approach.

For instance, Han et al. applied ML to CDs synthesis, identifying key 
factors affecting the QY of CDs and successfully predicting the QY of 
green-emitting CDs, as illustrated in Fig. 4(a) [75]. Nevertheless, this 
work focused solely on single-objective optimization and was limited to 
only five process parameters as features. The model was forced to 

establish correlations between process parameters and performance to 
fit the training data, which may result in good performance on the 
training set but poor generalizability. When applied to new chemical 
systems or slightly different process conditions, predictions can deviate 
significantly. Guo et al. proposed an ML-guided multi-objective opti
mization framework that expanded the feature set to eight parameters 
and achieved precise synthesis of full-color CDs, as demonstrated in 
Fig. 4(b) [76]. Unfortunately, the input variables of the above research 
mainly consist of empirical process parameters, while the output is 
determined by the complex microstructure. The model is forced to fit the 
results using surface correlation, which may lead to good fitting results 
within the given system. However, when applied to new systems or 
different reaction paths, its predictive ability may still significantly 
decline, indicating that it is more of a local condition optimization tool 
rather than reaching the level of rational design driven by mechanisms.

To address the gap in elucidating precursor-related physical mech
anisms, Chen et al. combined ML-based principal component analysis 
with group theory, encoding structural features such as precursor sym
metry as inputs [77]. Their work revealed that molecular vibrational 
modes serve as a core mechanism influencing the QY of GQDs, as out
lined in Fig. 4(c). Dolenkoa et al. focused on a specific precursor system 
and employed a multilayer perceptron (MLP) neural network to estab
lish a correlation model, enabling precise regulation of the target QY 
across a range of 0-100%, as represented in Fig. 4(d) [78]. It is worth 
noting that this work is limited to a single precursor combination. The 
model input mainly consists of process parameters. Once the precursor is 
changed, the nucleation mode of CDs, the formation of local conjugated 
domains, the construction of surface states, and the way of doping with 
heteroatoms may all change, resulting in insufficient generalization 
ability of the model. Future research should expand the dataset to 
include a wide range of precursor chemicals, and the input features 
should also incorporate chemical meaning descriptors so that the model 
can learn cross-system patterns. More importantly, the input features 
should incorporate chemical meaning descriptors. Additionally, 
advanced modeling strategies, such as transfer learning and 
physics-based machine learning, can be used to enhance the model's 
robustness across different systems. Kannouma et al. further optimized 
the model architecture. Through the combination of MLP and genetic 
algorithm optimization, they first predicted the optimal precursor 

Fig. 3. (a) Semantic illustration of machine 
learning was introduced to assist researchers 
in synthesizing red fluorescent CDs [70]. 
Copyright 2022, with permission from the 
Royal Society of Chemistry. (b) Schematic 
illustration of machine learning for predict
ing the wavelength and color of carbon dots 
[71]. Copyright 2022, with permission from 
American Chemical Society. (c) Comparison 
of optical properties of CDs-1 [72]. Copy
right 2024, with permission from John 
Wiley and Sons Ltd. (d) Schematic illustra
tion of the CDs synthesis and machine 
learning process [73]. Copyright 2024, with 
permission from Springer Nature.
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combination based on 17 physicochemical features and subsequently 
optimized the synthesis parameters, as presented in Fig. 4(e) [79]. These 
investigations, however, remained at the laboratory-scale synthesis level 
and did not address the challenges of large-scale production or low 
solid-state luminescence efficiency.

Conventional synthesis methods often require high reaction tem
peratures, which can lead to excessive polymerization and carbonization 
of precursors, thereby reducing the solid-state fluorescence (SSF) QY. 
Moreover, CDs are prone to aggregation-induced fluorescence quench
ing in the solid state. The in-situ spatial confinement effect offered by 
low-temperature molten salts can suppress non-radiative transition 
pathways and significantly enhance solid-state QY. Building on this 
principle, Yu et al. developed a low-temperature molten-salt synthesis 
method. By utilizing an XGBoost model to optimize zinc-ion coordina
tion and spatial confinement effects, they achieved kilogram-scale 

production of solid-state luminescent CDs with a remarkable QY of up to 
99.86% and successfully applied them in Light-emitting diodes (LEDs), 
as demonstrated in Fig. 4(f) [80].

Current ML-based research on CDs QY has achieved breakthroughs in 
small sample prediction and multi-objective optimization. However, it is 
still constrained by issues such as limited dataset size and lack of 
external validation, risks of overfitting in the prediction and verification 
stages, and relatively traditional model architecture and insufficient 
industrialization adaptability. These limitations have restricted the 
future development of CDs. Future research still needs to break through 
in three core directions: data standardization, model interpretability, 
and application orientation. It should focus on the green industrializa
tion system to promote the upgrade of machine learning from predicting 
the properties of CDs to becoming a core tool for guiding the design and 
industrial production of CDs materials.

Fig. 4. (a) Application of ML for guided synthesis of CDs [75]. Copyright 2020, with permission from American Chemical Society. (b) Workflow of ML-guided 
synthesis of carbon quantum dots with superior optical properties [76]. Copyright 2024, with permission from Springer Nature. (c) Fluorescence quantum yield 
modulation in graphene quantum dots with the assistance of machine learning for symmetrically triggered precursors [77]. Copyright 2024, with permission from 
John Wiley and Sons Ltd. (d) Photograph of synthesized CDs samples and experimental QY values of the same dots [78]. Copyright 2025, with permission from 
Springer Nature. (e) Schematic diagram of the synthesis of high QY-CQDs using machine learning assistance and its application process [79]. Copyright 2025, with 
permission from Elsevier. (f) Synthesis and optical properties of full-color SSF CDs assisted by low-temperature molten salt [80]. Copyright 2025, with permission 
from Springer Nature.
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2.1.3. CDs afterglow properties
The luminescence lifetime of fluorescent CDs is crucial for opti

mizing their instant optical performance and for developing fluorescent 
probes and sensors. However, as fields such as optical encryption and 
bioimaging continue to advance, reliance solely on instantaneous 
luminescence is no longer sufficient, creating an urgent need for new 
materials with controllable delayed-emission capabilities. This demand 
has shifted research focus toward room-temperature phosphorescence 
(RTP) materials [81]. Conventional RTP materials, typically composed 
of rare-earth elements, noble-metal complexes, or pure organic com
pounds, often involve complex processes, high costs, relatively short 
phosphorescence lifetimes, and potential biotoxicity [82]. Conse
quently, phosphorescent CDs have emerged as promising alternatives 
due to their facile preparation, low toxicity, and tunable luminescence. 
Nevertheless, phosphorescence properties are determined by a multi
tude of complex factors, making the discovery of high-performance 
materials highly serendipitous. Therefore, establishing predictive 
methods for phosphorescence lifetime is of significant value for enabling 
rational material design and accelerating application translation.

For example, Li et al. combined ML-based principal component 
analysis with group theory to reveal that precursor symmetry matching 
is critical for regulating the degree of sp2-domain separation in nitrogen- 
doped GQDs [83]. This approach successfully led to the preparation of 
an ultralong-lifetime phosphorescent material with a lifetime of up to 
28.5 s, as shown in Fig. 5(a). Furthermore, Yang et al. integrated active 
machine learning with density functional theory (DFT) and 
time-dependent DFT to accurately predict the excitation wavelength, 
emission wavelength, and afterglow lifetime of CDs, as illustrated in 
Fig. 5(b) [84]. However, these studies focused exclusively on solid-state 
systems, which limits the functional versatility of the materials and 
hinders their adaptation to the diverse requirements of complex appli
cation scenarios.

Although phosphorescent CDs can achieve efficient emission in the 
solid state through matrix-assisted stabilization, they still face the key 
challenge of triplet exciton quenching in liquid systems [86]. Guo et al. 
developed an interpretable ML model based on XGBoost, combined with 

SHAP analysis and quantum tunneling theory [85]. They clarified an 
inverse correlation between matrix thickness and the probability of 
triplet-electron leakage, and successfully prepared highly efficient 
phosphorescent CNDs in aqueous solution with a lifetime exceeding 10 s 
and a quantum yield of 10.18%, thus addressing the critical problem of 
phosphorescence quenching in liquid environments, as demonstrated in 
Fig. 5(c). While these studies have successfully used ML to predict the 
phosphorescence properties of CDs, the models rely heavily on highly 
controlled specific synthesis systems, and the conclusions drawn are 
primarily based on statistical correlations. As a result, the generaliz
ability of these models and their capability for inverse material design 
remain limited.

Overall, these studies indicate that in the current research on phos
phorescent carbon dots, the application of machine learning is evolving 
from empirical screening to mechanism-based optimization, but it has 
not yet reached the stage of fully standardized rational design. The 
performance of such models depends critically on the quantity and 
coverage of experimental data. Currently available datasets are still 
limited in size and often originate from single laboratories, which may 
introduce systematic bias. Furthermore, long-lifetime and high- 
quantum-yield samples are underrepresented in existing datasets, 
leading to insufficient predictive capability for high-performance CDs. 
Future efforts could benefit from the introduction of transfer learning 
and meta-learning techniques to reduce model dependence on specific 
systems while addressing the scarcity of high-performance samples 
through data augmentation. Additionally, emphasis should be placed on 
the transferability of models across different material systems, enabling 
their application to other types of carbon-based lumines-cent materials 
and facilitating the design of next-generation CDs with improved ther
mal stability and longer lifetimes.

