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ABSTRACT

Biological databases are fundamental to modern life sciences, serving as repositories
for genomic sequences, protein structures, metabolic pathways, and more. With the
increasing complexity and volume of biological data, artificial intelligence (AI) has
become indispensable in enhancing data integration, analysis, and interpretation.
This review explores the role of Al in transforming biological databases,
highlighting key applications such as protein structure prediction, functional
annotation, pandemic surveillance, and antibiotic resistance analysis. Al-driven
tools like Alpha Fold have revolutionized protein structure determination, while
UniProt leverages machine learning for automated protein function annotation. In
genomic research, Al enhances text mining in PubMed through PubTator, aiding in
extracting relevant biological information. Al also facilitates pathway predictions
in KEGG, improves virus tracking in GISAID, and strengthens protein-protein
interaction predictions in STRING. Furthermore, Al has advanced CRISPR-Cas9
off-target effect predictions, ensuring safer genome editing, and has been pivotal
in analyzing antibiotic resistance through the CARD database. Despite challenges
such as data heterogeneity and model interpretability, Al continues to expand
the capabilities of biological databases, accelerating research, innovation, and
applications in medicine, drug discovery, and personalized healthcare.
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INTRODUCTION

Biological databases are very essential tools in
modern life sciences, serving as repositories
for storing, retrieving, and analyzing vast
amounts of biological data. These databases
integrate diverse datasets, including genomic
sequences, protein structures, gene expressions,
metabolic pathways, and more, making
them invaluable for research in genomics,
proteomics, and systems biology. For instance,
GenBank, maintained by the National Center
for Biotechnology Information (NCBI), is one
of the most widely used nucleotide sequence
repositories, enabling researchers to access,
submit, and analyze DNA sequence data’
including whole genome shotgun (WGS.
Similarly, the Protein Data Bank (PDB) is a key
resource for structural biology, offering three-
dimensional structural data of biomolecules
critical for understanding molecular function

and drug design.?

Other specialized databases, such as
UniProt, provide curated information about
protein sequences and functions, supporting
proteomic and functional annotation studies
(UniProt Consortium, 2021). KEGG (Kyoto
Encyclopedia of Genes and Genomes) offers
insights into various metabolic pathways
and molecular interactions, bridging the gap
between genes and cellular functions Ensembl,
a genome browser, allows integrated access
to genomic data from various organisms and
supports comparative genomics analyses®
and it also provides deep comprehensive
annotation for key species. Genomes
representing a greater diversity of species are
increasingly being sequenced. In response, we
have focussed our recent efforts on expediting
the annotation of new assemblies. Here, we
report therelease of the greatestannual number
of newly annotated genomes in the history of
Ensembl via our dedicated Ensembl Rapid
Release platform (http://rapid.ensembl.orgas
high-throughput sequencing technologies
such as next-generation sequencing (NGS)
continue to generate unprecedented volumes
of data, biological databases have adapted
by incorporating advanced algorithms, big
data analytics, and cloud-based architectures
to ensure efficient data storage, retrieval,
and sharing.* Moreover, the establishment
of specialized databases such as GISAID
for genomic data related to viruses like
SARS-CoV-2 highlights the critical role of
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these resources in addressing global health
challenges.’

Artificial intelligence (Al) is revolutionizing
biology by enabling the analysis of complex
datasets and the discovery of patterns that
were previously beyond human reach.
Machine learning algorithms, a subset of Al,
are widely used in genomics to predict gene
functions, identify mutations, and analyze high-
throughput sequencing data.® In proteomics,
tools like AlphaFold leverage Al to predict
protein structures with remarkable accuracy,
addressing long-standing challenges in
structural  biology.” and understanding
their structure can facilitate a mechanistic
understanding of their function. Through an
enormous experimental effort'#, the structures
of around 100,000 unique proteins have been
determined,’ but this represents a small fraction
of the billions of known protein sequences.®’
Structural coverage is bottlenecked by the
monthstoyears of painstaking effortrequired to
determine a single protein structure. Accurate
computational approaches are needed to
address this gap and to enable large-scale
structural bioinformatics. Predicting the three-
dimensional structure that a protein will adopt
based solely on its amino acid sequence-the
structure prediction component of the “protein
folding problem’8-has been an important open
research problem for more than 50 years’.
Despite recent progress'®!, existing methods
fall far short of atomic accuracy, especially
when no homologous structure is available.
Here we provide the first computational
method that can regularly predict protein
structures with atomic accuracy even in cases
in which no similar structure is known. We
validated an entirely redesigned version of
our neural network-based model, AlphaFold,
in the challenging 14th Critical Assessment
of protein Structure Prediction (CASP14 Al
also plays a pivotal role in drug discovery,
accelerating target identification, virtual
screening, and optimizing lead compounds.®

