Predicting Active Antimicrobial Compounds
Using Machine Learning

ABSTRACT

Background: Acinetobacter baumannii is a multidrug-resistant (MDR) pathogen rec-
ognized by the World Health Organization as a critical priority due to its high preva-
lence in hospital-acquired infections and limited treatment options.

Methods: To address the urgent need for novel therapeutics, artificial intelligence
(Al)-based approaches were applied to predict compounds with potential antibacte-
rial activity against A. baumannii.

Results: The used training set included 11 084 compounds with experimentally deter-
mined minimum inhibitory concentrations (MICs). The prediction set to be analyzed
included 5835 structurally diverse compounds filtered from the ZINC20 database.
Molecular descriptors, MACCS keys, and Morgan fingerprints were generated using
RDKit, and a random forest classifier was trained using scaffold-based cross-val-
idation to classify compounds as active (MIC < 32 ug/mL) or inactive. The model
achieved AUROC values of 0.73-0.82 and average precision scores of 0.84-0.90,
demonstrating strong predictive performance. Application of the trained model to
the prediction dataset identified 375 compounds (6%) as potentially active, includ-
ing 7 high-confidence candidates (probability > .85).

Conclusion: Scaffold analysis revealed considerable structural diversity among pre-
dicted compounds, supporting the potential for novel chemotypes. These findings
highlight the utility of Al-driven drug discovery workflows for accelerating the iden-
tification of antibacterial agents targeting MDR A. baumannii.
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INTRODUCTION

Acinetobacter baumanniiis a multidrug-resistant (MDR) bacterial species listed
among the top priority pathogens by the World Health Organization and is a
major cause of severe infections in hospital settings.! It can lead to serious nos-
ocomial infections, including ventilator-associated pneumonia, bloodstream
infections, and sepsis, particularly in intensive care units.? Multidrug-resistant
A. baumannii infections are associated with increased mortality due to their
poor response to existing antibiotic treatments, creating an urgent need for
the discovery of new antibacterial agents. The growing prevalence of antibi-
otic resistance, coupled with the bacterium’s inherent and acquired resistance
mechanisms, further complicates clinical management.®

Conventional antibiotic discovery is time-consuming, costly, and often yields
limited success. In silico approaches and artificial intelligence (Al)-based meth-
ods have gained increasing importance for the rapid and reliable identification
of novel active compounds.* Al-assisted drug discovery workflows generally
involve several key steps. Initially, chemical data are collected from large-scale
databases (e.g., PubChem, ChEMBL, ZINC20), and compounds are represented
using molecular fingerprints and other descriptors that capture structural
and chemical features with experimental data such as biological activities.>®
Machine learning (ML) algorithms are then employed to predict active and
inactive compounds as basic classifications or further data via regression anal-
ysis. These predictions help prioritize high-probability candidates for lead mol-
ecules for designing and biological evaluation.” In the context of Al-assisted
ML for prediction of inhibitor molecules against bacteria, particularly a large
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What is already known on
this topic?

* Acinetobacter baumannii is rec-
ognized by the World Health
Organization as a critical mul-
tidrug-resistant pathogen with
very limited treatment options.

Artificial intelligence-based

methods are increasingly used

to accelerate the early stages of
antibacterial drug discovery.

e Previous research shows that
machine learning models trained
on laboratory growth-inhibition
data can help identify compounds
with antibacterial potential, but
studies focused specifically on
Acinetobacter baumannii are still
limited.

What this study adds on this
topic?

e This study develops an artifi-
cial intelligence model trained
on more than eleven thousand
compounds with experimentally
determined growth-inhibition
values to predict antibacterial
activity against Acinetobacter
baumannii.

