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Abstract:

Antimicrobial resistance (AMR) presents an escalating public
health challenge, rendering conventional antibiotics increasingly
ineffective against resilient bacterial strains. Addressing the roots
of AMR is imperative, and the CRISPR Cas-9 system has
emerged as a promising avenue for exploration. This review
delves into the existing body of literature, investigating the
application of CRISPR technology for combating AMR while also
considering the role of Atrtificial Intelligence (Al) in this critical
issue. Methods: The study further examines the potential of Al to
augment CRISPR-based treatments, enhancing their efficiency
and efficacy. Leveraging an open-source Kaggle dataset and
repurposing publicly available code, this research employs Al to
predict antimicrobial resistance, employing gradients to identify
the most influential DNA segments. The input to the prediction
model comprises DNA segments, and a convolutional neural
network model with k-fold cross-validation is employed. Results:
This demonstration effectively underscores the potential of Al
within the realm of CRISPR treatment, emphasizing the necessity
for extensive future research. The results demonstrate that Al can
pinpoint genome sequences associated with resistance, thereby
contributing to both heightened resistance prediction and the
potential for mitigating resistance. Subsequently, this study
explores avenues for future research, where this knowledge can
be used to efficiently combat antimicrobial resistance.

1. Introduction

Bacterial infections are a widespread concern in today's society,
impacting most individuals at some point during their lifetimes.
Unlike viral infections, bacterial infections have historically been
more manageable due to the availability of a diverse range of
antibiotic drugs. However, the extensive and misuse of antibiotics,
coupled with various environmental factors, has given rise to a
pressing issue- the emergence of antimicrobial resistance. This
critical challenge entails bacteria developing resistance to the
antibiotics intended to combat them, creating a disconcerting
cycle where the development of stronger antibiotics is met with
the emergence of even more robust bacterial strains. This
progression has led to severe public health consequences,
including fatalities associated with sepsis. In some instances,
bacterial strains have become so resistant that conventional
antibiotic treatments prove ineffective. Recognizing the need for
innovative solutions, this study draws inspiration from the
application of Clustered Regularly Interspaced Short Palindromic
Repeats (CRISPR) gene-editing technology, which has
demonstrated promise in various fields, notably cancer research.
While CRISPR's potential in cancer research is increasingly
evident, its applicability to addressing antimicrobial resistance
remains relatively unexplored. Moreover, the integration of
CRISPR with artificial intelligence (Al) holds the potential to
precisely identify target DNA sequences—an approach that has
yielded substantial outcomes in cancer research. This research
aims to bridge existing gaps by conducting a comprehensive
review of current CRISPR-based approaches to combat
antimicrobial resistance.
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Additionally, it seeks to evaluate the feasibility of Al-guided
prediction and targeting of specific segments within antibiotic-
resistant bacterial DNA. Notably, this study is motivated by the
observation that while current literature addresses CRISPR
applications and Al-guided prediction individually, there exists a
scarcity of comprehensive research combining these two
potential treatment modalities. Moreover, the study delves into the
impact of environmental factors on antimicrobial resistance,
exploring how these factors influence bacterial behavior and
resistance patterns across diverse settings. By amalgamating
existing scholarship and empirical findings, this research
contributes novel insights into addressing antimicrobial resistance
by leveraging the synergy of CRISPR and Al technologies,
inspired by advancements in cancer research. The ultimate
objective is to provide a comprehensive perspective on potential
strategies for effectively addressing this urgent global health
challenge.

2. Bacterial Classification

Bacteria are prokaryotic microorganisms that store their genetic
material within a double-stranded DNA molecule. Certain
bacterial species also possess additional plasmids containing
extra DNA, which can encode for traits like toxin production or
antimicrobial resistance. These organisms have a cell cytoplasm
that houses their DNA and ribosomes. The cytoplasm is
enveloped by a cell membrane, often accompanied by a cell wall.
Some bacteria feature a capsule, flagella, or pili to assist in
various functions (Doron & Gorbach, 2008).

