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Abstract

In the domains of bioinformatics and biological sciences, artificial intelligence
(AI) has emerged as a disruptive force, presenting fresh possibilities for data
analysis, pattern detection, and hypothesis development. There is an urgent
demand for intelligent systems that can handle and understand large and
complicated datasets due to the explosion of biological data, which includes
proteomic and metabolomic profiles as well as genomic sequences. These days,
gene expression analysis, protein structure prediction, drug development, and
personalized medicine all make extensive use of Al techniques, including
machine learning, deep learning, and natural language processing. Al-driven
models in bioinformatics outperform conventional statistical techniques in
terms of precise gene annotation, variant categorization, and protein-protein
interaction prediction. In the field of biology, Al supports high-throughput
screening, real-time image analysis in microscopy, and simulation of biological
processes, thereby accelerating the pace of discovery. Additionally, by
simulating intricate biological networks and combining multi-omics data for a
thorough grasp of cellular processes and disease mechanisms, artificial
intelligence (AI) makes a substantial contribution to systems biology. Al's
incorporation into biological research is improving data interpretation,
encouraging interdisciplinary collaboration, and opening the door for
advancements in biotechnology, diagnostics, and treatments. There are still
issues, though, such as data quality, algorithm interpretability, and moral worties
about data privacy and Al decision-making. To guarantee trust and
dependability, these problems must be resolved via transparent, explicable Al
models and thorough validation. Our understanding of life at the molecular,
cellular, and systemic levels could be completely transformed by Al
technologies' synergy with biological sciences as they develop.

Keywords: Artificial Intelligence, Bioinformatics, Machine 1 earning, Protein Prediction,
Systems Biology

Introduction

In the fields of biological sciences and bioinformatics, artificial
intelligence (AI) has become a game-changing tool that is changing the
way data is created, examined, understood, and used in clinical and
research contexts. Traditional computational methods frequently fall
short of the analytical requirements as biological data grows more
complicated and large due to developments in high-throughput
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sequencing, imaging technologies, and multi-omics platforms. On the
other hand, artificial intelligence (Al), particularly machine learning (ML),
deep learning (DL), and natural language processing (NLP), provides
sophisticated, scalable techniques for handling and understanding
biological data, which speeds up scientific research and enhances
biomedical results.

Emergence of Al in Biological Sciences

When computational methods were initially used to study DNA and
protein sequences in the early 1990s, artificial intelligence (AI) had its
beginnings in biological research. The volume of genomic data has
increased dramatically with the introduction of next-generation
sequencing (NGS) technology, calling for more advanced and flexible
computational systems. Since then, AI has advanced from aiding in
simple sequence alignment to predicting protein structures, detecting
mutations linked to disease, and helping real-time precision medical
decision-making (Libbrecht & Noble, 2015). The use of Al in biological
sciences goes beyond automation; it also makes predictive and
prescriptive modeling possible, which can mimic biological activity and
reveal hidden patterns in intricate datasets.

Al in Genomics and Transcriptomics

The field of genomics is one of the most important applications of Al
Gene annotation, the functional impact of mutations, and the
identification of disease biomarkers are all accomplished by machine
learning algorithms. When it comes to detecting regulatory areas in DNA
sequences, deep learning models like convolutional neural networks
(CNNs) have demonstrated impressive success (Zhou & Troyanskaya,
2015). Furthermore, in order to detect alternative splicing events and
differentially expressed genes—both of which are essential for
comprehending gene regulation and disease mechanisms—AI-based
methods assist in the analysis of transcriptome data from RNA-seq
experiments (Angermueller et al., 2010).

Protein Structure Prediction and Proteomics

Artificial intelligence models such as DeepMind's AlphaFold have made
significant strides in protein structure prediction. A long-standing
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problem in molecular biology has been resolved by AlphaFold's capacity
to predict protein structures with atomic accuracy (Jumper et al., 2021).
In addition to predicting structures, Al algorithms are used to categorize
protein families, detect post-translational changes, and forecast
interactions between proteins—all of which are essential for
comprehending cellular functions and creating novel treatments.

Systems Biology and Network Modeling

The goal of systems biology is to simulate the interactions between
genes, proteins, metabolites, and environmental factors in order to
comprehend complex biological systems. In this area, artificial
intelligence plays a crucial role by making it possible to build and analyze
biological networks. Gene regulatory networks and metabolic pathways
are inferred from high-dimensional omics data using Bayesian networks,
random forests, and deep learning techniques (Marbach et al.,, 2012).
These models are essential for figuring out disease pathways and finding
new therapeutic targets.

