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Abstract
With the rapid advancements in large language model technology and the
emergence of bioinformatics‐specific language models (BioLMs), there is a
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growing need for a comprehensive analysis of the current landscape,
computational characteristics, and diverse applications. This survey aims to
address this need by providing a thorough review of BioLMs, focusing on
their evolution, classification, and distinguishing features, alongside a
detailed examination of training methodologies, datasets, and evaluation
frameworks. We explore the wide‐ranging applications of BioLMs in critical
areas such as disease diagnosis, drug discovery, and vaccine development,
highlighting their impact and transformative potential in bioinformatics. We
identify key challenges and limitations inherent in BioLMs, including data
privacy and security concerns, interpretability issues, biases in training data
and model outputs, and domain adaptation complexities. Finally, we high-
light emerging trends and future directions, offering valuable insights to
guide researchers and clinicians toward advancing BioLMs for increasingly
sophisticated biological and clinical applications.

KEYWORDS
bioinformatics‐specific language models, biological systems, biomedical AI, large language
models, life active factors

1 | INTRODUCTION

The rapid development of large languagemodels (LLMs)
such as BERT [1], GPT [2], and their specialized coun-
terparts has revolutionized the field of natural lang-
uage processing (NLP). Their ability to model context,
interpret complex data patterns, and generate human‐
like responses has naturally extended their applicability
to bioinformatics, where biological sequences often
mirror the structure and complexity of human languages
[3]. LLMs have been successfully applied across various
bioinformatics domains, including genomics, prote-
omics, and drug discovery, offering insights that were
previously unattainable through traditional computa-
tional methods [4].

Despite significant advancements, challenges
remain in the systematic categorization and compre-
hensive evaluation of applications of these models on
bioinformatics problems. Considering the variety of
bioinformatics data and the complexity of life activities,
navigating the field can often be challenging, as existing
studies tend to focus on a limited scope of applications.
This leaves gaps in understanding the broader utility of
LLMs in various bioinformatics subfields [5].

This survey aims to address these challenges by
providing a comprehensive overview of LLM applica-
tions in bioinformatics. By focusing on different levels of
life activities, this article collected and exhibited related
works from two major views: life science and biomed-
ical applications.

We have collaborated with domain experts to
compile a thorough analysis spanning key areas in
these views, such as nucleoid analysis, protein struc-
ture and function prediction, genomics, drug discovery,
and disease modeling, including applications in brain
diseases and cancers, as well as vaccine development.

In addition, we propose the new term “Life Active
Factors” (LAFs) to describe the molecular and cellular
components that serve as candidates for life science
research targets, which widely includes not only con-
crete entities (DNA, RNA, protein, genes, drugs) but
also abstract components (bio‐pathways, regulators,
gene‐networks, protein interactions) and biological
measurements (phenotypes, disease biomarkers).
LAFs is a comprehensive term that is capable of
reconciling the conceptual divergence arising from
research across various bioinformatics subfields,
benefiting the understanding of multi‐modality data for
LAFs and their interplays in complex bio‐systems. The
introduction of LAFs aligns well with the spirit of foun-
dational models and emphasizes the unification across
sequence, structure, and function of the LAFs while
respecting the interrelationships of each LAF as a node
within the biological network.

By bridging existing knowledge gaps, this work seeks
to equip bioinformaticians, biologists, clinicians, and
computational researcherswith anunderstanding of how
LLMs can be effectively leveraged to tackle pressing
problems in bioinformatics. Our survey not only high-
lights recent advances but also identifies open chal-
lenges and opportunities, laying the foundation for future
interdisciplinary collaboration and innovation (Figure 1).

2 | BACKGROUND OF LANGUAGE
MODELS AND FOUNDATION MODELS IN
BIOINFORMATICS

Bioinformatics has become a fundamental and trans-
formative field in life sciences, bridging computational
techniques and biological research. It emphasizes the
development and application of computational tools
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and methodologies to manage and interpret vast
amounts of biomedical data, transforming them into
actionable insights and driving advancements across
diverse downstream applications. Modern computa-
tional tools, particularly those rooted in deep learning
technology, have significantly accelerated the evolution
of biological research.

The rapid advancements in LLMs technologies have
inspired new approaches to bioinformatics computing.
Considering the complexity of biological systems and
highly structured nature of bioinformatics data, LLM‐
based computing methods have proven effective in
addressing challenges across fields such as genomics,
proteomics, and molecular biology. Inspired by LLM
architectures like transformers, foundation models in
bioinformatics excel at capturing complex patterns and
relationships in biological data. They have evolved from
single‐modality tools to sophisticated multimodal sys-
tems, integrating diverse datasets such as genomic
sequences and protein structures.

Central to their success is the availability of large‐
scale, high‐quality training data and the adoption of
self‐supervised pre‐training and fine‐tuning techniques.
These methods allow models to extract meaningful
features from unlabeled data and adapt to specific bio-
informatics tasks. Together with advances in architec-
ture design, these innovations have broadened the
capabilities and impact of foundation models, unlocking
new insights into biological systems and accelerating
progress in life sciences. The following sections discuss
these advanced computing methods along with the
intrinsic properties of biological systems and structured
bioinformatics data.

2.1 | Foundations of language models
and bioinformatics overview

2.1.1 | Basics of large language models
and foundations models

Traditional language models are engineered to process
and generate text in a human‐like manner, leveraging
the extensive datasets used during their training. These
models excel at interpreting context, producing
coherent and contextually appropriate responses, per-
forming translations, summarizing text, and answering
questions. LLMs are a type of foundation model trained
on vast datasets to provide flexible and powerful ca-
pabilities [6–8] that address a broad spectrum of use
cases and applications [8–78]. By efficiently handling
diverse tasks, LLMs eliminate the need for building and
training separate domain‐specific models for each use
case—a process that is often limited by cost and
resource constraints. This unified approach not only
fosters synergies across tasks but also frequently re-
sults in superior performance, making LLMs a more
scalable and efficient solution. There are several key
elements that make the language model successful in
adaptation to bioinformatics tasks (Figure 1A).

Representation learning and tokenization
Tokenization in LLMs is influenced by the design of
their tokenization algorithms, which primarily use
subword‐level vocabularies to represent text sequence
data effectively. Popular tokenization algorithms, such
as Byte‐Pair Encoding (BPE) [79], WordPiece [80], and
Unigram [81], are widely used. Although their

F I GURE 1 The applications of the methodology of large language models (LLMs) in bioinformatics tasks.
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vocabulary cannot perfectly capture every possible
variation of input expressions, these tokenization
methods effectively encode the features of words and
their contextual relationships.

In the view of representation learning, the tokeni-
zation and token embedding algorithms of the language
model generally succeeded in representing the hidden
factors of variation behind the data. This representation
is based on the unsupervised learning scheme of the
language models. The sub‐word context features
learned in the encoder modules or embedding layers
follow the probabilistic modeling and continuously up-
date the representations on large corpus datasets [82].

Attention mechanism
LLMs widely use the transformer model [83, 84] as their
foundational architecture. A core innovation of the
transformer model is the multi‐head self‐attention
mechanism, which establishes relationships among all
relevant tokens, enabling more effective encoding of
each word in the input sequence. The self‐attention
layer processes a sequence of tokens (analogous to
words in a language) and learns context information
across the entire sequence. The “multi‐head” aspect
refers to multiple attention heads operating simulta-
neously to capture diverse contextual features. Inside a
single attention head, a token output embedding in a
sequence is computed and fused with other tokens in
the context with a proper causal mask. Such global
level attention mechanic enables efficient information
fusion along available context windows.