2.2. ML-assisted CDs synthesis

The final properties of CDs are not determined by a single factor but 
result from the complex interplay of multiple variables. Traditional CDs 
synthesis relies on one-factor-at-a-time experimentation, requiring 

Fig. 5. (a) Modulation of the separability of sp2 domains and phosphorescence lifetime of GQDs by changing the molar ratio of precursors [83]. Copyright 2024, with 
permission from John Wiley and Sons Ltd. (b) Schematic representation of carbon dots-based long afterglow material exploration and design utilizing active machine 
learning and quantum chemical simulations [84]. Copyright 2024, with permission from American Chemical Society. (c) The construction of the ML model based on 
the triplet excitons' behavior [85]. Copyright 2025, with permission from John Wiley and Sons Ltd.
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extensive repetitive trials; optimizing the reaction conditions to obtain 
CDs with specific properties can thus become a time-consuming trial- 
and-error process [22]. ML offers the ability to uncover nonlinear syn
ergistic or antagonistic interactions among synthesis parameters and to 
identify key influencing factors, thereby optimizing synthesis conditions 
and providing a theoretical foundation for the targeted design of CDs 
with tailored characteristics.

For instance, Pudza et al. employed response surface methodology 
and an artificial neural network (ANN) to optimize the synthesis of 
fluorescent CDs from cassava starch, as shown in Fig. 6(a) [87]. How
ever, the entire model was trained, validated, and tested on only 30 data 
points, and the training data often failed to adequately cover the actual 
data distribution. The distribution of high-performance samples was 
uneven, resulting in the model being able to only learn local correlations 
and unable to be applied to cross-system patterns. On the other hand, the 
model only established a mathematical mapping between process pa
rameters and performance, without exploring or revealing any under
lying chemical or physical mechanisms, limiting the scientific value and 
extrapolation ability of the model. To address such limitations, Zhang 
et al. focused on optimizing the fluorescence activity of boron and 
nitrogen-co-doped GQDs [88]. They used a polynomial regression model 
followed by a greedy random-walk algorithm to globally search the 
parameter space and identify locally optimal parameters, as illustrated 
in Fig. 6(b). This approach, however, did not achieve a full global search 
of the entire synthesis parameter space; the optimization results 
remained confined to local optima, and extensive repetitive experiments 
were still required to verify parameter effects. Furthermore, without 
optimization, only the influence trends of individual parameters could 
be identified, while the interactions among multiple parameters 
remained unclear. To bridge the gap in global optimization, He et al. 
adopted random-forest model to accurately predict the inhibition effi
ciency of CDs-based corrosion inhibitors and integrated a genetic algo
rithm to intelligently optimize the synthesis pathway, as depicted in 
Fig. 6(c) [89]. This work represents a step beyond traditional 
trial-and-error methods and promotes the application of ML in material 
synthesis, particularly in the development of green functional materials.

The current limitations of machine learning research that is oriented 
towards synthesis are not only due to insufficient data size, but also 
because the models often learn the correlation between the process and 
performance, yet fail to clearly capture the chemical pathways of pre
cursor transformation, carbonization, and structure formation. Future 
efforts should focus on constructing multi-source heterogeneous data
sets, introducing transfer learning to enhance model generalization, 
establishing multi-objective optimization frameworks that integrate 
performance with cost and environmental considerations, and incor
porating physicochemical mechanisms to strengthen model interpret
ability. These advancements will enable more accurate guidance for 
targeted design and optimization. Additionally, ML should be fully 
leveraged to develop CDs synthesis methods that are better suited for 
industrialization, thereby realizing scalable, standardized, and intelli
gent production of CDs materials.

2.3. Analysis of ML assistance mechanisms

The photoluminescence mechanisms of CDs are highly complex and 
not yet fully understood. The intricate formation processes complicate 
the regulation of CDs structure and properties as well as the establish
ment of correlations between synthesis parameters and CDs character
istics. Traditional analytical methods, often limited to fixed excitation 
wavelengths, cannot comprehensively extract spectral information 
under diverse conditions. In this context, ML provides a valuable tool for 
guiding the investigation of CDs luminescence mechanisms. For 
example, Dager et al. synthesized monodisperse carbon quantum dots 
from fennel seeds and employed ML methods to analyze their PL 
mechanism, recommending optimal excitation wavelengths for PL 
analysis as illustrated in Fig. 7(a) [90]. However, the application of ML 
in this study was confined to data classification and feature extraction 
rather than serving as a mechanism-interpretation tool; the interpreta
tion of fluorescence origins still relied on conventional characterization 
techniques.

The detection mechanisms of CDs as sensors can be classified into 
three categories: fluorescence quenching, fluorescence enhancement, 

Fig. 6. (a) Schematic diagram of optimizing the process of synthesizing carbon dots from cassava flour using machine learning [87]. Copyright 2019, with 
permission from Multidisciplinary Digital Publishing Institute. (b) Schematic diagram of the synthesis process for optimizing B, N-GQDs using machine learning 
technology [88]. Copyright 2022, with permission from American Chemical Society. (c) Schematic diagram of the synthesis of carbon dots-based corrosion inhibitors 
controlled by machine learning [89]. Copyright 2023, with permission from Elsevier.
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and fluorescence shift. Thonghlueng et al. constructed a dual-response 
fluorescent sensor capable of simultaneously detecting cytosine and 5- 
methylcytosine in urine. DFT was employed to elucidate the underly
ing sensing mechanism, and further integration of ML with a smart
phone platform enabled accurate quantification of methylation levels, as 
shown in Fig. 7(b) [91]. Obviously, since the machine learning model is 
trained based on macroscopic image features rather than physical de
scriptors, it can only learn the empirical correlations for signal quanti
fication, but cannot reveal the underlying electronic or chemical 
mechanisms that control the fluorescence behavior. Additionally, the 
methylation levels in both the training and testing data were not 
comprehensively covered, lacking intermediate gradients or extreme 
values, which may limit the prediction accuracy of the model for 
methylation levels outside the sampled range. Most importantly, this 
study offers a valuable perspective for future work: coupling DFT with 
ML could enable rapid identification of interaction mechanisms and 
verification of detection selectivity through a one-time DFT data accu
mulation followed by multiple model reuses. Salahinejad et al. applied 
ML to investigate the fluorescence-quenching mechanisms of CDs as 
fluorescent probes in heavy-metal detection [92]. By functionalizing 

CQDs with cysteine and combining quantitative structure-property 
relationship (QSPR) modeling with ML methods, intrinsic correlations 
between the physicochemical properties of heavy-metal ions and 
quenching efficiency were revealed. The ability of metal ions to accept 
electrons and their characteristics in the context of hard-soft acid-base 
theory were identified as key influencing factors, as depicted in Fig. 7(c). 
Nevertheless, although cross-validation was adopted during model 
training, an independent external validation set was not explicitly 
defined, and the actual predictive performance of the model requires 
further verification. Moreover, the physical significance of some de
scriptors needs to be further validated, as certain derived descriptors 
exhibit weak chemical interpretability.

Mechanistic prediction for CDs remains a challenging task within ML 
algorithms, especially in mastering precursor structural characteristics 
and improving prediction accuracy. Future efforts could benefit from 
coupling with DFT calculations to achieve a deeper, microscopic-level 
interpretation. Furthermore, ML could also be leveraged to explore 
mechanisms such as precursor carbonization and assembly, heteroatom 
doping and defect regulation, specific recognition between CDs and 
biomolecules, and drug loading and controlled-release mechanisms.

Fig. 7. (a) The schematic illustration shows 
the synthesis of CDs from fennel seed via 
pyrolysis method and analysis results of 
three models [90]. Copyright 2019, with 
permission from Springer Nature. (b) A 
schematic diagram of using ML to assist 
smartphone in interpreting dual-response 
CDs for simultaneous detection of cytosine 
and 5-methylcytosine [91]. Copyright 2023, 
with permission from American Chemical 
Society. (c) Thiol-ene conjugation of 
L-cysteine to the CQDs and the biplot of the 
first two PCs of PCA analysis [92]. Copyright 
2021, with permission from Elsevier.
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3. ML drives the development of CDs applications

Carbon dots have demonstrated significant application potential 
across various fields due to their excellent biocompatibility, low toxicity, 
and unique optical properties. However, their functional performance is 
highly dependent on multiple factors, including synthesis routes, 
structural characteristics, and environmental responses [93]. The 
traditional experience-driven research paradigm has struggled to sys
tematically uncover the complex structure–property relationships, 
limiting the rational design and performance optimization of CDs ma
terials. In this context, machine learning, with its powerful data-mining 
and pattern-recognition capabilities, offers a new paradigm for deci
phering the intricate correlations between multi-dimensional features of 
CDs and their target performance. By constructing cross-domain data
bases that integrate synthesis parameters, physicochemical properties, 
and functional outputs, ML models can achieve accurate prediction and 
inverse guidance from material design to application performance. This 
approach promotes the intelligent development of CDs in areas such as 
sensing [94–96], photocatalysis and energy applications, biomedicine 
[97–99], light-emitting diodes, and anti-counterfeiting encryption [82,
100,101], thereby accelerating their advancement toward high perfor
mance and integrated functionality. Accordingly, this review will 
introduce the achievements and limitations of ML-driven CD develop
ment in the following aspects.

