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ABSTRACT: Knowing the correlation of reaction parameters in the preparing process of carbon 

dots (CDs) is essential for optimizing the synthesis strategy, exploring exotic properties, and 

exploiting potential applications. However, the integrated screening experimental data on the 

synthesis of CDs are huge and noisy. Machine learning (ML) has recently been successfully used 
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for the screening of high-performance materials. Here, we demonstrate how ML-based techniques 

can offer insight into the successful prediction, optimization and acceleration of CDs’ synthesis 

process. A regression ML model on hydrothermal-synthesized CDs is established capable of 

revealing the relationship between various synthesis parameters and experimental outcome, as well 

as enhancing the process-related properties such as the fluorescent quantum yield (QY). CDs 

exhibiting a strong green emission with QY up to 39.3% are obtained through the combined ML 

guidance and experimental verification. The mass of precursors and the volume of alkaline 

catalysts are identified as the most important features in the synthesis of high-QY CDs by the 

trained ML model. The CDs are applied as an ultra-sensitive fluorescence probe for monitoring 

Fe3+ ion because of their superior optical behaviors. The probe exhibits the linear response to Fe3+ 

ion with a wide concentration range (0−150 μM), and its detection limit is 0.039 μM. Our findings 

demonstrate the great capability of ML to guide the synthesis of high-quality CDs, accelerating 

the development of intelligent material. 
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Fluorescence nanosensors display various superiorities surpass conventional electrochemical 

methods, including high sensitivity and selectivity naked-eye detection.1 Compared with the 

conventional fluorescent nanosensors (e.g., heavy metal-containing quantum dots and organic 

fluorophores), carbon dots (CDs) are particularly well suited for the study of rapid-responsive 

sensing in terms of their rapid response time and reversible cycle.2-4 Particularly, CDs 

simultaneously exhibit several vital merits for optical sensing such as ease of functionalization,5 

broad-band optical absorption,6 tunable emission,7 excellent photostability,8 and low toxicity.9 The 

current primary approach of interest to fabricate CDs is hydrothermal or solvothermal “bottom-
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up” preparation method.10-12 To reveal superior sensing characteristics, research has shown one 

viable method for identifying high-quality CDs by their fluorescent quantum yield (QYs). The 

success of high-QYs CDs depends on the tuning of many parameters, such as reaction temperature, 

the mass of precursor, ramp rate, and reaction time. Nevertheless, current CDs reported in the 

literature were often optimized preparation by regulate a reaction parameter and fix other reaction 

factors, as measured by their QYs, and always ignored the correlation of reaction parameters in 

the synthesis process of CDs, which must be efficiently analyzed. They often lack an effective 

method to analyze complex relationships. Therefore, understanding the critical factors of the 

production process is a central problem to synthesize high-QYs CDs, and there is the need for 

directed evolution to realize intrinsic relation obtained by some transformative ways. 

Machine learning (ML), a type of artificial intelligence, has received wide-ranging attention as 

a robust and versatile tool due to its excellent performance in dealing with a huge amount of data 

efficiently in various fields.13,14 ML-driven approaches have been applied in numerous research 

domains successfully, such as recognition,15 physics,16 chemistry,17-20 and biology,21-24 as well as 

materials science. More importantly, ML has demonstrated exceptional capability to accelerate the 

development of novel materials, through effectively learning from the past and even failed data.25-

30 Although ML has been primarily employed for the discovery of innovative materials, high 

prediction accuracy to their properties and strong adaptability, ML-assisted synthesis remains less 

investigated, mainly due to the highly complicated synthesis process and small dataset. 

Consequently, the feasibility and potential of introducing ML into the high-QYs CDs synthesis to 

expedite the exploration period and reduce the cost are worthy of being investigated. 

Herein, an ML-assisted synthesis way is reported for the manufacture of highly fluorescent CDs 

by the hydrothermal route. We demonstrate here using ML in the synthesis process can enhance 
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the optical properties of CDs significantly, where the CDs can exhibit strong green emission with 

its QYs of up to 39.3%. Furthermore, the correlation of reaction parameters of CDs during the 

produced process was analyzed and identified. Furthermore, as a proof-of-concept demonstration, 

the optimized CDs are utilized for the supersensitive, rapid, and specific detection of iron ion (Fe3+) 

in the concentration range of 0−150 μM, and the detection limit was achieved to 0.039 μM. 