¢ The model shows strong pre-
dictive performance and identi-
fies three hundred seventy-five
compounds as potentially active,
including seven with very high
confidence.

e The structurally diverse com-
pounds discovered in this study
introduce new chemical possibili-
ties and demonstrate the practical
value of artificial intelligence-
guided workflows for finding new
antibacterial agents targeting
Acinetobacter baumannii.
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dataset of biological activities (e.g., minimum inhibitory
concentration [MIC]) is critical for refining Al models and
guiding candidate selection.®?

Recent studies have demonstrated that Al and ML-based
approaches are effective in antibacterial drug discovery,
including the identification of potential candidates against
A. baumannii and other MDR pathogens.© By employ-
ing diverse algorithms, fingerprint types, and descriptor
combinations, predictive model performance has been
enhanced, yielding highly accurate results. These methods
not only save time and resources during preclinical evalua-
tion but also provide more targeted candidates for subse-
guent laboratory testing."

In this study, ML models were applied to predict poten-
tially active compounds against A. baumannii based on a
large dataset of MICs, and performance comparisons were
conducted across different molecular fingerprints. The pri-
mary objective was to assess the effectiveness and reliabil-
ity of Al approaches in antibacterial agent discovery and
to provide preliminary data for the identification of novel
compounds targeting A. baumannii.

MATERIALS AND METHODS

Data Curation

In this study, 2 types of datasets were custom-prepared
for training ML models and predicting active compounds
against A. baumannii. Dataset #1 included SMILES data
with MIC values of commercial antibiotics, FDA-approved
compounds, compounds in phase studies (phase 1, 2, and
3), and finally MICs of compounds from preclinical stud-
ies that were obtained from the ChEMBL.?" The Dataset#2
included compounds with unknown MIC values in the lit-
erature to make predictions of active/non-active against
A. baumannii that were obtained from ZINC20. Because
ZINC20 included a high number of compounds (up to 10

M), additional filtrations were applied based on in-stock
properties, presence of 3D structure, non-reactiveness, and
several physicochemical properties convenient to Lipinski’s
Rule of 5 Additionally, compounds with high toxicity
were discarded from the list based on in silico analysis. The
SMILES generation and toxicity filtering of the compounds
in Database #2 were performed using DataWarrior v6.5.1.

Both databases were prepared as .xIsx files including
SMILES data, MIC values, unit (ug/mL) and species name
for Database #1, and only SMILES data for Database #2.

System Preparation

Machine learning (training) and prediction studies were
performed based on python scripts via Conda on the
Windows Subsystem for Linux 2.5.10 operating on Windows
1. Various sub-softwares have been integrated to run the
scripts. RDKit"® was used to process molecular structures,
desalt and normalize compounds in SMILES format, and
generate molecular descriptors such as the Morgan finger-
print.” Scikit-learn (sklearn)® was used in the ML stages
to train a classification model (RandomForestClassifier),
evaluate model performance through cross-validation
(scaffold-split), and calculate metrics based on AUROC
and average precision (AP). Pandas was used to read,
edit, and store Excel data files, while NumPy was used
for matrix operations and numerical calculations. Bemis-
Murcko scaffold analysis'* was conducted with RDKit to
assess structural similarity among the predicted active
compounds.

Machine Learning

The analysis was performed using 4 different custom writ-
ten scripts for training the system, making predictions, and
assessing the similarity of compounds against A. bauman-
nii. A final script (one_click_pipeline_v4.py) was designed
to perform a one-click pipeline using the scripts via conda
(environment name: micml2) for analyses.
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Figure 1. Probability distribution of active compounds with a 0.7 threshold from prediction analysis.
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In the context of the scripts, each compound was repre-
sented in SMILES format, and during preprocessing steps,
structures containing salt/counter ions were removed,
leaving only the parent molecule. Descriptor calcula-
tions for the molecules were performed directly with the
RDKit module,® and features included molecular weight
(MW), logP, topological polar surface area (TPSA), num-
ber of rotatable bonds, hydrogen bond donors (HBD), and
hydrogen bond acceptors (HBA). Additionally, Morgan
fingerprints (ECFP, radius=2, nBits=2048) along with
MACCS keys (166-bit) were calculated and combined with
the descriptor matrix to represent the molecular structure.

