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ABSTRACT

Microbial resistance has long been linked to antibiotic resistance, a serious worldwide health issue.
But as technology advances quickly in this day and age, a related phenomenon in the field of
artificial intelligence [Al] is beginning to take shape. In order to better understand the idea of
"antibiotic resistance" in the context of artificial intelligence [Al], this study will compare and contrast
the evolution of bacterial resistance with potential obstacles in the design and implementation of
intelligent systems. The increasing prevalence of Al systems across several industries highlights
the striking similarities between their capacity to adapt and withstand hostile attacks and changing
surroundings, and the biological resistance mechanisms seen in bacteria. This study explores the
causes behind Al resistance, looking at how data drift, adversarial manipulations, and changing
user behavior might cause machine learning systems to lose their effectiveness over time. The
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paper also examines the ethical ramifications of Al resistance, addressing issues with biases,
unforeseen outcomes, and the influence of intelligent systems on society that are resistant to
change or intervention. The area of antibiotic stewardship in medicine serves as an inspiration for
the paper's discussion of potential mitigation techniques for Al resistance. Through the identification
of parallels between Al resistance and antibiotic resistance in bacteria, this study adds to a better
comprehension of the difficulties pertaining to the long-term viability and efficiency of intelligent
systems. Since Al will continue to be a major influence on the future, it is critical to address the
problem of "antibiotic resistance" in this context in order to ensure that Al is developed responsibly

and ethically.

Keywords: Antibiotic resistance; artificial intelligence; evolutionary algorithms; ethical implications;
unintended consequences; intelligent systems; antibiotic stewardship; responsible Al.

1. INTRODUCTION

Antibiotic resistance, a growing concern in
modern medicine and public health, is a
phenomenon where bacteria and other

microorganisms evolve and develop mechanisms
to resist the effects of antibiotics, rendering them
ineffective [1]. This resistance diminishes the
ability of antibiotics to treat infections and
increases the risk of spread, severity, and
duration of illnesses [2]. The rise of antibiotic-
resistant bacteria poses a significant threat to
global health, challenging the very foundation of
modern medicine and necessitating urgent and
coordinated efforts to address this critical issue.
Antibiotics, also known as antibacterials,
revolutionized medicine when they were
discovered in the early 20th century. These
medications have saved countless lives by
effectively treating bacterial infections, thereby
reducing morbidity and mortality [3]. However,
over time, the misuse and overuse of antibiotics
in human and animal health, as well as in
agriculture, have fueled the emergence of
antibiotic resistance.

1.1 Public Health Impact

Antibiotic resistance jeopardizes the treatment of
common infections, leading to prolonged illness,
increased mortality, and higher healthcare costs
[4]. Routine medical procedures such as
surgeries, chemotherapy, and organ transplants
become risky due to the increased likelihood of
bacterial infections.

1.2 Economic Consequences

The economic burden of antibiotic resistance is
substantial, including increased healthcare costs,
prolonged hospital stays, decreased productivity
due to illness, and reduced effectiveness of
existing antibiotics [5].

1.3 Agricultural and Environmental

Concerns

Antibiotics used in agriculture contribute to the
development of resistant bacteria, affecting both
human and animal health [6]. Antibiotic-resistant
bacteria and genes can spread through
contaminated water, soil, and food, posing a risk
to the environment.

1.4 Global Spreading

Antibiotic resistance is not confined by
geographical or political boundaries. Resistant
bacteria can spread internationally through
travel, trade, and migration [7]. A resistant
bacterium emerging in one part of the world can
quickly become a global threat.

1.5 Limited Treatment Options

As antibiotic resistance continues to rise; the
number of effective antibiotics decreases. Some
infections have become nearly untreatable with
existing antibiotics, necessitating the
development of new drugs and innovative
approaches [8].

2. METHODOLOGIES AND ALGORITHMS

Various methodologies and algorithms are
employed in predicting antibiotic resistance
patterns using artificial intelligence [Al some of
them are mentioned in the Table 1 given below.
These approaches leverage the power of
machine learning and data analysis.

3. APPLICATIONS OF ARTIFICIAL
INTELLIGENCE Al IN PREDICTING
ANTIBIOTIC RESISTANCE PATTERNS

Several successful applications of artificial
intelligence Al in predicting antibiotic resistance
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patterns have demonstrated significant impact in
the field of healthcare.

3.1 Resolute  Al: Predicting  Antibiotic
Resistance in Escherichia coli

RESOLUTEAI, a machine learning model, was
developed to predict antibiotic resistance in
genomic and clinical data. The model accurately
predicted  antibiotic  resistance, enabling
healthcare professionals to tailor antibiotic
treatments for Escherichia coli infections, thus
optimizing antibiotic use and improving patient
outcomes [22].

3.2 Deep Antimicrobial Resistance [AMR:
Predicting Antimicrobial Resistance
in Pathogenic Bacteria

Deep Antimicrobial Resistance AMR is a deep
learning model designed to predict antimicrobial
resistance in various pathogenic bacteria using
whole-genome  sequencing data. Deep
Antimicrobial Resistance AMR demonstrated
high accuracy in predicting antibiotic resistance,
providing a valuable tool for guiding clinicians in
selecting appropriate antibiotic treatments and
potentially reducing the spread of resistant
strains [23,24].