Self‐supervised training methods
Language models are trained using self‐supervised
learning methods [85]. Unlike supervised learning,
which typically requires human annotations, language
models can leverage vast amounts of unannotated text
data [86]. The objective of unsupervised learning is to
analyze unlabeled data by identifying and capturing its
meaningful properties. Neural networks can extend
some of these approaches. For example, autoencoders
compress data into a low‐dimensional representation
through a hidden layer known as the bottleneck layer
and then reconstruct the original input data from this
representation [87–90]. Language models leverage
either the next word in a sentence as a natural
label for the context or artificially mask a known word
and predict it. This method, where unstructured data
generates its own labels (e.g., predicting the next word
or a masked word) and language models are trained to
predict them, is known as self‐supervised learning.
Transformer‐based models, with their parallel process-
ing capabilities and ability to capture correlations across
entire sequences, have achieved state‐of‐the‐art
(SOTA) performance [91, 92]. A more advanced
training diagram is the text‐to‐text framework. This kind
of training diagram unified multiple kinds of tasks,

including translation, question answering (QA), classifi-
cation, formulated and feeding to model as input and
training it as a generative model to predict target text.
This framework, which is named “T5” benefits using the
samemodel, loss function, hyperparameters, etc. across
a diverse set of tasks [93].

Pre‐training methods
In many supervised learning problems, input data is
represented by multiple features, comprising numerical
or categorical information that can aid in making pre-
dictions. Scratch‐trained models, which initialize and
train all parameters from the ground up using task‐
specific datasets, typically require numerous iterations
to converge fully on a single task. In general,
transformer‐based language models fall into two cate-
gories: scratch‐trained models and pre‐trained models.
LLMs apply transformer‐based pre‐trained models that
are trained from large amounts of unlabeled data and
then fine‐tuned for specific tasks. Pre‐training learns
general information from unlabeled data which can
improve the convergence rate of the target tasks and
often has better generalization than training parameters
from scratch [94]. The use of context information in a
large corpus to pre‐train the whole model (or encoder
modules) has achieved SOTA results in various
downstream tasks.

2.1.2 | Bioinformatics applications and
challenges

Using deep learning methods like language models to
tackle bioinformatics problems is challenging. While
deep learning models have shown superior accuracy in
specific bioinformatics applications (e.g., genomics
applications) compared to SOTA approaches and are
adept at handling multimodal and highly heterogeneous
data, significant challenges remain. Further work is
required to integrate and analyze diverse datasets
required for deep learning for genomic prediction and
prognostic tasks. This is especially important for the
development of explainable language models that can
identify novel biomarkers and elucidate regulatory in-
teractions across various biology levels: pathological
conditions, including different tissues and disease
states. These advancements require a deep under-
standing of complex bioinformatics data, the related
tasks, and their mutual relationships [95]. In this review,
we discuss such issues through two lenses: the various
biology levels and the inherent regulations of life
activities.

Various biology levels
Although no gold standard division was available, the
levels of life‐science factors in bioinformatics can be
divided into five levels, from micro to macro. Here, we
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take the mammal model organisms as a template, the
levels can be divided into: the molecular level, the
genome‐scale level, the cellular level, the tissue/organ
system level, and the population/community/meta-
genomics level (Figure 1B). Bioinformatics often fo-
cuses on the first three levels (i.e., the molecular level,
the genomic‐scale level, and the cellular level). The
molecular level analysis targets biologically active
molecules, which include nucleic acids, amino acids,
and other small bioactive molecules, and the relative
experiments aimed at interpreting the life activities at
this scale. The genomic‐scale level models life activities
from DNA, RNA, and proteins to metabolomics. The
most famous regulation at the genomic scale level is
The Central Dogma, which reveals the intrinsic re-
lations of main life‐activity factors on a sub‐cellular
scale. The whole sub‐cellular system is modeled hier-
archically, beginning with DNA, messenger RNA
(mRNA), and proteins, extending to metabolomics, and
ultimately inferring the phenotype [96]. At the cellular
level, understanding cellular mechanisms is a funda-
mental challenge in biology and holds significant
importance in biomedical fields, particularly concerning
disease phenotypes and precision medicine. Using
genes (the specific sequences of nucleotides within
DNA that control downstream life activities) as a unit,
the functions of genes and the gene products are
essential research targets at this level. A comprehen-
sive, structured, computation‐accessible representation
of gene function and variations is crucial for bioinfor-
matics understanding of the cellular organism or virus.
At the same time, the gene networks and mutual in-
fluences of gene products pose a challenge for such
areas. Single cell sequencing technologies allow us to
obtain gene expression data at the mRNA level,
providing a foundation for analyzing entire cellular
systems. This data is now extensively used to identify
cell states during development, characterize specific
tissues or organs, and evaluate patient‐specific drug
responses. In this review, the molecular components at
the genomics level and cellular levels and their
respective sets are collectively referred to as LAFs. It is
important to note that the sequence representation
format is the most commonly observed for each LAF.
However, multi‐modality data for LAF is also significant
for representing the property of LAF, that is, the highly
structured data format to record the function de-
scriptions, abundancy, variations, and expressions
[97, 98].

Data bias and risks
One key challenge in integrating LLMs into biomedical
workflows is training data bias, where demographic im-
balances or inadequate representation of minority
populations can yield models that perpetuate or amplify
existing health disparities. Additionally, clinical settings
demand high reliability, given that any mistake or

“hallucination” in a recommendation can have severe
consequences for patient care. Ensuring privacy and
confidentiality poses another difficulty: models must
adhere to data protection standards such as Health In-
surance Portability and Accountability Act (HIPAA) or
general data protection regulation (GDPR) while still
leveraging large‐scale patient information [99, 100].
Furthermore, interpretability and transparency remain
central concerns, as both healthcare professionals and
regulatory bodies must be able to understand and
scrutinize model‐driven outcomes. In response, re-
searchers and practitioners have explored several
methods to address these issues. Bias mitigation tech-
niques, including balanced sampling strategies and
thorough bias audits, aim to correct or minimize skewed
model outputs. Robust model validation, such as stress‐
testing on multiple, diverse datasets, helps reveal sys-
tematic errors and instill greater confidence in perfor-
mance. To maintain patient privacy, teams often employ
differential privacy, federated learning (FL), or secure
multi‐party computation, ensuring that sensitive data are
either well‐anonymized or kept on premises. Finally,
explainable AI tools and rigorous human‐in‐the‐loop
approaches are increasingly adopted, providing health-
care professionals with interpretable reasoning traces
while allowing them to overridemodel suggestions when
necessary. By combining these strategies, the biomed-
ical community can work toward LLM solutions that are
both technically sound and ethically responsible.

Inherent regulations of life activities
Sincemost LAFs at each biological level are represented
in a sequence format, transformer‐based pre‐trained
language models are particularly well‐suited for
analyzing these sequences. An emerging consensus
suggests that these sequences embody an underlying
language that can be deciphered using language
models. However, to play the roles in life activities,
an essential logic of a single LAF is “sequences—
structures—functions.” Take proteomics analysis as an
example, protein sequences can be viewed as a
concatenation of letters from the amino acids, analo-
gously to human languages. The latest protein language
models utilize these formatted letter representations of
secondary structural elements, which combine to form
domains responsible for specific functions. The protein
languagemodels also direct inference of full atomic‐level
protein structure from primary sequence and produce
functional proteins that evolution would require hun-
dreds of millions of years to uncover [101–103].

In life activities, there are important regulation re-
lationships among the LAFs across different levels as
well as intra‐level relationships. Considering the geno-
mics level, genes control hereditary traits primarily by
regulating the production of RNA and protein products.
According to the central dogma of molecular biology,
genes within DNA are transcribed into mRNA, which is

LARGE LANGUAGE MODELS FOR BIOINFORMATICS - 5 of 39
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then translated into gene products, such as proteins.
For any given gene product, whether RNA or protein, its
origin can be traced back to the gene that directed its
synthesis. This traceability highlights that fully under-
standing a gene’s functionality requires considering not
only the gene itself but also the roles and functions of all
its associated products. Genes regulate each other and
create feedback loops to form cyclic chains of de-
pendencies in gene regulatory networks, graph neural
network‐styled operations are suitable to model the
“steady state” of genes. It is the same for proteins in
protein‐protein interactions (PPI). In the layer of path-
ways, it is a hypergraph where each hyperedge is a
pathway including multiple proteins.