3.1. Sensing

Carbon dots possess surfaces rich in amino, carboxyl, hydroxyl, and 
other functional groups, which facilitate interactions with small mole
cules and drug molecules. They also exhibit high sensitivity to their 
surrounding environment, often accompanied by corresponding 
changes in fluorescence intensity or emission wavelength. Conse
quently, CDs are widely employed in constructing highly sensitive and 
selective fluorescent sensing platforms [102]. Fluorescent sensing based 
on CDs primarily achieves qualitative or quantitative detection by 
monitoring changes in fluorescence signals in the presence of target 
analytes. This approach offers strong flexibility and is applicable to a 
wide range of detection scenarios and analytes [103]. To date, CDs have 
achieved a series of advances in ion detection [104], the detailed in
formation is listed in Table 4, temperature sensing [105], bacterial 

detection [106], the detailed information is listed in Table 5, pH 
monitoring [107], and drug detection, among others. However, as 
detection systems become increasingly complex and the variety of tar
gets continues to expand, CDs-based sensing faces dual challenges. On 
one hand, the synthesis process of tailoring CDs with high selectivity for 
specific targets through trial-and-error methods remains highly uncer
tain. On the other hand, even when sensing materials are obtained, 
traditional data-processing methods struggle to rapidly and automati
cally interpret the resulting response signals. Within this dual context, 
the introduction of ML techniques, operating at either the 
material-design or signal-interpretation level, has become an inevitable 
trend for enhancing the intelligence and practicality of sensing systems 
[114].

Traditional ion-detection methods are often operationally complex 
and rely on large-scale instruments, hindering on-site application [115]. 
Several researchers have adopted a strategy combining CDs-based 
fluorescent sensing with ML algorithms to provide efficient, sensitive 
new solutions to this problem. For example, Tian et al. utilized the 
data-processing capability of ML to detect ions such as Cu2+ and Hg2+, 
with a limit of detection (LOD) of 100 ppm [108]. To further meet 
practical requirements for rapid on-site detection, research has 
advanced toward portability and platform integration. Chen et al. 
developed near-infrared carbonized polymer dots, integrated them with 
an ML algorithm and 3D printing technology to construct a portable 
detection platform, and applied it to the ultrasensitive detection of trace 
Cu2+ in seawater and aquatic products, achieving an LOD as low as 
0.24 nM [109]. For more complex gaseous pollutant detection scenarios, 
this technology has evolved further into integrated and functionalized 
sensing solutions. Qin et al. innovatively employed B, N-doped CDs 
combined with an AgCl/Ag composite fluorescent-film sensor, inte
grating a photo-oxidation-enrichment strategy with ML to realize the 
integrated detection of gaseous mercury (Hg0) in coal-fired flue gas, 
with an LOD of 3.2 × 10− 7 g m− 3 [116]. This technological pathway, 
through material design, device integration, and algorithm optimiza
tion, systematically promotes the transition of ion detection from labo
ratory analysis toward field-deployable and intelligent applications.

Particularly for Fe3+ detection, existing fluorescent probes suffer 
from limitations such as weak anti-interference capability, relatively 
high LODs, and difficulty in achieving high-throughput analysis. Zheng 
et al. focused on optimizing the basic performance of Fe3+ fluorescent 

Table 4 
Summary of research on ML-assisted CDs ion detection.

Carbon 
dots

Carbon source Synthesis method Target analyte Best model R2 LOD Ref.

CQD Citric acid, ethylenediamine Hydrothermal Cu2+; Pb2+; Fe3+; Hg2+; 
Cr6+

KNN 0.9950 Cu2+:100 p.m.; 
Pb2+:10 nM; 
Fe3+:100 pM; 
Hg2+:10 nM; 
Cr6+:10 nM

[101]

CPDs o-phenylenediamine, 1,3,5-benzene 
tricarboxylic acid

One-step 
hydrothermal

Cu2+ DT 0.9986 0.24 nM/0.47 nM [102]

B,N-CDs / Hydrothermal Hg0 Linear-R 0.9823 3.2 × 10− 7 g m− 3 [103]
NCDs L-histidine, L-aspartic acid One-step 

hydrothermal
Fe3+ Linear-R 0.9586 0.716 mM [104]

NN-uGQDs Graphene foam Electrochemical Hg2+; 
Fe3+

Classical Linear- 
R

0.9920 Hg2+: 
0.001 mg L− 1; 
Fe3+: 0.003 mg L− 1

[105]

CQDs Cinnamyl alcohol Solvothermal Fe3+ YOLOv8 0.9968 33 nM [106]
Au@N- 

GQDs
/ / Fe3+ Stepwise Linear 

model
0.9800 1.0 nM [107]

BU-CDs Citric acid, cysteamine hydrochloride Hydrothermal Hg2+; 
S2-

Lasso-R 0.9910; 
0.9939

Hg2+: 0.834 μM; 
S2− : 3.885 μM

[108]

T-CDs β-Cyclodextrin, o-phenylenediamine Hydrothermal Cd2+; Co2+; Cu2+; Fe3+; 
Mn2+; Zn2+

XGBoost 0.9858 - 
0.9977

Cd2+: 1.63 μM; 
Co2+: 3.14 μM; 
Cu2+: 5.82 μM; 
Fe3+: 6.52 μM; 
Mn2+: 4.42 μM; 
Zn2+: 6.78 μM

[109]
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probes through material design and simple ML models, but the LOD 
remained at the μM level, and the issues of interference and efficiency in 
multi-ion coexistence were not addressed [110]. To move toward 
practical application, Llaver et al. aimed to achieve simultaneous 
multi-target detection and cope with complex matrices [111]. By 
combining functionalized graphene quantum dots with an ML algo
rithm, they realized the simultaneous detection and quantification of 
Hg2+ and Fe3+ in real water samples, with an LOD for Fe3+ as low as 
53.7 nM. However, this work was still confined to liquid-phase detection 
and lacked high-throughput analytical capability. Li et al. focused on 
constructing an integrated, high-throughput, and even solid-state 
intelligent detection platform [112]. They developed a fluorescent 
detection system combining hydrophobic deep eutectic solvents with 
carbon quantum dots, paired with the YOLOv8 ML algorithm to build a 
high-throughput point-of-care testing platform. This system achieved 
rapid and intelligent detection of trace Fe3+ in serum and drinking 
water, with an LOD as low as 33 nM. Das et al. constructed an 
Au@N-GQDs heterostructure and performed in-depth optimization 
using over 20 supervised learning models, the Stepwise Linear model 
was selected, with an R2 value of 0.98 [113]. Since the sensing response 
is mainly dominated by a small number of variables with clear physical 
meanings, and the input feature dimension is low and the sample size is 
limited, the stepwise linear model can achieve excellent predictive 
performance while maintaining high interpretability through effective 
variable selection. Ultimately, in a solid-state sensing mode, they ach
ieved highly sensitive detection of Fe3+ in river water with excellent 
anti-interference performance and an LOD of only 1 nM, marking a dual 
advance toward practicality and ultimate sensitivity in this field.

The studies described above demonstrate the feasibility of ML- 
assisted CDs sensing. However, most approaches remain single- 
channel, suffering from insufficient anti-interference capability and 
multi-target recognition ability in complex environments. The devel
opment of sensor arrays based on multicolor or multi-channel signals 
has become a key technological transition for advancing ML-assisted 
CDs sensing toward practical applications [117,118]. Research strate
gies have deepened along two complementary directions: one involves 
constructing integrated multicolor sensors for specific application sce
narios. For instance, Lu et al. proposed an ML system based on a 
multicolor fluorescence-colorimetric paper sensor, enabling the visual 
detection of Hg2+, S2− , and the food spoilage marker H2S, providing a 
direct solution for on-site food-quality monitoring, as shown in Fig. 8(a) 
[119]. The other direction focuses on developing multi-channel sensor 
arrays with general-purpose recognition capability to address broader 
complex detection needs. Tang et al. constructed a six-channel sensor 
array based on triple-emission CDs and combined it with ML to achieve 
simultaneous identification and quantitative detection of six metal ions, 

demonstrating high stability and anti-interference performance in real 
water samples [126]. This offers a data-driven innovative solution for 
rapid multi-metal-ion detection.

Beyond ion sensing, CDs can also precisely monitor temperature via 
changes in fluorescence intensity. Compared with traditional contact- 
type sensors, non-contact sensing based on fluorescence-intensity 
changes offers advantages such as high spatial resolution and rapid 
response, making it particularly suitable for microscopic or non-invasive 
temperature measurement in scenarios such as living organisms and 
microfluidic chips. However, broad emission spectra and reliance on a 
single fluorescent parameter make the measurements susceptible to 
environmental interference, limiting their accuracy. D€oring et al. sys
tematically compared multiple sensing strategies and optimized the 
processing and modeling of multi-dimensional fluorescence data using 
ML algorithms, significantly improving the temperature-measurement 
accuracy of different CDs to 0.54 K, 1.04 K, representing an improve
ment of 23%-53% over the best single-variable fitting accuracy, as 
illustrated in Fig. 8(b) [120]. Nevertheless, this study also did not delve 
into the correlation between features and the physicochemical mecha
nisms of CDs, leaving the model essentially a black box.