The training script (train_pipeline_cleanedl1Ol.py) uses
training data from the “training_compounds.xIsx” file.
The training script included RandomForestClassifier’” for
model training, and compounds were classified as Active/
Inactive based on their MIC values. The cutoff value for this
classification was set as MIC < 32 ug/mL — Active, and MIC
> 32 yg/mL — Inactive. Model performance was assessed
using a 5-fold cross-validation based on molecular scaf-
folds, and classification metrics such as AUROC, AP, and
accuracy were calculated. AUROC ranges of 0.65-0.85 and
AP ranges of 0.75-0.90 were used as reference values for
QSAR and MIC prediction studies.

The prediction script (predict_preclinicallOlpy) was
designed to predict the biological activity of new com-
pounds from the “new_compounds.xlsx” based on the
generated training model. The probability of each mole-
cule being active is calculated using a predetermined strict
threshold (0.75). The compounds are classified as active
(M or inactive (0), and the results are recorded along with
the predicted probability.

Bemis-Murcko scaffold analysis was performed with an
additional script (fingerprinting.py) using the prediction
file (new_compounds_prediction.xlsx) to determine the
skeletal structures of compounds predicted. For each
compound, scaffolds were identified and the similar-
ity distribution of active compounds was generated as a
Tanimoto similarity?® graphic.

All scripts used in the study, as well as training data, are
provided in Supplementary File 1.

RESULTS

A custom-prepared training dataset (training_com-
pounds.xlsx) was used in the study. The training set con-
tained a total of 11 084 compounds with MIC values against
A. baumannii obtained from the ChEMBL database (91

Table 1. The List of Predicted Highest Active Compounds (probability > .85), Along with Their Corresponding Properties

No SMILES Probability  ZINC Codes
1 C[C@@H]([C@HI([C@H]ICI)N2C(C(O)=0)=CIS[C@@HIIC[NH2+][C@HI](CNS(N)(=0)=0) 0,90 ZINC390823134
CHC2=0

2 CC(O[C@HI(C(OCIC@HI(CO)OCLINIIc(N=C(N)NC2=0)c2nc)=0)[NH3+] 0,89 ZINC11616800

3 CC(OCIC@HI(CO)OCINIIc(N=C(N)NC2=0)c2nc)=0 0,88 ZINC22059880
4 CN(CNIC@@HI([C@@H]20)O[C@H](CO)[C@H]20)C2=CIN=C(N)NC2=0 0,88 ZINC2390988
5 Ccl[nH+]cc[n]1Cclcccc(CNCINC(C(N)=0)C(N)=0)=0)cl 0,87 ZINC48447475
6 CN(CDHC(C(N=C(N)N2)=0)=C2NI[C@@HI([C@@H]10)O[C@H](CO)[C@H]IO 0,86 ZINC2390988
7 NC(NCC(N(CCH[C@@H](CS(C2)(=O)=0)[C@@H]2N1cIncccn)=0)=0 0,85 ZINC219712880
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antibiotics, 10 993 approved and preclinical compounds)
(Supplementary file 1). When multiple MIC values existed
for the same compound, the geometric mean was cal-
culated. The prediction set contained 5835 compounds
with unknown MIC values, selected according to Lipinski’s
Rule of 5.

For model development, each compound was represented
by Morgan fingerprints (ECFP, radius=2, nBits=2048),
MACCS keys (166-bit), and molecular descriptors (MW,
logP, TPSA, HBD, HBA, rotatable bonds). Scaffold-based
cross-validation was used to minimize bias from structural
similarity. A random forest classifier was trained with bal-
anced class weighting, and a probability threshold of 0.75
was chosen for high-confidence predictions.