Artificial intelligence (Al) is transforming the
landscape of biological databases by enhancing
data integration, analysis, and interpretation.
Traditional biological databases house vast
amounts of heterogeneous data, including
genomic sequences, protein structures, and
functional annotations. However, analyzing
this growing complexity and volume of
data requires sophisticated computational
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approaches. Al, particularly machine learning
and deep learning, addresses this challenge by
enabling automated data curation, prediction,
and pattern recognition.

For instance, Al algorithms are increasingly
employed to annotate gene and protein
functions in databases like UniProt and
Ensembl, significantly reducing manual effort’
the overwhelming majority of protein products
can only be annotated computationally. If
computational predictions are to be relied
upon, it is crucial that the accuracy of these
methods be high. Here we report the results
from the first large-scale community-based
critical assessment of protein function
annotation = (CAFA. Natural language
processing (NLP) techniques are used to extract
relevant biological information from scientific
literature and integrate it into databases, such
as PubMed, for broader accessibility."? Al
also enhances data quality through anomaly
detection, ensuring consistency and reliability
in datasets.

Moreover, Al-powered tools such as
AlphaFold are integrated into databases
like the Protein Data Bank to predict protein
structures, expanding the range of data
available for structural biology research.

This review aims to discuss the various
applications of Al in biological databases,
many of such databases are discussed as
follows:

AlphaFold and the Protein Data Bank (PDB)

AlphaFold is an artificial intelligence (Al)
system developed by Deep Mind that predicts
the three-dimensional structures of proteins
directly from their amino acid sequences
with remarkable accuracy." Protein structure
prediction has long been a challenge in
biology, as experimental methods like X-ray
crystallography, nuclear magnetic resonance
(NMR) spectroscopy, and cryo-electron
microscopy are resource-intensive and time-
consuming.” AlphaFold addresses these
limitations by employing a computational
approach that drastically reduces the time and
cost of structure determination, enabling the
scientific community to study proteins that
were previously inaccessible. Its integration
into the Alpha Fold Protein Structure Database
and collaborations with the Protein Data
Bank (PDB) have significantly expanded the
availability of high-accuracy protein models,

fueling advancements in structural biology,
drug discovery, and biotechnology."

The working principle of AlphaFold is
centered on deep learning, particularly the
use of attention based neural networks and
transformers. It begins by analyzing protein
sequences alongside evolutionary information
derived from multiple sequence alignments
(MSAs). These alignments help the model
identify conserved residues critical for
protein folding."* AlphaFold employs a novel
“attention mechanism” that allows the model
to focus on relationships between amino acid
residues and their spatial configurations. The
model predicts inter-residue distance maps and
torsion angles, which are key determinants of
a protein’s 3D structure. By iteratively refining
these predictions, AlphaFold outputs atomic-
level coordinates of the protein structure.

A key innovation of AlphaFold is its end-
to-end learning approach, which allows the
system to predict structures directly from raw
sequence data without requiring intermediate
modeling steps. Additionally, the system uses
an energy function to ensure the predicted
structure is physically plausible and consistent
with known protein folding principles.'
AlphaFold’s predictions were validated during
the CASP14 (Critical Assessment of protein
Structure Prediction) competition, where it
achieved near-experimental accuracy for most
targets, significantly outperforming previous
methods.

