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ABSTRACT

Background: Antimicrobial resistance (AMR) poses a critical threat to global health, driven by the
rapid evolution of pathogenic microorganisms and the widespread misuse of antibiotics.
Conventional culture-based antimicrobial susceptibility testing is time-consuming and often
inadequate for detecting emerging resistance mechanisms. Advances in whole-genome sequencing,
combined with bioinformatics and machine learning (ML), offer promising alternatives for rapid
and accurate resistance prediction.

Methods: This discussion-based review synthesizes peer-reviewed studies published between 2010
and 2024 that applied bioinformatics pipelines and ML algorithms to genome-based AMR
prediction. Data sources included whole-genome sequencing datasets, curated resistance databases,
and phenotypic susceptibility profiles.

Results: ML models demonstrated high accuracy (up to 94%) in predicting resistance phenotypes
across major bacterial pathogens. Deep learning approaches showed superior sensitivity in
identifying complex and novel resistance determinants. Integration of genomic prediction into
clinical workflows significantly reduced diagnostic turnaround time and supported improved

*Corresponding author: Dr, Gaurav
Ghosh, Department of Health Sciences,
Gurugram, India.

Email: drgauravgh187@yahoo.com

DOI: 10.62502/spjpjms/vli2art5

Received: 25/06/2025
Accepted: 30/08/2025
Published: 20/09/2025

Copyright © 2025. The Author (s)

This is an open-access article distributed under
the terms of the Creative Commons
Attribution, Non-Commercial- 4.0
International License (CC BY-NC-4.0), which
permits  non-commercial  use,  sharing,
adaptation, and reproduction in any medium,
provided the original work is properly cited and

antimicrobial stewardship.

Conclusion: Bioinformatics-driven ML frameworks provide powerful tools for addressing AMR
through rapid resistance prediction and enhanced surveillance. Despite challenges related to data
bias and interpretability, continued methodological advancements and standardized data
practices are likely to accelerate clinical adoption and contribute meaningfully to
combating antimicrobial resistance.
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INTRODUCTION

Antimicrobial resistance (AMR) has emerged as one of the most serious global public health threats of the twenty-
first century, undermining decades of medical progress in treating infectious diseases. The World Health
Organization estimates that AMR could cause up to 10 million deaths annually by 2050 if current trends persist. [
The rapid evolution of resistant pathogens is driven by excessive antibiotic use, genetic adaptability of
microorganisms, and global transmission networks. Traditional AMR surveillance relies on culture-based
susceptibility testing, which is time-consuming and often fails to capture emerging resistance mechanisms in real
time. Advances in next-generation sequencing (NGS) have enabled rapid characterization of microbial genomes,
providing unprecedented insight into resistance genes and mutations. ! However, translating large genomic datasets
into actionable clinical predictions requires sophisticated analytical approaches. Bioinformatics combined with
machine learning (ML) offers a powerful framework for predicting AMR patterns directly from genomic and
phenotypic data. ML models can identify complex relationships between genetic features and resistance outcomes,
enabling faster diagnostics and more targeted antimicrobial therapy/ ! This article discusses current bioinformatics
pipelines and ML methodologies for AMR prediction, presents emerging results from recent studies, and explores
challenges and future directions in this rapidly evolving field.
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METHODS AND MATERIALS

Study Design and Literature Selection: This study
adopts a narrative—analytical approach to synthesize
recent advances in bioinformatics and machine learning
applications for antimicrobial resistance (AMR)
prediction. Peer-reviewed articles published between
2010 and 2024 were retrieved from PubMed, Scopus,
and Web of Science. Search keywords included
antimicrobial resistance, whole-genome sequencing,
machine learning, bioinformatics pipelines, and genomic
prediction. Only English-language studies reporting
genome-based AMR prediction using computational or
artificial intelligence approaches were included.

Data Sources and Genomic Processing: Most
reviewed studies utilized whole-genome sequencing
(WGS) data generated on Illumina or Oxford Nanopore
platforms. Raw sequencing reads were quality-filtered
and assembled using standard bioinformatics tools such
as SPAdes or Unicycler. Genome annotation was
performed using Prokka, while resistance genes were
identified through alignment against curated databases
including CARD and ResFinder.

Feature extraction approaches varied across studies and
included:

e Presence or absence of resistance genes

o Single nucleotide polymorphisms (SNPs)

o k-mer frequency profiles

e Protein domain signatures
These genomic features were paired with phenotypic
antimicrobial susceptibility testing (AST) results to
create labeled datasets for supervised learning.

Machine Learning Models: Multiple machine learning
classifiers were evaluated, including random forest (RF),
support vector machines (SVM), gradient boosting, and
deep neural networks. Models were trained using 70—
80% of datasets and validated on independent test sets.
Performance metrics included accuracy, sensitivity,
specificity, Fl-score, and area under the receiver
operating characteristic curve (AUC). Cross-validation
and hyperparameter optimization were applied to
minimize overfitting. Some studies also employed
explainable Al frameworks to identify genomic features
contributing most strongly to resistance predictions.