The integration of carbon-based fluorescent sensor arrays with ML 
technology offers an innovative path for bacterial detection that is rapid, 
specific, and does not require complex instrumentation. Wang et al. 
constructed a paper-based sensor array by covalently linking antibiotics 
to carbon quantum dots and combined it with basic ML algorithms to 
achieve accurate discrimination of five bacterial species, within a 
detection range spanning from 1.0 × 103 CFU mL− 1 to 
1.0 × 107 CFU mL− 1 [127]. Xiao et al. optimized data-feature extraction 
and algorithm selection within the same CQD-modified system and 
employed a Naïve Bayes algorithm to accomplish both bacterial species 
identification and concentration differentiation [128]. Although the 
model's prediction performance was excellent, its accuracy heavily 
depended on the representativeness and distribution of the training 
data, leading to a significant drop in accuracy for unknown samples or 
new environments. Zhang et al. upgraded the sensing material, utilized 
multi-dimensional fluorescence signals to train the model, and opti
mized algorithm parameters to enhance the stability and sensitivity of 
bacterial identification, as shown in Fig. 8(c) [121]. However, these 
studies focused primarily on bacterial species classification and identi
fication; although concentration detection was mentioned, no system
atic concentration-regression model or quantitative-prediction 
framework was established. Zhu et al. adopted a metal-doping strategy 
to construct an integrated recognition-inactivation platform [129]. ML 
not only achieved 100% rapid identification and quantification of bac
teria but also further established a predictive model linking detection 
signals to bactericidal efficacy. Currently, ML models in this area often 

Table 5 
Summary of research on ML-assisted CDs bacteria detection.

Carbon dots Carbon source Synthesis method Target analyte Best 
model

R2 LOD Ref.

CQDs Citric acid, ethylenediamine One-step 
hydrothermal

Bacterial species RF 100% accuracy 
rate

102 CFU mL− 1 [110]

PM-CQDs; 
Amp-CQDs; 
Gen-CQDs;

Ammonium citrate One-pot Foodborne 
pathogens

Naïve 
Bayes

>0.9814 <1 × 103 CFU mL− 1 [111]

NS-GQDs; 
S-NS-GQDs; 
K-NS-GQDs; 
B-NS-GQDs

/ / Bacteria KNN >0.9803 O157:H7: 84.0 CFU mL− 1; 
S. aureus: 109.5 CFU mL− 1; 
S. typhimurium: 
41.6 CFU mL− 1; 
P. aeruginosa: 
48.9 CFU mL− 1; 
L. monocytogenes: 
168.8 CFU mL− 1

[112]

Ag-CQDs; Cu-CQDs; 
Zn-CQDs

L-tryptophan and citric acid; 
4-aminobenzene and 
ethylenediamine; 
o-phenylenediamine

Hydrothermal Bacteria KNN 0.9820 <1 × 103 CFU mL− 1 [113]
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rely on single-dimensional fluorescence data and exhibit poor adapt
ability to mixed-bacterial samples, commonly remaining trapped in 
small-data, demonstration-level applications. Future breakthroughs are 
expected to come from constructing large, high-quality databases and 
developing robust algorithms capable of handling complex real-world 
scenarios.

As one of the most frequently monitored chemical parameters, the 
high-precision measurement of pH distribution and dynamic changes is 
crucial in numerous chemical and life-science fields. However, 

developing nanoscale sensors that combine high spatial and temporal 
resolution and can map pH in real time within complex systems remains 
a key challenge in sensing technology [130]. Guo et al. regulated the 
surface functional groups of CDs to construct a multifunctional 
pH-sensor array and combined it with LDA and GPR to achieve accurate 
classification and quantitative detection within the pH range of 3-10, as 
shown in Fig. 8(d) [122]. However, in complex samples, certain sub
stances may non-specifically absorb fluorescence or produce back
ground signals; single-dimensional intensity data cannot distinguish 

Fig. 8. (a) Schematic diagram of the ML system monitoring Hg2+ and sulfide using a polychromatic fluorescent colorimetric paper sensor [119]. Copyright 2023, 
with permission from American Chemical Society. (b) Augmentation and linear regression were applied to temperature sensing using p-CDs. Synthesis of o-CDs, 
m-CDs, and p-CDs, and color coding of the CDs spheres illustrates their emission color [120]. Copyright 2024, with permission from American Chemical Society. (c) 
Schematic illustration of the NS-GQDs synthesis method and ML-assisted the fluorescence sensor array to distinguish the five types of bacteria [121]. Copyright 2025, 
with permission from American Chemical Society. (d) Synthesized CDs with variable pH response patterns and GPR prediction by using two CDs array built by CD43 
and CD69 [122]. Copyright 2024, with permission from the Royal Society of Chemistry. (e) Schematic illustration of the construction of three biomass-derived NCDs 
and application to precise discrimination of WAR and its metabolites [123]. Copyright 2025, with permission from American Chemical Society. (f) Comparison of 
precision, recall, and f1-score across six models for LNX, MLX, PRX, and TNX discrimination [124]. Copyright 2025, with permission from Springer Nature. (g) 
Accuracy analysis of training set and test set by 9 machine learning algorithms [125]. Copyright 2025, with permission from Elsevier.
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target pH response from interference signals, leading to detection errors. 
Moreover, single-dimensional data are susceptible to external in
fluences, making it difficult to establish stable linear relationships, 
which increases the mean-square error of predictions and fails to meet 
high-precision detection requirements. Wu et al. constructed an 
anti-interference triple-emission ratiometric fluorescent sensor, inte
grated the YOLO v3/v5x/v8 series of deep-learning algorithms, and 
developed a smart detection mini-program [131]. This study converted 
fluorescence signals into RGB three-channel color data collectable by a 
smartphone, used algorithms to automatically identify and analyze the 
linear relationship between the R/G ratio and pH, and achieved quan
titative detection, thereby realizing portable operation.

Currently, drug detection is at a critical juncture of transitioning 
from precise but cumbersome laboratory analysis toward intelligent, 
low-cost, highly selective, and convenient point-of-care diagnostics. Li 
et al. constructed a nitrogen-doped CDs fluorescent sensor array and 
employed an LDA algorithm to achieve discriminative classification of 
warfarin and its metabolites, as illustrated in Fig. 8(e) [123]. However, 
the study focused on classification and identification and did not utilize 
ML to construct concentration-prediction models, limiting the depth of 
application in quantitative analysis. Moreover, the study did not sys
tematically compare multiple algorithms, raising questions about al
gorithm suitability. Going a step further, Zhang et al. employed a 
fluorine and nitrogen-co-doping strategy to successfully develop a 
dual-excitation F,N-CDs fluorescent sensor. They systematically 
compared six algorithms for evaluating six model prediction in
dicators, such as LNX, MLX, PRX, and TNX, as shown in Fig. 8(f). 
Finally, they achieved detection in a wide concentration range of 0.097 
to 25 μM for different drugs of the sibutramine class, with a detection 
limit of 97 [124]. The model-training data in this work were based on 
single-drug concentration gradients; training samples covering 
mixed-drug proportions were not included, preventing the model from 
deducing the specific content of each drug in mixed systems from 
fluorescence signals. Zhang et al. used molecularly imprinted-modified 
CDs to construct a four-channel fluorescent sensor array, systematically 
evaluated nine ML algorithms, and found that the optimal model was 
LDA, as indicated in Fig. 8(g). This indicates that the current output 
features of the array are still fundamentally more suitable for linear 
discrimination rather than deeper mechanism learning or complex 
feature mining [125]. By leveraging specific recognition sites formed 
by different template molecules, distinct fluorescence-quenching 
fingerprint patterns were generated for different sulfonamide drugs 
in mixed system. Combined with the LDA algorithm, the simultaneous 
screening and quantitative analysis of 12 types of sulfonamide drugs 
were ultimately.

In most studies related to sensing, machine learning has significantly 
enhanced the interpretation, classification, and quantitative analysis of 
signals. However, the issue of the unclear relationship between the 
structure and application of carbon dots remains unsolved, which hin
ders the further development of CDs. Furthermore, the unclear struc
ture–property–application relationships of CDs also hinder further 
advancement of ML algorithms. Therefore, in addition to establishing 
large-scale databases, subsequent research needs to thoroughly explore 
the intrinsic connections between synthesis parameters and the 
structure-application principles of CDs, integrating them with experi
mental results. Moreover, future sensors will no longer be passive 
measurement tools but intelligent systems capable of interacting with 
the environment and making autonomous decisions. Integrating CDs 
sensors with microfluidics and wearable devices, models can learn and 
compensate for environmental interference in real time, enabling 
continuous, non-invasive, real-time monitoring. By analyzing dynamic 
data trends, impending abnormal events can be predicted, and feedback 
signals can be sent to actuators, constructing a perception-decision- 
action closed loop. This evolution will ultimately shift the paradigm 
from static detection to dynamic feedback.

3.2. Photocatalysis and energy applications

Carbon dots exhibit unique and critical application value in the fields 
of photocatalysis and energy conversion, primarily owing to their 
excellent light-absorption capability, tunable band structure, efficient 
charge separation and migration characteristics, and favorable chemical 
and photostability [132]. In photocatalysis, CDs can not only serve as 
independent photocatalysts, directly driving pollutant degradation and 
water purification reactions via their surface active sites [133], but also, 
more importantly, act as efficient co-catalysts when combined with 
semiconductor materials. This effectively broadens the light-response 
range of the composite system, suppresses the recombination of photo
generated electron-hole pairs, and enhances interfacial charge transfer, 
thereby significantly improving the efficiency and selectivity of pro
cesses such as photocatalytic water splitting for hydrogen production, 
CO2 reduction to fuels, and organic synthesis. However, the optimiza
tion of CDs functionality involves the complex synergy of multiple fac
tors including elemental composition, size distribution, surface states, 
doping type and concentration, etc. Relying solely on experimental 
exploration to elucidate structure–property relationships is inefficient 
and costly. Against this backdrop, the deep integration of machine 
learning with CDs research has notably accelerated the development of 
novel CDs for photocatalysis and energy applications.