Input: Protein sequence

Retrieve evolutionary data (MSA)

Deep learning analysis (attention networks)

Predict residue distances & torsion angles

Refine & generate 3D structure

Output: Store in PDB & AlphaFold DB

Figure 1: Flowchart depicting brief mechanism of
AlphaFold and Protein Data Bank (PDB)
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UniProt Annotation Using Al

UniProt is one of the most comprehensive
and widely used biological databases,
providing curated information about protein
sequences and their functional annotations.
The challenge in maintaining UniProt lies in
the vast amount of biological data generated
from sequencing projects, which makes
manual curation increasingly unfeasible.”” To
address this, UniProt has integrated artificial
intelligence (Al) tools to automate and enhance
the annotation process, allowing researchers to
derive meaningful insights from raw sequence
data. Al in UniProt annotation focuses on
automating the prediction of protein functions,
interactions, subcellular localizations, and
post-translational ~ modifications. These
predictions leverage machine learning models
trained on extensive datasets of experimentally
validated protein information.” For functional
annotation, AI models analyze sequence
features suchasconserved motifs, domains, and
evolutionary relationships to predict protein
functions. Sequence similarity searches using
tools like BLAST are augmented with machine
learning algorithms to refine functional
assignments. Support vector machines (SVMs)
and neural networks help distinguish subtle
functional differences between homologous
proteins.” Al-driven approaches are also
utilized to predict protein-protein interactions
by analyzing co-evolutionary patterns and
domain-domain interactions, which helps
build comprehensive interaction networks
that inform on biological pathway.* One of
the critical roles of Al in UniProt is annotating
hypothetical or wuncharacterized proteins.
Machine learning models predict potential
functions based on homology and structural
odelling, bridging the gap for proteins with
no experimental data.? DeepGO, an Al-
based tool, predicts Gene Ontology (GO)
terms for proteins by leveraging sequence
information and hierarchical relationships
in GO terms, significantly improving the
accuracy of functional annotations in
UniProt.”? Additionally, UniProt integrates
InterPro, a database of protein families and
domains, where Al-based algorithms in
InterProScan predict functional sites and
domain architectures, aiding in annotating
novel proteins.” Text mining approaches,
such as the use of PubTator, are employed to
extract relevant annotations from scientific
literature. These natural language processing
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(NLP) tools identify mentions of proteins,
their functions, and interactions, which
are then integrated into UniProt entries."
The Al-driven annotations in UniProt have
catalyzed discoveries in several domains,
including drug discovery, where functional
annotations of target proteins help identify
druggable sites and design inhibitors,* disease
research, where understanding the roles of
disease associated proteins aids in developing
diagnostics and therapeutics, and synthetic
biology, where annotated proteins provide a
foundation for designing synthetic enzymes
and pathways. Despite the advancements, Al
still faces challenges, as it heavily depends
on training datasets, and biases or errors in
these datasets can propagate into predictions.
Furthermore, certain protein functions and
interactions require experimental validation to
ensure accuracy.”?

Input: Unannotated protein sequence

l

Identify conserved motifs/domains

Sequence similarity search (BLAST + Al)

Predict function using DeepGO

Al-based localization & interaction prediction

NLP-based text mining for additional data

Output: Curated protein entry in UniProt

Figure 2: Flowchart depicting the mechanism of UniProt
annotation using Al

Text Mining with PubTator in PubMed

Text mining is an essential tool in the biological
sciences, helping researchers analyze large
volumes of scientific literature efficiently.
One prominent application of text mining in
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biological research is PubTator, a web-based
text mining tool designed to extract relevant
biological entities, such as proteins, genes,
diseases, and chemical compounds, from
scientific literature in PubMed. PubTator
enables researchers to rapidly annotate large
datasets of articles, identifying and linking
biological concepts to resources such as
the Gene Ontology (GO), the Protein Data
Bank (PDB), and clinical data repositories
(21). This is particularly beneficial in fields
like drug discovery, genomics, and clinical
research, where large-scale data integration
and annotation are critical for driving novel
insights and accelerating the understanding of
biological phenomena.*