Within the cellular level, pathways integrate indi-
vidual genes or protein products to perform certain cell
functions under mutual intra‐level regulations. Proteins
interact with one another in various ways, such as
inhibiting, activating, or combining with others, thereby
influencing expression levels or protein abundances
within cells. These interactions are collectively referred
to as PPI. Some databases systematically organize
results by annotating functionalities using Gene
Ontology, utilizing the unique gene identifiers assigned
to each gene within the genomic system [104, 105].

Scalability and performance limitations
Despite their potential, current LLM methods still face
notable hurdles in handling extensive and heteroge-
neous bioinformatics datasets. Training or fine‐tuning
these models typically demands substantial computa-
tional resources and specialized hardware, which can
become cost‐prohibitive for large‐scale omics or clinical
data. Memory constraints also limit the maximum input
length and model size, leading to trade‐offs between
complexity and efficiency. In addition, performance
often deteriorates when LLMs are directly applied to
highly domain‐specific data without sufficient fine‐
tuning or domain adaptation. As a result, researchers
are exploring more efficient architectures, model
compression techniques, and scalable distributed
training methods to ensure LLMs remain feasible and
robust for the growing demands of biomedical data
analysis [106, 107].

Model robustness
It is also one of the key challenges in applying LLMs to
bioinformatics and requires careful attention. To
enhance reliability and mitigate risks such as overfitting,
misuse, and erroneous predictions in critical medical
scenarios, several strategies can be implemented.
Regularization techniques, such as dropout and weight
decay, help improve generalization, while adversarial
training enhances resilience against input variations.
Uncertainty quantification methods, including Monte
Carlo dropout and confidence calibration, can provide
more reliable predictions. Additionally, fine‐tuning on

high‐quality biomedical datasets and incorporating
continual learning frameworks improve domain adapt-
ability. Model interpretability techniques, such as
attention visualization and SHapley Additive exPlana-
tions, further enhance transparency and trust.
Addressing biases in training data through fairness‐
aware training and human‐in‐the‐loop validation en-
sures ethical and responsible deployment. Strength-
ening model robustness through these approaches is
essential for the safe and effective application of LLMs
in bioinformatics and healthcare [108, 109].

Continual learning
With the continuous generation of new biomedical data
each year, many models are still trained on outdated
datasets, making them less effective in capturing recent
advancements. To integrate new data without retraining
from scratch, continual learning has become a crucial
technique for enhancing the application of LLMs in
bioinformatics. Continual learning enables LLMs to
dynamically incorporate newly published biomedical
literature, updated genomic databases, and evolving
clinical guidelines while retaining previously acquired
knowledge. Techniques such as replay‐based
methods, regularization strategies, and dynamic archi-
tecture adjustments help mitigate catastrophic forget-
ting, ensuring long‐term learning stability [110, 111]. In
bioinformatics, continual learning not only improves the
predictive capabilities of LLMs but also enhances their
adaptability in biomolecular sequence analysis,
personalized medicine, and drug discovery. By adopt-
ing continual learning frameworks, LLMs can remain
up‐to‐date, accurate, and efficient for real‐world
biomedical research and healthcare applications
[112, 113].

Privacy protection
In bioinformatics, protecting sensitive medical and
genomic data while leveraging the power of LLMs
presents a significant challenge, especially when
different healthcare institutions possess proprietary
datasets that cannot be publicly shared. FL offers a
promising solution by enabling collaborative model
training across multiple institutions without exposing
raw data. In an FL framework, each institution trains a
local instance of the model on its own data, and only the
model updates (e.g., gradients or parameters) are
shared with a central aggregator, ensuring data privacy.
This decentralized approach not only enhances secu-
rity and compliance with regulations such as HIPAA
and GDPR but also allows LLMs to benefit from
diverse, real‐world biomedical data without compro-
mising confidentiality. Recent advancements in privacy‐
preserving techniques, such as differential privacy and
secure multi‐party computation, further strengthen the
security of FL in biomedical applications. By adopting
FL, LLMs can be trained on distributed, sensitive

6 of 39 - RUAN ET AL.

 20954697, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/qub2.70014 by U

niversity O
f G

eorgia L
ibraries, W

iley O
nline L

ibrary on [28/01/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



datasets from different institutions, improving their
generalizability and robustness while maintaining strict
data privacy standards [114–116].

Efficient LLMs
As LLMs become increasingly complex, their high
computational costs pose challenges for bioinformatics
applications [117]. Model distillation helps address
this by transferring knowledge from a large model
(teacher) to a smaller one (student), reducing size
while maintaining performance. This approach has
been applied in tasks such as protein structure pre-
diction and biomedical text mining [118]. Pruning
techniques, which remove redundant parameters,
further enhance efficiency by reducing memory and
computational demands [119]. Recent advances in
sparse LLMs and quantization make it possible to
deploy these models in resource limited environments,
enabling faster and more efficient bioinformatics
analyses.

2.2 | Training methods and models

2.2.1 | Pre‐training methods

Pre‐training is a critical phase in the development of
LLMs, where a model learns foundational linguistic
representations by training on extensive and diverse
datasets. This process typically employs self‐
supervised learning techniques such as masked lan-
guage modeling (e.g., BERT [1]) or causal language
modeling (e.g., GPT [2]), enabling the model to predict
masked tokens or the next word in a sequence. Unlike
traditional deep neural networks (DNNs) [120], which
are often pre‐trained on domain‐specific datasets such
as ImageNet [121], pre‐training of LLMs is conducted
on significantly larger datasets comprising diverse do-
mains, including books, encyclopedias, and web con-
tent. Moreover, pre‐training LLMs involves models with
billions or even trillions of parameters, making it
computationally and resource‐intensive compared to
conventional DNNs.

The primary advantage of pre‐training lies in the
model’s ability to generalize across diverse language
tasks, often achieving zero‐shot [122] or few‐shot [123]
performance without additional task‐specific training.
This broad generalization enables LLMs to excel in
tasks spanning natural language understanding, gen-
eration, and reasoning. However, the disadvantages of
pre‐training include high computational and energy
costs, often requiring distributed systems with high‐
performance hardware. Additionally, pre‐trained
models can inherit biases and errors present in the
training corpus [124], potentially leading to biased or
undesirable outputs.

2.2.2 | Fine‐tuning methods

Fine‐tuning is the subsequent stage that builds upon
the pre‐trained model by adapting it to specific tasks or
domains through additional supervised or semi‐
supervised training. This process utilizes smaller, tar-
geted datasets and optimizes the model for a specific
use case. Fine‐tuning can be categorized into task‐
specific fine‐tuning [125, 126], where models are
specialized for particular tasks such as sentiment
analysis or machine translation; domain‐specific fine‐
tuning [11, 38], which refines the model for specialized
fields such as medicine or law; and instruction fine‐
tuning [62, 127], where the model is trained to
respond to natural language prompts in an aligned
manner. Recent advancements in parameter‐efficient
fine‐tuning methods [128], such as LoRA (low‐rank
adaptation) [129] and adapters [130], have further
improved the efficiency of this process by updating only
a subset of the model’s parameters while maintaining
the computational benefits of the pre‐trained
foundation.

Fine‐tuning enhances the model’s performance on
specific tasks by leveraging domain‐ or task‐specific
data, achieving SOTA results in various applications.
However, it introduces challenges such as the risk of
overfitting to the fine‐tuning dataset, potentially dimin-
ishing the model’s generalization capabilities. Further-
more, fine‐tuning requires high‐quality labeled data to
ensure reliability and accuracy in specialized
applications.