Table 1. Various methodologies and algorithms are employed in predicting antibiotic
resistance patterns

S.NO Characters Methodology Algorithms Reference
In supervised learning, Common supervised [9,10]
1 Supervised the Al model is trained on learning algorithms
learning labeled datasets, where include logistic
each data point is regression, decision
associated with a label trees, random forests,
[e.g., antibiotic resistance support vector
or susceptibility. machines [SVM, and
neural networks.
Deep learning is a subset  Convolutional Neural [11,12]
2 Deep learning of machine learning that Networks [CNNs,
involves training deep Recurrent Neural
neural networks with Networks [RNNs, Long
multiple layers to extract  Short-Term Memory
intricate patterns from [LSTM networks, and
complex data. Gated Recurrent Units
[GRUs are popular
deep learning
algorithms for antibiotic
resistance prediction
Feature selection Techniques such as [13]
3 Feature selection involves identifying the recursive feature
and engineering most informative features elimination [RFE,
from the data to improve  principal component
model performance. analysis [PCA, and
Feature engineering domain-specific
involves creating new feature engineering
features based on are commonly used in
existing data this context.
Ensemble learning bagging, boosting [14,15]
4 Ensemble combines the predictions [e.g., Ada Boost,

learning

of multiple individual
models to improve overall
prediction accuracy and
robustness.

gradient boosting, and
stacking are popular
ensemble learning
techniques used for
antibiotic resistance
prediction
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S.NO Characters Methodology Algorithms Reference
Transfer learning Pre-trained deep [16,17]
5 Transfer learning leverages knowledge learning models, such
gained from one task to as transfer learning
improve performance on  using models like
a related task. BERT or GPT
[Generative Pre-
trained Transformer,
can be adapted and
fine-tuned for antibiotic
resistance prediction
tasks.
Reinforcement learning Q-learning, Deep Q [18,19]
Reinforcement involves an agent Networks [DQN, and
learning interacting with an policy gradient
environment and learning methods can be
to make decisions to applied to optimize
achieve a goal. antibiotic treatment
strategies based on
predicted resistance
patterns.
Hybrid approaches Combining supervised  [20,21]
6 Hybrid combine multiple learning with
approaches methodologies to reinforcement learning

improve prediction

accuracy and robustness.

or using an ensemble
of deep learning and
traditional machine
learning models are
examples of hybrid
approaches.

3.3 Kleborate: Predicting Resistance in
Klebsiella pneumoniae

Kleborate is an Al tool that predicts
antibiotic resistance profiles in Klebsiella
pneumoniae, a bacterium notorious for antibiotic
resistance. The tool assists clinicians in selecting
the most effective antibiotics for treating
infections caused by Klebsiella pneumoniae,
thereby improving patient care and management
[25].

3.4 Meta Sub: Metagenomic Analysis for
Antibiotic Resistance Prediction

MetSub is an Al-powered metagenomic analysis
tool that predicts antibiotic resistance by
analyzing microbial communities in various
environments, including urban metagenomic
samples. This tool provides insights into
antibiotic resistance patterns in diverse microbial
populations, aiding in the design of effective
public health interventions to mitigate the spread
of resistance [26].

3.5 ARG-ANNOT: Antibiotic Resistance
Gene Prediction

ARG-ANNOT is an Al-based tool for predicting
antibiotic resistance genes in bacterial genomes,
contributing to understanding the genetic basis of
antibiotic resistance. By identifying antibiotic
resistance genes, researchers can gain insights
into resistance mechanisms, facilitating the
development of targeted interventions to combat
resistance effectively [27,28].

3.6 Antibiotic Selector Tool: Enhancing
Clinical Decision-Making

An Al-powered antibiotic selector tool has been
developed to assist healthcare professionals in
choosing appropriate antibiotics based on
patient-specific information and local resistance
patterns. This tool enhances clinical decision-
making by optimizing antibiotic use and reducing
the risk of inappropriate antibiotic prescriptions,
contributing to combating antibiotic resistance
[29].
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4. Al REVOLUTIONIZING DRUG
DISCOVERY AND DEVELOPMENT

The field of drug research and discovery is
changing as a result of artificial intelligence [Al,
which  uses  sophisticated  computational
algorithms to examine massive volumes of data
much faster than using conventional techniques.
With the use of Al, researchers can more
accurately and efficiently forecast molecular
interactions, find promising drug candidates, and
improve therapy regimens. Al has the ability to
expedite the discovery of promising compounds,
simplify clinical trials, and save expenses. This
might lead to the quicker release of novel drugs
and better treatment of unmet medical needs. All
things considered, artificial intelligence [Al is
transforming drug discovery and development by
offering creative answers to challenging
problems in pharmaceutical research. Artificial
intelligence [Al is transforming the drug discovery
and development process for new antibiotics,
expediting the traditionally time-consuming and
expensive endeavor.

4.1 Drug Target Identification

Al algorithms analyze biological data, including
genomics, proteomics, and disease pathways, to
identify potential drug targets in bacterial
pathogens. By understanding the genetic
material and molecular mechanisms underlying
bacterial  infections, Al  helps  pinpoint
vulnerabilities that can be targeted by antibiotics
[30].

4.2 Compound Screening and Selection

Al enables high-throughput screening of vast
chemical databases to identify compounds with
antibiotic potential. Machine learning models
predict the likelihood of a compound being an
effective antibiotic based on its chemical
structure and known antibiotic properties [31].

4.3 Molecular and

Optimization

Design Drug

Al-driven generative models assist in designing
new molecules with desired antibiotic properties.
Reinforcement learning algorithms optimize
molecular  structures, improving antibiotic
efficacy, specificity, and safety profiles [32].

4.4 Predicting Antibiotic Efficacy

Al models predict the effectiveness of potential
antibiotics against specific bacterial strains. By

analyzing molecule interactions and drug-target
binding affinities, Al assesses how likely a drug is
to combat antibiotic-resistant bacteria [33].

4.5 Drug Repurposing

Al analyzes existing drugs and their mechanisms
of action to identify candidates that can be
repurposed as antibiotics. Algorithms predict
which non-antibiotic drugs may have antibacterial
properties, saving time and resources in the drug
development process [34].

4.6 Clinical Trial Optimization

Al optimizes the design and execution of clinical
trials for new antibiotics, enhancing trial
efficiency and success rates. Predictive analytics
models help in patient selection, dosing
optimization, and predicting trial outcomes,
ultimately accelerating the drug development
timeline [35].

4.7 Personalized Medicine for Antibiotic
Selection

Al analyzes patient data to provide personalized
antibiotic recommendations based on the
patient's infection type, antibiotic susceptibility
profiles, and medical history. This personalized
approach ensures the right antibiotic is
administered to the right patient at the right time,
improving treatment outcomes [36].

