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Abstract
Background: Due to the lack of new antibiotics in recent years, bacterial resistance has increasingly
become a serious problem globally. The aim of this study is to construct an antibacterial compound
predictor using machine learning methods to screen potential antibacterial drugs.

Methods: Active and inactive antibacterial compounds were acquired from the ChEMBL and PubChem
database, which were used to construct benchmark datasets. The antibacterial compound predictor is
constructed using the support vector machine (SVM), random forest (RF), and multi-layer perception
(MLP) methods. We predicted the antibacterial activity of the Food and Drug Administration (FDA)
approved drugs in the DrugBank database and screened novel antibacterial drugs through structural
similarity analysis.

Results: In the initial screen process, the results suggested that the benchmark dataset based on FP2
molecular �ngerprints, along with the SVM, RF, and MLP methods showed excellent prediction
performance (mean AUC > 0.9 for all models). Using the combination of these three models, a total of
957 potential antibacterial drugs were predicted. Most of the predicted drugs showed low structural
similarities compared with the FDA approved antibacterial drugs. We �nally screened 9 predicted
antibacterial drugs with novel structures including 2 anti-tumor drugs (cyclophosphamide and
ifosfamide), 2 ophthalmic drugs (apraclonidine and echothiophate) and 5 anesthetics (des�urane,
en�urane, iso�urane, methoxy�urane, and sevo�urane).

Conclusions: This study provides a new insight for predicting antibacterial compounds with novel
structures by using FDA approved drugs. The predicted compounds with novel structures are worthy of
further experimental veri�cation in the future.

1. Background
Antibiotics are a fast and effective way to deal with bacterial infections. However, with the widespread
use of antibiotics, bacteria are also constantly evolving and a large number of pathogens have emerged
that can resist these drugs [1]. As the research and development of novel antibiotics by pharmaceutical
companies has drastically decreased in recent years, bacterial resistance has increasingly become a
serious problem [2]. Therefore, the development of novel and highly e�cient antibiotics is an urgent
issue. High-throughput screening has been the dominant approach of antimicrobial drug development in
the industry in the past few decades [3, 4]. However, due to the long development time, huge cost, and low
e�ciency of this method [5], computer-aided drug design techniques have become a promising method in
the discovery of novel antibacterial drugs [6].

In recent years, machine learning methods have shown tremendous potential in the process of drug
discovery and development [7]. Multiple machine learning-based methods effectively improved the
accuracy of drug-target interaction prediction [8]. Especially in the early phases of drug discovery, the use
of machine learning methods signi�cantly reduces time and effort in drug discovery and development [9].
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In other areas of drug discovery, deep learning is a promising method for the prediction of molecular
properties and the de novo generation of suggestions for new molecules [10]. These technologies may
have fundamentally changed the process of identifying new molecules and/or repurposing old drugs [11].

Multiple machine learning methods are widely used in ligand-based and receptor-based antibacterial drug
discovery [6, 12–17]. By using chemoinformatics methods to extract the molecular characteristics of
short peptides, studies have shown that support vector machine (SVM) can accurately predict the
antibacterial activity of short peptides [12, 13] and the genetic characteristics of antibiotic resistance in
speci�c pathogens [18]. The combination using random forest (RF) and genome-based analysis
approaches promoted phenotypic antibacterial drug discovery [14] and revealing potential antibiotic
resistance genes [15]. In recent years, emerging deep neural network methods have facilitated the
discovery of antibacterial molecules with unique structures from massive data [16]. Furthermore, due to
the limitations of a single method, the combination using multiple machine learning methods showed
excellent performance in antibacterial compounds discovery [16, 17] and predicting the bacterial genetic
mutations on drug resistance [19].

Although the popularization of machine learning methods has greatly shortened the discovery of
antibacterial lead compounds, there are still require long-term studies from the identi�ed lead compounds
to clinical applications, especially experiment on drug safety [20]. Therefore, a new use for old drugs may
be a way to resolve current antibiotic resistance [21]. The current Food and Drug Administration (FDA)
approved antibiotics can be divided into multiple categories according to the core scaffolds, and a variety
of semi-synthetic antibiotics are based on these scaffolds [22]. Due to the increased bacterial resistance
to speci�c scaffold structures, it is a promising way to develop antibiotics with novel structures. In this
study, we combined using multiple machine learning methods to build the antibacterial compound
predictor, and identi�ed structure novel small-molecule antibacterial compounds from the FDA approved
drugs.