The oxidation of cyclohexane to adipic acid is an industrially 
important reaction, but existing technologies (e.g., nitric-acid oxidation) 
suffer from low efficiency and heavy pollution. Wang et al. synthesized 
polymer carbon dots and employed an XGBoost algorithm to predict the 
optimal catalytic conditions for C–H bond oxidation of cyclohexane, 
constructing a continuous quasi-homogeneous catalytic system as 
shown in Fig. 9(a) [134]. Although the continuous quasi-homogeneous 
catalytic process developed in this work offers an innovative paradigm 
for greening and intelligentizing chemical processes, the uneven distri
bution of training samples raises questions about its adaptability.

Conventional industrial methods for hydrogen peroxide (H2O2) 
production are energy-intensive and polluting, while photocatalytic 
approaches represent an ideal and environmentally benign alternative. 
CDs, owing to their unique optoelectronic properties, tunable interfacial 
chemistry, excellent stability, and green sustainable characteristics, 
demonstrate multiple advantages in photocatalytic H2O2 generation. ML 
further provides a data-driven solution for designing green catalytic 
systems. For instance, Liu et al. utilized ML combined with transient 
photovoltage technology to guide the design and synthesis of photo
catalysts from biomass for photocatalytic H2O2 production, as illustrated 
in Fig. 9(b) [135]. Xu et al., on the basis of optimizing the synthesis of 
CDs-chitosan composite catalysts via ML, further investigated interfacial 
charge-transfer dynamics using techniques such as transient potential 
scanning and transient photocurrent measurements [139]. However, the 
ML models in these studies were optimized only based on initial syn
thesis conditions, without considering possible structural evolution, 
surface reconstruction, or deactivation mechanisms of the catalysts 
during photocatalytic processes.

Solar energy is indispensable on a global scale. However, current 
photovoltaic technologies are constrained by their cost-effectiveness 
and energy-conversion efficiency, which limits the deep development 
of a solar economy [140]. The development of novel photovoltaic ma
terials that are low-cost, highly efficient, and environmentally friendly is 
therefore required. Mona et al. adopted a combined approach involving 
experimental measurements, numerical simulations, and ML to explore 
the forward-scattering mechanism introduced by CQDs in titanium di
oxide and analyzed their potential in photovoltaic applications, as 
shown in Fig. 9(c) [136]. This research aimed to enhance the 
light-harvesting efficiency of photovoltaic devices, providing technical 
support for the design of light-management layers in solar cells. 
Nevertheless, the ML model is more akin to conducting statistical fitting 
of the concentration-morphology parameter-attenuation performance 
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relationship within a limited experimental space, rather than directly 
revealing the underlying physical mechanism of forward scattering, 
leaving the model's interpretability still relatively weak.

The degradation of organic pollutants and water-body remediation 
have become major challenges in environmental science [141,142]. 
Wang et al. optimized the CDs-SrTiO3 photocatalytic system by 
combining DFT with ML. However, the machine learning part essentially 
mainly established an empirical mapping between experimental pa
rameters and degradation performance, without explicitly incorporating 
the microscopic structural information such as Ti–C bond formation, 
surface oxygen functional groups, interface electron coupling, and PDS 
activation that determine the catalytic activity into the model, as 
depicted in Fig. 9(d) [137]. Due to the limited size of the training data 
and the lack of strict external validation, the model is more likely to 

learn the local statistical rules within the current experimental space 
rather than the structural-performance causal relationship with 
cross-system transfer ability. Therefore, the ML in this work is more 
suitable to be regarded as a parameter optimization tool rather than a 
mechanism-driven rational design framework. Li et al. synthesized CDs 
through different nitrogen-doping strategies, constructed a 
multi-dimensional response dataset, and employed various 
supervised-learning algorithms to achieve accurate identification of 16 
types of dihydroxybenzene isomers and their mixtures [143]. Although 
the ANN performed best, its decision-making process remained a black 
box, making it difficult to interpret the classification logic, which hin
ders mechanistic understanding or further optimization of sensor design. 
Hussauni et al. investigated the performance of a zeolitic imidazolate 
framework-graphene quantum dot composite adsorbent for removing 

Fig. 9. (a) Schematic diagram of the catalytic oxidation design of cyclohexane the designed continuous flow reactor with four functional parts [134]. Copyright 
2022, with permission from American Chemical Society. (b) Preliminary exploration through machine learning [135]. Copyright 2022, with permission from 
Springer Nature. (c) Overall experimental, numerical and ML-based optimization process flow diagrams of TiO2 films containing CQDs at different concentrations 
[136]. Copyright 2024, with permission from Elsevier. (d) Schematic diagram of machine learning and DFT dual-guidance for carbon dots implanted SrTiO3 hollow 
nanosphere for efficient all-pH-value photocatalysis [137]. Copyright 2025, with permission from Elsevier. (e) Schematic diagram of Synthesis, adsorption mech
anism and application [138]. Copyright 2025, with permission from Elsevier.
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Congo red dye and employed ensemble models to improve prediction 
accuracy [144]. Concurrently, SHAP analysis was incorporated to clarify 
key influencing factors, compensating for the lack of model 
interpretability.

PET plastic pollution permeates the entire lifecycle of energy pro
duction, storage, transmission, and waste treatment. Therefore, accu
rately monitoring PET-plastic content and adopting efficient removal/ 
resource-recovery methods can not only directly reduce pollution load 
but also lower environmental costs through resource cycling. Enyoh et al. 
synthesized fluorescent carbon quantum dots by pyrolyzing PET plastic 
waste and, using Box-Behnken design combined with ML optimization, 
achieved efficient removal of fluoxetine and ciprofloxacin from aqueous 
solutions, as shown in Fig. 9(e) [138]. In this study, ML was only focused 
on predicting adsorption efficiency, without analyzing the correlation 
between feature variables and the adsorption mechanism. Priyanto et al., 
based on CDs photoluminescence imaging and ML, combined 
image-feature analysis with deep learning to realize highly sensitive 
quantitative detection of PET microplastics, and favorable detection 
limits (LOD = 0.771 ± 0.030 mg L− 1; LOQ = 2.336 ± 0.099 mg L− 1). 
SHAP analysis was used to clarify the physical meaning of key features 
[145]. Although this work addressed the model-optimization problem for 
single-pollutant detection, it likewise did not involve the treatment of 
multi-component complex systems, and its practical applicability requires 
further verification.

The integration of ML with CDs in photocatalysis and energy fields is 
driving a transition toward a digital-intelligent-manufacturing para
digm. However, its development is still constrained by challenges such 
as limited dataset sizes and the disconnect between experimental vali
dation and real-world application scenarios. Future efforts should focus 
on constructing high-quality shared databases and promoting high- 
throughput automated experimental closed-loops to achieve an effi
cient leap from rational design to industrial application.

3.3. Biomedical

Carbon dots possess tunable luminescent properties, good water 
solubility, strong membrane-penetration ability, as well as advantages 
such as low toxicity and high biocompatibility, making them promising 
for a wide range of biomedical applications [146,147]. They are suitable 
not only for in vitro detection and imaging but also for in vivo disease 
diagnosis and therapy, with specific directions including bioimaging 
[148], drug or gene delivery [149], antibacterial and anticancer therapy 
[150], and biomarker detection [151], the detailed information is listed 
in Table 6. However, the fragmented research paradigm separating 
synthesis from application severely limits the development efficiency of 
high-performance CDs for diagnostic and therapeutic platforms. To 
address this challenge, integrating ML to connect rational design, 
controllable synthesis, and performance prediction of CDs has become 
an inevitable direction. During the synthesis stage, ML can guide the 
rational design and efficient synthesis of CDs with tailored properties by 
establishing predictive models linking synthesis conditions to structural 
features. At the application stage, ML can integrate multi-omics data and 

bioimaging information to achieve accurate prediction of therapeutic 
outcomes. Deep integration of ML with CDs biomedical research is ex
pected to drive the field toward an intelligent research paradigm of 
prediction-design-validation, thereby enabling more efficient and pre
cise development of next-generation CDs-based theranostic platforms.

Biomarkers refer to detectable indicators that objectively reflect 
physiological states, pathological changes, or external environmental 
influences in organisms, covering various types such as proteins, nucleic 
acids, and disease markers. As emerging nanomaterials, CDs exhibit 
significant potential for highly sensitive detection of diagnostic bio
markers due to their excellent photophysical properties and good 
biocompatibility. For example, Saren et al. constructed an OPCA model 
combined with a multicolor quantum-dot-based immunosensor to ach
ieve quantitative detection of gastrointestinal tumor biomarkers, the 
concentrations of the corresponding tumor markers were all below 
8.5–51.5 ng mL− 1, as shown in Fig. 10(a) [152]. However, ML in this 
study was used only for gene-feature screening and did not address 
intelligent analysis of detection signals or modeling of multi-marker 
interference. Yu et al. developed a DNA xerogel “probe” based on 
N-doped carbon quantum dots and utilized an SVM algorithm for rapid 
detection of the kidney-injury biomarker neutrophil 
gelatinase-associated lipocalin [158]. This approach addressed the 
deficiency in combining signals with ML, improving diagnostic accu
racy, but still fell short in high-throughput analysis. Wu et al. developed 
a WeChat mini-program, constructing an intelligent sensing platform 
based on a triple-emission ratiometric fluorescent probe and deep 
learning to achieve high-throughput detection of spermine, thereby 
overcoming the issue of low sample-processing efficiency, though the 
system lacked the ability to distinguish interference in complex matrices 
[159]. Further advancing this direction, Wang et al. employed B, 
N-co-doped CDs, used K-Means for feature expansion, and applied RF 
model to realize ratiometric fluorescence and dual-mode detection of 
dopamine [160]. This study not only enhanced model interpretability 
but also identified key influencing factors through feature-importance 
analysis.