Al in Drug Discovery and Personalized Medicine

By making virtual screening, molecular docking simulations, and de novo
drug creation possible, artificial intelligence has drastically changed the
drug development process. Drug development time and expense can be
decreased by using deep generative models to create new compounds
with desired pharmacological characteristics (Zhavoronkov et al., 2019).
Al combines clinical, transcriptomic, proteomic, and genomic data in
personalized medicine to customize patient care. By determining which
patients are most likely to benefit from particular medications, predictive
models can optimize treatment plans and enhance clinical results (Esteva
etal., 2019).

Imaging and Diagnostics

Diagnostics, particularly pathology, radiography, and microscopy,
frequently use Al-powered image identification technology. Sometimes,
convolutional neural networks may identify malignant tumors, classify
histological pictures, and analyze subcellular structures more accurately
than human experts (Litjens et al, 2017). Additionally, Al systems
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facilitate dynamic research of cellular behaviors by supporting real-time
picture processing in high-content screening and live-cell imaging.

Fig. 1: Imaging and Diagnostics (Omowaye et al., 2025)

Short Explanation of the uses of the Following Biological
Machines

Microscope

Use:

A microscope is used to magnify tiny biological structures (e.g., cells,
bacteria, tissues) that cannot be seen with the naked eye. It's essential in
cell biology, microbiology, and pathology for observing morphology,
identifying diseases, and analyzing samples.

DNA Sequences

Use:

DNA sequences are the genetic codes that carry information about an
organism’s traits and functions. They're used to identifying genetic
mutations, Study evolutionary relationships, diagnose genetic disorders,
Guide personalized medicine, engineer genetically modified organisms
(GMOs).

Microarray

Use:

A microarray is a lab tool used to analyze gene expression of
thousands of genes at once. It helps scientists Compare gene activity in
different conditions (e.g., healthy vs. cancer cells). Detect disease
markers, Study gene regulation, classify tumor types

="

Computer (Wortschon = "workstation" or "computer" in German)

Use:

Computers are crucial in biological sciences for:

Running simulations and Al models, Storing and analyzing large datasets
(ike genome data), Visualizing molecular structures, Automating lab
processes, Supporting bioinformatics software and research
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Natural Language Processing in Biological Research

Information is extracted from the extensive body of biomedical literature
using Natural Language Processing (NLP), a branch of artificial
intelligence. Researchers can find new research trends, drug-target
interactions, and gene-disease connections with the aid of Al-driven
literature mining techniques. By combining results from several studies
and datasets, NLP systems can also help generate hypotheses. (Lee and
others, 2020).

Integration of Multi-Omics Data

A comprehensive knowledge of biological systems requires the
integration of proteomics, metabolomics, genomics, and other omics
data. By employing ensemble learning strategies, clustering algorithms,
and dimensionality reduction approaches, Al makes it easier to integrate
and comprehend these disparate datasets. These methods enable
scientists to create thorough disease models and unearth intricate
relationships (Tarca et al., 2013).

Ethical and Interpretability Challenges

The use of Al in bioinformatics and biological sciences presents a
number of difficulties despite its many benefits. The "black box" aspect
of many Al models, particularly deep learning, is a significant problem
since it makes it challenging to understand how predictions are
generated. This lack of openness may cause ethical issues and impede
therapeutic adoption. Additionally, model performance is greatly
impacted by the bias and quality of training datasets, which may result in
inaccurate conclusions or unfair healthcare outcomes (Topol, 2019).
Transparent algorithms, repeatable research procedures, and stringent
validation processes are necessary to ensure the ethical usage of Al

Future Directions

With continuous improvements in algorithm development, processing
capacity, and data accessibility, the future of Al in bioinformatics and
biology appears bright. Emerging approaches, including federated
learning, explainable AI, and causal inference, seek to improve the
interpretability and dependability of AI models while addressing present
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constraints. Furthermore, interdisciplinary discoveries that will
revolutionize the way biological topics are explored and addressed are
being fostered by the increasing cooperation between biologists,
computer scientists, and data engineers.