RESULTS

Predictive Performance Across Algorithms: Genome-
based ML models consistently demonstrated strong
predictive capability for AMR across diverse bacterial
species. Random forest and gradient boosting models
achieved high classification accuracy, while deep
learning approaches provided enhanced sensitivity in
detecting complex resistance mechanisms. (1%

Table 1. Representative performance of ML models
for AMR prediction

91.4

88.2 85.6 90.1 0.91
92.8 91.5 93.4 0.95
94.1 93.2 94.6 0.97

Deep neural networks achieved the highest overall
performance, particularly in identifying resistance driven
by multiple interacting mutations.

Detection of Resistance Mechanisms: ML-assisted
genomic analysis successfully detected both known
resistance genes and previously uncharacterized
mutations associated with beta-lactam, fluoroguinolone,
and aminoglycoside resistance. k-mer—based models
were especially effective in capturing subtle sequence
variations, enabling prediction even when classical
resistance markers were absent. (11151

Clinical Translation: Several studies reported that
genome-to-resistance predictions could be produced
within 6-12 hours following sequencing, substantially
faster than conventional culture-based susceptibility
testing. Pilot hospital implementations demonstrated
reductions in inappropriate antibiotic prescriptions and
improved antimicrobial stewardship.

Table 2. Comparison of conventional AST and ML-
based genomic prediction

48-72 hours 6-—12 hours

Limited High
Moderate High
Low High

These findings highlight the practical advantages of Al-
driven approaches for rapid clinical decision-making.

DISCUSSION

The integration of bioinformatics and machine learning
represents a paradigm shift in antimicrobial resistance
surveillance. Traditional diagnostics rely on phenotypic
growth inhibition assays, which are slow and often fail
to detect emerging resistance mechanisms. In contrast,
ML models leverage genomic information to provide
rapid and comprehensive resistance profiles. A major
strength of ML-based AMR prediction lies in its ability
to model complex genotype—phenotype relationships.

18 |Page



Ghosh G. Bioinformatics and Machine Learning for Predicting Antimicrobial Resistance Patterns.

Deep learning systems capture nonlinear interactions
among genes and mutations, offering superior predictive
accuracy compared with rule-based methods. Moreover,
ML-assisted genome-wide association studies have
expanded the known landscape of resistance
determinants. Nevertheless, several challenges remain.
Dataset bias is a significant limitation, as most training
data originate from high-income regions, reducing model
generalizability in low-resource settings. Additionally,
black-box algorithms raise concerns regarding clinical
interpretability and regulatory acceptance. Explainable
Al techniques are therefore essential for identifying
biologically meaningful predictors and building clinician
trust, [16-201

Data standardization also requires attention. Variability
in sequencing quality and AST protocols introduces
noise that impacts model robustness. Establishing global
standards for AMR data reporting will be critical for
scalable implementation. From a public health
perspective, Al-driven AMR prediction holds promise
for real-time surveillance, outbreak detection, and
personalized antimicrobial therapy. Future
developments may include federated learning platforms,
enabling institutions to collaboratively train models
while preserving patient privacy. Hybrid frameworks
combining microbial physiology with ML inference
could further improve reliability.

CONCLUSION

Bioinformatics and machine learning have emerged as
transformative tools for predicting antimicrobial
resistance directly from genomic data. Current evidence
demonstrates high predictive accuracy, rapid turnaround
times, and the ability to uncover novel resistance
mechanisms. While challenges related to data bias,
interpretability, and infrastructure persist, continued
advances in Al and genomics are likely to revolutionize
clinical microbiology and antimicrobial stewardship.
Strategic integration of these technologies, supported by
standardized data practices and ethical governance, will
be essential for mitigating the global burden of
antimicrobial resistance and safeguarding future
therapeutic efficacy.

DECLARATION

Ethics Approval and Consent to Participate: Not
applicable, as this study is based on secondary analysis
of previously published data and did not involve direct
human or animal participants.

Consent for Publication: Not applicable.

Availability of Data and Materials: All data analyzed
in this article were obtained from publicly available
scientific literature and databases.

Competing Interests: The authors declare that they
have no competing interests.

Funding: This research received no specific grant from
any funding agency in the public, commercial, or not-
for-profit sectors.

Authors’ Contributions: All authors contributed
equally to the conceptualization, literature review,
analysis, drafting, and final approval of the manuscript.

Acknowledgements: The authors acknowledge the
contributions of researchers whose work formed the
basis of this review.