PubTator works by utilizing a combination of
natural language processing (NLP) algorithms
and machine learning models to automatically
annotate text. Initially, PubTator extracts and
identifies biological terms from articles based
on specific linguistic patterns or by leveraging
pre-built dictionaries of biomedical terms.”
The system is built on high-performance
entity recognition tools that can identify
genes, proteins, diseases, and other relevant
terms in unstructured text. Once these entities
are detected, PubTator then classifies them
according to predefined categories such as
diseases, drugs, or biological pathways. This
classification process involves algorithms that
use context and co-occurrence patterns within
the text to ensure accurate annotation.?

In addition to entity recognition, PubTator
supports named entity disambiguation, a
crucial feature for distinguishing between
entities with the same name but different
meanings. For example, the term "EGFR" could
refer to the epidermal growth factor receptor,
a protein involved in cancer, or it could be
used in different contexts in other diseases.
PubTator employs advanced disambiguation
techniques to associate the correct entity with
the appropriate biological concept, drawing
upon databases like UniProt, the National
Center for Biotechnology Information (NCBI),
and the Comparative Toxicogenomics
Database (CTD) for resolution.”

PubTator has been widely adopted for
multiple use cases in biological research.
For instance, in the area of drug discovery,
PubTator helps researchers identify key drug
targets and the relationships between chemicals
and diseases by processing large numbers of

research papers and linking them to relevant
databases.” Furthermore, PubTator’s utility
extends to clinical research, where it has been
employed to track the latest findings on disease
biomarkers and therapeutic interventions,
facilitating faster updates to clinical guidelines
and enhancing precision medicine efforts.*
The tool is also useful in genomics by enabling
rapid annotation of gene function, providing
insights into gene-disease associations, and
supporting the functional annotation of newly
discovered genes.” Despite these challenges,
PubTator continues to evolve, incorporating
more sophisticated AI models for entity
recognition and disambiguation.”

Input: Scientific literature from PubMed

;

Apply NLP for entity recognition

:

Identify genes, proteins, diseases

:

Classify & link to biological databases

l

Output: Annotated biomedical text

Figure 3: Flowchart depicting the mechanism of Text
Mining with PubTator in PubMed.

KEGG Pathway Predictions with Al

KEGG (Kyoto Encyclopedia of Genes and
Genomes) is a well-known bioinformatics
resource that provides information on the
molecular pathways governing cellular
functions, as well as how genes and proteins
interact within these pathways. KEGG
pathways are essential for understanding
biological processes, diseases, and drug
mechanisms, but the vast number of pathways
and their complexity make manual curation
and analysis impractical. As a solution,
artificial intelligence (Al) techniques have been
employed to predict, map, and analyze KEGG
pathways more efficiently, enhancing both the
accuracy and speed of pathway annotations.
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Al techniques, particularly machine learning
models, have become increasingly valuable in
predicting biological pathways from large-scale
omics data, such as genomics, proteomics, and
transcriptomics. These Al-driven predictions
aim to identify which genes or proteins
participate in specific biological pathways and
how they interact with each other, ultimately
providing insights into cellular processes,
disease mechanisms, and potential drug
targets. One of the key challenges in pathway
prediction is dealing with the complexity
of biological systems, where different genes
and proteins may be involved in multiple
pathways, and pathway components often
interact in non-linear and dynamic ways.?®
Al models address this by using large-scale
datasets and advanced algorithms that can
detect patterns and relationships that may not
be immediately obvious through traditional
methods.

Machine learning techniques, such as deep
learning and random forests, are employed
in KEGG pathway prediction to analyze data
from multiple sources, such as gene expression
profiles, protein-protein interaction data, and
gene sequence data. These models learn from
existing annotated pathways in KEGG, as well
as other biological databases like Reactome and
BioCyc, to predict new pathway associations.

For example, deep learning algorithms,
including convolutional neural networks
(CNNs) and recurrent neural networks

(RNNs), have been applied to sequence
data to predict pathway membership based
on sequence motifs and protein domains.”
Additionally, supervised learning algorithms
can classify genes and proteins according
to their involvement in different pathways
by training on labeled datasets of known
interactions and pathway components.

