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Introduction: The emergence and rapid spread of multidrug-resistant bacteria (MRB) caused by the excessive use of antibiotics and
the development of biofilms have been a growing threat to global public health. Nanoparticles as substitutes for antibiotics were
proven to possess substantial abilities for tackling MRB infections via new antimicrobial mechanisms. Particularly, carbon dots (CDs)
with unique (bio)physicochemical characteristics have been receiving considerable attention in combating MRB by damaging the
bacterial wall, binding to DNA or enzymes, inducing hyperthermia locally, or forming reactive oxygen species.

Methods: Herein, how the physicochemical features of various CDs affect their antimicrobial capacity is investigated with the
assistance of machine learning (ML) tools.

Results: The synthetic conditions and intrinsic properties of CDs from 121 samples are initially gathered to form the raw dataset, with
Minimum inhibitory concentration (MIC) being the output. Four classification algorithms (KNN, SVM, RF, and XGBoost) are trained
and validated with the input data. It is found that the ensemble learning methods turn out to be the best on our data. Also, e-poly
(L-lysine) CDs (PL-CDs) were developed to validate the practical application ability of the well-trained ML models in a laboratory
with two ensemble models managing the prediction.

Discussion: Thus, our results demonstrate that ML-based high-throughput theoretical calculation could be used to predict and decode
the relationship between CD properties and the anti-bacterial effect, accelerating the development of high-performance nanoparticles
and potential clinical translation.

Keywords: carbon dots, machine learning, antibacterial, minimum inhibitory concentration, classification algorithms

Introduction
The rapid spread of multidrug-resistant bacteria (MRB) has been a worldwide challenge to global public health due to the
overuse and misuse of antibiotics as well as the development of biofilms, resulting in refractory infections (eg, pneumonia,
sepsis, tuberculosis, etc.) and thereby increasing morbidity and mortality.' Conventional antibiotics eliminate bacteria or
prevent growth from synthesizing protein, nucleic acid, or the cell wall.** In parallel, bacteria develop resistance by various
mechanisms, such as preventing small-molecule drugs from penetrating cell walls, reorganizing the genetic coding to
diminish drug sensitivity, or releasing defensive enzymes to degrade medications.®® Without available treatment, we shall
revert to the pre-antibiotic age, where MRB infections become unmanageable.

In the past decade, nanoparticles (NPs) as substitutes for antibiotics were demonstrated to have extensive capacities
for blocking bacterial adhesion or removing adherent bacteria, which offers new strategies to address MRB/biofilm-
associated infections.” '* The inherent physicochemical features of NPs, including size, morphology, charge, surface
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modification, and functional groups, significantly affect their antibacterial/biofilm effects.'*'® However, numerous NPs
display unsatisfactory cytocompatibility and severe tissue damage, considerably limiting their clinical application.
Recently, carbon-based NPs, particularly carbon dots (CDs), have been receiving substantial attention owing to their
excellent biocompatibility and the efficient eradication of MRB and biofilm by penetrating the biofilm, damaging the
bacterial wall, binding to DNA or enzymes, inducing hyperthermia locally, or forming reactive oxygen species.'” 2° They
also have the advantages of fluorescence characteristics, light-activated activity, multiple surface modification, supermall
size, and good water dispersibility.?' > However, the complex and varied combination of their properties and synthetic
conditions make it difficult for human intuition to find the foremost information related to their antimicrobial actions.
Meanwhile, artificial intelligence (Al) makes its way into this field because of its impressive computing power to tackle
experimental data and predict new materials.?*2°