2. Methods

2.1 Antibacterial compounds collection
Compounds that performed antimicrobial activity test were collected from ChEMBLdb (version 25,
https://www.ebi.ac.uk/chembl/) and PubChem (https://pubchem.ncbi.nlm.nih.gov/) databases. A total of
83768 compounds were obtained, 8001 of these compounds has a clear IC50 value, and others only have
an inactive label. The IC50 cutoff value of antibacterial activity was de�ned by curve �tting the IC50
values of all compounds. Compounds with IC50 less than 10 µmol/L were generally considered as active
antibacterial compounds [23–27], the curve �tting results also suggest that this cutoff is reasonable
(Supplementary Figure 1). Based on the curve �tting results, compounds with IC50 higher than 10 µmol/L
were considered as inactive antibacterial compounds. Pybel, a python wrapper of OpenBabel [28, 29] was
used to access the SMILES string of compounds and calculate molecular �ngerprint which represents the
presence or absence of particular substructures in the molecule. Multiple types of molecular �ngerprints
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of all compounds were calculated. Benchmark datasets were build based on the following steps: (1)
remove duplicate compounds; (2) remove compounds with a molecular weight greater than 1000; (3)
remove compounds with molecular �ngerprint similarities higher than 0.9 between the active and inactive
antibacterial compounds. Finally, we got a positive dataset including 2708 active antibacterial
compounds and a negative dataset including 78620 inactive antibacterial compounds. All active
antibacterial compounds have IC50 values whereas only 1893 inactive antibacterial compounds have
IC50 values.

2.2 Construction of the benchmark dataset
There is a large difference in the number of compounds between the positive and negative datasets. The
positive dataset contains 2708 active antibacterial compounds. To balance the number of compounds
between the positive and negative datasets, the �ltered negative dataset contains 1893 inactive
antibacterial compounds with IC50 values, the remaining quantity difference was random selected from
the inactive antibacterial compounds only with an inactive label. Considering the uncertainty of random
selection, we repeated 10 times for negative dataset extract. Therefore, the �ltered datasets including one
positive dataset and 10 negative datasets, each negative data set is combined with the positive data set
for subsequent analysis. Next, the molecular �ngerprint is calculated for the positive dataset and all
repeated negative datasets. The following types of molecular �ngerprints were calculated including FP2,
FP3, FP4, DLFP, MACCS, ECFP2, ECFP4, ECFP6, FCFP2, FCFP4, and FCFP6. Several start-of-the-art
chemoinformatics approaches were also calculated such as mol2vec [30], SMILES2Vec [31], and FP2VEC
[32]. The features of each compound were presented by the binary bits of the different types of molecular
�ngerprints or vectors and these features were used for machine learning modeling (Supplementary Table
1). All these benchmark datasets were used for preliminary screening of applicable machine learning
models.