5. ADVERSE EVENT PREDICTION

Al models predict the potential adverse effects of
antibiotics during the development stage. By
identifying safety concerns early in the
development process, Al helps refine antibiotic
candidates, ensuring safety and efficacy [37].

5.1 Predicting Antibiotic Efficacy

Al algorithms, particularly machine learning
models, analyze a vast array of data, including
molecular structures, genomic information of
bacteria, and clinical outcomes of antibiotic
treatments. These algorithms learn patterns and
relationships between antibiotic properties and
their effectiveness in inhibiting or killing bacteria.
Al identifies relevant features, such as molecular
properties or bacterial characteristics, that are
critical in determining antibiotic efficacy. By
focusing on important features, Al models
enhance the accuracy of predictions regarding
how effective an antibiotic will be against specific
bacterial strains [38-43].
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5.2 Quantitative
Relationship [QSAR]

Structure-Activity

Al, especially QSAR models, correlates the
chemical structure of antibiotics with their
biological activity, aiding in predicting the
potential efficacy of new antibiotic compounds.
QSAR models assess how variations in
molecular structure influence antibiotic potency
and thus guide the design of more effective
drugs [44].

5.3 Predicting Bacterial Growth Inhibition

Al models analyze the growth curves and
biological responses of bacteria to different
antibiotics, predicting the growth inhibition
dynamics and optimal dosages required for
effective  treatment.  Understanding  how
antibiotics impact bacterial growth aids in
determining the appropriate concentration and
dosing regimen [45].

5.4 Genomic Analysis and Resistance
Prediction

Al algorithms analyze genomic data of bacteria
to predict antibiotic resistance, which indirectly
assesses efficacy. By identifying genetic markers
associated with resistance, Al predicts which
antibiotics may still be effective against certain
bacterial strains.

5.5 Predicting Antibiotic Safety

Al employs predictive modeling to anticipate
potential adverse effects of antibiotics based on
chemical properties, structural characteristics,
and historical adverse event data. Machine
learning algorithms learn to correlate certain drug
properties with known adverse events, aiding in
the early identification and mitigation of safety
risks. Al analyzes vast amounts of clinical trial
data, identifying patterns and associations
between antibiotic usage and reported adverse
events. Al helps identify safety concerns,
allowing for adjustments in dosing,
administration, or formulation to enhance safety
profiles. Al considers individual patient data,
including medical history, comorbidities, and
demographics, to predict the likelihood of
adverse effects for a specific antibiotic. This
personalized approach helps tailor antibiotic
prescriptions, considering safety concerns for
each patient [46,47].

Al has made significant contributions to antibiotic
drug development by expediting the process of
discovering and optimizing new antibiotics.

6. In silico MEDICINE: AI-DRIVEN DRUG
DISCOVERY FOR ANTIBIOTICS

In silico Medicine utilizes Al to design new
antibiotics  through  generative  adversarial
networks [GANs and reinforcement learning. By
training models on molecular structures and
drug-target interactions, In silico Medicine
accelerates the discovery of novel antibiotic
candidates, potentially addressing antibiotic
resistance [48].

6.1 Al for
Compounds

Identifying Antibiotic

Al-driven screening expedites the discovery
process, enabling the identification of antibiotic
candidates that can be further validated and
developed [49].

6.2 Benevolent Al

Predicting Antibiotic Drug Targets: Benevolent Al
employs Al to predict drug targets for antibiotics
by integrating biological, chemical, and clinical
data. This Al-driven approach identifies potential
antibiotic targets, aiding in the design and
development of new drugs with novel
mechanisms of action [50].

6.3 IBM Watson for Drug Discovery

IBM Watson for Drug Discovery leverages Al to
analyze vast amounts of scientific literature and
genomic data to identify potential drug
candidates, including antibiotics.Al-based
analysis accelerates the identification of antibiotic
candidates, streamlining the drug discovery
process [51].

6.4 Ex Scientia: Al-Designed Antibiotics

Ex Scientia utilizes Al to design and optimize
antibiotic molecules. Al-driven design
significantly reduces the time and resources
required for antibiotic drug discovery, potentially
leading to the development of effective antibiotics
[52].

6.5 Bio-Symmetric

Bio-symmetric employs machine learning to
analyze biological data and predict
antibiotic  efficacy and safety. Al-guided

analysis aids in the identification of promising
antibiotic candidates, potentially reducing the

208



Kalyani et al.; Uttar Pradesh J. Zool., vol. 45, no. 11, pp. 203-217, 2024; Article no.UPJOZ.3476

time and costs associated with

development.

drug

6.6 Patient Data Integration

Gathers and integrates diverse patient data,
including medical history, demographics,
laboratory results, and clinical observations, to
create a comprehensive patient profile. Al
algorithms standardize and normalize the data
for consistency and effective analysis [53,54].

6.7 Clinical
CDSS

Decision Support Systems

Al-powered CDSS employs predefined rules and
guidelines to recommend appropriate antibiotics
based on the patient's diagnosis, comorbidities,
and known antibiotic sensitivities of the infecting
bacteria [55]. Al algorithms learn from historical
patient data to provide real-time
recommendations, taking into account a broader
range of patient-specific variables.

6.8 Predicting Antibiotic Susceptibility

Al models predict antibiotic resistance patterns of
the infecting bacteria by analyzing the microbial
genomic data and antibiotic resistance
databases. Predicting antibiotic resistance
guides clinicians in selecting the most effective
antibiotic, optimizing treatment, and reducing the
risk of treatment failure.

6.9 Dosing Optimization

Al adjusts antibiotic dosages based on patient
factors such as renal function, weight, age, and
specific drug interactions [56].

6.10 Monitoring and Feedback

Al-enabled systems continuously monitor patient
vitals, laboratory results, and clinical responses
to treatment in real time. Al alerts healthcare
providers when necessary, facilitating timely
adjustments to the antibiotic regimen based on
the patient's progress or any emerging
complications [57].

6.11 Antibiotic Stewardship

Al offers educational resources and guidelines to
both healthcare providers and patients,
promoting responsible antibiotic use and
antimicrobial stewardship [58].