Generally, many experimental trial-and-error works are needed to discover the optimum combination among the
different synthesis methods and precursors of CDs. To better understand how the synthesis conditions and intrinsic
properties impact the antibacterial properties, we use a computational tool—Machine Learning (ML), to investigate their
relationship. ML, a subset of Al, can learn from the input data and bridge the data to the outcome without professional
insights.?” Tt can reduce the design parameter space by predicting the properties of CDs before synthesis, which decreases
the trial-and-error work vastly. ML has been widely employed in this field. For instance, Mirzaei et al*® have presented
an ML tool to predict the antibacterial ability of NPs with the zone of inhibition as the output value. Qian et al*
developed a deep convolution neural network (DCNN) to investigate CDs’ optical properties.
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In this work, ML tools were used to elicit the relationship between the physicochemical features of various CDs and their
antimicrobial capacity. The roadmap is shown in Figure 1. The reaction conditions and intrinsic properties were collected from
literature and reviews to predict the antibacterial effect. Then, the final data set was established after the data preprocessing and
feature engineering steps. Subsequently, several ML algorithms were employed to find the standout CDs among the instances.
g-poly(L-lysine) CDs (PL-CDs) were then synthesized and used for the validation of their classification performance. We used
the ML method to reduce the trial-and-error work in the laboratory by screening out the optimum synthetic methods and the
most valuable characteristics of CDs. In the post-antibiotic era, ML can help us develop more efficient drugs against infection.

Methods

Data Collection and Preprocessing
One hundred and twenty-one samples were collected from original research articles and reviews. The data are related to
various synthetic conditions of CDs and their intrinsic attributes (Table 1).

The qualitative data were label encoded by one-hot encoding, which converted the categorical variable into binary
vectors where all the elements are zero except one that genuinely represents the category of a sample. One-hot encoding
is highly used in data preprocessing due to its simplicity, and it can work well with a classification algorithm.*°

Principal component analysis (PCA) was used subsequently to reduce the dimensions of features. The goal of PCA is
to find a more proper coordinate system to depict our data and thus extract relevant information from it.*'
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Figure | Schematic diagram of model development. This manuscript consists of three main steps: (1) Collect data from original research, including CDs’ synthetic conditions
and intrinsic properties. (2) Determine the final data set via data preprocessing and feature engineering. (3) Train the models with the input data and validate their
performance.
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Table | Selected Features and Their Details of Synthetic CDs

Feature Details Feature Details

C The number of C atoms Additives Chemical additives to the CDs
H The number of H atoms Time Reaction time

(o] The number of O atoms Size Particle size

N The number of N atoms Zeta Potential | The value of Zeta Potential
Other atoms | The number of other atoms | Color Fluorescence

Method Synthetic methods Bacteria The type of bacteria

Mass The mass of reagent Light The existence of light

Solvent The type of solvent Composition Chemical composition

Volume The volume of solvent H-size Hydrodynamic size

Modeling

The ML algorithms (KNN: K-Nearest Neighbor, RF: Random Forest, XGBoost: Extreme Gradient Boosting, and SVM:
Support Vector Machine) applied in the manuscript were obtained from scikit-learn based on Python. Several extensions,
including NumPy, Pandas, and Matplotlib, were used to handle and visualize the data.

K-Nearest Neighbor (KNN)

The K-Nearest Neighbor algorithm is one of ML’s simplest supervised algorithms, calculated via distance.’> After
constructing a training data set labeled with classes, Euclidean distance (eq.1) is used to find the nearest k neighbors of
each target point. And the classification of the target point is decided by the majority of its k neighbors through a vote-
like way considering the classes of its neighbors.*® The optimal value of k is mainly determined by data distribution.**
Commonly, a low k-value renders overfitting problems, while a high k-value causes underfitting. In this paper, k=5 is
selected because it best performed our data.

D(x,y) = — ) (1)

M=
=

Il
R

RF and XGBoost

An RF algorithm is a highly interpretable algorithm composed of multiple decision trees. The decision tree classifies the
samples based on a series of questions as the working principle of the tree model is to select the appropriate features to
distinguish the data and then divide them into different sub-nodes according to different discrimination results until the
samples remain in each node belonging to the same class. These final nodes are also called leaf nodes. The basic idea of
the decision tree is to construct a tree-like structure with the most rapid entropy decline when using information entropy
as the measure, and the entropy is zero at the leaf node.

The process of learning is to build a tree model and find the best set of classification questions. One way is to
maximize the information gain of each split; Gini impurity can also be used in this process.*® To solve the overfitting
problem of decision trees, multiple decision trees form a random forest model, and the classification results are obtained
by the trees voting in the random forest.