From the training, CV AUROC and AP values were found
in the range of 0.73-0.82 (mean=0.8) and 0.84-0.90
(mean=0.89), respectively, and were at acceptable levels
(AUROC 0.65-0.85, AP 0.75-0.90).

Among the predicted compounds, 375 (6%) were classi-
fied as active. Of these, 7 (0.2%) compounds were identi-
fied with a high probability of activity (probability > .85)
(Figure 1. The list of predicted highest 7 active compounds
(probability > .85), along with their corresponding proper-
ties, is provided in Table 1.

Scaffold analysis showed that the predicted active com-
pounds did not adhere to a single chemical skeleton, main-
taining structural diversity (Figure 2).

DISCUSSION

In this study, 2 datasets were used to predict potential
A. baumannii-active compounds: a training dataset (17
944 compounds, with MIC values) and a prediction data-
set (5835 compounds, without MIC values). Molecules
were represented in SMILES format; salts and counter-
ions were removed, leaving only the parent molecule.
Molecular representations were enriched with Morgan fin-
gerprints (radius=2, nBits=2048) combined with MACCS
keys (166-bit). A random forest classifier was trained and
cross-validated; AUROC and AP mean values were 0.8
and 0.89, respectively. In the prediction pipeline, 6% of the
compounds were classified as active, and scaffold analy-
sis demonstrated structural diversity, demonstrating the
model’s reliability.

Machine learning and Al-assisted methods have recently
played an important role in discovering lead antibacte-
rial compounds against resistant pathogens like A. bau-
mannii. Several studies have predicted antimicrobial
activity using random forest, support vector machines,
and machine-learning models, and assessed molecu-
lar diversity with scaffold-based analyses.?® Notably,
Liu et al”’ discovered a new antibiotic, abaucin, using a
deep-learning model trained on growth-inhibition data;
the model’s predictions were validated by laboratory test-
ing. Similarly, Jia et al*? integrated deep neural networks
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with gene-expression data to predict antimicrobial phe-
notypes in multidrug-resistant A. baumannii isolates.
Palacios-Can et al?> performed a Quantitative Structure-
Activity/Property relationships model to perform a vir-
tual screening on a natural product database against
Staphylococcus aureus, Escherichia coli, Klebsiella pneu-
moniae, and Pseudomonas aeruginosa, and found 60
potential lead molecules. Fermandes et al?® and Sayiner
et al** performed Linear Regression and Artificial Neural
Networks to predict active/inactive classification based
on a relatively low number of compounds (n=29) against
A. baumannii. In contrast, this study was based on a large
dataset for an active-inactive classification approach
using a combination of Morgan fingerprints (radius=2,
nBits=2048) and MACCS keys (166-bit), a random for-
est classifier. Scaffold analysis showed that the predicted
active compounds covered structurally diverse scaffolds,
and high prediction probabilities (>0.75) support the
model’s reliability for Al-assisted antimicrobial discovery
applications. Recently, Stokes et al® used graph neural
networks to predict antibiotic activity for an in-house
activity-determined dataset including around 32k com-
pounds against S. aureus.

These findings are consistent with similar approaches
in the literature and indicate that ML-based active-inac-
tive classification is an effective method for antibacterial
discovery.'0?

This study has several limitations that the predicted active
compounds were not experimentally validated, leaving
their true activity uncertain. Using a binary classification
oversimplifies antimicrobial effects, and reliance on a sin-
gle random forest model may limit performance compared
with other approaches. In addition, the lack of biological
context and external validation raises concerns about gen-
eralizability, while important factors such as toxicity and
pharmacokinetics were not considered.

This study highlights the potential of Al-driven ML to accel-
erate the discovery of novel antibacterial agents against
A. baumannii. The developed model achieved strong pre-
dictive performance and identified structurally diverse
high-confidence candidates, offering a practical pipeline
to guide future experimental validation and drug develop-
ment efforts.
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