With its unmatched capabilities for data processing, pattern recognition,
and biological modeling, artificial intelligence (Al) is quickly changing the
bioinformatics and biological sciences fields. Applications of Al in fields
ranging from image analysis to literature mining and from genomics to
customized treatment are advancing our knowledge of biological
processes. However, issues with data quality, model interpretability, and
ethical considerations need to be resolved if its full promise is to be
realized. Al has the potential to become a vital part of biological research
and healthcare in the twenty-first century if it is developed and used
responsibly.

Challenges of Algorithm Interpretability, Data Quality, and Ethical
Concerns over Data Privacy and Al Decision-Making in Biological
Sciences

In the fields of bioinformatics and biological sciences, artificial
intelligence (AI) and machine learning (ML) have emerged as essential
technologies that allow researchers to model biological systems, evaluate
large, complicated information, and propel advancements in
biotechnology and healthcare. But even with these developments, a
number of significant obstacles stand in the way of fully utilizing Al's
potential in the medical sciences. The most important ones include data
quality, algorithm interpretability, and ethical issues with data privacy and
Al-powered decision-making. To guarantee the safe, just, and efficient
use of Al in biological research and healthcare, these concerns must be

addressed.
Algorithm Interpretability

Interpretability refers to the ability to understand and explain how an Al
algorithm makes decisions. In biological sciences, where Al is used for
tasks such as disease diagnosis, biomarker identification, and drug
discovery, understanding the basis for Al predictions is essential for
scientific validation and clinical adoption.

Many high-performing models function as "black boxes," producing
precise predictions without offering a clear understanding of their
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internal mechanisms. This is especially true of deep learning architectures
like convolutional neural networks (CNNs) and recurrent neural
networks (RNNs). When choices have the potential to affect human
health or direct the design of experiments, this lack of transparency is a
major worry. For example, before making biological inferences or
pursuing therapeutic interventions, researchers must comprehend the
reasoning behind a deep learning model's identification of a gene as a
major predictor of a disease.

Tools like SHAP (SHapley Additive exPlanations) and LIME (Local
Interpretable Model-agnostic Explanations), which assist in determining
feature importance and decision logic, are the result of efforts to increase
interpretability. These instruments are still developing, though, and might
not completely capture intricate relationships in high-dimensional
biological data. Trust in Al-generated results is still low in the absence of
clear interpretability, especially among regulatory agencies and
practitioners.

Data Quality and Bias

High-quality, representative data is the foundation of effective Al
models. In bioinformatics and biology, data often come from diverse
sources such as genome sequencing, proteomic analysis, and electronic
health records (EHRs). These datasets may be biased, noisy, incomplete,
or inconsistently labeled, all of which impair Al models' capacity to
function well and generalize.

For instance, some populations (such as patients from industrialized
nations or particular ethnic groups) may be overrepresented in datasets
used to train diagnostic algorithms, which could result in models that
perform badly on underrepresented groups. This bias may lead to
inaccurate scientific findings or unfair healthcare results. Furthermore,
biological data is by its very nature heterogeneous, differing among
platforms and institutions in terms of format, quality, and scale. Model
creation and validation are made even more difficult by variations in
sample preparation, sequencing equipment, or data annotation
techniques.

Although they are not infallible, techniques like data normalization,
augmentation, and imputation are employed to enhance the quality of
data. Evaluating the reliability and reproducibility of Al results is further
complicated by the absence of defined metadata and data curation

38



Applications and Effectiveness of ...

procedures. Therefore, low-quality data worsens bias and fairness
problems in Al applications in addition to affecting predicted accuracy.

Ethical Concerns Over Data Privacy and Decision-Making

Significant ethical questions concerning data privacy, informed
permission, and the openness of Al-driven judgments are brought up by
the use of AI in biological sciences, particularly in healthcare
applications. Because Al models rely on large datasets, which frequently
contain sensitive genomic and personal data, there is a considerable risk
of data misuse or unauthorized access.

Biological and clinical data management necessitates rigorous
compliance in areas subject to stringent data protection regulations, such
as the General Data Protection Regulation (GDPR) in the European
Union. Although helpful, de-identification methods do not totally
remove the possibility of re-identification, particularly when merging data
from several sources. By its very nature, genomic data is individually
identifiable, and breaches of this kind can have a lifelong effect on
people and their families.