One prominent Al tool in KEGG pathway
predictions is PathPredict, a machine learning
based platform that predicts pathway
associations for genes and proteins based on
their expression profiles and sequence data. By
integrating omics data with prior knowledge
of biological pathways, PathPredict provides
insights into which pathways may be impacted
by gene dysregulation in diseases, such as
cancer or metabolic disorders.” The system
also provides probabilistic pathway maps that
allow researchers to visualize how individual
genes and proteins are connected within the
context of larger biological systems.
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Another example of Al application in KEGG
pathway prediction is the use of network-based
algorithms, such as Graph Convolutional
Networks (GCNs), to model protein-protein
interaction networks.*® GCNs can predict how
proteins interact and participate in various
biological pathways by learning from the
connectivity and topological features of known
protein interaction networks.

Al-based pathway prediction also has
significant applications in drug discovery and
disease research. For instance, pathway based
models can help identify potential drug targets
by identifying genes and proteins that are key
drivers of disease pathways. Machine learning
models can analyze gene expression data
from patients with specific diseases, identify
disrupted pathways, and suggest therapeutic
strategies based on predicted interactions
within those pathways. This approach can
provide valuable insights for precision
medicine and the development of targeted
therapies.?2

Input: Genomic/proteomic data

l

Extract features with Al

l

Predict pathway associations

l

Map interactions into KEGG pathways

l

Output: Al-enhanced pathway insights

Figure 4: Flowchart depicting the mechanism of KEGG
Pathway Predictions with Al

GISAID and Al in Pandemic Surveillance

The Global Initiative on Sharing All Influenza
Data (GISAID) is a pivotal database that
facilitates the sharing of genomic data on
influenza viruses and other pathogens,
including SARS-CoV-2. This platform has
been instrumental in pandemic surveillance,
enabling scientists to track the evolution
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of viruses, monitor mutations, and inform
public health responses. The integration of
artificial intelligence (AI) into GISAID’s data
analysis workflows has further enhanced
its capacity to manage and analyze the vast
amounts of genomic data generated during
global pandemics. Al-driven approaches
help streamline genomic surveillance, detect
emerging variants, and predict the implications
of viral mutations on disease transmissibility,
severity, and vaccine efficacy.

Al plays a crucial role in analyzing the
massive influx of viral genome sequences
uploaded to GISAID daily. Deep learning
models, such as convolutional neural
networks (CNNs) and recurrent neural
networks (RNNs), are employed to identify
patterns in viral sequences, enabling the rapid
classification of variants based on their genetic
signatures.® For instance, Al models can detect
critical mutations in the spike protein of SARS-
CoV-2, which are associated with increased
transmissibility or immune evasion, thereby
identifying variants of concern (VoCs) and
variants under monitoring.*

Natural language processing (NLP)
techniques have been applied to annotate
genome sequences with metadata, including
information on geographic location, collection
date, and associated clinical outcomes. For
example, clustering algorithms have been
used to identify the geographic spread of
SARS-CoV-2 variants and predict how specific
variants may propagate under varying public
health conditions.*® These insights are critical
for designing targeted interventions, such
as lockdowns or vaccination campaigns, in
regions at higher risk.

Machine learning models have also been
utilized to predict the phenotypic effects of
mutations detected in GISAID data. Tools
like AlphaFold have been adapted to model
structural changes in viral proteins caused
by specific mutations, providing insights
into how these changes might affect viral
infectivity or neutralization by antibodies.*
Additionally, Al-driven predictive odelling
has been used to assess the effectiveness of
existing vaccines against emerging variants by
simulating interactions between viral antigens
and antibodies derived from vaccinated
individuals.”