2.2.3 | Reinforcement learning with human
feedback methods

RALF [131] represents a crucial additional stage in the
training pipeline of LLMs, designed to align model
outputs with human preferences and expectations.
While pre‐training and fine‐tuning equip the model with
general linguistic understanding and task‐specific
expertise, RALF optimizes the model’s behavior to
produce responses that are more aligned with human
values, instructions, or conversational styles, which is
particularly critical for applications such as conversa-
tional agents, where user interaction quality is
paramount.

RALF involves three primary components: a reward
model trained on human‐labeled preferences, a rein-
forcement learning (RL) algorithm to optimize the
model’s behavior based on the reward model, and
iterative human feedback to refine the reward system.
The reward model is typically developed by collecting a
dataset of model outputs ranked by human evaluators.
This ranking serves as the ground truth to train the
reward model, which predicts the desirability of a given
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output. Subsequently, RL algorithms, such as proximal
policy optimization [132], adjust the model parameters
to maximize the reward score predicted by the reward
model. Besides, direct preference optimization [133]
algorithms operate on a dataset of ranked preferences,
directly optimizing the model to prefer the more highly
ranked output in each pair.

The primary advantage of RALF is its ability to align
the outputs of a pre‐trained and fine‐tuned model with
human expectations, improving qualities such as
coherence, relevance, and ethical compliance. This
approach is particularly effective in mitigating undesir-
able behaviors, such as generating toxic, biased, or
irrelevant content. Furthermore, RALF enables the
incorporation of domain‐specific human expertise,
allowing models to better serve niche applications.
However, RALF introduces several challenges. First,
the quality of human feedback is critical, poorly
designed feedback mechanisms or misaligned human
preferences can lead to suboptimal or even harmful
model behavior. Second, RALF requires significant re-
sources for human annotation and computationally
expensive RL training. Furthermore, over‐optimization
for the reward model can lead to undesirable artifacts,
such as the model exploiting weaknesses in the reward
system rather than genuinely improving its outputs—a
phenomenon known as “reward hacking” [134, 135].

2.2.4 | Knowledge distillation

Knowledge distillation (KD) has emerged as a key
approach for efficient training and deploying LLMs by
transferring the knowledge embedded in high‐capacity
teacher models to smaller, more efficient student
models [136]. In essence, the student model learns to
mimic both the predictive outcomes and the internal
representation patterns of the teacher, thereby signifi-
cantly reducing computational costs and memory de-
mands during the pre‐training phase [137–139]. This
methodology promotes the development of leaner
LLMs without sacrificing their ability to perform complex
language tasks.

Recent advancements in KD have extended beyond
final output matching. Modern methods utilize estab-
lished LLMs to generate not only predictions but also
detailed reasoning steps, which are often referred to as
chain‐of‐thought sequences or intermediate logic
traces [140, 141]. These rich annotations can then be
incorporated into the fine‐tuning process, enabling the
target LLM to acquire deeper problem‐solving skills and
enhance interpretability without extensive manual la-
beling. By integrating these reasoning pathways, KD no
longer serves solely as a compression mechanism but
also imparts advanced critical thinking and inference
capabilities to newly trained models. Moreover, recent
work explores expanding KD to support specialized or

domain‐specific tasks where the established teacher
models can guide the target LLM toward focusing on
task‐relevant knowledge, filtering out less pertinent in-
formation [142, 143]. This approach helps produce
models that are better aligned with their intended ap-
plications. Additionally, a Bayesian perspective on KD
has been introduced, offering a transparent interpreta-
tion of its statistical foundations and equipping the
target model with robust uncertainty quantification ca-
pabilities [144, 145].

The integration of pre‐training, fine‐tuning, KD, and
RALF represents a comprehensive training paradigm
for LLMs. Pre‐training serves as the foundation,
equipping the model with general knowledge and lin-
guistic capabilities through large‐scale unsupervised
learning. Fine‐tuning adapts the model to specific tasks
or domains, enhancing its performance in targeted
applications. KD supports efficiency by enabling the
transfer of knowledge from established teacher models
to target models, while RALF refines the model’s
behavior to align with human preferences, ensuring
outputs are both functionally accurate and socially
acceptable. These stages are complementary and
iterative. Insights gained during RALF can inform im-
provements in fine‐tuning datasets or methodologies,
while advancements in fine‐tuning and KD can enhance
the quality of RALF outcomes. Together, this pipeline
not only ensures that LLMs are powerful and versatile
but also makes them more usable and aligned with
human‐centered goals. This multi‐stage training para-
digm has been instrumental in the development of
SOTA models like OpenAI’s ChatGPT and Anthropic’s
Claude, setting a benchmark for future advancements
in the field. These advancements include the release of
both full‐scale and lightweight versions, with KD often
playing a role in optimizing the latter [146].

2.3 | Bioinformatics‐specific datasets

The rapid advancements in LLMs have significantly
propelled the development of bioinformatics by
enabling more efficient data interpretation and knowl-
edge extraction. LLMs excel in understanding, pro-
cessing, and generating complex textual and numerical
data, making them powerful tools for tasks such as
sequence analysis, annotation, and predictive modeling
[147, 148]. Leveraging bioinformatics‐specific datasets,
LLMs can further refine their understanding to address
domain‐specific challenges, transforming raw data into
tangible, interpretable forms that accelerate research
and innovation.

Currently, there are several publicly available data-
sets and benchmarks designed to train and evaluate
LLMs in the bioinformatics domain. For instance, re-
positories such as PDBbind and BindingDB facilitate
testing of protein‐ligand prediction tasks, while UniProt
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and Pfam provide comprehensive protein sequence
and functional information [149, 150]. Genomic data-
bases such as dbSNP enable evaluation of variant
interpretation pipelines, and specialized corpora—
including BioASQ or CORD‐19—support assessments
in literature mining and biomedical QA [151].
Leveraging these domain‐specific datasets helps
ensure that LLMs not only perform well on general
tasks, but also meet the specialized demands of large‐
scale bioinformatics applications.

2.3.1 | Question answering dataset

QA systems play a vital role in biomedicine, assisting
with clinical decision support and powering medical
chatbots. The development of robust QA systems relies
heavily on diverse and well‐curated datasets. Over the
past decade, several biomedical QA datasets have
been introduced, each targeting specific challenges
and domains. For instance, MedMCQA [152] and
MedQA [153] focus on general medical knowledge,
providing open‐domain questions and multiple‐choice
answers derived from medical licensing and entrance
exams. GeneTuring targets genomics‐specific tasks,
such as gene name conversion and nucleotide
sequence alignment. Meanwhile, BioASQ [154, 155]
and PubMedQA [156] incorporate supporting materials,
such as PubMed articles, to answer domain‐specific
questions with formats ranging from yes/no to multi‐
class classifications. These datasets are crucial for
benchmarking QA systems, as they provide domain‐
specific contexts and evaluation metrics that drive the
development of more accurate and reliable models
tailored to biomedical needs.

2.3.2 | Text summarization dataset

Text summarization (TS) in biomedical and healthcare
is a critical application of NLP, enabling the conden-
sation of complex medical texts into concise, informa-
tive summaries without compromising essential details.
This task is particularly valuable in areas such as the
summarization of literature, the summarization of radi-
ology reports, and the summarization of clinical notes.
Among these, the summarization of radiology reports
plays an essential role in transforming detailed imaging
reports—including X‐rays, CT scans, MRI scans, and
ultrasounds—into easily understandable summaries.
Datasets such as MIMIC‐CXR [157] are instrumental in
advancing this field, providing a large‐scale resource
with 473,057 chest X‐ray images and 206,563 corre-
sponding reports. Such data sets are essential for
training and evaluating summarization models, offering
domain‐specific content and structured formats that
drive improvements in both accuracy and reliability,

ultimately enhancing clinical workflows and decision
making.