7. SIGNIFICANCE OF Al
EMERGENCE OF
RESISTANT STRAINS

IN THE
ANTIBIOTIC-

Artificial intelligence [Al plays a crucial role in
understanding the spread of antibiotic-resistant
strains and informing public health policies to
effectively combat antibiotic resistance.

7.1 Analyzing Transmission Patterns

Al algorithms process and analyze diverse data
sources, including genomic data, clinical records,
patient movements, and epidemiological data. By
identifying patterns in the transmission of
resistant strains, Al helps understand how
resistant bacteria spread within communities and
healthcare settings [59].

7.2 Identifying Hotspots and Outbreaks

Al tools can pinpoint geographic areas or
healthcare facilities where antibiotic-resistant
strains are prevalent, indicating potential
hotspots or outbreak zones. Identifying these
areas is critical for deploying targeted
interventions and allocating resources efficiently
[60].

7.3 Modeling Resistance Dynamics

Al employs mathematical and computational
models to simulate the dynamics of antibiotic
resistance spread. These models predict how
resistance develops, evolves, and spreads within
populations, aiding in strategic planning and
policy formulation [61].

7.4 Contact
Analysis

Tracing and Network

Al can analyze contact networks to trace the
spread of resistant strains, particularly in
healthcare settings. By identifying high-risk
contacts and assessing transmission routes, Al
informs infection control measures to contain the
spread [62].

7.5 Integration of Multisource Data

Al integrates data from human health, animal
health, and environmental samples to adopt a
One Health approach. By considering the
interconnectedness of antibiotic use and
resistance across different sectors, Al informs
policies to address the root causes of resistance
[63].
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7.6 Optimizing Antibiotic Use Policies

Al analyzes prescribing patterns and antibiotic
use across healthcare facilities to identify areas
of overuse or misuse. Insights from Al help in
tailoring antibiotic use policies, promoting
judicious use, and reducing selective pressure
for resistance [64].

7.7 Evaluating Intervention Strategies

Al models can simulate the impact of various
intervention strategies [e.g., vaccination, hygiene
practices on resistance spread. Policymakers
use these simulations to evaluate the
effectiveness of different interventions and
choose the most impactful strategies [65].

7.8 Public Awareness and Education

Al-powered tools can analyze social media and
online platforms to understand public perceptions
and knowledge regarding antibiotics and
resistance. This understanding helps in crafting

targeted public awareness campaigns and
educational initiatives [66].

By harnessing Al's capabilities to understand the
spread of resistant strains and inform evidence-
based public health policies, we can develop
effective  strategies to combat antibiotic
resistance, preserve the efficacy of antibiotics,
and safeguard public health. Integrating Al to
combat antibiotic resistance presents several
challenges and limitations that need to be

addressed for optimal utilization of this

technology.

8. PRIMARY DIFFICULTIES AND
THOUGHTS

Even though we have great potential in exploring
the artificial intelligence in the antibiotic
resistance and also in the medical field there are
some challenges and consideration to overcome,
some of them are listed out in the Table 2 given
below.

Table 2. Challenges and consideration about the utilization of Artificial Intelligence in medicine

making it challenging to

trust and acceptance

S.NO Aspects Challenges Considerations Reference
Al models require large, Efforts should focus
high-quality datasets for on data
training and validation. standardization,

However, obtaining sharing, and
Data quality and comprehensive and collaboration to create  [67]
quantity standardized antibiotic robust datasets that

resistance data can be can effectively train Al

challenging due to models

variations in data formats,

data availability, and data

privacy concerns.

Al models may encounter  Diverse and

issues of bias and representative

overfitting, especially if the datasets should be

training data is not used to train Al
Generalizability and representative or diverse models, and
bias enough, leading to limited  measures should be [68]

generalizability across taken to mitigate bias

different populations, during model

geographic regions, or development and

healthcare settings. validation

Many Al models, Efforts to develop Al

especially deep learning models with higher

models, are often seen as interpretability and
Interpretability and  "black boxes" due to their  explainability should
explainability complex architectures, be prioritized to gain [69]
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S.NO Aspects

Challenges

Considerations Reference

explain their decision-

from the healthcare

Regulatory and
4 ethical concerns

making processes to community
healthcare professionals

and stakeholders.

The use of Al in Comprehensive

healthcare, including
combating antibiotic
resistance, raises ethical
and regulatory questions
related to privacy,
informed consent, liability,
and compliance with
existing healthcare
regulations.

ethical guidelines and
regulatory frameworks
should be developed [70]
and implemented to

ensure the

responsible and

ethical use of Al in
combating antibiotic
resistance

Resource and
5 infrastructure
constraints

Implementation of Al often
requires substantial
resources, including high-
performance computing
infrastructure, skilled
personnel, and financial
investments, which may
not be readily available,
especially in low-resource
settings.

Efforts should focus

on promoting

collaborations,

providing funding

support, and building
capacity in resource- [71]
constrained regions to
bridge the gap in Al

adoption for antibiotic
resistance.

Integration with
6 clinical workflow

Integration of Al tools into
the clinical workflow poses
challenges related to user
acceptance, workflow
disruption, and the need
for seamless integration
within electronic health
record systems.

Collaboration between

Al developers,

healthcare providers,

and IT experts is

essential to designing  [72]
Al solutions that align

with the clinical

workflow and are

easily adoptable by

health professionals.

Lack of real-world
7 validation

Many Al applications
related to antibiotic
resistance remain in the
research or experimental
phase, lacking real-world
validation and extensive
clinical testing.

Emphasis should be

placed on conducting
rigorous validation

studies in real-world

clinical settings to [73]
demonstrate the
effectiveness,

reliability, and safety

of Al-driven solutions

8.1 Future Advancements

Future advancements
further research in

8.1.1 Potential

future advancements and

research directions

and areas for
integrating

artificial

8.1.1.1 Enhanced prediction accuracy

intelligence Al to combat antibiotic resistance are
promising and hold significant potential for
enhancing our approach to managing antibiotic
resistance.