2.3 Initial screening of machine learning methods
In order to choose the appropriate machine learning methods to construct the anti-bacterial compound
prediction model, we evaluate the predictive performance of different machine learning methods
including k-nearest neighbor (KNN), logistic regression (LR), linear support vector classi�er (LSVC),
random forest (RF), gradient boosting regression tree (GBRT), support vector machine (SVM), and multi-
layer perception (MLP). In the initial screening process, each machine learning method used benchmark
datasets constructed from different molecular �ngerprints for training and prediction with default
parameters. The benchmark dataset was split to the training set (accounting for 80%) and the validation
set (accounting for 20%), and then performed a 5-fold cross-validation test. The results suggested that
the benchmark dataset based on FP2 molecular �ngerprints, along with the SVM, RF, and MLP methods
showed excellent prediction accuracy among all machine learning methods and molecular �ngerprints
combinations, whereas the accuracy �uctuates greatly among different machine learning methods in the
benchmark dataset based on vector features (Supplementary Figure 2). Therefore, the benchmark dataset
based on FP2 molecular �ngerprints, and the RF, SVM and MLP methods were selected in the subsequent
analysis.
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2.4 Parameter selection of the SVM, RF, and MLP models
The SVM, RF, and MLP models for antibacterial compounds prediction were built using the svm,
ensemble, and neural_network module in the scikit-learn Python library (version: 0.20.0, https://scikit-
learn.org/stable/). A parameter grid search strategy was used to choose the optimal parameter "gamma"
for the kernel function and regularization parameter "C" for the SVM model, the optimal number of trees
(parameter "n_estimators") for the RF model, and the optimal hidden layer sizes and alpha for the MLP
model. The other parameters of the above three models use default values. The benchmark dataset was
randomly split to the training and validation set (accounting for 80%) and the test set (accounting for
20%) using the train_test_split function in the scikit-learn. The 5-fold cross-validation method was used to
evaluate the generalization performance of the model with speci�ed parameters in the training and
validation set. The cross-validation accuracy was calculated for model evaluation. After cross-validation,
a temporary model was built using the training and validation set and calculated the area under the curve
(AUC) for the receiver operating characteristic (ROC) curve in the test set. Considering that there may be
similar compounds in the split datasets, dataset split and cross-validation were repeated 10 times, which
may reduce the impact of similar compounds on the prediction performance of these models. For each
given parameter, the mean cross-validation accuracy and mean AUC was calculated. The optimal model
was selected by comparing the maximum mean cross-validation accuracy under different parameters. If
there were multiple models with the same mean accuracy, the model with the maximum AUC was
considered to be the optimal model.

2.5 Performance evaluation
The optimal SVM, RF, and MLP models were used for performance evaluation. The confusion matrix was
calculated using the results of the optimal cross-validation test. The true positive (TP) indicates the
number of correctly predicted active antibacterial compounds, the true negative (TN) indicates the
number of correctly predicted inactive antibacterial compounds, the false positive (FP) indicates the
number of inactive antibacterial compounds predicted as active antibacterial compounds, and the false
negative (FN) indicates the number of active antibacterial compounds predicted as inactive antibacterial
compounds. We calculated the following quality indices: accuracy = (TP + TN) / (TP + TN + FP + FN),
precision = TP / (TP + FP), sensitivity = TP / (TP + FN), speci�city = TN / (TN + FP), and F1 score = 2 * TP
/ (2 * TP + FP + FN). Mean squared error (MSE) was calculated for all three models. Because the �ltered
datasets including one positive dataset and 10 negative datasets, the average of 10 calculations of these
quality indices and AUC were used to evaluate the SVM, RF, and MLP model performance. A model with
high scores (≥ 0.8) of accuracy, precision, F1 score, and AUC was considered to be an effective model.

2.6 Antibacterial small-molecule drugs prediction
The �nal SVM, RF, and MLP models were built using the benchmark dataset with the optimal parameters.
All these three models were used to predict antibacterial activity for approved small-molecule drugs. We
compared the prediction performance of a single model and a combination of different models. The
candidate antibacterial drugs were de�ned as the drugs that showed antibacterial activity in all the SVM,
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RF, and MLP models. Drug information was acquired from the DrugBank database
(https://www.drugbank.ca/) [33]. We �rst �ltered the drugs with approved status but not withdrawn yet,
then removed the drugs with molecular weight ≥ 1000. Finally, 2315 approved small-molecule drugs were
screened to perform antibacterial activity prediction. The predicted active antibacterial drugs excluding
FDA approved antibacterial drugs were de�ned as novel antibacterial drugs.

2.7 Structural similarity analysis
FP2 molecular �ngerprint similarity was calculated among all novel antibacterial drugs and FDA
approved antibacterial drugs. The overlap between �ngerprints is quanti�ed as a measure of molecular
similarity using the Tanimoto coe�cient (Tc). The predicted drugs with average and maximum molecular
�ngerprint similarity less than 0.1 and 0.2 were considered to be structurally novel. Furthermore, previous
literature reported several core scaffolds shared by most antibacterial compounds [22]. The �exible
maximum common substructure algorithms in the fmcsR package [34] in R was used to identify whether
the core scaffolds exist in the predicted antibacterial drugs.