2.3.3 | Information extraction dataset

Information extraction (IE) in biomedicine involves
organizing unstructured text into structured formats
through tasks such as named entity recognition (NER)
and relation extraction (RE). Robust IE systems rely on
high‐quality datasets for training and evaluation. For
instance: datasets such as BC5CDR [158], NCBI‐
disease [159], ChemProt [160–162], DDI [163], GAD
[164], BC2GM [165], and JNLPBA [166] have become
benchmarks for NER and RE tasks, addressing chal-
lenges involving diseases, chemicals, genes, and other
biomedical entities. These datasets are essential
benchmarks for tackling real‐world biomedical chal-
lenges, enabling the development of more accurate and
generalizable models.

LLMs have also shown potential in various
biomedical tasks such as coreference resolution and
text classification. The effectiveness of these applica-
tions often depends on the availability of high‐quality
datasets. For coreference resolution, datasets such
as MEDSTRACT [167], FlySlip [168], GENIA‐MedCo
[169], DrugNerAR [170], BioNLP‐ST’11 COREF [171],
HANAPIN [172] and CRAFT‐CR [173] provides
essential benchmarks for identifying links between
mentions of the same entity in biomedical texts. Pre‐
trained models such as BioBERT [174] and Span-
BERT [175] have achieved notable success in this
domain. In text classification, datasets such as HoC
(comprising 1580 manually annotated PubMed ab-
stracts for multi‐label classification of cancer hallmarks)
[176] have been pivotal.

In summary, the rapid progress in LLMs have
transformed biomedical applications by improving data
interpretation, knowledge extraction, and task auto-
mation. From QA and TS to IE, LLMs have demon-
strated their potential across a wide range of
bioinformatics‐specific tasks. Central to their success
is the availability of high‐quality, domain‐specific data-
sets, which are indispensable for training, bench-
marking, and refining these models to address real‐
world challenges. These datasets not only enhance
the effectiveness of LLMs but also act as a driving force
in advancing the field of bioinformatics and biomedi-
cine. As the availability of diverse and richly annotated
datasets continues to expand, they will fuel the inte-
gration of LLMs into increasingly complex and
specialized applications. Looking to the future,
combining bioinformatics‐specific datasets with cutting‐
edge techniques promises to unlock groundbreaking
solutions, enabling more precise, efficient, and scalable
innovations that will shape the next generation of
biomedical research and healthcare.
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2.4 | Model evolution and key
milestones

The evolution of LLMs in bioinformatics has marked a
transformative journey. Initially developed for NLP
tasks, these models, such as BERT [1] and GPT [177],
have demonstrated remarkable potential in addressing
challenges specific to the bioinformatics domain.
Leveraging their ability to process and generate se-
quences, LLMs have been adapted for various biolog-
ical data types, including DNA, RNA, proteins, and drug
molecules [3].

In genomics, models such as DNABERT [178] and
GROVER [179] are trained on DNA sequences to
predict functional regions, such as promoters and en-
hancers, and analyze mutations. Similarly, tran-
scriptomics benefits from models such as SpliceBERT
[180] and RNA‐FM [181], which assist in understanding
RNA splicing and secondary structure prediction. For
proteomics, PPLMs such as ProtTrans [182] and
ProtGPT2 [183] enhance predictions related to protein
structure, function, and interactions. These advances
are made possible by the foundational transformer ar-
chitecture, which excels at processing sequential data.
Fine‐tuning these pre‐trained models for domain‐
specific tasks extends their utility to applications in
drug discovery, where simplified molecular input line
entry system (SMILES) representations of molecules
and protein sequences are integrated to predict in-
teractions and properties.

A notable breakthrough in bioinformatics has been
the AlphaFold series, which has applied cutting‐edge
machine learning to solve protein structure prediction
challenges. AlphaFold2 (AF2) revolutionized structural
biology with its unprecedented accuracy in predicting
protein structures based solely on amino acid se-
quences. Its attention‐based deep learning architecture
captured intricate protein folding patterns, surpassing
traditional physics‐based and homology‐modeling
methods. By leveraging evolutionary information
through multiple sequence alignments (MSAs), AF2
provided reliable predictions even in the absence of
experimental data, significantly reducing the time and
costs associated with obtaining protein structural in-
formation, accelerating advancements in drug discov-
ery and functional genomics [184].

Building on AF2’s success, AlphaFold3 (AF3)
introduced groundbreaking capabilities, particularly in
modeling protein complexes, including protein‐peptide
interactions. Transitioning from individual protein
structure predictions to multi‐component biological as-
semblies, AF3 addressed challenges protein‐protein
docking and protein‐peptide interaction modeling.
Through its template‐based and template‐free ap-
proaches, further extended the versatility and impact of
the AlphaFold series [185].

Key features of AlphaFold3 enhanced accuracy in
complex structures: AF3 excels in predicting protein‐
peptide complex structures, achieving a high percent-
age of accurate models in challenging scenarios;
innovative template‐free modeling: while maintaining
strengths in TB predictions, AF3 introduces powerful
template‐free algorithms that allow for diverse model
generation with reliable accuracy, even in the absence
of homologous structural data; and sophisticated
scoring and ranking: AF3 integrates advanced scoring
metrics such as DockQ and MolProbity, ensuring ac-
curate evaluation of predicted structures. Its models
show fewer issues such as twisted peptides or cis non‐
proline residues, reflecting improved protein‐like prop-
erties and geometric quality.

The progression from AF2 to AF3 reflects the iter-
ative refinement of computational methods to address
increasingly complex biological problems. While AF2
focused on individual protein structures, AF3 empha-
sizes dynamic interactions within biological systems,
signaling a shift toward a more holistic understanding of
molecular biology. These innovations underscore how
machine learning continues to redefine bioinformatics,
enabling accurate and efficient modeling of protein
structures and interactions. The AlphaFold series ex-
emplifies the potential for transformative breakthroughs
in biology and medicine, paving the way for future ap-
plications in understanding complex biological systems.

3 | APPLICATIONS FOR
BIOINFORMATICS PROBLEMS

At the heart of LLMs lies the transformer architecture,
which leverages an attention mechanism to manage
word importance in context without the traditional con-
straints of recurrent (RNN) or convolutional (CNN)
neural networks. The self‐attention mechanism of
transformers not only allows for robust parallelization
and scalability but also excels at capturing long‐range
dependencies in text. In bioinformatics, the growing
availability of extensive datasets across diverse tis-
sues, species, and modalities presents both an oppor-
tunity and a challenge. Bioinformatics analysis typically
seeks to uncover hidden relationships within vast
amounts of data, which can be broadly categorized into
two formats: molecular and cellular. Molecular data
often consist of sequences—strings of four bases for
DNA and RNA, and strings of 20 different amino acids
for proteins. Cellular data, such as that from single‐cell
RNA‐seq, single‐cell ATAC‐seq, or single‐cell CITE‐
seq, typically takes the form of a count matrix with cells
as rows and modalities as columns. While there are
parallels between these data types and the structured
data used in NLP, significant differences pose unique
challenges for applying LLMs directly.
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A comprehensive LLM framework for bioinformatics
involves three critical stages: data tokenization, model
pre‐training, and subsequent analyses. Due to the
inherent differences between bioinformatics and con-
ventional NLP data, researchers have been pioneering
adaptations to the LLM architecture to better suit bio-
informatics applications. The following section will pro-
vide a detailed overview of notable contributions in this
evolving field.

3.1 | Genome level

Genome data primarily provide molecular‐level in-
sights, focusing on the sequences of DNA and RNA.
This format bears a strong resemblance to natural
language, as it is structured as ordered sequences of
strings. In this analogy, each nucleotide in a sequence
read is akin to a character, each read is akin to a
sentence, and the entire genome is comparable to the
full article. To bridge the genome sequence and natural
language, multiple studies try several ways to tokenize
the genome sequence to make it similar to the concept
of “word” in the natural language. To gain deeper
insight into the functionalities of various genome seg-
ments, most studies apply the BERT (bidirectional
encoder representations from transformers) as the core
model, which excels in understanding the functions of a
genome segment in relation to its surrounding genome
region and is easily extended to different specific tasks
by fine‐tuning the model with specific dataset.