Bacterial classification typically involves Gram-positive and
Gram-negative categories, determined by cell wall characteristics
observed through 'Gram staining' under a microscope. Gram-
positive bacteria consist of a plasma membrane and a robust cell
wall composed of peptidoglycan. There is a region between the
plasma membrane and cell wall known as the periplasm.
Conversely, Gram-negative bacteria possess an outer membrane
comprising lipopolysaccharides and proteins. This outer
membrane acts as a barrier, influencing substance entry into the
bacterium. However, the outer membrane houses porins that
permit controlled molecule entry, including drugs. Notably, Gram-
negative bacteria are more likely to produce endotoxins, leading
to potential tissue damage, shock, and associated complications.
Some bacteria, however, do not fit into these two categories.
Examples include mycobacteria like the tuberculosis-causing
Mycobacterium  tuberculosis, spirochetes responsible for
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diseases like syphilis and Lyme disease, and Rickettsia,
causative agents of Rocky Mountain spotted fever and typhus.
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Figure 1. Structure of a bacillus bacterium. Other types of
bacteria also have the cell membrane, nucleoid, and ribosomes
and may have plasmids, pili, and flagellum.

3. Bacterial Infections

Bacterial infections occur when harmful bacteria rapidly multiply,
disrupting the body's normal functions. Such infections lead to
diseases either due to direct bacterial attack on body cells or as a
result of the immune system's response to the infection. However,
antibiotics have limited effectiveness in treating diseases arising
from an immune response. Antibiotics primarily target bacterial
pathogens, overlooking the immune system's overwhelming
response, which can trigger sepsis, multiorgan failure, and even
death. Unfortunately, antibiotics are inadequate against this
progression.

Bacterial infections thrive in external environments, utilizing
reservoirs like living organisms, air, water, and surfaces. These
infections spread through five key modes: contact, airborne,
water/droplet, vector, and vehicular transmission. The external
environment is pivotal for the growth and dissemination of
bacterial infections. Diverse settings and geographic regions
harbor varying bacterial species with different rates of growth and
transmission. (Doron & Gorbach, 2008).

4. Antimicrobial Resistance (AMR)

Various types of antibiotics exhibit distinct mechanisms of action.
Beta-lactam antibiotics (like penicillin) and glycopeptides (such as
vancomycin) disrupt cell wall synthesis, leading to bacterial lysis.
Aminoglycosides and tetracyclines target the 30S ribosomal
subunit, hindering protein synthesis and resulting in bacterial
death. Macrolides (e.g., Azithromycin), along with
chloramphenicol and oxazolidinones, focus on the 50S subunit,
while fluoroquinolones impact bacterial DNA replication.
Antibiotics like Sulfonamides and Trimethoprim obstruct folic acid
metabolism, curbing bacterial growth and replication.

Pathogenic bacteria counter antibiotics in several ways. In gram-
negative bacteria, altering the outer membrane's permeability
through reduced porin levels diminishes antibiotic effectiveness,
especially against Pseudomonas aeruginosa. Efflux pumps,
except for polymyxins, expel antibiotics, causing multidrug
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resistance. Changes in target molecules through DNA mutations,
involving ribosomal subunits, penicillin-binding proteins, cell wall
precursors, and DNA gyrase, render potent antibiotics like
vancomycin, beta-lactams, and fluoroquinolones ineffective.
Enzymes like beta-lactamases, aminoglycoside modifying
enzymes (AMEs), and chloramphenicol acetyltransferases
contribute to resistance as well (Kapoor et al., 2017).

Amid these mechanisms, strong antibiotics might adversely
impact non-pathogenic bacteria while targeting pathogens.
Antibiotic use drives resistance mutations, rendering these drugs
futile against resistance. Given their adverse effects on beneficial
bacteria and the growing resistance crisis, seeking alternative
treatments becomes essential

5. CRISPR and the Bacterial Genome

Clustered Regularly Interspaced Short Palindromic Repeats
(CRISPR) along with the Cas9 enzyme represents a
groundbreaking genome editing technology. Originally discovered
as a defense mechanism against phage infections in prokaryotes,
this system enables the precise modification of specific genomic
segments, guided by a designated guide RNA (gRNA) (Doudna &
Jiang, 2017).

The prokaryotic CRISPR genome features clustered DNA
sequences, interspersed in a strand. These sequences possess
not only complementary but also palindromic base pairs, retaining
their symmetry when read in reverse. Nestled amid the CRISPR
sequences lie spacers, housing fragments of viral DNA.
Casl/Cas2 enzymes transport these viral DNA sections and
incorporate them into the CRISPR array.