Overall, the ML-assisted synthesis strategy plays a vital role in novel materials design and rapid-

synthesis in the future. 

RESULTS AND DISCUSSION 

  

Figure 1. Application of ML for guided synthesis of CDs. (a) Design framework for the 

guided synthesis of CDs with a large QY based on ML and hydrothermal experiments. (b) 

The heat map of the Pearson’s correlation coefficient matrix among the selected features of 

hydrothermal-grown CDs. (c) Feature importance retrieved from XGBoost-R that learns 
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from the full dataset. The most important features are EDA and M. (d) Predictions from the 

trained model, which is represented by the matrix formed by the two most important 

features. 

The experimental setup for the synthesis of CDs is shown in Figure 1a-I, and the detailed synthesis 

process is provided in the Experimental section. Empirically, five experimental parameters were 

identified as significant input features: volume of EDA (µL), mass of precursor (g), reaction 

temperature (°C), ramp rate (°C/min) and reaction time (h). 391 experiments were carried out in 

the laboratory with different combinations of growth parameters, and respective QY ranging from 

0 to 1 were recorded. Feature correlations between pairs of features were calculated and presented 

in Figure 1b, with low linear correlations verifying the effectiveness of feature selection. To best 

infer QY from the feature, several regression models were evaluated with nested cross validation 

method as reported in our previous work,31 including XGBoost regressor (XGBoost-R), multilayer 

perceptron regressor (MLP-R), support vector machine regressor (SVM-R), and Gaussian process 

regressor (GP-R). Three commonly used performance metrics are adopted to evaluate ML models: 

coefficient of determination (R2), mean squared error (MSE) and Pearson’s correlation coefficient 

(r). Model evaluation results are summarized and compared in the boxplot (Figure S1). As 

indicated, XGBoost-R outperforms all the other three models and is selected as the best model for 

this study. 

To quantitively understand the system of hydrothermal-grown CDs from the perspective of data, 

feature importance was extracted from the trained XGBoost-R model, with the result shown in 

Figure 1c. Features with higher importance have stronger impact on the experimental outcome, i.e. 

the value of QY. As indicated, the volume of EDA plays the most important role in determining 

the QY of formed CDs, followed by mass of precursor and reaction temperature. This result is 
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very much in line with our expectation. From the experimental aspect to interpret, the EDA is a 

common addition agent during the preparation of the CDs.32-35 In this work, it not only acts as an 

alkaline catalyst, but also acts as a reactant, which can improve the reaction process, provide the 

N-doping, reduce the degree of defects in the synthesized CDs, and eventually contribute to 

achieving high-QYs CDs.  

Since the QY of the interested CDs system cannot be further improved with the conventional 

trial-and-error exploration, optimization of the synthesis condition has thus been carried out as per 

our previous study. Based on the input ranges of each feature for optimization (Table S1), 

respective QY of the resulted 702,702 combinations have been predicted. To better interpret the 

information embedded in the as-predicted combinations, the predicted results are represented by a 

matrix formed by the two most important features, as shown in Figure 1d. The brighter the area, 

the higher yield might be produced when the two features are within the corresponding ranges. 

The optimal ranges of the synthesis parameters can, therefore, be easily identified. Specifically, in 

this system, when the amount of EDA added is between 10-50 µL, regardless of the amount of 

precursor added, the produced CDs can obtain high QY. It may thus be concluded that the EDA 

added within this range can promote the synthesis reaction. When the amount of EDA is increased 

to 60-90 µL, CDs can achieve high QY only when a large number of precursors is added. Moreover, 

when the amount of EDA added exceeds 100 µL, all the synthesized CDs show a relatively low 

QY. This is consistent with the rule that excessive addition of EDA changes from promoting the 

reaction to passivating the surface of the CDs and inhibiting the reaction. Twenty combinations 

with the highest predicted QY were chosen for experimental verification (Table S2), and high QY 

of 39.3% was achieved, indicating the feasibility and effectiveness of ML-guided CDs synthesis. 

Moreover, considering the huge complexity of the XGBoost model, decision tree regressor has 
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been applied on top of the trained XGBoost-R to generate a human-interpretable decision tree for 

further analysis. Details are provided in Figure S2. The oval and rectangle represent decision node 

and reaction-outcome bin, respectively. The value of the bins is generated by the decision tree 

regressor as a reference, where the higher the value, the larger QY might be produced. 