Furthermore, there is a moral and legal requirement to guarantee
accountability and openness when Al systems are used in healthcare
decision-making, such as producing therapy recommendations or
identifying illnesses. It becomes difficult to assign blame when an Al
system makes a bad or wrong choice. As previously said, it can be
difficult for researchers and clinicians to comprehend and defend the
Al's  recommendations ~ when  the  model s opaque.
To reduce these concerns, ethical frameworks and guidelines—Iike those
put forth by the OECD and the World Health Organization (WHO)—
promote explainable Al, human oversight, and participatory design.
However, putting such frameworks into practice calls for
interdisciplinary ~ cooperation  between  biomedical  researchers,
technologists, ethicists, and legal specialists.

Although Al has enormous potential to advance biological sciences
and bioinformatics, there are important issues that need to be resolved to
guarantee its responsible and efficient application. Particularly in high-
stakes situations, the interpretability of algorithms continues to be a
significant obstacle to confidence and scientific acceptance. Model
performance and fairness are nonetheless impacted by bias and data
quality, especially in cases where training datasets lack diversity or
standardization. Last but not least, ethical issues with data privacy and Al
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decision-making highlight the necessity of open, responsible, and human-
centered methods for using Al

Tackling these challenges requires not only technical innovation but
also regulatory oversight, ethical awareness, and a commitment to
interdisciplinary collaboration. Only by addressing these critical issues
can the full potential of Al in life sciences be realized for the benefit of
both science and society.

Challenges and Benefits of Artificial Intelligence and Machine
Learning Models in Bioinformatics and Biological Sciences

High-throughput data processing, predictive modeling, and the
automation of intricate biological activities have all been made possible
by artificial intelligence (Al), especially through machine learning (ML),
which has completely transformed bioinformatics and biological
sciences. Al provides strong capabilities to find patterns and extract
significant biological insights as biological research produces large-scale,
multi-dimensional information from imaging, proteomics, metabolomics,
and genomes. Its use, however, has both revolutionary advantages and
significant obstacles that need to be overcome for successful execution.
Improved Interpretation and Analysis of Data
Unlike traditional statistical methods, machine learning algorithms are
capable of efficiently analyzing and interpreting large amounts of
complicated biological data. They give researchers the ability to
accurately detect mutations, predict protein structures, and find gene-
disease connections. For example, DeepMind's AlphaFold has shown
previously unheard-of precision in predicting protein shapes, a persistent
problem in biology (Jumper et al., 2021).

Accelerated Drug Discovery and Personalized Medicine

By anticipating pharmacodynamics, screening compounds, and modeling
drug-target interactions, artificial intelligence (AI) speeds up drug
discovery. Additionally, it makes customized medicine easier by
combining clinical and genomic data to customize therapies. By
determining which treatments are most likely to work for a certain
patient, predictive models can enhance results and lessen side effects
(Esteva et al., 2019).
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Automation and Efficiency

Tasks such as image analysis in pathology, literature mining, and
sequence alighment can be automated using Al, saving time and reducing
human error. NLP tools like BioBERT can process thousands of
scientific articles to extract biological knowledge efficiently (Lee et al.,
2020). Integration of Multi-Omics Data Al models support the
integration of heterogeneous data from genomics, transcriptomics, and
proteomics, providing a more holistic view of biological systems. This
enables the development of systems biology models that reveal complex
interactions and regulatory mechanisms (Huang et al., 2017).

Challenges

Data Quality and Bias M. models depend heavily on the quality and
completeness of training data. In biological sciences, datasets often
contain missing values, noise, or sampling bias, which can negatively
affect model accuracy and generalizability (Ching et al., 2018). Moreover,
biased data can lead to erroneous conclusions, particularly in clinical
settings.

Model Interpretability

Many advanced Al models, particularly deep learning networks, are
considered “black boxes” due to their complexity and lack of
transparency. This poses challenges in biology, where understanding the
rationale behind predictions is essential for scientific validation and
clinical decision-making (Tjoa & Guan, 2020).

Ethical and Legal Concerns

The use of personal biological data raises ethical issues related to privacy,
consent, and data security. Regulations such as the General Data
Protection Regulation (GDPR) must be adhered to, which can
complicate data access and sharing.

Computational Resource Demands

Training Al models, especially deep learning architectures, requires
substantial computational resources and specialized expertise, which may
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not be available in all research settings (Topol, 2019). Al and ML offer
significant advantages in bioinformatics and biological sciences, including
data integration, predictive accuracy, and automation. However,
challenges related to data quality, interpretability, ethics, and
computational cost must be strategically addressed to fully realize their
potential.