During a bacterial viral infection, this array is transcribed into
CRISPR RNA (crRNA) through another RNA strand called tracer
RNA (tracrRNA). The crRNA and tracrRNA jointly interact with the
Cas9 enzyme, which cleaves the harmful viral DNA fragment at
the point of complementary base pairing on the crRNA. This
disruption effectively incapacitates the viral DNA, impeding its
function and propagation.
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Figure 2: Mechanism of bacterial defense against viral infection
using CRISPR locus.
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The CRISPR-Cas mechanism is found in prokaryotes, including
resistant strains of bacteria. To explore the utility of the CRISPR
mechanism in treating Antibiotic-Resistant Microorganisms
(AMR), we must first comprehend its place within the bacterial
genome and its relationship with resistance. Studies examining
this relationship offer somewhat conflicting findings. In certain
species like enterococci, a reverse correlation between CRISPR
and resistance rates was observed. However, such a correlation
is not universal, as seen with E. coli, which did not exhibit a
significant correlation. The spacers within CRISPR hold the
potential to modify bacterial genetic makeup, potentially leading
to AMR. Yet, the presence of these spacers does not necessarily
affect resistance, as evidenced by E. coli. This discrepancy might
be attributed to evolutionary histories and repeat occurrences in
these bacteria. A higher presence of repeats may render bacteria
less prone to resistance-causing mutations. Nevertheless, some
bacteria have evolved anti-CRISPR mechanisms, allowing them
to mutate and develop resistance against antibiotics more
effectively (Gholizadeh et al., 2020).

In 2014, Doudna and Charpentier harnessed the CRISPR-Cas9
system's potential by combining tracrRNA and crRNA into a new
single guide RNA (sgRNA), linked by a loop. (Doudna &
Charpentier, 2014) This innovation enabled precise targeting of
any genomic segment. The Cas9 enzyme, guided by the sgRNA,
initiates cleavage at the designated DNA segment. This breakage
activates cellular DNA repair mechanisms, like non-homologous
end joining (NHEJ), leading to natural insertions and deletions
(indels). Alternatively, Homology Directed Repair (HDR)
facilitates precise artificial alterations.(Arroyo-Oralte et al, 2021)

Another strategy involves utilizing an inactive Cas9 (dCas9) to
bind to target DNA and fusing it with a CRISPR-activated protein
(aCRISPR). This fusion induces heightened transcription as part
of the DNA repair process. Conversely, a CRISPR inhibitor
(iCRISPR) can be fused, silencing a specific gene's target
segment. CRISPR technology bears significant potential in
addressing antibacterial resistance, amongst other applications.

6. CRISPR AMR Treatment

CRISPR technology presents a promising avenue for combatting
the ever-growing challenge of antimicrobial resistance (AMR) by
facilitating precise editing of bacterial genomes. Among the
methods showing potential, recombinase-mediated repair has
been successful in editing E. coli, involving the use of
recombinase enzymes to mend double-stranded breaks (DSBs)
created by CRISPR-Cas systems. These enzymes, often sourced
from plasmids, are co-introduced with the CRISPR-Cas9 plasmid
and a DNA template (Arroyo-Oralte et al., 2021). However, it is
crucial to consider the potential cytotoxicity introduced by foreign
CRISPR systems, which could inadvertently lead to the
elimination of target bacteria. To address this, various delivery
mechanisms have been explored, including Polymer-Derivatized
CRISPR Nanocomplexes (PDCN), biomolecule-based
nanocomplexes designed to safeguard the Cas-9 protein and
guide RNA (gRNA) during delivery, thus reducing cytotoxicity risk
(Gholizadeh et al., 2020). Modified phages carrying the CRISPR-
Cas mechanism can serve as nanoparticles, effectively delivering
the CRISPR system to resistant bacteria, while engineered
plasmids containing the CRISPR system offer a controlled
delivery approach (Gholizadeh et al., 2020).

These delivery methods have paved the way for more efficient
CRISPR treatments for AMR; nevertheless, several challenges
remain. Targeting pathogenic bacteria within host cells proves
complex due to their intracellular location, necessitating
innovative delivery techniques. Adapting nanoparticles to the
diverse structures of phages can be challenging, potentially
limiting their applicability. Encapsulation of phages within lipids
and silica has emerged as an effective protective vector,
minimizing detection by host cell immune responses and
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improving access to resistant bacteria within host cells (Shabbir
et al., 2019). Additionally, combined approaches, such as the
phagemid, integrate elements of phage and plasmid
technologies, offering a potential strategy for treating AMR
without bacterial eradication. A notable study by Bikard et al.
(2014) demonstrated increased tetracycline sensitivity in
methicillin-resistant Staphylococcus aureus (MRSA) using this
approach, emphasizing its potential in AMR treatment.