  

Figure 2. Geometrical characterization of the CDs. (a) TEM image and size distribution of 

CDs. (b) The high-resolution TEM image of CDs (inset: fast Fourier transform patterns). (c) 

AFM image and thickness distribution of CDs at the white line. (d) 3D AFM image of CDs. 

Transmission electron microscopy (TEM) and atomic force microscopy (AFM) were employed 

to investigate the morphology and thickness of optimized CDs. The well-dispersion of CDs is 

observed from the TEM images in Figure 2a and has an average size of 2 nm. A crystalline 

structure of the CDs with a lattice distance of 0.231 nm are shown in the high-resolution TEM 

image (Figure 2b), corresponding well to the (002) lattice plane of graphite.32 It is also confirmed 

from the X-ray diffraction (XRD) spectrum in Figure 3a that there is a broad peak at 2θ = 25.6°.5 
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Regardless of their interplanar distance, the hexagonal carbon network from the corresponding fast 

Fourier transform (FFT) image can also illustrate that the CDs have the crystalline structure.36 The 

CDs has a height distribution peaked at 1.5 nm in Figure 2c, demonstrating there are elliptical 

structure corresponding to the definition of CDs. Figure 2d is a three-dimensional (3D) plot of 

Figure 2c. It is worthy to note that the thicknesses of majority CDs are practically 1.4 nm, 

indicating that the CDs produced by the ML-assisted synthesis approach can obtain the resemble 

morphology and further display excellent performance. 

 

Figure 3. (a) XRD pattern of CDs. (b) Raman spectrum of CDs. (c) FT-IR spectrum of CDs. 

(d) XPS survey spectrum of CDs. (e) XPS C1s spectrum of CDs. (f) XPS O1s spectrum of 

CDs.  

Further analyses were carried out to verify the structure and surface functional groups of CDs. 

High-degree graphitization is examined by the Raman spectrum (Figure 3b), where the signal of 

the ordered G band located at 1585 cm−1 is larger than that of the disordered D band at 1397 cm−1. 

Meanwhile, the G to D intensity ratio for the CDs were found to be 1.13, which is illustrated by 
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the interlayer spacing value (3.59 Å) of the CDs (Figure 3a).37 To verify that the existence of 

various functional groups in CDs, the Fourier-transform infrared (FT-IR) spectroscopy is 

measured (Figure 3c). The −NH and N−C stretching (about 3234 and 1457 cm−1), indicating there 

are a huge number of NH2 groups on the surface of CDs.38-40 Meanwhile, the C=C aromatic ring 

stretch was located at 1510 cm−1. On the other hand, three oxide-related peaks, O−H, C=O and 

C−O stretching were noticed at 3480, 1580 and 1240 cm−1 due to abundant hydroxyl groups in the 

precursor.41 X-ray photoelectron spectroscopy (XPS) was further fulfilled to confirm the 

functional groups in CDs, whose results are presented in Figure 3d-3f and Figure S3. XPS survey 

spectrum analysis reveals that there are mainly three kinds of elements (C, O, and N) that make up 

CDs, with atomic ratios of 71.08%, 16.54%, and 12.38%, respectively (Table S3). The high-

resolution C1s spectrum of CDs was deconvoluted to three peaks: a dominant C=C graphitic 

carbon bond (284.8 eV), a C−O/C−N bond (286 eV), and a C=O carboxyl carbon bond (288 eV).42-

44 N1s peaks at 399.7 eV indicate the existence of N−C bonds, confirming that the N atoms 

successfully doped in the basal plane network structure of the CDs. O1s separated peaks at 531.5 

and 533 eV indicate that oxygen functionalization in CDs has two modality oxyhydrogen 

functional groups with C=O and C−O, respectively, which is an agreement with the conclusions 

of the FT-IR spectrum. The high QY of CDs may be originated from the N-doping of CDs. N-

doping can reduce the non-radiative sites of CDs, which can be beneficial to the formation of C=O 

bonds. The existence of C=O bonds of CDs lead to extensive radiation recombination and then 

increase their QY.45 From the above morphology and structure analysis, we discover that the CDs 

with high QY seems to be a single-layer and high-crystallinity graphene-like material of CDs. So 

high-crystallinity and few-thickness of CDs can improve the fluorescence performance. In short, 
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CDs have high-level graphitized structure and the successful N, O co-dopant in CDs, enhancing 

its water solubility and ion detection selectivity in practical application.  