Conventional diagnostic methods for oral squamous cell carcinoma 
(OSCC) suffer from long processing times, complex operations, and 
dependence on expert experience, failing to meet the need for rapid 
intraoperative diagnosis. Xiao et al. developed a multi-channel nano
sensor based on a core-shell CD/gold nanoparticle composite material 
[153]. By combining various ML algorithms, they achieved subtype 
classification and malignancy grading of OSCC, reducing the traditional 
pathological diagnosis time from 48 h to 15 min, as illustrated in Fig. 10
(b). However, the dataset was not fused with multi-source clinical data 
and relied solely on fluorescence signals, leaving the model's general
izability across different samples and centers unverified.

Due to their nanoscale size, multifunctional groups, and ability to 
penetrate cell membranes, CDs can serve as carriers for drug delivery, 
enabling targeted administration and controlled release of anticancer 
drugs. Moreover, conjugation of CDs with drugs can enhance the water 
solubility of poorly soluble drugs and reduce toxic side effects on normal 
cells. Ahmad et al. studied a nickel-carbon nanodot/glycerol composite 

Table 6 
Summary of research on ML-assisted CDs drug detection.

Carbon 
dots

Carbon source Synthesis method Target analyte Best 
model

R2 LOD Ref.

N-CQDs Carbamide, aniline, ethylenediamine Hydrothermal Neutrophil gelatinase-associated 
lipocalin

SVM 0.9970 0.0035 ng mL− 1 [137]

D-CNPs Urea, anhydrous citric acid Solvothermal Spermine YOLOv5 0.9937 0.18 μM [143]
B, N-CDs 3-aminobenzeneboronic acid, proline One-pot 

hydrothermal
Dopamine D_8-RFR 0.9642 0.22 μM [144]

FCQDs 4-(trifluoromethyl)benzene-1,2-diamine, 
citric acid

Pyrolysis Fluoroquinolone antibiotics FLD, HCA >0.9900 4.20 nM [148]

B-CDs; 
G-CDs

Urea and citric acid; 
Phenylenediamine, ascorbic acid

One-step 
hydrothermal

Antibiotics LDA 0.9900 MNZ: 0.098 μM; 
NOR: 0.11 μM

[149]
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nanofluid, employing a convolutional neural network (CNN) model 
combined with the finite-difference method to efficiently predict flow 
and thermal properties, providing theoretical support for applications of 
nanofluids in drug delivery and energy storage [161]. However, ML in 
this work was used only for optimizing and validating numerical results; 
no model was established to correlate nanoparticle concentration or 
structural features with thermal performance, and the prediction logic of 
the model was not interpreted, resulting in weak explainability. In 
contrast, Banerjee et al. directly developed a multifunctional nano
theranostic platform through covalent conjugation of CDs with pepsin. 
By using ML to optimize nanoparticle preparation conditions, they 
achieved synergistic functions including enhanced bioimaging, drug 
delivery, and photodynamic therapy, as shown in Fig. 10(c) [154]. 
Concurrently, SHAP analysis was applied to clarify key influencing 
factors, compensating for the lack of interpretability in the aforemen
tioned study. Moreover, ML was extended from performance prediction 
to preparation optimization, accomplishing a transition from data fitting 
to mechanism-assisted interpretation.

Currently, antibiotics remain the most widely used antibacterial 
approach, primarily acting by directly killing or inhibiting bacterial 
growth [162]. Therefore, rapid and accurate detection technologies are 
needed to provide technical support for on-site screening and batch 
testing. Yin et al. used fluorine-doped carbon quantum dots as probes 
and combined LDA and HCA algorithms to achieve accurate classifica
tion of six structurally similar fluoroquinolone antibiotics and 

quantitative detection of ciprofloxacin, the LOD was 4.20 nM [155]. 
Nevertheless, ML in this study was employed only for signal clustering 
and verification of action mechanisms; it did not address the need for 
simultaneous detection of multiple antibiotic classes or rapid on-site 
analysis, and the model was not adapted for precise identification of 
multi-component interference in complex matrices, as illustrated in 
Fig. 10(d). These problems can be solved by introducing multi-label 
regression and blind source separation algorithms for the detection of 
multi-component coexistence. A portable rapid detection platform can 
be constructed by combining smart phones with paper-based chips. 
Moreover, transfer learning and computational chemistry can be utilized 
to enhance the model's robustness in complex matrices and the inter
pretability of the molecular mechanism. Wang et al. constructed a 
three-channel fluorescent array based on multicolor CDs and quantum 
dots, integrated LDA with a self-developed RTMDet deep-learning app, 
and achieved 100% accurate classification of eight antibiotics [163]. 
On-site visual analysis was accomplished via a smartphone app and 
portable device. Moreover, their model could quantify the concentration 
ratios of mixed antibiotics, further expanding the practical value of ML 
in antibiotic detection.

CDs can enter cells, interact with organelles such as the nucleus and 
mitochondria, and enable organelle-specific imaging. For instance, 
Hong et al. used an XGBoost model to achieve precise prediction of 
fluorescence intensity and emission centers of CDs at room temperature, 
successfully preparing CDs-3 with customized fluorescent properties and 

Fig. 10. Biomedical Applications of CDs. (a) Detection of disease markers [152]. Copyright 2022, with permission from John Wiley and Sons Ltd. (b) Cancer 
treatment [153]. Copyright 2025, with permission from Springer Nature. (c) Targeted drug delivery [154]. Copyright 2025, with permission from the Royal Society 
of Chemistry. (d) Antibiosis [155]. Copyright 2025, with permission from Elsevier. (e) Biological imaging [156]. Copyright 2012, with permission from American 
Chemical Society. (f) Multiple application scenarios [157]. Copyright 2024, with permission from Springer Nature.
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applying them to HeLa-cell imaging, as shown in Fig. 10(e) [156]. The 
fluorescence signal of single-emission CDs is susceptible to environ
mental factors, whereas dual-emission CDs can use their two emission 
peaks as mutual internal references. By monitoring changes in the in
tensity ratio of the dual peaks, systematic errors caused by external 
interference can be compensated, making them particularly suitable for 
complex samples. Nurjis et al. employed Maillard-reaction by-products 
to construct a tunable dual-emission optical platform [164]. By using the 
Levenberg-Marquardt algorithm to fit the nonlinear decay kinetics of 
fluorescence intensity, the optical properties of two CQDs were accu
rately validated. Furthermore, both CQDs were applied to cell imaging 
and onion-epidermal-cell staining, demonstrating their potential as 
stable and practical bio-fluorescent probes. In this study, ML was uti
lized for post-processing of the experimental data.

Machine learning has demonstrated strong potential in materials 
science; however, most studies lack iterative feedback and a closed-loop 
experimental validation process. For instance, Tang et al. proposed an 
active-adaptive methodology (AAM) that integrates ML models to ach
ieve intelligent optimization of CDs synthesis and a significant 
enhancement in quantum yield [157]. The optimized CDs were suc
cessfully applied to Co2+/Fe3+ ion detection. Furthermore, the appli
cation scenarios of CDs were expanded, enabling their use in early caries 
diagnosis and tooth-remineralization therapy, as illustrated in Fig. 10(f). 
Nevertheless, the data source was limited, relying solely on the authors’ 
own 200 experimental datasets without incorporating literature data or 
theoretical calculations. Consequently, the generalization capability of 
the model across different precursors and synthesis methods remains to 
be verified.

Currently, most ML-assisted CDs studies in the biomedical field are 
based on small-sample datasets, and the data often originate from single 
centers or experimental batches. The lack of external validation using 
multi-center, large-sample, and multi-source data leads to models that 
are prone to overfitting and exhibit insufficient generalizability, thereby 
limiting the universality and reliability of the conclusions. Additionally, 
systematic validation with animal models or clinical samples is often 
absent. To address these limitations, multi-center collaborations should 
be established to expand the scale of datasets and enhance the gener
alization capability of ML models across different precursors and syn
thesis processes. Concurrently, the application of CDs should be 
extended to advanced scenarios such as mult-target detection and in 
vivo imaging, further strengthening the synergistic innovation between 
algorithms and experiments.

3.4. Light-emitting diode

Light-emitting diodes are modern efficient solid-state devices for 
electro-optical conversion, have become core components of contem
porary lighting and display technologies due to their low energy con
sumption, long lifetime, and environmental friendliness [140]. 
Compared with conventional rare-earth phosphors and potentially toxic 
metal-based semiconductor quantum dots, carbon dots offer advantages 
such as tunable emission color, high photoluminescence quantum yield, 
strong resistance to photobleaching, excellent photostability, and low 
cost, making them ideal candidates for next-generation fluorescent 
conversion materials in LEDs. Currently, CDs-based LEDs can be classi
fied into two types: phosphor-converted LEDs (PC-LEDs) and electrolu
minescent LEDs (EL-LEDs). In PC-LEDs, CDs are typically employed as 
phosphors and excited by a blue or near-ultraviolet (NUV) chip serving 
as the light source [165]. In EL-LEDs, CDs function as the emissive layer 
that emits light upon electrical excitation [21]. However, the perfor
mance optimization of CD-LEDs involves the complex coupling of mul
tiple factors, including the luminescent properties of CDs, charge-carrier 
transport, interface compatibility, and device architecture design. 
Relying solely on experimental trial-and-error for material screening 
and device-fabrication strategies is inefficient. To address these chal
lenges, ML techniques have emerged. ML can be used to construct 

cross-scale correlation models, enabling intelligent material design, 
simulation and optimization of device performance, and prediction of 
lifetime and stability.