7. Artificial in AMR

Treatment

Intelligence (Al)

Artificial intelligence (Al) represents a revolutionary technology
that is reshaping various aspects of human life, including the field
of biology and medicine. In the context of addressing antimicrobial
resistance, Al has emerged as a powerful tool for enhancing
efficiency. It plays a pivotal role in predicting AMR by leveraging
vast datasets, significantly reducing the time required for
diagnosis from days to mere hours. However, Al encounters
several challenges in this domain. Notably, the complexity of
combining multiple genetic factors, a common occurrence in
genomics, poses a significant hurdle. Genes often encode
multiple phenotypes, while conversely, one gene can be
responsible for multiple phenotypic outcomes. Additionally, the
classification of samples as susceptible or resistant is a nuanced
issue, as it may not always conform to a binary distinction.

Furthermore, research is actively exploring practical applications
of Al in AMR management, such as diagnostics and drug
development. Genomic monitoring is an intriguing avenue,
offering insights into the genetic patterns underlying mutation-
induced resistance. In the realm of public health, Al has been
instrumental in detecting water source contamination and
assessing the prevalence of AMR in these sources (Ali et al.,
2023). However, a recent review by Sakagianni et al. (2023)
underscores that early detection of AMR remains a formidable
challenge. This shows the pressing need for further investigation
in this area and the importance of data availability for building
effective Al models.

This research contributes to the ongoing efforts in this field, with
a specific focus on optimizing and streamlining existing processes
to enhance efficiency and effectiveness in addressing AMR.

8. Research Proposal

The existing body of research surrounding the utilization of
CRISPR technology in the treatment of antimicrobial resistance
(AMR) holds significant promise. However, translating these
promising findings into clinical practice faces substantial practical
and ethical challenges. This study specifically tackles one of these
practical obstacles, which pertains to the efficiency of CRISPR
implementation.

Presently, several methods exist for identifying the ‘culprit’ genetic
sequences responsible for AMR, including direct sequencing and
DNA hybridization techniques (Sinclair, 2002). While effective,
these approaches are notably time-consuming, and the manual
identification of mutations associated with AMR further extends
the duration of this process. Additionally, these methods demand
a significant investment of human resources.

This is precisely where the integration of artificial intelligence
becomes pivotal. Current applications of artificial intelligence
within the realm of AMR predominantly revolve around predicting
the presence of AMR based on a multitude of variables.
Essentially, Al serves as a diagnostic tool rather than a
component of the treatment process. However, this study
ventures into uncharted territory by exploring the potential of
artificial intelligence not only in diagnosing AMR but also in
actively contributing to its treatment. By doing so, it seeks to
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address the pressing need for reducing the time required for
potential treatments and enhancing overall efficiency.

9. Methods

The experiment utilized a foundational, open-source dataset
available on Kaggle, comprising more than 3500 samples of the
bacterium Neisseria gonorrhoeae, a causative agent of the
sexually transmitted infection gonorrhea. This dataset was
accompanied by a metadata CSV file containing various columns
of information pertaining to each sample, encompassing critical
aspects such as resistance levels to three principal antibiotics
used in gonorrhea treatment—namely, azithromycin (azm),
ciprofloxacin (cip), and ceftriaxone (cfx). Notably, azm and cip
have witnessed escalating rates of resistance in recent times. The
dataset further encompassed three distinct files, housing
‘unitigs'—segments of DNA code—along with their presence or
absence in each sample. These unitigs hold statistical
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Figure 3.1 (Top): The statement output from the initial code,
finding the most prevalent unitigs associated with resistance in
the dataset. Figure 3.2 (Bottom): The results from the initial
code, ranking the most prevalent unitigs amongst resistance
predictions on a dataset level.

significance in relation to resistance, as established by multiple
studies, thus warranting their inclusion in this dataset.
Accompanying the dataset is a repository of open-source, public-
domain code, forming the bedrock for this study's demonstration.
The initial code used as a foundation for this study, encompasses
a range of models that learned to predict antibacterial resistance
by scrutinizing input unitigs. Subsequently, each model generated
an output ranking the most frequently occurring unitigs in its
predictions—a plausible indicator of potential correlations with
resistance. Ultimately, the original codebase facilitated a
comparative analysis of the models, pinpointing the most
prevalent ‘culprit' unitigs amongst various iterations.