Future research should focus on improving the
accuracy and precision of Al models in predicting
antibiotic resistance. Advancements in machine
learning algorithms, integration of multi-omics
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data, and refining predictive features can
contribute to more reliable resistance predictions
[74].

8.1.1.2 Explainable Al in healthcare

Advancements in "explainable Al" XAl are crucial
to building trust and acceptance of Al models in
clinical practice. Research should emphasize
developing Al models that provide transparent
explanations for their predictions, enhancing their
interpretability and usability by healthcare
professionals [75].

8.1.1.3 Real-time surveillance and monitoring

Future Al-driven solutions should aim to provide
real-time monitoring and surveillance of antibiotic
resistance, allowing for immediate responses to
emerging resistance patterns. Integration with
electronic health records and rapid data
processing can enable timely interventions and
better containment of antibiotic resistance [76].

8.1.1.4 Integration of multi-modal data

Research should explore integrating various data
types, including genomics, proteomics,
metabolomics, and clinical data, into Al models.
A comprehensive analysis of multi-modal data
can uncover complex resistance mechanisms
and guide the development of targeted therapies
[77].

8.1.1.5 Personalized antibiotic regimens

Future Al models should focus on personalizing
antibiotic regimens based on individual patient
characteristics, including genetics, microbiome
composition, and clinical history. Tailoring
antibiotic prescriptions to specific patient profiles
can optimize treatment outcomes and minimize
resistance development [78].

8.1.1.6 Incorporating pharmacokinetics and
pharmacodynamics
Advancements in Al should integrate

pharmacokinetic and pharmacodynamic
principles to optimize antibiotic dosing. Al
algorithms can model drugs [79].

8.1.1.7 Al-guided antibiotic development
Research should emphasize leveraging Al for

drug discovery and development, especially for
novel antibiotics. Generative models,

reinforcement learning, and drug repurposing
approaches can accelerate the identification and
validation of potential antibiotic candidates [80].

8.1.1.8 Global data sharing and collaboration

Encouraging global data sharing initiatives,
fostering international collaborations, and pooling
data from diverse geographical regions can
enhance Al models' robustness  and
generalizability. Collective efforts can lead to a
more comprehensive understanding of antibiotic
resistance on a global scale [81].

8.1.1.9 Ethical, legal, and social implications
ELSI research

Given the ethical and privacy concerns
associated with Al and healthcare data, research
should focus on addressing the ethical, legal,
and social implications. This includes developing
frameworks, guidelines, and policies that ensure
the responsible and ethical use of Al in
combating antibiotic resistance [82].

8.1.1.10 Healthcare
education

provider training and

Future research should explore effective ways to
train and educate healthcare providers about
utilizing Al tools for antibiotic decision-making.
Integrating Al education into medical curricula
and continuous training programs will be crucial
for successful implementation and adoption [83].

9.CONCLUSION

Artificial Intelligence promises transformative
potential in combating this global health threat.
Through tailoring prescriptions to individual
patient profiles and forecasting antibiotic
effectiveness, dosage, and safety, Artificial
Intelligence facilitates the optimization of
antibiotic  therapies, ultimately leading to
improved treatment outcomes. Furthermore,
Artificial  Intelligence streamlines the drug
development process by identifying potential
antibiotic  candidates, refining  molecular
structures, and expediting research. Crucially, Al
contributes to surveillance efforts by analyzing
resistance trends, predicting epidemics, enabling
early diagnosis, and offering insights vital to
shaping public health policies. However,
addressing challenges such as data quality, bias,
privacy concerns, ethical considerations,
regulatory hurdles, and resource constraints is
imperative. Future research should prioritize
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accuracy, developing

explainable Artificial Intelligence, implementing

real-time

surveillance  systems, integrating

diverse data sources, and tailoring antibiotic
regimens to individual needs.

COMPETING INTERESTS

Authors have declared that

no competing

interests exist.

REFERENCES

1.

Uddin TM, Chakraborty AJ, Khusro A,
Zidan BR, Mitra S, Emran TB, Dhama K,
Ripon MK, Gajdacs M, Sahibzada MU,

Hossain MJ. Antibiotic resistance in
microbes: History, mechanisms,
therapeutic strategies and future

prospects. Journal of infection and public
health. 2021;14(12):1750-66.

Mancuso G, Midiri A, Gerace E, Biondo C.
Bacterial antibiotic resistance: The most
critical pathogens. Pathogens. 2021;10
(10):1310.

Salam MA, Al-Amin MY, Salam MT, Pawar
JS, Akhter N, Rabaan AA, Alqgumber MA,
editors. Antimicrobial resistance: A growing
serious threat for global public health.
Healthcare; 2023.

Cella E, Giovanetti M, Benedetti F, Scarpa
F, Johnston C, Borsetti A, et al. Joining
Forces against Antibiotic Resistance: The
One Health Solution. Pathogens. 2023;12
(9):1074.

Pulingam T, Parumasivam T, Gazzali AM,
Sulaiman AM, Chee JY, Lakshmanan M, et
al. Antimicrobial resistance: Prevalence,
economic  burden, mechanisms  of
resistance and strategies to overcome.
European Journal of Pharmaceutical
Sciences. 2022;170:106103.

Yan Z, Xiong C, Liu H, Singh BK.
Sustainable agricultural practices
contribute significantly to One Health.
Journal of Sustainable Agriculture and
Environment. 2022;1(3):165-76.

Baker RE, Mahmud AS, Miller IF, Rajeev
M, Rasambainarivo F, Rice BL, et al.
Infectious disease in an era of global
change. Nature Reviews Microbiology.
2022;20(4):193-205.

Omeershffudin UNM, Kumar S. Emerging
threat of antimicrobial resistance in
Neisseria gonorrhoeae: pathogenesis,
treatment challenges, and potential for

10.

11.

12.

13.

14.

15.

16.

17.

18.

213

vaccine  development.  Archives  of
microbiology. 2023;205(10):330.

Eldele E, Ragab M, Chen Z, Wu M, Kwoh
C-K, Li X, Guan C. Self-supervised
contrastive representation learning for
semi-supervised time-series classification.
IEEE Transactions on Pattern Analysis and
Machine Intelligence; 2023.