For example, Wang et al. applied ML to regulate the correlated color 
temperature (CCT) of white-light LEDs based on CDs [166]. Using 
XGBoost and MLP models, precise adjustment of white-light LEDs within 
the CCT range of 3093-11018 K was achieved, as shown in Fig. 11(a). 
However, ML in this study was only employed for 
performance-parameter matching and did not address the directional 
correlation between CDs synthesis parameters and optoelectronic 
properties. Furthermore, compared with CDs emitting at shorter wave
lengths, red-emitting CDs possess lower energy, greater potential for 
deep-tissue fluorescence imaging, and more stable luminescence life
times, making them more suitable for imaging and optoelectronic ap
plications. In light of this, Cao et al. developed highly efficient 
red-emitting nitrogen and sulfur-co-doped CDs. By implementing a 
MATLAB-based program for rapid latent-fingerprint recognition, the 
CDs were successfully applied in plant-growth LEDs, as illustrated in 
Fig. 11(b) [167].

The aforementioned studies required the separate preparation of red- 
emitting CDs to adapt to plant-illumination applications, indicating that 
functional extension relied on the independent development of specific 
materials. Zhang et al. prepared nitrogen-doped CDs and employed a 
CNN algorithm to construct a smartphone-based sensing platform for 
Pd2+ detection [168]. Subsequently, they reused the yellow-emission 
characteristic of the N-CDs to fabricate warm-white-light LEDs, 
thereby achieving multi-scenario application of CDs without the need 
for additional development of new CDs materials, as demonstrated in 
Fig. 11(c).

The electrical performance of diodes is significantly influenced by 
temperature. Conventional experimental measurement of current- 
voltage (I-V) characteristics across the full temperature range is time- 
consuming, labor-intensive, and costly. Existing applications of ML in 
diode-parameter prediction have mostly focused on single models, 
lacking multi-algorithm comparisons and in-depth adaptation to 
temperature-dependent properties. For instance, Ers€oz et al. prepared a 
nanocomposite diode using lanthanum-doped polyethyleneimine-func
tionalized graphene quantum dots as the core component [169]. By 
employing a gradient-boosting (GB) model, they achieved accurate 
prediction of temperature-dependent I-V characteristics, thereby 
extending the application of ML to electrical-performance modeling of 
carbon-based electronic devices, as shown in Fig. 11(d).

In ML-assisted CDs-LED research, limitations such as single-source 
data, model interpretability confined to feature ranking, and a lack of 
deep mechanistic analysis have not yet been fully overcome. Future 
efforts should focus on multi-dimensional data fusion and mechanism 
interpretation as core objectives to facilitate the industrial application of 
LEDs. Moreover, most current CDs-based LEDs operate in photo
luminescence mode; the development of efficient and stable electrolu
minescent CDs-LEDs using ML represents an important future direction. 
Equally important, leveraging ML to assist the inverse design of CDs for 
light-emitting devices that meet the requirements of Micro-LEDs, 
wearable electronics, and epidermal electronics is an emerging 
research frontier.

3.5. Information anti-counterfeiting encryption

In recent years, with continuous advances in technology, traditional 
anti-counterfeiting materials have increasingly struggled to meet the 
growing demand for security and functionality, creating an urgent need 
to develop novel and efficient luminescent anti-counterfeiting materials. 
Carbon dots, owing to their facile preparation, low cost, high stability, 
excellent water solubility, and combined fluorescence and afterglow 
luminescence, have emerged as ideal candidates for constructing 
advanced anti-counterfeiting inks. Moreover, the abundant hydroxyl 
groups on filter-paper surfaces provide ample hydrogen-bonding sites 
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for CDs, promoting strong adhesion and stable luminescence, making 
them promising for next-generation security inks.

The luminescent properties of CDs are largely governed by the syn
ergistic regulation of multiple factors, including precursor selection, 
reaction conditions, and surface modification [101]. This complex 
interdependence makes the optimization of CDs-based anti-counter
feiting materials via traditional experience-driven approaches ineffi
cient, costly, and poorly reproducible. Within this context, ML offers a 
new pathway. For instance, Chen et al. systematically developed an 
ML-assisted method for the controlled synthesis of multicolor CDs, 
enabling rational design and optimization of their optical properties and 
application in high-capacity information encryption, as illustrated in 
Fig. 12(a) [170]. Since the solvent itself is not a simple numerical var
iable suitable for direct input into the model, the authors incorporated 
the physical and chemical nature of the solvent into the model, moving 
from simple empirical optimization to a data-driven understanding of 
the synthesis-luminescence relationship. This provides new ideas for 
more rational design and improvement of the performance of CDs in the 
future. If the model is provided with the microscopic structural infor
mation of carbon dots, such as local conjugated domains, surface defect 
states, and the distribution of heteroatoms, it will reveal the deep 
structural-property causal relationship.

Compared with fluorescent CDs, phosphorescent CDs possess long- 
lifetime afterglow emission, which allows information encryption and 
delayed reading in the time dimension, effectively countering instant 
counterfeiting. Furthermore, phosphorescent emission does not require 

continuous excitation and can persist after the excitation source is 
turned off, not only improving the concealment of anti-counterfeiting 
features but also enabling the construction of more complex dynamic 
encryption patterns through multi-color phosphorescence design, 
greatly enhancing the security level and difficulty of imitation. Muyas
siroh et al. used ML-guided synthesis to prepare room-temperature 
phosphorescent CDs, achieved optimization of phosphorescence life
time, and constructed a time-dependent information-encryption system, 
as shown in Fig. 12(b) [171]. In this process, ML was employed for 
parameter optimization, but it did not address the precise customization 
of multi-color phosphorescence. More importantly, CDs relying solely on 
single-fluorescence emission still face limitations such as 
auto-fluorescence background interference and limited lifetime in 
practical applications [173]. Yan et al. proposed a method that combines 
ML to simultaneously predict multi-dimensional properties covering 
both fluorescence and phosphorescence, achieving multi-color custom
ization and advanced encryption, as depicted in Fig. 12(c) [82]. In the 
studies mentioned above, ML served as a predictive tool to assist ma
terial synthesis. In contrast, Wang et al. employed ML as a decryption 
tool. By leveraging the time-resolved phosphorescence characteristics 
and spatial arrangement of carbon nitride quantum dots, they con
structed a CNN-driven multi-dimensional encryption platform [172]. 
Through matrix encoding and Rubik's-cube-like transformations, mul
tiple layers of information confusion were achieved, significantly 
increasing encryption complexity and resistance to cracking, as 
demonstrated in Fig. 12(d).

Fig. 11. (a) Schematic diagram of a CD WLEDs with adjustable correlation color temperature based on ML [166]. Copyright 2021, with permission from John Wiley 
and Sons Ltd. (b) The progress in synthesis and applications of the prepared R-CDs, as well as panoramic images of pease growth for 7 days under the condition of 
sunlight, WLED and RLED [167]. Copyright 2024, with permission from Elsevier. (c) Diagram of the synthesis process of N-CDs and multiple applications of N-CDs 
[168]. Copyright 2025, with permission from Springer Nature. (d) Schematic diagram of artificial intelligence driving data generation based on diode 
temperature-dependent current-voltage characteristics [169]. Copyright 2025, with permission from Elsevier.
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The main bottleneck in current research utilizing ML lies in the 
insufficient integration of multi-dimensional data and the disconnect 
between mechanisms and applications. Future efforts should focus on 
multi-source data integration, multi-objective algorithm optimization, 
and the construction of intelligent systems, aiming to realize the on- 
demand design and intelligent manufacturing of CDs-based optical-in
formation materials, as well as their high-reliability applications in 
smart-security fields.

3.6. Others

As research deepens, ML-assisted CDs studies are being extended to 
more diverse applications. For instance, Bian et al. addressed the public 
health threat posed by multidrug-resistant bacteria (MRB) by focusing 
on the efficient development of antibacterial CDs [174]. They proposed 

an ML-assisted strategy that explores the intrinsic relationships between 
CDs synthesis conditions, physicochemical properties, and antibacterial 
performance, thereby enabling rapid screening and performance pre
diction of antibacterial CDs, as shown in Fig. 13(a). Momina et al. syn
thesized CDs from sugarcane bagasse as an adsorbent for rapid removal 
of cationic and anionic dyes from wastewater [175]. By employing ML to 
accurately capture the nonlinear relationships in the adsorption process, 
a low-cost and sustainable solution for wastewater treatment was pro
vided, as illustrated in Fig. 13(b). Solomon et al. prepared nitrogen- and 
sulfur-co-doped CDs (N,S-CDs) that serve as efficient corrosion in
hibitors with both environmental friendliness and multi-metal protec
tion capability [176]. Through a combination of experiments, DFT, and 
ML, the underlying mechanism of action was clarified, offering an 
environmentally benign solution for multi-metal corrosion protection, 
as illustrated in Fig. 13(c).