However, such code, although impactful in the field, works on a
macro, dataset level. This study aims to find the individual unitigs
contributing the most to an individual resistance prediction, aiding
researchers to find the specific genetic segments increasing
resistance.

The azithromycin data (azm) was used to test this code. This
subset had the most The study employed a convolutional neural
network (CNN) model, consistent with the original codebase. The
dataset was divided into a 0.2 train-test split, and the model
underwent 100 epochs to assess general data behavior beyond
training. Initial findings indicated model accuracy in the range of
82-96%. Remarkably, accuracy and losses exhibited erratic
fluctuations, suggesting potential overfitting. To address this
concern, k-fold cross-validation with 7 folds was implemented.
The model was trained over 25 epochs, and a train-test-validation
split of 72-20-8 was adopted, introducing a distinct validation set.
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This refined approach utilizing k-fold cross-validation yielded
improved results, with training accuracy reaching 98% and
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validation accuracy achieving 94%. Consequently, the earlier
unpredictability in fluctuations was mitigated.

Training and Validation Accuracy - Fold 7
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Figure 4: The variance in accuracy and model training behavior
before the changes in epochs and implementation of K-Fold cross
validation versus after the changes. The final validation accuracy
improved and fluctuations in data were mostly mitigated.

After making updates to the model, the task was to predict
antibiotic resistance. This was done by selecting a specific
bacterial sample ID and preparing it for prediction. Similar to the
pre-processing done during model training, the sample was
scaled. The model's predict function was then used to obtain a
prediction score ranging from 0 to 1. If the score was below 0.5,
the sample was categorized as susceptible, and if it was above
0.5, it was classified as resistant.

To uncover the significance of individual unitigs in the resistance
prediction, the study employed TensorFlow's gradient tape. This
technique allowed the identification of the most influential factors
affecting the prediction. In this context, the input referred to the
unitigs, while the output was the resistance prediction. The
gradient tape method subtly adjusted the input unitig values and
measured their respective gradients, capturing the inputs with the
greatest impact.

10. Results and Discussion

The study achieved success in predicting antimicrobial resistance
(AMR) in the provided bacterial sample ID. Furthermore, it
effectively identified the prominent unitigs that influenced the
prediction positively. Notably, the model also pinpointed unitigs
that exerted a negative impact on the resistance prediction. This
indicated that the presence of these specific unitigs could
potentially lead to a lower resistance prediction.

2 Top contributing unitigs for resistance prediction:
: Unitig: GGGTTTAAMACGTCOTGAGACAGTTTGGTCCCT
* Unitig: CTTAACATATTTGCCTTTGATTTTTGAAGAAGCTGCCACGCCGECAG, Contribution: -1.76e-04
Unitig: CCAAAMATTACCCGCGTTGACGTAGCTAMGA, Contribution: -1.72e-84

- Unitig: (GGCOGRAMMACALGGCGCARACACGLGGEGLGGGACG, Contribution: -2.38e-04

Figure 5: Notably, an interesting pattern emerged from the
results. Among the predicted resistance samples, only a single
unitig made a positive contribution, and multiple unitigs did not
collectively amplify the prediction. Conversely, for the
susceptible sample, the top contributing unitigs exhibited

ATCTGCAGTGGGCGTTGGAAGTTTGACG, Contribution: -7.65-6:
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negative influences.

Top contributing unitigs for resistance prediction:

> Unitig: GGGTTTAARACGTCGTGAGACAGTTTGRTCCCTATCTGCAGTAGGCATTEGAMGTTTRACG, Contribution: 3.95e-02

Another intriguing observation was that the contribution values
associated with the most influential positive unitig were relatively
modest. Despite being the highest contributor, this unitig's
influence on the resistance prediction remained below the
threshold of 0.1. For instance, in Figure 6, the positive prediction
displayed merely a 3% contribution to the overall resistance
assessment. These findings suggest that the prediction is likely a
result of the cumulative impact of numerous unitigs rather than
the dominance of a single one. To delve further, an exploration
was conducted on the top 100 contributing unitigs. The outcome
revealed an even broader array of unitigs with positive
contribution values. This outcome underscores the complexity of
treating antimicrobial resistance using CRISPR techniques,
indicating that the pursuit of multiple target unitigs may be more
effective than solely addressing the most influential one. Such an
approach acknowledges that editing a single unitig might not yield
substantial changes in the resistance outcome.