3. Results

3.1 Development process of antibacterial compound
predictor
The development process of the antibacterial compound predictor is shown in Figure 1. The �rst step of
the antibacterial compound predictor is to prepare the benchmark dataset using screened active and
inactive antibacterial compounds from the ChEMBL and the PubChem database. Then, the SVM, RF, and
MLP methods were used to build models using the benchmark dataset. Using the parameter grid search
and 5-fold cross-validation strategy, the optimal parameters of these three models were determined
(Table 1, Supplementary Figure 3-5). After training, parameter optimization, and model evaluation, the
optimal SVM, RF, and MLP models were established. The �nal antibacterial compound predictor includes
the combination of the optimal three models. The integrated model was used to predict the antibacterial
activity of FDA approved small-molecule drugs from the DrugBank database.
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Table 1
Optimal parameters and prediction performance of different machine learning methods.

  Support vector machine Random forest Multi-layer perception

Optimal

parameters

gamma: 0.01

C:10

n_estimators: 750 hidden_layer_sizes: 512

alpha: 0.0001

Accuracy 0.852 ± 0.002 0.849 ± 0.004 0.847 ± 0.004

Precision 0.854 ± 0.004 0.868 ± 0.004 0.850 ± 0.007

Sensitivity 0.850 ± 0.004 0.822 ± 0.007 0.845 ± 0.003

Speci�city 0.854 ± 0.005 0.875 ± 0.004 0.850 ± 0.009

F1 score 0.852 ± 0.002 0.844 ± 0.005 0.847 ± 0.003

AUC 0.926 ± 0.002 0.932 ± 0.002 0.920 ± 0.002

MSE 0.148 ± 0.002 0.151 ± 0.004 0.153 ± 0.004

Abbr: AUC, area under the curve; MSE, mean squared error.

Parameters of predictive performance were displayed as mean ± standard deviation.

3.2 High performance of the SVM, RF, and MLP models
The overall performance of the SVM, RF and MLP models was quanti�ed by multiple classi�cation
evaluation indicators including accuracy, precision, sensitivity, speci�city, F1 score, AUC and MSE (Table
1). The mean values of accuracy, precision, sensitivity, speci�city, and F1 score of the three models at
around 0.85. The mean values of AUC of these models were higher than 0.92 (ROC curves of these
models shown in Supplementary Figure 6). The mean squared error of the three models is around 0.15.
These indicate that all three models showed high effectiveness in antibacterial compounds prediction.
Furthermore, the data showed that the standard deviations of these indicators are very small, suggesting
that different negative datasets do not affect the overall performance of these models.

3.3 Prediction of candidate antibacterial small-molecule
drugs
All approved small-molecule drugs in the DrugBank database were used to screen for potential
antibacterial compounds through the antibacterial compound predictor. The results showed that there are
large differences in the number of drugs in isolated prediction intervals among the SVM, RF, and MLP
models. There are more compounds in the probability intervals at both ends and fewer compounds in the
middle intervals in the MLP model, whereas the distribution of predicted probabilities showed the
opposite trend in the RF and SVM models (Figure 2A). There were 1482, 1539, and 1398 predicted active
antibacterial drugs in the single SVM, RF, and MLP models. A total of 1090 drugs showed antibacterial
activity shared by all three models (Figure 2B). The single model and the combination of the two models
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predicted relatively more active antibacterial compounds, and there is more overlap with FDA approved
drugs (Supplementary Figure 7). Among the prediction results by the combination of the three models,
133 antibacterial drugs were FDA approved (Figure 2C). Our results suggested that both the single
models and the combination of multiple models all showed excellent prediction performance
(Supplementary Table 2). Furthermore, for the remaining 957 drugs, many of them belong to benzene and
substituted derivatives (184 drugs) and steroids and steroid derivatives (116 drugs), few drugs belong to
other categories (Figure 2D).