REFERENCES

1. RenY, Chakraborty T, Doijad S, et al. Prediction of
antimicrobial resistance based on whole-genome
sequencing and machine learning. Bioinformatics.
2022;38(2):325-334.
doi:10.1093/bioinformatics/btab681

2. XuY, MaoY, Hua X, et al. Machine learning-based
prediction of antimicrobial resistance and
identification of AMR-related SNPs in
Mycobacterium tuberculosis. BMC Genomic Data.
2025;26:48. doi:10.1186/512863-025-01338-x

3. Liu X, Long S, Chen F, et al. Genomic and machine
learning approaches to predict antimicrobial
resistance in  Stenotrophomonas maltophilia.
Microbiol Spectr. 2025;13(8):e0263224.
doi:10.1128/spectrum.02632-24

4. Tang R, Luo R, Tang S, Song H, Chen X. Machine
learning in predicting antimicrobial resistance: a
systematic review and meta-analysis. Int J
Antimicrob Agents. 2022;60(5-6):106684.
doi:10.1016/j.ijantimicag.2022.106684

5. Ardila CM, Yadalam PK, Gonzalez-Arroyave D.
Integrating whole genome sequencing and machine
learning for predicting antimicrobial resistance in
critical pathogens: a systematic review. Peer].
2024;12:€18213. d0i:10.7717/peerj.18213

6. Arango-Argoty G, Garner E, Pruden A, et al.
DeepARG: a deep learning approach for predicting
antibiotic resistance genes from metagenomic data.
Microbiome. 2018;6:23. doi:10.1186/s40168-018-
0401-z

7. Valavarasu S, Sangu Y, Mahapatra T. Prediction of
antibiotic resistance from antibiotic susceptibility
testing results from surveillance data using machine
learning. Sci Rep. 2025;15:305009.
d0i:10.1038/541598-025-14078-w

8. Gao Y, Li H, Zhao C, et al. Machine learning and
feature extraction for rapid antimicrobial resistance
prediction of Acinetobacter baumannii. Front
Microbiol. 2024;14:1320312.
d0i:10.3389/fmich.2023.1320312

19| Page



10.

11.

12.

13.

14.

Kumar NR, Balraj TA, Cooper KK, et al. Whole-
genome sequencing and bioinformatic tools powered
by machine learning to identify antibiotic-resistant
genes and virulence factors in Escherichia coli from
sepsis. Microb  Genom.  2025;11(8):001465.
d0i:10.1099/mgen.0.001465

Singh R, Lin Y-W, Zhao J, Li J. Atrtificial
intelligence and machine learning in antimicrobial
discovery, resistance prediction, and precision
therapy. Int J Antimicrob Agents. 2026; (online
ahead of print).
doi:10.1016/j.ijantimicag.2026.107715

Tang R, Luo R, Tang S, et al. Machine learning in
predicting antimicrobial resistance: a systematic
review and meta-analysis. Int J Antimicrob Agents.
2022;60:106684.
doi:10.1016/j.ijantimicag.2022.106684

Yang MR, Wu Y-W. Enhancing predictions of
antimicrobial resistance of pathogens by expanding
the potential resistance gene repertoire using a pan-
genome-based feature selection approach. BMC
Bioinformatics. 2022;23:131. do0i:10.1186/s12859-
022-04666-2

Ren Y, Chakraborty T, et al. Evaluation of whole
genome sequence encoding methods for AMR
prediction with ML. Bioinformatics. 2022;38:325-
334. doi:10.1093/bioinformatics/btab681

XuY, MaoY, Hua X, et al. ML framework for MTB
AMR prediction with SHAP explanations. BMC
Genomic Data. 2025;26:48. doi:10.1186/s12863-
025-01338-x

15

16.

17.

18.

19.

20.

. Arango-Argoty G, Pruden A, Heath LS, et al.

DeepARG-DB expands ARG databases for
metagenomic  AMR  prediction.  Microbiome.
2018;6:23. doi:10.1186/s40168-018-0401-z

Ardila CM, Yadalam PK, Gonzélez-Arroyave D.
ML and WGS integration for AMR prediction.
PeerJ. 2024;12:¢18213. doi:10.7717/peerj.18213
Valavarasu S, Sangu Y, Mahapatra T. Antibiotic
resistance prediction from surveillance AST data
using ML. Sci Rep. 2025;15:305009.
d0i:10.1038/541598-025-14078-w

Gao Y, Li H, Zhao C, et al. Rapid AMR prediction
for A. baumannii from WGS using ML models.
Front Microbiol. 2024;14:1320312.
doi:10.3389/fmicb.2023.1320312

Ren Y, Chakraborty T, Doijad S, et al. Whole-
genome ML prediction of AMR in E. coli.
Bioinformatics. 2022;38:325-334.
doi:10.1093/bioinformatics/btab681

Xu Y, Mao Y, Hua X, et al. Gradient boosting
classifier for MTB resistance phenotypes using
WGS and ML. BMC Genomic Data. 2025;26:48.
d0i:10.1186/s12863-025-01338-x

How to cite this article: Ghosh G. Bioinformatics and
Machine Learning for Predicting Antimicrobial
Resistance Patterns. SPJP J. Multidiscip.  Sci.
2025;1(2):17-20. doi: 10.62502/spjpjms/vli2art5

20| Page