Al enhances pandemic preparedness
by enabling real-time monitoring of viral

evolution. For instance, anomaly detection
algorithms are used to flag unusual mutation
patterns in viral sequences uploaded to
GISAID, which might indicate the emergence
of new VoCs. This capability allows for the
early identification of potential threats and
helps guide public health responses, such
as updating diagnostic tests, vaccines, and
therapeutics.® Al applications in GISAID also
extend to the detection of zoonotic spillovers,
which are often the source of pandemics.
Machine learning models trained on genomic
data from animal reservoirs have been used
to predict the likelihood of cross-species
transmission of viruses, enabling proactive
surveillance and mitigation efforts in high-
risk regions.* Despite these advancements,
challenges remain in integrating Al into
GISAID workflows. The reliability of Al
models depends heavily on the quality and
completeness of the input data, and biases
or gaps in the data can lead to inaccurate
predictions.*

Input: Viral genome sequences

Detect mutations with Al

Predict impact on transmissibility & vaccines

Cluster analysis for tracking

Output: Real-time global variant monitoring

Figure 5: Flowchart depicting the mechanism of GISAID
and Al in Pandemic Surveillance

Al in STRING for Protein-Protein Interaction
Predictions

The STRING database is a comprehensive
resource that consolidates known and
predicted protein-protein interactions (PPlIs)
from various sources, including experimental
data, computational predictions, and public
text collections.* The integration of artificial
intelligence (Al) into STRING has significantly
enhanced its predictive capabilities, allowing
for more accurate and extensive mapping
of PPIs.#? Al methodologies, particularly

IJNNS / Volume 17, Number 2 / May - August 2025
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machine learning (ML) and deep learning
(DL), have been instrumental in advancing PPI
predictions. These approaches analyze vast
datasets to identify patterns and relationships
that may not be evident through traditional
methods.® For instance, ML-based tools have
been developed to predict PPIs by utilizing
diverse datasets and input features, employing
various architectures to improve prediction
accuracy.* Similarly, DL techniques have
been applied to predict protein functions
and interactions, demonstrating significant
advancements in the field.*

The application of Alin PPI prediction is not
limited to STRING alone. Tools like Protein
Prompt have been designed to quickly and
reliably predict contact propensities based on
input sequences, enabling the scanning of large
sequence libraries for potential interactions.*
Additionally, INtERAcT utilizes vector
representations of words to infer interaction
networks  from  biomedical literature,
showcasing the versatility of Al in extracting
meaningful biological relationships.*” Despite
these advancements, the reliability of PPI
predictions using databases like STRING has
been a topic of discussion among researchers.*
While Al has improved predictive accuracy,
the quality of the input data and the inherent
limitations of computational models necessitate
cautious interpretation of results.* Evaluations
of link prediction tools on PPI networks
from multiple species have highlighted the
importance of continuous refinement and
validation of these models.”*"!

Input: Protein sequences & structures

Extract sequence features using Al

y
Predict interactions with deep learning

Validate via literature mining

Output: Store in STRING database

Figure 6: Flowchart depicting the mechanism of Al in
STRING for Protein-Protein Interaction Predictions
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Al for Predicting CRISPR-Cas9 Off-Target
Effects

The use of artificial intelligence (Al) to predict
off-target effects in CRISPR-Cas9 genome
editing has become an area of growing research,
enhancing the overall efficiency and safety of
gene editing techniques. CRISPR-Cas9, while
revolutionary for its ability to target specific
genetic sequences, also faces challenges due
to the risk of unintended DNA modifications,
which could result in harmful mutations. Al
has become an essential tool in predicting
these off-target effects, aiming to ensure that
CRISPR-based therapies are more accurate and
safer, particularly in clinical applications.”**
These Al models help researchers understand
the interactions between guide RNAs and their
target sequences by analyzing vast amounts of
genomic data, which would be too complex for
traditional computational methods.

Deep learning, in particular, has shown
promise inimproving the specificity of CRISPR-
Cas9 technology by refining the prediction
of potential off-target sites. A notable study
by Chen et al. (2023) introduced an Al-based
model that used neural networks to predict
the off-target effects of various CRISPR guide
RNAs, significantly reducing false positives
and enhancing editing accuracy. By training
on extensive datasets containing both on-target
and off-target sequences, these models can
identify patterns in the DNA sequences that are
more likely to cause unintended cutting by the
Cas9 enzyme.* Additionally, machine learning
algorithms are increasingly being utilized for
feature selection, where important features in
genomic data such as DNA sequence context
and chromatin accessibility are identified to
predict where off-target effects are more likely
to occur.”