XGBoost is an ensemble tree model that aims to minimize a loss function with second-order Taylor expansion and

regularization. It has been widely used due to its outstanding prediction accuracy and efficacy.?***

Svm

The SVM is probably the strongest classifier among binary classification algorithms. To separate the data in an
n-dimensional coordinate, an (n-1) dimensional hyperplane is constructed to divide the data into two groups based on
their class labels. The closest data point to the hyperplane is called the support vector. Linearly inseparable data must be
mapped to higher dimensional space through kernel function before separating. In this new space, data points will be
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linearly separable. Thus, the SVM can be implemented. Different kernels can be used, including linear, polynomial,
radial basis function (RBF), and sigmoid.36

Model Evaluation
Confusion Matrix
The confusion matrix is a contingency table that visualizes the performance of classifiers.®’ It represents how many data
points are correctly classified and wrongly predicted. The correctly predicted positive data are called true positive (TP),
while the wrongly predicted positive data are called false positive (FP). The negative data labeled as negative are named
true negative (TN), and the ones labeled as positive are called false negative (FN).*®

Some introductory confusion matrix rates can recap the predictive quality of a confusion matrix, which is sensitivity
(True positive rate, TPR) (eq.2), false-positive rate (FPR) (eq.3), and classification accuracy (eq.4).

TP

TPR = —— 2
TP+ FN @
FP
FPR=——— 3)
FP+ TN
TP+ TN
Accuracy = i @)

TP+ TN + FP + FN

Receiver Operating Characteristics Curve (ROC Curve) and Area Under the Curve (AUC)

The ROC curve is a popular tool to evaluate the performance of binary classifiers. The classifiers based on ML
algorithms usually generate a score ranging from 0 to 1 after processing the input data.>® Then the score is compared
with a threshold to separate the target point into different classes. The ROC curve is plotted based on two indicators—
FPR and TPR. Various thresholds will result in different classification results, and multiple FPR and TPR values are
created in line with these thresholds. ROC curve is drawn when connecting the points on behalf of different thresholds.*’
The performance of these classifiers can also be evaluated via the AUC quantitively.*'

Experimental Evaluation

Materials and Reagents

e-poly(L-lysine) (Mw ~ 4000) was purchased from Shanghai D&B Biological Science and Technology Co., Ltd., China.
Dialysis membranes (MWCO = 5000 Da) were provided by Hunan Yibo Biotechnology Co., Ltd., China. Other chemical
reagents were of analytical grade and used without further purification. Ultrapure water used in experiments was supplied
with a Milli-Q apparatus (Millipore, Bedford, MA).

Synthesis and Characterization of PL-CDs
1 g e-poly(L-lysine) (PL) was taken to a crucible and heated to 240 °C for 3h to form a dark gray residue. After being
ground to powder in a mortar, the residue was dissolved in 20 mL of deionized water and under sonication for 40 min.
Then, the mixture was centrifuged at 11,000 rpm for 1h and the supernatant was dialyzed for 24 h with Milli-Q water
changed every 1h in the early 12 h and every 3h in the later 12 h. The final PL-CDs were obtained after lyophilization.
The size and morphology of PL-CDs were measured with transmission electron microscopy (TEM). The zeta
potential of PL-CDs was determined using dynamic laser scattering (DLS). An Ultraviolet Analyzer performed the
luminescence emission measurements with 365 nm UV light.

Evaluation and Prediction of in vitro Antibacterial Ability

The antibacterial capacity of PL-CDs was evaluated by a broth dilution method. Firstly, 12 sterile test tubes were
positioned in a row, and 4 mg PL-CDs and 2 mL Milli-Q water were added to the first tube with mixing. Then, the
doubling dilution method was repeated until the ninth tube with an extra concentration of 1500 pg/mL and 750 pg/mL
added to reduce the group interval. The twelfth tube without PL-CDs served as group control. Subsequently, each tube
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was added with 1 mL diluted pathogenic (E. faecalis or E. coli) and placed in bacteriological incubators for 24h.
Minimum inhibitory concentration (MIC) was determined by measuring the ODgqq of each tube compared with the group
control.

After obtaining all these relevant features of PL-CDs, four well-trained classification models were employed to
predict their antibacterial ability. The prediction results were compared with the real results to evaluate the classification
performance of ML models.