3.1.1 | LLM for DNA analysis

In DNA analyses, biological sequences are encoded
into structured tokens to facilitate effective model pro-
cessing. A commonly adopted method involves toke-
nizing sequences into k‐mers, typically ranging from 3
to 6 bases in length. This approach creates a vocabu-
lary of k‐mer permutations analogous to words in nat-
ural language, allowing the pre‐trained model to
decipher patterns within these k‐mers. The choice of k
directly affects the complexity and size of the resulting
library, presenting a trade‐off between modeling effi-
ciency and accuracy.

One of the pioneering methods, DNABERT [178],
tokenizes DNA sequence data using overlapping fixed‐
length k‐mers, as well as the recently developed
Nucleotide Transformer [186]. To enhance model effi-
ciency, subsequent versions such as DNABERT‐2
[187] and GROVER [179] have employed BPE [79], a
statistical compression technique that iteratively
merges the most frequently co‐occurring genome seg-
ments. This method extends beyond fixed k‐mer
lengths, significantly improving the efficiency and
generalizability of the models. HyenaDNA [188] uses
one‐mer to tokenize the DNA sequence since it uses

Hyena [189] as the core model, which allows much
longer input than BERT. Additionally, some models
integrate supplementary data into their tokenization
process; for instance, DNAGPT [190] incorporates
species information, and MuLan‐Methyl [191] combines
sequence and taxonomy data into a natural language‐
like sentence to fully leverage existing LLM capabilities.

In terms of pre‐training approaches, many models
utilize the BERT architecture with a masked learning
method for self‐supervised training. To boost training
efficiency, DNABERT incorporates the AdamW opti-
mizer with fixed weight decay and applies dropout to the
output layer. DNABERT‐2 introduces enhancements
such as attention with linear biases (ALiBi) [192] and
flash attention [193]. In contrast, the MuLan‐Methyl
framework integrates five fine‐tuned language models
(BERT and four variants) for the joint identification of
DNA methylation sites, maintaining consistency with
their original pre‐training setups. DNABERT‐S [194]
develops a contrastive learning‐based method to help
effectively cluster and separate different species. Some
methods adopt other LLM models. For example,
DNAGPT uses a GPT‐based model and the next‐token
prediction for its pre‐training, enabling it to forecast
subsequent tokens based on previous ones. HyenaDNA
uses Hyena, a new LLM model that allows a longer
context input, to study long‐range genomic sequence
properties.

When applying these models to specific bioinfor-
matics tasks, most integrate additional task‐relevant
data for fine‐tuning. For instance, DNABERT and its
derivatives utilize the Eukaryotic Promoter Database
(EPDnew) [195] to predict genepromoters, theENCODE
database [196] for transcription factor binding site iden-
tification, and dbSNP for functional variant detection.
MuLan‐Methyl uses data from three main types of DNA
methylation across multiple genomes for accurate pre-
dictions. Nucleotide Transformer includes multiple
downstream tasks by fine‐tuning themodel with different
datasets, such as using histone ChIP‐seq data [196] for
epigenetic marks prediction, using human enhancer el-
ements data [197] for enhancer sequence prediction,
and using human annotated splice sites data [198] for
splice site prediction. DNAGPT leverages data on poly-
adenylation signals and translation initiation sites for
genomic signal and region recognition. Moreover, due to
the generative nature of GPT, DNAGPT can also
generate artificial human genomes without additional
fine‐tuning data. Without further fine‐tuning, some
methods use the embedding from the model directly.
DNABERT‐S can be used for species clustering and
classification.

3.1.2 | LLM for RNA analysis

Unlike DNA, RNA analysis encompasses more com-
plex and varied tasks, requiring tailored pre‐processing
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strategies. RNABERT [199], mirroring the structure of
DNABERT, employs the k‐means method for tokeniz-
ing RNA sequences. Given the typically shorter se-
quences of RNA compared to DNA, other models such
as SpliceBERT [200], RNA‐MSM [201], and RNA‐FM
[181] utilize single nucleotides for tokenization. In
addition to sequence tokenization, these models often
incorporate metadata during preprocessing. For
instance, RNA‐RBP [202] labels each sequence as
positive or negative based on the presence of an RNA‐
binding protein (RBP) region, while SpliceBERT simi-
larly labels sequences for RNA‐splicing sites. RNA‐
MSM enhances its input by including MSAs [203] to
preserve the evolutionary history of sequences.

The pre‐training approach for RNA largely follows
that of DNA, utilizing BERT’s architecture and masked
language modeling for training. Specifically, RNA‐MSM
adopts a structure akin to AlphaFold2 [204], leveraging
an MSA‐transformer architecture. Depending on the
target application, models are pre‐trained with different
datasets: RNABERT and RNA‐MSM use sequences
from the Rfam database, RNA‐FM utilizes non‐coding
RNA sequences from RNAcentral [205], and Splice-
BERT is pre‐trained with RNA sequences from 72
vertebrates available on the UCSC Genome Browser
[206]. BERT‐RBP is trained using the eCLIP‐seq
dataset, which includes RBP information [207].

Once trained, the BERT‐based models process
tokenized sequences to produce embeddings for each
token. These embeddings are directly utilized in several
applications; RNABERT employs them to classify
RNAs from different families, while BERT‐RBP uses
them to predict RBP‐binding sites. Furthermore, the
attention maps generated as part of the model output
play a critical role: SpliceBERT uses these maps to
assess the impact of genetic variants on RNA splicing,
BERT‐RBP to analyze transcript region types and
predict secondary structures, and RNA‐MSM for sec-
ondary structure and solvent accessibility predictions.

For task‐specific enhancements, some models un-
dergo fine‐tuning with additional datasets. Splice‐
BERT, for example, is fine‐tuned using a human
Branchpoints dataset [208] to predict BP sites and the
Spliceator dataset [209] to assess splice sites across
species. RNA‐FM is fine‐tuned with the PDB dataset
[210] to facilitate RNA 3D structure reconstruction.

3.2 | Gene products level

With advances in single‐cell technologies, researchers
have gained enhanced insights into the functional roles
and regulatory mechanisms of gene products within
individual cells [211]. Single‐cell RNA sequencing
(scRNA‐seq) data, which records the expression levels
of various genes across individual cells, is particularly
instrumental. Typically presented in a count matrix

format, scRNA‐seq data contrasts with sequence data;
it lacks a natural order and contains numerical values
rather than sequences of strings. Researchers have
explored various methods to adapt this data for
compatibility with LLMs, adjusting the representation of
scRNA‐seq data to harness the power of LLM
methodologies.

To adapt scRNA‐seq data for LLM compatibility,
researchers have devised various strategies. Models
such as Cell2Sentence [212], tGPT [213], and Gene-
former [214] employ a ranked sequence of gene sym-
bols by expression level as inputs. ScGPT [215] and
scBERT [216] discretize gene expressions and treat
them as tokens. Additionally, scGPT incorporates
metadata for position embedding, while scBERT le-
verages gene2vec [217] to capture semantic similarities
based on general co‐expression.

Some methods utilize transformer‐based architec-
ture, which accommodates non‐discrete inputs more
flexibly. CIForm [218] segments the gene expression
vector of each cell into equal‐length sub‐vectors or
patches. TOCICA [219] groups gene expression into
patches representing specific pathways, and ScTrans-
Sort [220] employs CNNs to generate gene‐embedding
patches, transforming the expression matrix into multi-
ple 2D square patches. TransCluster [221] uses linear
discriminant analysis to convert gene expression
counts into embedding vectors.