3.4 Structural similarity of the predicted antibacterial drugs
Molecular �ngerprint similarity was calculated between the predicted and FDA approved antibacterial
drugs. The predicted antibacterial drugs that are not approved for marketing were de�ned as novel
predicted antibacterial drugs. There were low overall similarities between approved antibacterial drugs
and novel predicted antibacterial drugs (Supplementary Figure 8). There were 873 novel-predicted
antibacterial drugs that showed average similarities ≤ 0.2 to all approved antibacterial drugs (Figure 3A).
According to previous reports [22], we identi�ed 8 representative core scaffolds from the FDA approved
antibacterial drugs (Supplementary Table 3). 906 predicted compounds do not contain any core scaffold
(Figure 3B). Only 51 (5.3 %) of the predicted compounds showed a high overlap coe�cient with core
scaffolds (Supplementary Table 4). These indicate that most of the predicted antibacterial drugs are
structurally novel.

3.5 Novel predicted antibacterial drugs
There were 9 novel-predicted drugs with an average similarity less than 0.1 and a maximum similarity
less than 0.2 to all approved antibacterial drugs, and these drugs all showed high predicted probability in
SVM, RF, and MLP models (Table 2). Details of these 9 drugs listed in Supplementary Table 5. Among
these drugs, cyclophosphamide (DB00531) and ifosfamide (DB01181) are anticancer drugs that were
used to treat a variety of hematological tumors and solid tumors. Apraclonidine (DB00964) is used to
relieve postsurgical ocular hypertension. Echothiophate is used for the treatment of subacute or chronic
angle-closure glaucoma. The other 5 drugs are mainly used in general anesthesia, such as en�urane
(DB00228), iso�urane (DB00753), methoxy�urane (DB01028), des�urane (DB01189), and sevo�urane
(DB01236).
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Table 2
The prediction results of 9 antibacterial drugs with low structural similarities.

DrugBank ID Name Predicted probability Structural similarity

(mean (min-max))1SVM RF MLP

DB00228 En�urane 0.741 0.544 0.916 0.055 (0.000-0.119)

DB00531 Cyclophosphamide 0.571 0.518 0.902 0.086 (0.010-0.150)

DB00753 Iso�urane 0.698 0.536 0.980 0.055 (0.000-0.120)

DB00964 Apraclonidine 0.514 0.514 0.501 0.093 (0.013-0.198)

DB01028 Methoxy�urane 0.770 0.504 0.913 0.048 (0.000-0.143)

DB01057 Echothiophate 0.703 0.518 0.864 0.072 (0.017-0.143)

DB01181 Ifosfamide 0.589 0.515 0.888 0.095 (0.010-0.172)

DB01189 Des�urane 0.732 0.546 0.975 0.055 (0.000-0.150)

DB01236 Sevo�urane 0.538 0.517 0.934 0.060 (0.000-0.162)

Abbr. SVM, support vector machine; RF, random forest; MLP, multi-layer perception.

1The structural similarities were calculated between the novel predicted antibacterial drugs and FDA-
approved antibacterial drugs.

4. Discussion
Exploring the antibacterial activity of the approved drugs may be an effective way of screening new
antibiotics. It is an effective approach by using machine learning methods to predict active antibacterial
compounds [16, 18, 35]. The accuracy of the prediction model is affected by many factors, such as the
quality of the benchmark datasets [36], the representative molecular characteristics of the compounds
[37], the applicable machine learning models [6], and the optimized model parameters [38]. This study
collected a large amount of experimental data on the antibacterial activity of compounds from the
ChEMBL and PubChem databases. By comparing the prediction accuracy of multiple machine learning
models on benchmark datasets constructed based on different molecular �ngerprints, our results showed
that the average prediction accuracy of SVM, RF, and MLP models are higher than other machine learning
methods, and the FP2 molecular �ngerprints is more representative than other �ngerprints. Therefore, it is
reasonable to construct the antibacterial compound predictor through building the benchmark datasets
by calculating the FP2 molecular �ngerprint of the compounds, and combining the RF, SVM, and MLP
models. However, the model constructed in this study did not achieve the desired prediction performance
(only 133 of the 206 FDA approved antibacterial drugs have been successfully predicted). This is
probably because the benchmark datasets collected data from multiple sources and requires a more
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effective data integration strategy. Furthermore, it is worth noting that parameter optimization can only
slightly improve (approximately 1%) the prediction accuracy of the different machine learning models.