Jiménez O, JeslUs A, Wong L, editors.
Model for the Prediction of Dropout in
Higher Education in Peru applying
Machine Learning Algorithms: Random
Forest, Decision Tree, Neural Network and
Support Vector Machine. 2023 33rd
Conference of  Open Innovations
Association [FRUCT; 2023.

Cesaro A, Bagheri M, Torres M, Wan F, de
la Fuente-Nunez C. Deep learning tools to
accelerate antibiotic discovery. Expert
Opinion on Drug Discovery. 2023:1-13.
Ahmed SF, Alam MSB, Kabir M, Afrin S,
Rafa SJ, Mehjabin A, Gandomi AH.
Unveiling the frontiers of deep learning:
innovations shaping diverse domains.
arXiv preprint arXiv:230902712. 2023.
Syed Mustapha S. Predictive Analysis of
Students’ Learning Performance Using
Data Mining Techniques: A Comparative
Study of Feature Selection Methods.
Applied System Innovation. 2023;6(5):86.
Huang C, Han P, Huang J. Incentive
Mechanism  Design  for  Distributed
Ensemble Learning. arXiv preprint arXiv:
231008792. 2023.

Maheswari A, Arunesh K. A
Recommendation System Based on
COVID-19 Prediction & Analyzing Using
Ensemble Boosted Machine Learning
Algorithm. SN Computer Science. 2023;4
(5):478.

Qu T, Zhao J, Guan S, Feng Y. Data-driven
multiscale modelling of granular materials
via knowledge transfer and sharing.
International Journal of Plasticity. 2023;
171:103786.

Sohail SS, Farhat F, Himeur Y, Nadeem M,
Madsen D@, Singh Y, et al. Decoding
ChatGPT: a taxonomy of existing research,
current challenges, and possible future
directions. Journal of King Saud University-
Computer and Information Sciences. 2023:
101675.

Esteso A, Peidro D, Mula J, Diaz-
Madrofiero M. Reinforcement learning
applied to production planning and control.
International  Journal of  Production
Research. 2023;61(16):5772-89.



19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

Kalyani et al.; Uttar Pradesh J. Zool., vol. 45, no. 11, pp. 203-217, 2024; Article no.UPJOZ.3476

Sanjeevi M, Hebbar PN, Aiswarya N,
Rashmi S, Rahul CN, Mohan A, et al
Methods and applications of machine
learning in structure-based drug discovery.
Advances in Protein Molecular and
Structural Biology Methods: Elsevier. 2022;
405-37.

Akhtar S, Shahzad S, Zaheer A, Ullah HS,
Kilic H, Gono R, et al. Short-Term Load
Forecasting Models: A Review of
Challenges, Progress, and the Road
Ahead. Energies. 2023;16(10):4060.
Tekkali CG, Natarajan K. RDQN: ensemble
of deep neural network with reinforcement
learning in classification based on rough
set theory for digital transactional fraud
detection. Complex & Intelligent Systems.
2023:1-20.

Moradigaravand D, Palm M, Farewell A,
Mustonen V, Warringer J, Parts L.
Prediction of antibiotic resistance in
Escherichia coli from large-scale pan-
genome data. PLoS computational biology.
2018;14(12):e1006258.

Tyson GH, McDermott PF, Li C, Chen Y,
Tadesse DA, Mukherjee S, et al. WGS
accurately predicts antimicrobial resistance
in Escherichia coli. Journal of Antimicrobial
Chemotherapy. 2015;70(10):2763-9.

Yang Y, Walker TM, Walker AS, Wilson DJ,
Peto TE, Crook DW, et al. DeepAMR for
predicting co-occurrent resistance of
Mycobacterium tuberculosis.
Bioinformatics. 2019;35[18:3240-9.
Rezaiekheirabadi M. Predicting drug
resistance in multiple pathogenic bacteria
using different approaches of Multi-task
learning; 2021.

Altayb HN, Elbadawi HS, Baothman O,
Kazmi |, Alzahrani FA, Nadeem MS,
Hosawi S, Chaieb K. Genomic analysis of
multidrug-resistant Hypervirulent
[Hypermucoviscous Klebsiella pneumoniae

strain lacking the Hypermucoviscous
regulators [rmpA/rmpA2. Antibiotics. 2022;
11(5):596.

Macesic N, Bear Don’t Walk IV OJ, Pe’er I,
Tatonetti NP, Peleg AY, Uhlemann A-C.
Predicting phenotypic polymyxin resistance
in Klebsiella pneumoniae through machine

learning analysis of genomic data.
Msystems. 2020;5(3):10.1128/msystems.
00656-19.

Zhelyazkova M, Yordanova R, Mihaylov I,
Kirov S, Tsonev S, Danko D, Mason C,
Vassilev D. Origin sample prediction and
spatial modeling of antimicrobial resistance

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

214

in  metagenomic  sequencing  data.
Frontiers in Genetics. 2021;12:642991.
Sukhum KV, Diorio-Toth L, Dantas G.
Genomic and metagenomic approaches
for predictive surveillance of emerging
pathogens and antibiotic resistance.
Clinical Pharmacology & Therapeutics.
2019;106(3):512-24.

Lv J, Deng S, Zhang L. A review of artificial
intelligence applications for antimicrobial
resistance. Biosafety and Health. 2021;3

(01):22-31.

Suzuki S, Horinouchi T, Furusawa C.
Prediction of antibiotic resistance by gene
expression profiles. Nature
communications. 2014;5(1):5792.

Tiffen J, Corbridge SJ, Slimmer L.
Enhancing clinical decision making:

development of a contiguous definition and
conceptual  framework. Journal of
professional nursing. 2014;30(5):399-405.
Yarnell CJ, Abrams D, Baldwin MR, Brodie
D, Fan E, Ferguson ND, et al. Clinical trials
in critical care: can a Bayesian approach
enhance clinical and scientific decision
making? The Lancet Respiratory Medicine.
2021;9(2):207-16.