Unlike genome analyses, single‐cell analyses adopt
diverse model architectures for pre‐training. For
instance, Cell2Sentence, tGPT, and scGPT utilize
GPT, whereas scBERT and Geneformer are based on
BERT architecture. Transformer‐based methods often
integrate a linear classifier post‐transformer and train a
supervised model using cell types, as seen in CIForm,
TOCICA, scTransSort, and TransCluster.

The primary aim of scRNA LLM methodologies is to
achieve accurate and generalized cell type annotations
across various tissues and species. Supervised
transformer‐based methods use the pre‐trained model
directly for cell‐type annotation. For instance, tGPT
supports developmental lineage inference, and
TOCICA enables interpretable dynamic trajectory
analysis. LLM‐based methods, post‐pre‐training, can
be fine‐tuned for specialized tasks or data‐scarce sce-
narios. ScGPT is adaptable for tasks such as cell
annotation, perturbation response prediction, batch ef-
fect correction, and gene regulatory network inference.
Similarly, Geneformer can be fine‐tuned to predict gene
dosage sensitivity, chromatin dynamics, and gene
network dynamics.

3.3 | Epigenomics

Decoding the information residing in the non‐coding
portion of the genome is one of the fundamental
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challenges in genomics [222]. While substantial prog-
ress has been made in understanding the coding re-
gions of the genome, non‐coding regions remain poorly
understood, particularly their roles in disrupting the
regulatory syntax of DNA and their contributions to
gene regulation. Existing LLMs, for example, Enformer
[223], which take DNA sequences as input and perform
downstream tasks, face two critical limitations: they
cannot predict the functions of sequences in different
cellular contexts, and they fail to incorporate 3D chro-
matin interaction data.

EpiGePT [224] is a new LLM designed to overcome
these challenges. It enables researchers to predict
functionality in diverse cellular contexts and integrate
3D chromatin interaction data into genomic modeling.
EpiGePT’s architecture consists of four key compo-
nents: a sequence module that analyzes DNA se-
quences, a transcription factor module that encodes
cellular contexts, a transformer module that examines
long‐range interactions between DNA regions, and a
prediction module that outputs context‐specific gene
regulation insights. To predict function in novel cellular
contexts, EpiGePT employs its TF module, which rep-
resents the expression and binding activities of hun-
dreds of transcription factors as a context‐specific
vector. This vector is then combined with DNA
sequence features, which are tokenized into genomic
bins—each representing a segment of the DNA
sequence. These tokens, enriched with both sequence
and context‐specific TF features, form the input to the
model, ensuring it captures both the local sequence
information and the cellular context. This approach al-
lows the model to treat each genomic bin as a token
with embedded positional and biological context,
leveraging the self‐attention mechanism in the trans-
former module to learn long‐range interactions and
context‐specific functionality. EpiGePT also addresses
the challenge of incorporating 3D chromatin interaction
data, which is critical for understanding long‐range
gene regulation. It guides the self‐attention mecha-
nism of its transformer module using ground truth 3D
interaction data, such as HiChIP [225] or Hi‐C [226]
loops. This alignment is achieved through a cosine
similarity loss that adjusts the attention weights to
reflect known 3D genomic interactions. By doing so,
EpiGePT can model regulatory mechanisms, such as
enhancer‐promoter interactions, with higher fidelity
than existing models.

3.4 | Protein level

Mass spectrometry (MS)‐based proteomics focuses on
characterizing proteins within complex biological sam-
ples [227, 228]. Recent advancements in MS technol-
ogy have enabled researchers to generate vast
amounts of proteomics data [229]. However, the rapid

growth in data volume presents significant analytical
challenges. To tackle these issues, Ding et al. intro-
duced PROTEUS, an LLM‐based tool designed for
automating proteomics data analysis and hypothesis
generation [230]. PROTEUS leverages a foundational
LLM to integrate and coordinate existing bioinformatics
tools, facilitating scientific discovery from raw prote-
omics data. Protein sequences share many similarities
with natural language, and since breakthroughs have
been achieved in applying NLP methods to protein
sequence research, a variety of protein language
models have emerged, differing in architecture, training
strategies, and application scope [4, 231, 232]. Here,
we outline the main types of protein language models
and downstream tasks, each tailored to address distinct
bioinformatics challenges in protein modeling, structure
prediction, and functional annotation.

3.4.1 | Models for protein LLM

Encoder‐only models
Encoder‐only models, such as BERT‐based models
primarily designed for understanding protein se-
quences. These models excel in tasks that involve
recognizing patterns within the sequences, making
them suitable for protein classification, mutation effect
prediction, and secondary structure analysis. Examples
include ESM 1b [233], ESM‐1v [234], ProteinBert [235],
ProtTrans [236], which leverage the bidirectional
attention mechanisms of BERT to capture contextual
relationships within amino acid sequences.

Decoder‐only models
Decoder‐only models, such as the GPT family in NLP,
focus on generating new sequences based on learned
distributions. In protein research, these models can be
applied to generate synthetic protein sequences with
desired properties or to design novel proteins. Models
such as ProGen [237], ProtGPT2 [238], ZymCTRL
[239], RITA [240], IgLM [241], ProGen2 [242], and
PoET [243] are notable for their ability to produce
diverse protein sequences that exhibit specific
biochemical functions. This category is instrumental in
protein engineering and synthetic biology, where the
generation of novel, functional proteins is crucial [231].

Encoder‐decoder models
Encoder‐decoder models combine the strengths of both
encoder‐only and decoder‐only architectures, making
them highly adaptable to a range of protein‐related
tasks. They are particularly effective for sequence‐to‐
sequence tasks, such as protein sequence alignment,
where aligning amino acid sequences accurately is
essential for understanding evolutionary relationships.
These models can be fine‐tuned for protein structure
prediction or protein‐protein interaction mapping,
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contributing to advancements in fields such as drug
discovery and disease diagnosis. The models include
Fold2Seq [244], MSA2Prot [245], Sgarbossaetal [246],
Leeetal [247], LM‐Design [248], MSA‐Augmenter [249],
ProstT5 [250], xTrimoPGLM [251], SS‐pLM [252],
pAbT5 [253], ESM‐GearNet‐INR‐MC [254].

Multi‐modal protein models
Multi‐modal protein models integrate traditional protein
language models with additional data types, such as
structural and interaction information, to create power-
ful frameworks capable of analyzing both sequence and
structural features simultaneously. By integrating tex-
tual protein sequences with structural annotations,
these models enhance predictive capabilities for tasks
such as 3D protein structure prediction, binding inter-
action analysis, and functional site identification.
Frameworks such as multimodal protein representation
learning (MPRL) [255] exemplify this approach by
combining sequence information, 3D structural data,
and functional annotations to capture the complex
characteristics of proteins. For example, MPRL em-
ploys evolutionary scale modeling [256] for sequence
analysis, variational graph autoencoders for residue‐
level graphs, and PointNet autoencoders for 3D point
cloud representations. This comprehensive data inte-
gration preserves both spatial and evolutionary aspects
of proteins, allowing the model to generalize effectively
across tasks such as protein–ligand binding affinity
prediction and protein fold classification. Similarly,
Models such as ProtTrans [236] and ESM [256] treat
protein sequences as textual data, to learn rich em-
beddings that, when combined with 3D structural data,
improve predictions of structure‐function relationships.
This multimodal synergy is essential for advancing
protein engineering and drug discovery, mapping
complex biological functions onto computational rep-
resentations of proteins.

3.4.2 | Downstream tasks for protein LLM

Protein modeling, especially through deep learning
approaches, addresses a variety of critical tasks in
biological research and medicine. For instance, deep
learning methods are extensively applied in PPIs, which
are fundamental for cellular functions [257]. This pre-
diction aids in understanding disease mechanisms,
drug‐target interactions, and the structural features of
proteins that contribute to complex molecular path-
ways. The prediction of PPIs also enables the identifi-
cation of novel therapeutic targets, providing significant
insights for drug discovery and design. The typical
models include AlphaFold [258], AlphaFold 2 [259],
AlphaFold 3 [185], Graph‐BERT [260], MARPPI [261].