Furthermore, it is imperative to acknowledge the assumptions
underlying these conclusions. The study's inferences rest upon
the premise that the model and its predictions are both highly
accurate and resilient. It also presumes that genetic factors are
the sole contributors to antimicrobial resistance. It is essential to
note that this study employs a basic model and testing
methodology, and various other variables contribute to the
development of resistance.

11. Further Research/Applications

The earlier testing serves as a demonstration to highlight the
potential of employing artificial intelligence to assist in identifying
the responsible genome sequences for antimicrobial resistance
(AMR). However, it's important to note that this demonstration
represents just an initial step. To truly assess the effectiveness
and accuracy of this approach, it's essential to carry out a broader
evaluation on a larger scale with a more extensive dataset.

This study, though insightful, focused on a specific bacterial
species within a limited dataset. For a comprehensive
assessment, it's crucial to extend the application of this
technology to various bacterial species and multiple antibiotics.
The need for such widespread testing arises from the inherent
diversity in bacterial genetics and resistance mechanisms,
making a comprehensive evaluation crucial for robust
conclusions.

The methodology employed in this research involved relatively
basic Python programming, utilizing a Convolutional Neural
Network (CNN) model for illustrative purposes. However, the
domain of model selection and coding techniques is extensive,
providing an opportunity for the implementation of advanced
models and methods to enhance the accuracy and reliability of
the system.

It's important to underscore that this study represents a
foundational starting point, offering a glimpse into the potential of
integrating Al and CRISPR technologies to address AMR. A
potential avenue for future exploration involves delving deeper
into the genome segments that contribute negatively to resistance
prediction. This investigation could potentially provide insights
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into manipulating these segments to reduce the likelihood of
resistance emergence, thereby strengthening treatment
strategies.

Another promising direction is the integration of genetics,
biomarkers, and other variables with Al. This collaborative
approach holds promise for predicting which susceptible samples
are more likely to evolve into resistant forms. Such insights could
significantly reshape our ability to proactively manage and
counteract the development of resistance.

This study exemplifies the promise of AI-CRISPR integration,
offering a pathway toward a more efficient diagnostic and
treatment framework for AMR. While in its early stages, this
research lays the foundation for an advanced and insightful
exploration into the intricate interplay of genetics, Al, and
treatment strategies to combat the ever-evolving challenge of
antimicrobial resistance.

Conclusion

Antimicrobial resistance (AMR) is rapidly emerging as a
formidable challenge, rendering even the most potent antibiotics
ineffective. This escalating crisis has prompted the exploration of
alternative treatments, with the CRISPR Cas-9 mechanism
emerging as a promising candidate. Nevertheless, the practical
implementation of CRISPR presents a complex and evolving
landscape.

Artificial intelligence (Al) offers a beacon of hope in addressing
these challenges. The medical community is actively engaged in
improving diagnostics and guiding drug design through Al-driven
research. However, the intersection of Al and genomics for
treating AMR is a relatively new field. This study has ventured into
this new field, demonstrating not only the potential for Al to predict
AMR but also its ability to decipher the DNA sequences that
amplify or mitigate resistance.

However, it's essential to acknowledge the limitations inherent in
the dataset and the code used in this demonstration. Bacterial
infections and AMR are profoundly intricate, often shaped by
multifaceted factors such as environmental influences, extending
beyond genetic determinants. As research moves forward, it
becomes abundantly clear that future research is indispensable.
It is necessary to delve deeper into understanding the intricate
web of AMR factors and how Al can be harnessed to pinpoint the
genes responsible and leverage CRISPR to address them.

This study serves as a preliminary exploration, casting a spotlight
on the potential for integrating Al and CRISPR. It underscores the
pressing need for further research with robust Al models and a
more profound comprehension of this multifaceted issue and its
technological solutions. Armed with this knowledge and
technology, the medical community can forge ahead in its mission
to combat this pressing public health crisis, ultimately reducing
the toll on human lives. The battle against AMR is far from over,
however with Al as an ally and a commitment to rigorous
research, the path to a solution becomes clearer and more
attainable, carrying with it a profound sense of hope for the future.
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