Al has also facilitated the identification of
the most effective guide RNAs for CRISPR-
Cas9 gene editing. By predicting the binding
efficiency of the guide RNA to its intended
target, Al models can assist researchers
in selecting the most effective guides for
their experiments while minimizing off-
target risks.”®”” Despite these advancements,
challenges remain in the application of Al to
CRISPR-Cas9 genome editing. One significant
challenge is the need for large, high-quality
datasets to train these AI models. Genomic
data is inherently noisy, and high-quality
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datasets that include all possible variables
are difficult to obtain. Additionally, while
Al models can accurately predict off-target
effects, the interpretation of these predictions
remains a challenge. The models may be able
to identify regions of the genome that are likely
to be cleaved by Cas9, but understanding the
biological implications of these predictions
requires further experimental validation.

Furthermore, the integration of Al into
CRISPR-based therapeutics faces ethical and
regulatory challenges. Ethical considerations,
such as the potential for unintended genetic
modifications and the equitable distribution of
CRISPR-based treatments, must be addressed
as Al technologies are further integrated into
clinical settings. AI models must also comply
with stringent regulatory guidelines to ensure
that they provide reliable predictions that will
not result in harmful genetic alterations in
clinical trials.”®

Input: CRISPR guide RNA sequence

Y
Al-based specificity analysis

 J
Predict potential off-target sites

\ J
Rank sites by probability

l

Output: Safe CRISPR guide RNA selection

Figure 7: Al for Predicting CRISPR-Cas 9 Off-Target
Effects

Al for Antibiotic Resistance Analysis in
CARD

The growing issue of antibiotic resistance
represents one of the most pressing challenges
in modern medicine, and artificial intelligence
(Al)hasemergedasapowerfultoolincombating
this global health threat. The Comprehensive
Antibiotic Resistance Database (CARD) plays
a crucial role in identifying and understanding
antibiotic resistance mechanisms, as it collects
and curates comprehensive data on resistance

genes, mutations, and the interactions of
antibiotics with microbial genomes. Al,
particularly machine learning (ML) and deep
learning (DL), has been applied to the CARD
to enhance the detection, prediction, and
understanding of antibiotic resistance patterns,
ultimately helping to guide treatment strategies
and identify potential new antibiotics.

One of the major contributions of Al in
antibiotic resistance analysis has been its
ability to predict and identify resistance genes
from microbial genomes. By analyzing large
scale genomic data, Al models can pinpoint the
presence of known resistance genes and predict
the likelihood of new, unknown resistance
genes emerging. A significant breakthrough
in this domain was the development of Al-
powered algorithms to automatically predict
antibiotic resistance by analyzing bacterial
genomic sequences.” These Al models were
trained on vast datasets containing both
resistant and non-resistant bacterial strains,
enabling them to identify resistance profiles
in novel bacterial genomes.®® The CARD
database serves as a critical resource for
training these models, offering valuable data
that enhances the accuracy and robustness of
the predictions.*

Deep learning, a subset of Al, has proven
particularly useful in analyzing the genetic
and functional aspects of antibiotic resistance.
Through the use of convolutional neural
networks (CNNs) and recurrent neural
networks (RNNs), deep learning models have
been able to predict the presence of resistance
genes in previously sequenced genomes with
higher accuracy than traditional methods.®
These models also offer the advantage of
learning complex patterns from genomic
data without the need for extensive feature
engineering, making them particularly
effective in the context of genomic analysis
where numerous variables and interactions are
at play. Al-driven approaches also allow for
the prediction of novel mutations and genetic
variations that may contribute to antibiotic
resistance, even in strains where no resistance
gene has been previously identified.*®

Furthermore, Almodels have beenapplied to
predict the spread and evolution of antibiotic-
resistant bacteria. For example, Al techniques
like reinforcement learning have been used
to model how antibiotic resistance might