Results and Discussion

Establishing Dataset and Labeling Output

Data collection is the fundamental step of ML, and high-quality data can ensure the dataset is more appropriate for ML.
To establish the dataset with adequate and accurate data, 160 instances were collected from original research articles and
reviews. Numerous synthetic conditions and intrinsic properties were selected as the features to create our dataset. Every
instance was represented using the same set of features, which could be continuous or categorical. The extracted
parameters included the precursor and its mass, the reaction time, and the inherent physicochemical characteristics of
the synthetic CDs. The details of feature selection are shown in Table 1.

The output of this study is the antibacterial ability of CDs. MIC, a standard test to assess the antibacterial property of
nanomaterials after incubating with bacteria for 24 h, was employed to determine their antibacterial capacity owing to its
frequent uses and easy quantification.*? Several indicators can also describe the antibacterial activity of CDs, including
diffusion test,*> morphological evaluation,** colony-forming unit,*> optical density, and broth microdilution method.
However, they all failed to be chosen compared with MIC due to the limitations of quantification and data collection. As
the MIC is measured from different sources, the classification algorithms (instead of regression algorithms) are
considered more suitable due to the intrinsic uncertainty of the data.*® One hundred twenty-one instances with MIC
values were used in the following work.

The top 50% of these instances measured by MIC were labeled as antibacterial, while the others were labeled as non-
antibacterial (Figure 2A). This led to 61 kinds of CDs being divided into the antibacterial group and 60 kinds of CDs
being divided into the non-antibacterial group (Figure 2B). The 0.5/0.5 segment ratio is used frequently to exhibit the
classification results ideally. In contrast, the unbalanced data set can give a significant challenge to traditional classifica-
tion algorithms. For example, the instances in the minority group are often wrongly classified into another class, which
causes the low precision of the minority group. However, the total classification accuracy could be relatively high
because most samples are indiscriminately classified into the majority group. The threshold setting is tunable for different
intended uses.

Data Preprocessing and Feature Engineering
Initially, missing data occurred in nearly all the extracted features in the raw dataset, which should be solved first. As
shown in Figure 2C, the hydrodynamic size and chemical composition had 82.5% and 58.1% missing values, respec-
tively, and were therefore excluded. The following features were Zeta potential (31.3%), Color (26%), Mass (24.0%),
Volume (18.8%), Solvent (12.5%), Method (7.5%), and Time (5.6%). In contrast, the Additives, Bacteria, Size, Light, and
element had no missing values. The final dataset was created by fulfilling the raw data with the mean values of these
features.

The original quantitative data had huge scale differences among features that can affect the model performance. As
a result, the data should be normalized before model training.?’ The Min-Max normalization was adopted in this study.
The minimum and maximum values were used to convert the original data to the range (0, 1), eliminating the influence of
dimension and order of magnitude. Every data point was normalized by subtracting the minimum value of the column.
Then the result was divided by the difference between the minimum and maximum values of the column. The formula is
defined as follows:

X — Xmi
Xnew = i %)

Xmax — Xmin
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(percentage) of the input data. (D, E) Gini importance of features in the raw data set and features after extraction.

The categorical features (ie, Method, Solvent, Color, Bacterial, and Light) were label encoded via one-hot encoding; thus,
categorical features were transformed into numeric data that could be used in the subsequent modeling. However, this
process created multiple new variables. There were 33 variables used to predict the MIC of CDs. Generally, the number
of variables should be far less than that of the samples because a large number of features could lead to overfitting and
slow down the model training.*” We calculated the feature importance based on the Gini impurity, that is, the total
decrease in node impurity.*® The basic idea of Gini importance is to identify the contribution that each feature makes.
And the importance score of each feature is the average score among all random forest trees.** Then, the features were
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ranked according to the scores (Figure 2D). The low-ranking features were discrete variables representing the category or
sparse continuous data. For instance, ‘S’ represented the number of S atoms of the reagent, but not all the reagents bore
S atoms, which resulted in data sparsity. These features had lower Gini importance because of the data sparsity. As
a result, feature selection and extraction steps were required to ensure the proper features could be used as the input.