Bianconi |, Aschbacher R, Pagani E.
Current Uses and Future Perspectives of
Genomic  Technologies in Clinical
Microbiology.  Antibiotics.  2023;12(11):
1580.

Li  X. Computational and chemical
approaches to drug repurposing. 2023.
Gao K, Wang R, Chen J, Cheng L,
Frishcosy J, Huzumi Y, et al. Methodology-
centered review of molecular modeling,
simulation, and prediction of SARS-CoV-2.
Chemical Reviews. 2022;122(13):11287-
368.

Rabaan AA, Alhumaid S, Mutair AA,
Garout M, Abulhamayel Y, Halwani MA, et
al. Application of artificial intelligence in
combating high antimicrobial resistance
rates. Antibiotics. 2022;11(6):784.

Agrawal K, Saji M, Kumar D. Drug
Repurposing in Future Drug Discovery and
Development. Drug Repurposing and
Computational Drug Discovery: Apple
Academic Press. 2024;1-26.

Christensen MC, Moskowitz A, Talati A,
Nelson RR, Rosenberg N, Gelijns AC. On
the role of randomized clinical trials in
medicine. Economics of Innovation and
New Technology. 2007;16(5):357-70.

Yang H, Fu H. Reinforcement Learning in
Personalized Medicine. Data Science, Al,



41,

42.

43.

44,

45,

46.

47.

48.

49,

Kalyani et al.; Uttar Pradesh J. Zool., vol. 45, no. 11, pp. 203-217, 2024; Article no.UPJOZ.3476

and  Machine Learning in  Drug
Development: Chapman and Hall/CRC.
2022;177-92.

Yang S, Kar S. Application of artificial
intelligence and machine learning in early
detection of adverse drug reactions [ADRs
and drug-induced toxicity. Artificial
Intelligence Chemistry. 2023:100011.
Anahtar MN, Yang JH, Kanijilal S.
Applications of machine learning to the
problem of antimicrobial resistance: an
emerging model for translational research.
Journal of Clinical Microbiology. 2021;59
(7):10.1128/jcm. 01260-20.

Teimouri H, Medvedeva A, Kolomeisky AB.
Bacteria-Specific Feature Selection for
Enhanced Antimicrobial Peptide Activity
Predictions Using Machine-Learning
Methods. Journal of Chemical Information
and Modeling. 2023;63(6):1723-33.
Ivanenkov YA, Zhavoronkov A, Yamidanov
RS, Osterman IA, Sergiev PV, Aladinskiy
VA, Aladinskaya AV, Terentiev VA, Veselov
MS, Ayginin AA, Kartsev VG. Identification
of novel antibacterials using machine
learning techniques. Frontiers in
pharmacology. 2019;10:913.

Karslake J, Maltas J, Brumm P, Wood KB.

Population  density modulates  drug
inhibition and gives rise to potential
bistability of treatment outcomes for

bacterial infections. PLoS computational
biology. 2016;12(10):e1005098.

Mori Y, Wang P, Lgberg M, Misawa M,
Repici A, Spadaccini M, et al. Impact of
artificial  intelligence on  colonoscopy
surveillance after polyp removal: a pooled
analysis of randomized trials. Clinical
Gastroenterology and Hepatology. 2023;
21(4):949-59. e2.

Hassan AM, Biaggi-Ondina A, Asaad M,
Morris N, Liu J, Selber JC, Butler CE.
Artificial intelligence modeling to predict
periprosthetic infection and explantation
following implant-based reconstruction.
Plastic and Reconstructive Surgery. 2023;
152(5):929-38.

Talat A, Khan AU. Atrtificial intelligence as a
smart approach to develop antimicrobial
drug molecules: a paradigm to combat
drug-resistant infections. Drug Discovery
Today. 2023:103491.

Shi Q, Wen H, Xu Y, Zhao X, Zhang J, Li Y,
et al. Virtual screening—based discovery of
Al-2 quorum sensing inhibitors that interact
with an allosteric hydrophobic site of LsrK

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

215

and their functional evaluation. Frontiers in
Chemistry. 2023;11:1185224.

El-Meligi AA. Future of chemistry in the
presence of artificial intelligence. South
African Journal of Chemistry. 2023;77(1):
150-6.

Sinha K, Ghosh N, Sil PC. A review on the
recent applications of deep learning in
predictive drug toxicological studies.
Chemical Research in Toxicology. 2023;36
(8):1174-205.

Lv Q, Zhou F, Liu X, ZzZhi L. Atrtificial
intelligence in small molecule drug
discovery from 2018 to 2023: Does it really
work? Bioorganic Chemistry. 2023;106894.
Singh A. Digital Health Design for
Improving Treatment Decisions; 2023.
Huang L, Qin J, Zhou Y, Zhu F, Liu L, Shao
L. Normalization techniques in training
dnns: Methodology, analysis and
application. IEEE Transactions on Pattern
Analysis and Machine Intelligence; 2023.
Gholamzadeh M, Abtahi H, Safdari R. The
Application of Knowledge-Based Clinical
Decision Support Systems to Enhance
Adherence to Evidence-Based Medicine in
Chronic Disease. Journal of Healthcare
Engineering; 2023.

Ng CK. Artificial intelligence for radiation
dose optimization in pediatric radiology: A
systematic review. Children. 2022;9(7):
1044.

Srivastava M, Siddiqui AT, Srivastava V.
Application of Atrtificial Intelligence of
Medical Things in Remote Healthcare
Delivery. Handbook of Security and
Privacy of Al-Enabled Healthcare Systems
and Internet of Medical Things: CRC
Press. 2024;169-90.

Giamarellou H, Galani L, Karavasilis T,
loannidis K, Karaiskos 1. Antimicrobial
Stewardship in the Hospital Setting: A
Narrative Review. Antibiotics. 2023;12(10):
1557.

Avellar L, Stefano Filho C, Delgado G,
Frizera A, Rocon E, Leal-Junior A. Al-
enabled photonic smart garment for
movement analysis. Scientific reports.
2022;12(1):4067.