 

Figure 4. Optical characterizations of CDs. (a) UV−Vis absorption, PL, and PLE spectra of 

CDs. (b) The 3D fluorescence plots of CDs. (c) Time-resolved PL spectrum of CDs. (d) 

Dependence of PL intensity of CDs at different pH values (4–10) (n = 3 for each group).  

Furthermore, we investigated the optical performance of the selected CDs. The UV–vis 

absorption spectrum of the CDs in Figure 4a is observed a typical absorption peak at 420 nm, 

which is consistent with the optimum photoluminescence (PL) excitation wavelength in PL 

excitation (PLE) and emission spectra. Comparison with the conclusions from other published 

work, the maximum green emission wavelength and PLE wavelength are located at 520 nm and 

420 nm, respectively. The full width at half maximum of the PL spectrum is narrow to 95 nm due 

to the high-degree graphitization and crystalline. It is worth noting that they displayed excitation 

independent characteristic with regular intervals on the excitation wavelength (Figure 4b and 
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Figure S4), suggesting that CDs could serve as a stable optical fluorescent probe avoiding the 

experimental error caused by the shift of PL excitation wavelength.46,47 Owing to its excitation 

independent property, the lifetime decay curve of the CDs displays a single exponential decay 

characteristic with a 3.2 ns lifetime (Figure 4c). To investigate the solution stability of CDs at 

different times, we choose water, methanol, ethanol, isopropanol as solutions. As shown in Figure 

S5, the fluorescence intensity of CDs in ethanol solution remained unchanged within 24 h, and 

above 93% in the long-term stability test. Besides, the CDs exhibits similar stability phenomena 

in the other three solutions. the fluorescence intensity of CDs in these solutions remained slightly 

decreased within 24 h, and reduced by ~80% in the long-term measurement, showing that the CDs 

has comparable stability in different solutions. Furthermore, the PL stability of CDs under different 

pH conditions was also investigated (Figure 4d and Figure S6). The fluorescence intensity of the 

CDs gradually decreases under strongly acidic or alkaline conditions. On the contrary, the strength 

of PL holds the stability in the mid environment (pH = 4−9), which is suitable for monitoring the 

metal ion in solution as an efficient probe. 

 

Figure 5. Metal ion sensing performance of CDs. (a) Selectivity and sensitivity of CDs for 

different metal ions (n = 3 for each group). (b) PL spectra of CDs in the presence of different 

Fe3+ concentrations. (c) The dependence of the I0/I value on Fe3+ concentrations.  
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Recently, ion detection relied on CDs fluorescence has been rapidly developed.48-50 Among the 

13 selected ions, only Fe3+ ion has shown an obvious fluorescence quenching effect on CDs in 

Figure 5a, exhibiting the high sensitivity to Fe3+ ion. The possible quench mechanism is that Fe3+ 

ion has a strong binding affinity with N, O functional groups in CDs, but also electron transfer 

with the optically active sites of CDs.38 Once adding Fe3+ ion solution into the CDs solution, the 

fluorescence quenching phenomenon of CDs appears. To further study the interaction between 

Fe3+ ion and CDs, the fluorescence changes of CDs in the existence of Fe3+ ion with different 

concentrations were surveyed. With the gradual increase of Fe3+ ion concentration (0−150 μM), 

the fluorescence intensity is decreasing (Figure 5b).38 In addition, there is a good linear relationship 

between the I0/I value and the Fe3+ concentrations (0−150 μM) with a high correlation coefficient 

of 0.998 in Figure 5c.51 Furthermore, the limit of detection (LOD) for Fe3+ ion was calculated to 

be 0.039 μM, exceeding that of the majority published CDs. The Stern–Volmer constant (Ksv) is 

66.1 M-1.52 The reversibility of CDs in metal ion sensing is a crucial factor in practical application. 

When Fe3+ ion and ascorbic acid were alternately added to the CDs solution, the fluorescence 

intensity could be switched for 2 cycles without obvious lost (Figure S7), which displayed that the 

CDs-based metal ion fluorescent probe could be regenerated. Eventually, the prepared CDs 

provide a highly sensitive and convenient platform for reversible detecting Fe3+ ion. 