Principal component analysis (PCA) was implemented subsequently to reduce the feature dimensions by combining
several features into one. The combined features Method, Solvent, Color, and Other atoms (except C, H, O, N) were
created. Finally, 17 features were determined after the feature engineering process, which reduced the number of
unnecessary features and created relevant features to describe the antibacterial ability of CDs. The Gini importance of
the 17 features was calculated, demonstrating that the features screened out were pertinent to the antibacterial ability
(Figure 2E).

The size of CDs was ranked first. The smaller size may increase the antibacterial ability by affecting the cellular
uptake and distribution of CDs in the plasma membrane.** The destruction of cell membranes plays a significant role in
inhibiting bacterial growth. Moreover, CDs of small size can penetrate the membrane of bacteria to interact with the
respiratory chain and DNA or form ROS.*

The surface charge measured by Zeta Potential can significantly affect the interplay between bacteria and CDs. For
instance, the positively charged CDs interact with the negatively charged bacterial cell walls, resulting in cell apoptosis.”
Furthermore, surface charge significantly affected the stability of CDs, which is essential to their antibacterial property.*’
As reported, the positively charged CDs can induce more ROS than the negatively charged and neutral ones. While the
negatively charged CDs could affect the expression of the bacterial genes.”' Nevertheless, the direct relationship has not
been verified.’*>?

The type of bacteria was the highest-ranked discrete variable among these features. Gram-positive bacteria have
a unique thick layer of peptidoglycan linking to teichoic acid, providing more anionic sites to facilitate electrostatic
binding with CDs than Gram-negative bacteria.*’
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Figure 3 Heat map of Pearson correlation coefficients between the determined features.
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Recent reports show that light can activate the antibacterial ability of CDs via generating ROS, which is named the
photodynamic effect.’’ However, the feature that indicates the existence of light was ranked lowest. The fact that few
articles referred to this information would account for its low ranking, which could result in insufficient evidence to
separate our data set.

The structure of CDs is highly dependent on synthetic conditions, such as precursors, solvents, and methods. It is
difficult to predict the potential antibacterial efficacy and specificity traditionally because tiny difference leads to the
synthesis of structurally different CDs.* ML gives us a fascinating insight into the effect of synthetic conditions.

As shown in the heat map (Figure 3), the Pearson correlation coefficients of the 17 features were calculated to
determine the relationship between these features. The positive and negative values indicate the positive and negative
correlations, respectively. The larger the values, the greater the correlations. In general, the highly correlated feature pairs
should be eliminated because they can affect each other significantly when modeling, thus decreasing the efficiency.”
The 17 features remained finally.

Modeling and Model Evaluation

Further, based on the determined features, an algorithm-based classification of antibacterial CDs was performed. Four
traditional ML algorithms (KNN, RF, XGBoost, SVM) were applied to investigate whether the automatic classifying
procedure could screen out the CDs with the best antibacterial performance. The principle of the modeling process is to
minimize the cost function between the predicted values and the actual values via tuning the hyperparameters.”’® We
expected that the well-trained models could capture the relationship between the antibacterial property and the inherent
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attributes of CDs. The 121 samples were divided into a training dataset (80%) and a testing dataset (20%) to train the
models and validate the classification results.

The ROC was plotted to show the performance of the classifiers (Figure 4). The AUC were 0.81 (KNN), 0.80 (RF),
0.90 (XGBoost), 0.83 (SVM), respectively. AUC quantitively evaluated the distinctive capabilities of binary classifiers.
XGBoost showed the largest AUC in the ROC curves compared with KNN, RF, and SVM. As a result, the XGBoost
algorithm was regarded as the most appropriate method to classify the data in our study.

Other evaluation metrics were also used to evaluate the classification performance, such as the confusion matrix and
classification accuracy. One thousand random splits into the training and testing sets were implemented to get the average
prediction accuracy and plot the confusion matrix. As shown in Figure 5A-E, we could achieve 78.3% accuracy using
XGBoost. The accuracy scores for the other three algorithms were 0.779 (RF), 0.768 (SVM), and 0.667 (KNN),
respectively. There is no significant difference between the performance of RF and XGBoost, while they predict better
than KNN and SVM, showing the superiority of ensemble learning methods. This is partly due to the fact that ensemble
methods make decisions based on multiple base learners, thus obtaining improved performance and better generalization.
The selected ensemble algorithms RF and XGBoost were further used in the next step. The confusion matrix for the test
data set demonstrated that most instances could be correctly classified into antibacterial or non-antibacterial groups
(Figure 5A-D).