Addressing the Challenges of Al in Bioinformatics and Biological
Sciences through Transparent, Explainable Models and Rigorous
Validation

Artificial intelligence (AI) has rapidly become a cornerstone of modern
bioinformatics and biological sciences, enabling advanced data analysis,
predictive modeling, and novel discovery in genomics, proteomics,
systems biology, and precision medicine. However, despite its remarkable
capabilities, the adoption of Al in these fields is hindered by several
critical challenges, including algorithmic opacity, data quality issues, and
ethical concerns. To ensure that Al systems in bioinformatics are
trustworthy, reliable, and clinically applicable, it is essential to develop
transparent, explainable Al models and adopt rigorous validation
frameworks. These approaches can bridge the gap between technical
innovation and real-world applicability while fostering confidence among
researchers, clinicians, and regulators.

The Need for Explainable and Transparent AI Models

Al models, particularly deep learning architectures, often function as
“black boxes,” meaning their internal decision-making processes are
difficult to interpret. In biological sciences, where the implications of
predictions can directly affect health outcomes or scientific conclusions,
this lack of interpretability poses serious risks. For example, an Al system
predicting cancer from histopathological images must provide
explainable outputs to be trusted by clinicians and patients alike.
Explainable AI (XAI) aims to address this issue by making Al decisions
understandable to humans. Techniques such as SHAP (SHapley Additive
Explanations) and LIME (Local Interpretable Model-agnostic
Explanations) have become popular tools for interpreting ML model
predictions. SHAP, for instance, assigns each feature an importance
value for a particular prediction, enabling researchers to trace how
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specific genes, proteins, or pathways contributed to the model’s output
(Lundberg & Lee, 2017).

In genomics, XAI has been used to understand how certain
nucleotide sequences influence regulatory element predictions. In clinical
settings, models used for disease risk prediction or treatment selection
must provide rationales that align with known biological mechanisms. By
prioritizing transparency, researchers can assess whether the model’s
logic is biologically plausible or driven by spurious correlations in the
data. Benefits of Explainability in Scientific and Clinical Contexts The
adoption of explainable AI has several important benefits: Scientific
validation: Transparent models allow researchers to validate biological
hypotheses derived from AI outputs, ensuring that predictions are
grounded in mechanistic understanding rather than computational
artifacts.

Trust and accountability: Clinicians and researchers are more likely to
use Al tools that offer traceable, human-interpretable reasoning. This is
especially important in medical diagnostics, where errors can have serious
consequences (Tjoa & Guan, 2020). Regulatory approval: Regulatory
bodies like the FDA and EMA increasingly require that Al-based tools
demonstrate not only accuracy but also interpretability and
reproducibility. Developing models that prioritize explainability thus
enhances their scientific value, clinical usability, and likelihood of
regulatory acceptance.

Rigorous Model Validation and Generalizability

Another cornerstone of trustworthy Al in biology is rigorous validation,
which ensures that models generalize beyond their training data and
perform reliably in diverse real-world scenarios. Many Al models show
excellent performance in development stages but fail in deployment due
to overfitting or data shifts. Cross-validation, independent testing on
external datasets, and bootstrapping are key practices for robust
validation. External validation is particularly critical in bioinformatics,
where data often vary across laboratories, platforms, and populations.
For instance, a gene expression classifier trained on one cohort may
perform poorly on another if batch effects and population differences
are not addressed (Wang et al., 2020).

Benchmarking against standardized datasets, such as those from the
DREAM Challenges or the Cancer Genome Atlas (TCGA), allows for
transparent performance comparison and peer validation. Studies have
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shown that models evaluated on heterogeneous, multi-source data
perform better in real-world applications due to their improved
generalizability (Ching et al., 2018). Moreover, rigorous error analysis
should accompany performance metrics. Simply reporting accuracy or
AUC is insufficient; researchers must identify when and why models fail.
This leads to more robust improvements and informs dataset curation
and model refinement strategies.

Improving Data Quality and Bias Mitigation

Explainable models and validation alone are not enough—AI systems
must also be built on high-quality, unbiased datasets. In bioinformatics,
this involves addressing issues such as missing data, inconsistent
annotations, and sampling biases. Poor data quality not only reduces
model accuracy but also exacerbates fairness concerns, particularly in
healthcare applications. Data harmonization and curation, including the
use of standardized ontologies and controlled vocabularies (e.g., Gene
Ontology, SNOMED CT), help improve the consistency and reliability
of datasets. Bias detection techniques—such as subgroup performance
audits—can identify populations where the model underperforms,
prompting targeted retraining or dataset augmentation.