Djordjevic SP, Jarocki VM, Seemann T,
Cummins ML, Watt AE, Drigo B, Wyrsch
ER, Reid CJ, Donner E, Howden BP.
Genomic surveillance for antimicrobial
resistance—a One Health perspective.
Nature Reviews Genetics. 2024;25(2):142-
57.



61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

Kalyani et al.; Uttar Pradesh J. Zool., vol. 45, no. 11, pp. 203-217, 2024; Article no.UPJOZ.3476

Heesterbeek H, Anderson RM, Andreasen
V, Bansal S, De Angelis D, Dye C, et al.
Modeling infectious disease dynamics in
the complex landscape of global health.
Science. 2015;347(6227):aaa4339.

Ahmed S, Yong J, Shrestha A. The Integral
Role of Intelligent IoT System, Cloud
Computing, Artificial Intelligence, and 5G in
the User-Level Self-Monitoring of COVID-
19. Electronics. 2023;12(8):1912.

Chen X, Xie H, Li Z, Cheng G, Leng M,
Wang FL. Information fusion and artificial
intelligence for smart healthcare: a
bibliometric study. Information Processing
& Management. 2023;60(1):103113.

Li C, Cui Z, Wei D, Zhang Q, Yang J, Wang
W, et al. Trends and Patterns of Antibiotic
Prescriptions in Primary Care Institutions in
Southwest China, 2017-2022. Infection
and Drug Resistance. 2023:5833-54.
Chadborn T, Williams S, Jorgensen T,
Price C, Buckel A, Altieri E. An approach
for embedding behavioural science in
Antimicrobial Resistance One Health
research. Journal of Infection and Public
Health; 2023.

Bengio Y, Cohen A, Prud’homme B, Alves
Aldl, Oder N. Innovation Ecosystems for
Socially Beneficial Al. Missing links in Al
governance. 2023:133.

Mancuso G, De Gaetano S, Midiri A,
Zummo S, Biondo C. The Challenge of
overcoming  antibiotic  resistance in
carbapenem-resistant Gram-negative
bacteria:“Attack on Titan”. Microorganisms.
2023;11(8):1912.

Masud RI, Fahim NA, Rana ML, Islam MS,
Tanvir M. Artificial intelligence, a powerful
tool to combat antimicrobial resistance: an
update. J Adv Biotechnol Exp Ther. 2023;
6:711-27.

Alizadehsani R, Hussain S, Calixto RR, de
Albuquerque VHC, Roshanzamir M,
Rahouti M, Jagatheesaperumal SK.
Explainable Artificial Intelligence for Drug
Discovery and Development--A
Comprehensive Survey. arXiv preprint
arXiv:230912177. 2023.

Dai T, Abramoff MD. Incorporating Artificial

Intelligence into Healthcare Workflows:
Models and Insights. Tutorials in
Operations Research: Advancing the

Frontiers of OR/MS: From Methodologies
to Applications: INFORMS. 2023;133-55.
Dimachk M. How to Expedite the Process
of Circular Built Environment in Toronto: A
Systemic Approach; 2023.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

216

Bizzo BC, Dasegowda G, Bridge C, Miller
B, Hillis JM, Kalra MK, et al. Addressing
the challenges of implementing artificial
intelligence tools in clinical practice:
principles from experience. Journal of the
American College of Radiology. 2023;20
(3):352-60.

Liang Z. The Product Development of
Traditional Chinese Medicine Classical
Prescription From the Perspective of
Regulatory Science: A Case Study of
Shengxian Decoction: University of Macaui;
2023.

Tipu RK, Suman, Batra V. Enhancing
prediction accuracy of workability and
compressive strength of high-performance
concrete through extended dataset and
improved machine learning models. Asian
Journal of Civil Engineering. 2023:1-22.
Loh HW, Ooi CP, Seoni S, Barua PD,
Molinari F, Acharya UR. Application of
explainable artificial intelligence  for
healthcare: A systematic review of the last
decade [2011-2022. Computer Methods
and Programs in Biomedicine. 2022:
107161.

Grundmann H. Towards a global antibiotic
resistance surveillance system: a primer
for a roadmap. Upsala journal of medical
sciences. 2014;119(2):87-95.

Li Y, Wu F-X, Ngom A. A review on
machine learning principles for multi-view
biological data integration. Briefings in
bioinformatics. 2018;19(2):325-40.
Stasevych M, Zvarych V. Innovative robotic
technologies and artificial intelligence in
pharmacy and medicine: paving the way
for the future of health care—a review. Big
Data and Cognitive Computing. 2023;
7(3):147.

Wang Y, Chen-Mayfield T-J, Li Z, Hu Q.
Recent advances in self-regulated drug
delivery devices. A Handbook of Atrtificial
Intelligence in Drug Delivery. 2023:347-69.
Yadav V, Reang J, Vinita, Tonk RK.
Artificial Intelligence and Machine Learning
in Drug Discovery. CADD and Informatics
in Drug Discovery: Springer. 2023;205-30.
Are C, Murthy SS, Sullivan R, Schissel M,
Chowdhury S, Alatise O, et al. Global
Cancer Surgery: pragmatic solutions to
improve  cancer surgery  outcomes
worldwide. The Lancet Oncology; 2023.
Cartolovni A, Tomigi¢ A, Mosler EL.
Ethical, legal, and social considerations of
Al-based medical decision-support tools: A



Kalyani et al.; Uttar Pradesh J. Zool., vol. 45, no. 11, pp. 203-217, 2024; Article no.UPJOZ.3476

scoping review. International Journal of Satisfaction  with  Implementation  of
Medical Informatics. 2022;161:104738. Telemedicine in Ambulatory Care during
83. Althumairi A, AlHabib AF, Alumran A, COVID-19. Healthcare; 2022.

Alakrawi Z, editors. Healthcare Providers’

© Copyright (2024): Author(s). The licensee is the journal publisher. This is an Open Access article distributed under the terms
of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.

Peer-review history:
The peer review history for this paper can be accessed here:
https://prh.mbimph.com/review-history/3476

217


https://prh.mbimph.com/review-history/3476