ML usually needs big data to learn effectively and precisely. However, a small data size was employed in this article.
Data scarcity is a common issue in material science, but many researchers have achieved a relatively high classification
accuracy on small sample sizes.*’>® Furthermore, the output values are categorical results instead of continuous
variables, which also justifies the modeling process based on a small data set.

ML Assisted PL-CDs Development

For the validation of the classification effect of well-trained ML models in a natural laboratory, PL-CDs were
synthesized, and the relevant features were characterized and recorded to fit the ML models. Firstly, the TEM image
confirmed the successful production of PL-CDs, which also characterized its size and morphology (Figure 6A). As
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manifested in the core size histogram, the average size distribution is 3.99+0.89 nm, which is considered to be capable of
penetrating the cell membrane and causing cell death.”’® Accordingly, the surface zeta potential of PL-CDs and PL was
measured to be +19.5 mV and +21.9 mV, respectively (Figure 6B), ensuring their electrostatic interaction with
negatively-charged bacteria.’® The PL-CDs solution was light yellow and transparent under the sunlight, and it displayed
a blue fluorescence with the excitation of 365 nm UV light (Figure 6C). Our prepared PL-CDs with surfaces rich in
amino-groups exhibit excitation-independent behavior because of passivated surface states.

To obtain the real antibacterial label of PL-CDs, the MIC value towards E. faecalis and E. coli was measured by
a broth dilution method. E. faecalis and E. coli were used as representatives of Gram-positive and Gram-negative
bacteria, respectively. As shown in Figure 6D-E, eleven concentrations of PL-CDs were co-cultured with E. faecalis and
E. coli for 24h, the MIC towards E. faecalis and E. coli are 375 pg/mL and 250 pg/mL, respectively. According to the
classification threshold in this work, PL-CDs were classified into the non-antibacterial group.

After extracting the features from synthetic conditions and characteristics, the well-trained ensemble learning models
were applied to predict the antibacterial ability of PL-CDs and determine their label. Both RF and XGBoost managed to
predict the real labels of PL-CDs (Table 2).

Though the tentative attempt of applying ML tools to a realistic scenario achieved a certain success, there remain
plenty of obstacles to overcome. As data determines the quality of ML, the classification results will improve vastly with
the rapidly growing literature about CDs. The current collecting procedure is highly time-consuming as the data are
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Figure 6 Characterization of PL-CDs. (A) TEM image of PL-CDs. Inset: The corresponding size distribution histogram. (B) Zeta potential of PL and PL-CDs. (C)
Photographs of PL-CDs under sunlight and UV light. (D) The MIC of PL-CDs towards E. faecalis. (E) The MIC of PL-CDs towards E. coli. *p< 0.05. ***p< 0.001.
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Table 2 Predicted Results for the Antibacterial
Ability of CDs. | Represents the Antibacterial
Group and 0 Represents the Non-Antibacterial

Group
Models Antibacterial Ability
Predicted Result | Real Result
RF 0 0
XGBoost 0 0

refined from articles and reviews with manual operations. It still requires tedious work to collect data and convert it into
proper forms that can be used.®® The inefficient access to the data restricts the combination of ML methods and the
investigation into many materials like CDs. It is meaningful to establish more standard databases containing the primary
data, promoting the development of ML in material science.

Conclusion

This study investigated the performance of four classification algorithms to discover the CDs with outstanding antibacterial
properties, with the ensemble methods performing the best. PL-CDs were synthesized and used for the validation of their
practical application ability in a realistic scenario with RF and XGBoost both succeeding in the prediction of the real label of
PL-CDs. This is the first step to screen out the required CDs, which aims at reducing the repetitive work in the lab. With the
growing number of available data and the development of ML algorithms, the prediction results will improve significantly.
One day, the experiments will focus on the data-driven hypothesis, and the qualified antibacterial agents will be synthesized
with the assistance of computational power.
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