Through structural similarity analysis of the predicted active antibacterial drugs, we screened 9 drugs
with novel structures. Apraclonidine is mainly used for the prevention and treatment of post-surgical
intraocular pressure (IOP) elevation, and it is also indicated for the short-term adjunctive treatment of
glaucoma [39]. Echothiophate is used in the treatment of subacute or chronic angle-closure glaucoma
and in some cases it is also used as accommodative esotropia [40]. Cyclophosphamide and ifosfamide
are widely used broad-spectrum anticancer drugs [41, 42]. Studies showed that cyclophosphamide can
inhibit bacterial translocation of the gastrointestinal tract [43] and reduce the abundance of lactobacilli
and enterococci [44] in mice. Des�urane, en�urane, iso�urane, methoxy�urane, and sevo�urane are
widely used volatile anesthetics [45, 46], most of these anesthetics have demonstrated antibacterial
properties in vitro [47–50]. An early in vitro experiment showed that methoxy�urane and iso�urane
exhibited excellent antibacterial activity, while en�urane had less effect on a few pathogens [48]. The
resistance experiment to a variety of bacteria showed that iso�urane has higher antibacterial activity than
sevo�urane [49]. Based on these reports, the antibacterial compound screening method used in this study
is credible.

There are still many di�culties in the discovery of antibacterial compounds in silico. Firstly, the prediction
accuracy is affected by the size and quality of the benchmark dataset. The de�nition of the active or
inactive antibacterial compounds in this study is based on the in vitro experimental data. However, most
of the screened active antibacterial compounds have not yet entered clinical trials, the human safety and
clinical effectiveness of these compounds are still unclear [51]. Then, the compounds in this study were
characterized by molecular �ngerprints, whereas this method cannot re�ect the complete structural
features of given compounds and is not suitable for macromolecular compounds [37]. Next, machine
learning models need further optimization. The prediction accuracy of the SVM, RF, and MLP models in
this study is around 0.85, optimizing these models may be able to obtain higher prediction accuracy.
Lastly, considering that compounds may produce different types of molecules during the metabolic
process, computational simulation of the drug metabolic process [52] in the human will make the
predictions more convincing.

5. Conclusions
In summary, this study provides a new insight for predicting antibacterial compounds with novel
structures by using approved drugs. The existing approach could be extended by different augmentation
methods (such as compound augmentation by graph or molecular description) with different machine
learning state-of-the-art methods such as deep-learning methods. There are still many challenges and
opportunities in using machine learning to predict antibacterial compounds. With the development of big
data technology, the continuous optimization of machine learning models and algorithms, and the
discovery of more antibacterial active compounds and drugs, it is foreseeable that the prediction of
antibacterial compounds in the future will achieve higher accuracy and credibility.
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AUC: area under the curve

MSE: mean squared error
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Figure 1

Flow chart of the construction of the antibacterial compound prediction model. The benchmark dataset
was built using the active and inactive antibacterial compounds downloaded from the ChEMBL and the
PubChem database. The combination of SVM, RF and MLP methods were used to construct the
antibacterial compounds predictor, which is used to predict the antibacterial activity of approved small-
molecule drugs from the DrugBank database.
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Figure 2

Antibacterial prediction results of approved small-molecule drugs. (A) The probability of predicted
antibacterial activity for all small-molecule drugs in the SVM, RF, and MLP models. A drug with a
probability value greater than 0.5 is considered an active antibacterial compound. (B) Venn diagram of
the predicted antibacterial drugs in three machine learning models. (C) Venn diagram of the predicted
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antibacterial drugs and FDA approved antibacterial drugs. (D) The top 20 categories of the 957 predicted
novel antibacterial drugs.

Figure 3

The similarity of the predicted antibacterial drugs and FDA approved antibacterial drugs. (A) The
molecular �ngerprint similarity of 957 predicted novel antibacterial drugs and 206 FDA approved
antibacterial drugs. The average similarities between most of the predicted drugs and approved drugs
were less than 0.2. (B) Substructure similarity between novel predicted antibacterial drugs and core
scaffolds of approved antibacterial drugs. Compounds with an overlap coe�cient higher than 0.9 are
considered to have high substructure similarity.
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