CONCLUSIONS 

In summary, we introduced an ML strategy to successfully predict, optimize and accelerate the 

CDs’ synthesis process, elucidate the correlation of reaction factors of CDs and further bridge the 

gap between theory and experimental realization. In light of the data from experiments and ML 

analysis, the QYs of bright green fluorescent CDs can achieve up to 39.3%. The trained ML model 

further revealed that the excellent optical properties are strongly associated with the mass of 
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precursor and volume of the alkaline catalyst, which is in good agreement with experimental 

findings. More importantly, we have applied the high-quality CDs to sense Fe3+ ion in solution. 

The probe displayed a wide linear response concentration range (0−150 μM) to Fe3+ ion with a 

detection limit of 0.039 μM, revealing its high-sensitive and high-selective performances. It is 

worth mentioning that the focus of this work is to use ML to improve QYs by optimizing a few 

hydrothermal synthesis parameters. Even though satisfactory progress has been made, there is still 

a plenty of room for the improvement of QYs, which is now limited by the few features involved 

in current work. Apart from the synthesis parameters, chemistry-related features such as types of 

precursors, types of catalysts, types of solvent and etc., can also affect the QYs significantly. The 

establishment of a more comprehensive model involving both synthesis process-related and 

chemistry-related features will be a promising prospect for improvement, which will be carried 

out in our future work. Nevertheless, the approach presented in this work is a steppingstone toward 

developing artificial intelligence approaches to analyze and optimize the material preparation 

method. We envision that a reliably artificial general intelligence system for nanomaterials science 

will be easily generalized to many other candidates’ systems in the future. 

EXPERIMENTAL SECTION 

Materials. All chemicals were obtained from the commercial suppliers without further 

purification. The p-dihydroxybenzene (p-Db), and ethylenediamine (EDA) were purchased from 

Sinopharm Chemical Reagent Co., Ltd (China).  

Preparation of the CDs. Briefly, p-Db (0.02-0.1 g) and EDA (0-200 µL) were dissolved in 10 

mL of DI water and ultra-sounded for 10 min. Subsequently, the mixture was transferred into a 

poly(tetrafluoroethylene) (Teflon)-lined autoclave in an oven with a ramp rate of 5-30°C/min at 

100-220°C for 2-12 h. After cooling down to room temperature, the CDs solution was obtained 
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and thereafter filtered using a 0.22 μm microporous membrane. Then the CDs solution was 

dialyzed against a dialysis bag (MW: 3000 Da) for several days. The dialyzed solution was 

subjected to further vacuum drying to obtain CD powders.  

Characterization. The fluorescence spectra were performed on a Hitachi 7000 fluorescence 

spectrophotometer. The time-resolved PL spectrum was analyzed on an Edinburgh FS5 

spectrofluorometer. Additionally, the absorption spectrum was conducted on a Hitachi 3100 

spectrophotometer. AFM image was obtained using the Bruker 8 AFM system. TEM image was 

measured by the JEOL JEM-2010f electron microscope operating at 200 kV. XPS data were 

achieved with an AMICUS electron spectrometer from SHIMADZU using 300 W Alkα radiation. 

Raman spectroscopy was carried out on a Renishaw in plus laser Raman spectrometer with 633 

nm. XRD pattern was recorded on a Rigaku D/max-2500 with Cu Ka radiation. FT-IR spectrum 

was recorded using the Bio-Rad FTS165 FT-IR spectrometer. Zeta potentials of CDs were 

measured on a ZS90 Malvern Zetasizer Nano. The QY measurement referred to our previous 

work.37 

Detection of Fe3+. The standard solutions of 13 metal ions (Ni2+, Co2+, Fe3+, Mg2+, Zn2+, Mn2+, 

Pb2+, Ba2+, Cu2+, K+, Na+, Ag+ and Li+, the concentration of the selected metal ion is 1 mM) were 

prepared to detect the interaction between metal ions with the fluorescence of CDs. To 

quantitatively measure the effect of Fe3+ concentration on CDs solution, a series of FeCl3 solutions 

with the different concentrations of Fe3+ ion (0−150 μM) were performed. In opposite, the 

concentration of CDs was consistent. Their fluorescence intensity was measured using a 

fluorescence spectrophotometer after mixing for 10 minutes. We used ascorbic acid to recover the 

fluorescence of CDs, which was quenched by Fe3+ ion.  

ASSOCIATED CONTENT 
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Highly fluorescent CDs are fabricated by a machine learning-assisted synthesis approach for iron 

ion sensing. 

 