Fig. 12. (a) ML-assisted multicolor CDs 
synthesis workflow and application [170]. 
Copyright 2023, with permission from John 
Wiley and Sons Ltd. (b) Schematic diagram 
of the process for synthesizing RTP CDs 
guided by ML to enhance phosphorescent 
lifetime and information encryption [171]. 
Copyright 2024, with permission from 
American Chemical Society. (c)Workflow 
and application of ML-assisted multicolor 
phosphorescent CDs preparation and appli
cations [82]. Copyright 2025, with permis
sion from Elsevier. (d) Schematic Diagram of 
CNN for research and application of Long-life 
and multi-color RTP- CQDs [172]. Copyright 
2025, with permission from American 
Chemical Society.

S. Shen et al. Advanced Powder Materials 5 (2026) 100431

19 



4. Challenges and outlook

The integration of machine learning with CDs research is gradually 
shifting the field from experience-driven exploration toward a data- 
driven research paradigm. However, the development of ML-assisted 
CDs research still faces numerous challenges: such as insufficient data 
quality and standardization, limited mechanism explanation, slow 
progress from prediction to actual material design, and the lack of a 
complete path from laboratory-scale optimization to practical deploy
ment. Therefore, future progress not only depends on improving model 
performance, but also requires strengthening the connections between 
data infrastructure, physical understanding, material design, and scal
able applications.

4.1. LLM-assisted construction and updating of CDs databases

The lack of high-quality, standardized, and comparable data remains 
a primary bottleneck limiting the robustness and generalization of ML 
models in CDs research. To alleviate this constraint, LLMs can be 
employed to assist in semi-automated literature data extraction, 
normalization, and curation, enabling the construction of an open and 
structured CDs-specific database, avoiding the risks of small sample sizes 
and overfitting. During this process, it is necessary to pay attention to 
the instability of entity recognition, the incompleteness and inconsis
tency of synthetic condition reports, the variability of characterization 
protocols, the strong context dependence of application-related perfor
mance indicators, and the frequent distribution of key information 
across charts, tables, and supplementary materials.

4.2. Integrating physical interpretability with data-driven mechanistic 
analysis

The second major challenge is that the relationship between the 
structure and properties of CDs has not been fully elucidated. Although 
many research reports have shown encouraging accuracy in property 
prediction, optimization, or application layer analysis, these results are 
often closer to empirical fitting rather than true learning of the under
lying physicochemical causal relationships. Future efforts should 
therefore integrate physical constraints and chemical prior knowledge, 
for example through multiscale simulations such as density functional 
theory and molecular dynamics. In parallel, interpretability tools 
including SHAP and LIME can be employed to quantify the contributions 

of synthesis parameters and structural descriptors, thereby enhancing 
the mechanistic relevance of ML-based predictions.

4.3. Precursor-based intelligent design for accelerated materials discovery

Another core challenge is that currently, most applications of ma
chine learning in CDs research still mainly involve prediction and 
optimization within known systems rather than specifically designing 
new materials, resulting in poor generalization ability of the models. In 
the future, it is necessary to shift from process-centered optimization to 
structure and precursor-oriented intelligent design. This requires more 
incorporation of precursor molecular structures, functional groups, local 
conjugation features, heteroatom chemistry and quantum chemical de
scriptors in the models, in order to closely link the structure and prop
erties of CDs, expand the model application, and then transition from 
empirical optimization to rational material design.

4.4. Towards intelligent, scalable and sustainable manufacturing of CDs

At present, the research on CDs mainly remains at the stage of 
laboratory-scale batch synthesis, lacking systematic studies for produc
tion on a kilogram-scale. In the future, it is necessary to combine 
continuous-flow synthesis platforms with real-time process monitoring 
and machine learning-driven control strategies to build an intelligent 
feedback optimization system, thereby achieving dynamic regulation 
and stable scaling of the synthesis process. On this basis, by integrating 
green chemistry principles, developing sustainable manufacturing paths 
based on biomass precursors, green solvent systems and low-energy 
consumption processes will help reduce environmental burdens and 
enhance the practical application feasibility of materials. Through the 
coordinated advancement of intelligence and greenness, the production 
of CDs is expected to achieve repeatable, scalable and energy-saving 
industrial manufacturing, while meeting the dual requirements of high 
performance and environmental compatibility.

5. Conclusions

Machine learning has significantly improved the efficiency of per
formance screening and application realization in CDs research, yet it 
has not fundamentally transformed the knowledge-generation paradigm 
for CDs material design. Within established precursor systems and syn
thesis pathways, ML models are capable of effectively narrowing the 

Fig. 13. ML-assisted CDs application. (a) Antibacterial [174]. Copyright 2024, with permission from Dove Medical Press. (b) Adsorption [175]. Copyright 2024, with 
permission from Elsevier. (c) Corrosion inhibition [176]. Copyright 2025, with permission from Elsevier.
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experimental search space through multi-parameter correlation learning 
and demonstrate clear ad-vantages in obtaining key optical properties 
such as emission wavelength, photoluminescence quantum yield, and 
afterglow lifetime. However, these advantages are primarily manifested 
in accelerating the exploration of existing chemical space rather than 
providing reliable extrapolation to unknown structure–property re
lationships. From an application perspective, beyond substituting for 
material design per se, the core value of ML in CDs-based sensing, in
formation encryption, and related optical applications lies in its efficient 
decoding capability for complex, multi-channel optical signals, thereby 
significantly enhancing the recognizability and information capacity of 
the system in real-world scenarios. In contrast, in engineering-oriented 
systems such as CDs-based light-emitting devices, which place greater 
emphasis on structural controllability and mechanistic closed-loop un
derstanding, current ML research remains largely confined to perfor
mance correlation and parameter optimization. Its leading role in design 
is constrained by factors such as limited data scale, absence of physical 
constraints, and sample homogeneity. Overall, ML-assisted CDs research 
still faces a series of core challenges spanning the entire data- 
mechanism-synthesis-application chain, mainly reflected in data foun
dation, mechanistic understanding, controllable fabrication, and prac
tical application. Addressing these challenges requires coordinated 
innovation in database construction, model development, synthesis 
strategies, and industrial advancement to promote the continued 
development and practical implementation of this interdisciplinary 
field.

Ultimately, whether machine learning evolves from an efficient 
accelerator into a genuine design engine for carbon dots will be deter
mined by its ability to couple data quality, physical interpretability, 
synthesis controllability, and application-driven validation within a 
unified research workflow.
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DNDF: Deep Neural Decision Forest
DT: Decision Tree
ELM: Extreme Learning Machine
EN: Elastic Net
ET: Extra Trees
FCNN: Fully Convolutional Neural Network
GA-KELM: Genetic Algorithm Kernel Extreme Learning Machine
GBM: Gradient Boosting Machine
GBDT: Gradient Boosting Decision Tree
GDST: Gradient Descent with Stochastic Term
GPR: Gaussian Process Regression
HCA: Hierarchical Clustering Analysis
KNN: K-Nearest Neighbor
LDA: Linear Discriminant Analysis
LSSVM: Least Squares Support Vector Machine
LSTM: Long Short-Term Memory
ML: Machine Learning
MP: McCulloch-Pitts Neuron
NDA: Normal Discriminant Analysis
PLS-DA: Partial Least Squares Discriminant Analysis
RNN: Recurrent Neural Network
RR: Ridge Regression
SVM: Support Vector Machine
TR: Transformer Reinforcement Learning

Shen Shudie (1998-) is a doctoral candidate whose primary 
research focus is on machine learning-assisted synthesis of 
carbon dots and the luminescence mechanisms. Email: shenshu 
die@mai.tust.edu.cn.

Zhu Liang (1980-) is a Professor and PhD supervisor, mainly 
engaged in the research of development and mechanism 
analysis of industrial crystallization and nanomaterials. Cor
responding author. E-mail: zhuliang@tust.edu.cn.

Zhao Xiaoyu (1986-) is a Professor and PhD supervisor working 
on electrochemical processes and crystallization mechanisms 
in functional nanomaterials. Corresponding author. xyz@tust. 
edu.cn.

S. Shen et al. Advanced Powder Materials 5 (2026) 100431

25 

mailto:shenshudie@mai.tust.edu.cn
mailto:shenshudie@mai.tust.edu.cn
mailto:zhuliang@tust.edu.cn
mailto:xyz@tust.edu.cn
mailto:xyz@tust.edu.cn

	Machine learning for carbon dots: Capabilities, limitations, and the path toward rational design
	1. Introduction
	2. Application of ML to CDs
	2.1. Prediction of CDs properties
	2.1.1. Emission wavelength and color
	2.1.2. Fluorescent quantum yield
	2.1.3. CDs afterglow properties

	2.2. ML-assisted CDs synthesis
	2.3. Analysis of ML assistance mechanisms

	3. ML drives the development of CDs applications
	3.1. Sensing
	3.2. Photocatalysis and energy applications
	3.3. Biomedical
	3.4. Light-emitting diode
	3.5. Information anti-counterfeiting encryption
	3.6. Others

	4. Challenges and outlook
	4.1. LLM-assisted construction and updating of CDs databases
	4.2. Integrating physical interpretability with data-driven mechanistic analysis
	4.3. Precursor-based intelligent design for accelerated materials discovery
	4.4. Towards intelligent, scalable and sustainable manufacturing of CDs

	5. Conclusions
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgments
	References