Synthetic data generation, using techniques like generative adversarial
networks (GANs), can also help balance underrepresented classes,
though it must be applied cautiously to avoid introducing artifacts.

Ethical Frameworks and Human Oversight

When using Al in the biological sciences, ethical considerations are
essential. Robust governance is necessary for issues pertaining to data
protection, consent, and Al responsibility. By guaranteeing that users
comprehend the data used, the model's operation, and the meaning of
the outputs, transparent Al upholds these ideals.
According to Li et al. (2020), federated learning is a new approach that
allows model training across several universities without exchanging raw
data, protecting privacy while retaining performance. Federated learning
can provide morally and scientifically sound Al solutions when paired
with explainable modeling and strong validation.

Additionally, establishing interdisciplinary review boards and
involving bioethicists in Al development can guide the responsible
design and deployment of Al tools.
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Addressing Al's fundamental issues with clear, understandable
models and thorough validation is crucial as the technology continues to
enter bioinformatics and biological sciences. In addition to improving
model performance and reliability, these procedures guarantee fair and
moral use in clinical care and research. While rigorous validation
approaches provide generalizability and scientific credibility, explainable
Al techniques like SHAP and LIME allow for a deeper understanding of
model predictions. These tactics, when coupled with ethical protections
and data quality enhancements, provide a strong basis for the responsible
development of Al in the biological sciences. Transparency, validation,
and interdisciplinary cooperation must remain top priorities for the
scientific community if it is to fully exploit Al's potential in biology.

Conclusion

In bioinformatics and biological sciences, artificial intelligence (AI) has
become a disruptive force, providing strong tools for deciphering
intricate information, uncovering hidden patterns, and speeding up
discoveries in a variety of fields. AI-driven models have greatly improved
the effectiveness, speed, and precision of biological research in a variety
of fields, including drug discovery, personalized medicine, gene
sequencing, and protein structure prediction. Automating labor-intensive
processes, integrating multi-omics data, and extracting valuable insights
from massive datasets have all been made possible by tools like deep
learning algorithms, natural language processing, and predictive analytics.
AlphaFold, which has transformed protein structure prediction and
offered solutions that previously took years of experimental study, is
among the most prominent instances.

The true power of Al beyond performance, is in its capacity to learn
from a variety of data sources and adjust to changing scientific inquiries.
Al is changing current healthcare through its clinical applications, which
increase diagnostic accuracy, predict illness development, and assist in
treatment decisions. Notwithstanding these developments, there are still
issues that must be resolved, such as the requirement for better model
interpretability, data quality assurance, and ethical standards compliance
while managing sensitive biological data. In order to promote fairness,
build trust, and facilitate the safe application of Al technology in the life
sciences, these issues must be addressed.
Al 1s a driver for innovation in the biological sciences and
bioinformatics, not just a tool. Al is positioned to propel the upcoming
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wave of scientific discoveries and medicinal applications with continued
improvements in algorithm development, data integration, and ethical
frameworks. Its ethical application and ongoing development will be
essential to turning data into information and knowledge into solutions
that can save lives.

Table showing recent Case Studies and Frameworks: Applications and
Effectiveness of Artificial Intelligence in Bioinformatics and Biological

Sciences (2023-2025)
Al Tool / Application Key Result / Year Institution /
Framework Outcome Source
AlphaFold 3 Protein structure Atomic-level 2024 DeepMind &
and complex prediction of Isomorphic Labs
modeling protein—-DNA~—
ligand complexes
Enformer Genomic variant Predicted gene 2023 Google
interpretation expression from DeepMind
DNA; improved
rare disease
variant ranking
Cell Painting + Cellular toxicology Accurate 2024 MIT-Broad
Deep Learning profiling prediction of Institute
chemical toxicity
via microscopy
+ Al
Aldrug2cov COVID-19 drug Predicted 2023 Fudan University
repurposing Baricitinib as
anti-COVID
agent; supported
by trials
BioGPT Biomedical Extracted gene— 2023-2024 Microsoft
literature mining disease links and Research
answered
biomedical
questions
PathAl Al histopathology 15-20% boostin | 2024 PathAl Inc.
diagnostics cancer diagnostic
accuracy;
reduced review
time
scGPT Single-cell RNA-seq | Automated rare 2024 BGI Research

analysis

cell type
detection and
trajectory
inference
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