IJNNS / Volume 17, Number 2 / May - August 2025
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propagate across different populations of
bacteria under various treatment conditions.®
By simulating different scenarios, Al can
provideinsights into the dynamics of resistance
development and help design more effective
strategies to combat antibiotic resistance.®

One of the most significant challenges in
antibiotic resistance analysis is the vastness of
the data involved. Genomic data from diverse
bacterial strains, clinical data on antibiotic
resistance  profiles, and environmental
factors all contribute to the complexity of
understanding how antibiotic resistance
spreads and evolves. Al can assist in this regard
by integrating multiple types of data into
cohesive models that provide a more holistic
view of resistance patterns. For example,
integrating environmental data and clinical
data with genomic sequences from CARD has
enabled the creation of more comprehensive
models that predict resistance patterns in real-
world environments.*

Al has also contributed to the identification
of potential drug candidates capable of
overcoming resistance mechanisms. By
leveraging Alfor drugrepurposing, researchers
can analyze large compound libraries to
identify drugs that could be effective against
antibiotic-resistant strains. AI models can
predict how certain compounds may interact
with bacterial resistance proteins, potentially
offering new therapeutic options that have not
been considered using traditional methods.*”
Such approaches are crucial as they provide
an alternative pathway to developing new
antibiotics, which is essential given the limited
pipeline for new antibiotic development.®®

Despite the promising applications of Al in
antibiotic resistance analysis, there are several
challenges that must be addressed. One of the
primary concerns is the availability and quality
of data. To train robust Al models, large, high-
quality datasets are essential.” Additionally,
ethical and privacy concerns regarding the use
of genomic data in Al applications must be
considered, as these models may inadvertently
expose sensitive information about microbial
strains and their resistance profiles.”
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Input: Microbial genome sequences

Identify resistance genes with Al

Predict mechanisms using deep learning

y

Monitor resistance trends

4
Output: Antibiotic resistance tracking

Figure 8: Flowchart depicting the mechanism of Al for
Antibiotic Resistance Analysis in CARD

CONCLUSION

The integration of artificial intelligence (Al)
into biological databases has revolutionized
research by enhancing precision, scalability,
and efficiency. Al applications span protein
structure prediction, functional annotation,
pathogen  surveillance, and  antibiotic
resistance analysis, addressing longstanding
challenges in biology. Machine learning, deep
learning, and natural language processing
(NLP) have enabled databases to not only
store vast data but also analyze and interpret
it in unprecedented ways.

A key example is AlphaFold’s integration
with the Protein Data Bank (PDB), which has
transformed protein structure prediction with
remarkable accuracy. This has accelerated
insightsinto protein functions, interactions, and
disease roles. Similarly, Al-driven annotation
in UniProt enhances protein function analysis
while reducing manual efforts. In text mining,
PubTator leverages NLP to extract biomedical
information from PubMed, automating the
identification of genes, proteins, and diseases,
thus expediting biological discoveries. Al also
improves pathway prediction in the Kyoto
Encyclopedia of Genes and Genomes (KEGG),
uncovering novel biochemical interactions that
support drug discovery.
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Al has been instrumental in pathogen
surveillance, as demonstrated in GISAID
during the COVID-19 pandemic, where it
tracked viral mutations and informed vaccine
development. Al models extend this capability
to forecasting virus and bacterial evolution,
aiding infectious disease management. In
CRISPR-Cas9 gene editing, Al enhances
off-target effect predictions, ensuring safer
applications. The Comprehensive Antibiotic
Resistance Database (CARD) employs Al to
predictresistance patterns, aiding antimicrobial
drug development. In metabolomics, Al in
the Human Metabolome Database (HMDB)

improves metabolite identification and
biomarker discovery, advancing disease
research.

Despite challenges like data heterogeneity
and the need for continuous algorithm
refinement, Al's role in biological databases
continues to grow. As Al technology
evolves, it will drive innovation in medicine,
biotechnology, and environmental science,
offering transformative solutions for global
health challenges.
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