Large‐scale models also excel in predicting protein
post‐translational modifications (PTMs), which play

essential roles in regulating protein function, stability,
and cellular signaling [262]. Various machine learning
models, including those based on transformers and
neural networks, have been adapted to predict PTM
sites with improved accuracy. For instance, the
PTMGPT2 model [263], developed by fine‐tuning a
GPT‐2 architecture, leverages prompt‐based ap-
proaches to identify subtle sequence motifs that
correspond to PTM sites across diverse types [264]. By
using custom tokens in its prompt, PTMGPT2 effec-
tively captures sequence context and improves pre-
diction accuracy, making it useful for identifying
disease‐associated mutations and potential drug
targets.

Additionally, protein structure prediction remains a
pivotal task in computational biology. It involves un-
derstanding how proteins fold and how their structures
determine functions. Advanced models, such as those
using transformer architectures, facilitate the accurate
prediction of protein structures, providing crucial infor-
mation for synthetic biology, enzyme design, and ther-
apeutic protein engineering [265]. These methods
enable scientists to predict protein folding patterns and
design novel proteins with specific functions, potentially
revolutionizing fields such as drug discovery and syn-
thetic biology. The typical models include AlphaFold
[258], AlphaFold 2 [259], AlphaFold 3 [185], ColabFold
[266], Eigenfold [267].

The development of protein large language models
(Prot‐LLMs) relies on diverse datasets that capture the
complexity of protein sequences and functions. These
datasets typically include unlabeled data for unsuper-
vised pre‐training, such as protein sequences from re-
positories such as UniProt [268], AlphaFoldDB [269]
which houses millions of protein sequences across
species. For fine‐tuning and evaluation, labeled data-
sets focus on specific protein characteristics, such as
structure, function, and interactions. Examples include
datasets for secondary structure prediction, protein‐
protein interaction networks, and specific PTM sites
[270]. These labeled datasets enable Prot‐LLMs to
perform tasks such as function annotation, PTM pre-
diction, and protein structure modeling.

3.5 | Metabolomics

Metabolomics represents the comprehensive analysis
of the complete set of small‐molecule metabolites
within a biological system, providing a snapshot of the
cellular biochemical status at a given time. This omics
discipline is pivotal in elucidating the dynamic in-
teractions between genotype and phenotype, as me-
tabolites are the end‐products of cellular processes and
are directly involved in the regulation of biological
functions. Metabolomics has emerged as a powerful
tool in various areas of biological and medical research,
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including the identification of biomarkers for disease
diagnosis, prognosis, and therapeutic monitoring [3], as
well as the elucidation of molecular mechanisms un-
derlying disease pathogenesis. The integration of LLMs
into metabolomics offers transformative potential for
analyzing and interpreting metabolomic data. With their
capacity to process vast amounts of textual and nu-
merical information, LLMs, particularly transformer‐
based models adapted for biological data, have
shown promise in metabolite identification and pathway
analysis.

3.5.1 | Data integration and interpretation

One of the most significant challenges in metabolomics
is the integration and interpretation of large, complex
datasets. LLMs can facilitate the integration of meta-
bolomic data with other omics data (e.g., genomics,
transcriptomics, proteomics) and clinical data, a chal-
lenge increasingly addressed by dynamic modeling
approaches to enhance our understanding of metabolic
phenotypes [271]. By processing and analyzing these
multi‐omics datasets, LLMs can identify patterns and
correlations that may not be apparent through tradi-
tional statistical methods. For instance, LLMs can be
trained to predict the biological pathways and pro-
cesses associated with specific metabolite profiles,
thereby providing insights into the molecular mecha-
nisms of disease.

Recent advances in multi‐modal LLM architecture
have addressed key challenges in data integration. The
development of cross‐attention mechanisms specifi-
cally designed for metabolomic data has improved the
ability to handle heterogeneous data types. These
mechanisms allow for simultaneous processing of
spectral data, chemical structures, and biological an-
notations. However, significant challenges remain in
handling the high dimensionality and sparsity of
metabolomic data. Novel approaches incorporating
dimensionality reduction techniques and attention‐
based feature selection have shown promise in man-
aging these challenges while maintaining biological
relevance.

3.5.2 | Biomarker discovery and validation

The identification of robust biomarkers is a critical
aspect of metabolomics, with applications in disease
diagnosis, prognosis, and therapeutic monitoring.
LLMs can be employed to analyze large datasets from
clinical trials and cohort studies to identify potential
biomarkers associated with specific disease states.
Integrated deep learning frameworks have addressed
challenges such as matching uncertainty and metab-
olite identification, enabling more reliable biomarker

discovery and validation through the integration of
diverse data sources [272]. This can lead to the
development of more accurate and reliable biomarker
panels for clinical use.

The validation of metabolomic biomarkers presents
unique challenges that LLMs are increasingly equipped
to address. Recent developments in uncertainty quan-
tification for LLMs have improved the reliability of
biomarker predictions. Statistical frameworks incorpo-
rating false discovery rate control and multiple hypoth-
esis testing have been integrated into LLM‐based
biomarker discovery pipelines. Furthermore, the
development of interpretable deep learning architec-
tures has enhanced our ability to understand the bio-
logical mechanisms underlying identified biomarkers,
leading to more robust validation processes.

3.5.3 | Metabolic pathway analysis and
drug discovery

Metabolomics data can provide valuable insights into
the perturbations of metabolic pathways in disease
states. LLMs exhibit remarkable capabilities in
analyzing biological data, such as genomic sequences
and protein structures, making them instrumental in
identifying druggable targets and novel therapeutic
compounds [5]. For example, LLMs can be trained to
predict the effects of gene variants on enzyme activity
and metabolic fluxes, thereby aiding in the identification
of druggable targets. Additionally, LLMs can be used in
the discovery of novel therapeutic compounds by pre-
dicting the binding affinity of small molecules to meta-
bolic enzymes and pathways.

Advanced graph neural network architectures have
emerged as powerful tools for metabolic pathway
analysis when integrated with LLMs. These hybrid ap-
proaches can capture both the topological structure of
metabolic networks and the chemical properties of in-
dividual metabolites. Recent developments in attention‐
based graph neural networks have improved our ability
to predict metabolic flux distributions and identify
regulatory bottlenecks. The integration of molecular
docking simulations with LLM‐based predictions has
enhanced the accuracy of drug‐target interaction (DTI)
predictions in metabolic pathways.

3.5.4 | Personalized medicine

The application of metabolomics in personalized medi-
cine is rapidly gaining momentum, with the potential
to tailor treatments to individual patients based on
their metabolic profiles. LLMs can play a crucial role in
this context by analyzing patient‐specific metabolomic
data in conjunction with genomic, proteomic, and clin-
ical data to develop personalized treatment plans. For
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instance, LLMs can be used to predict the response of
individual patients to specific therapies based on their
metabolic profiles, thereby enabling the selection of the
most effective treatment options.

3.5.5 | Literature mining and knowledge
discovery

The vast amount of published literature in the field of
metabolomics presents both an opportunity and a
challenge for researchers. LLMs can be employed to
mine this literature for relevant information, such as the
identification of novel metabolites, the characterization
of metabolic pathways, and the discovery of new bio-
markers, addressing the challenge of synthesizing
metabolomics research [273]. By processing and
analyzing textual data from scientific articles, LLMs can
generate hypotheses and identify trends that may guide
future research directions.

3.5.6 | Quality control and data
standardization

The reproducibility and comparability of metabolomics
data are critical for the advancement of the field. Tools
such as the LargeMetabo package facilitate the repro-
ducibility and standardization of large‐scale meta-
bolomics datasets, ensuring consistency across studies.
LLMs can be used to standardize metabolomics data by
identifying and correcting inconsistencies in data anno-
tation, nomenclature, and reporting. Additionally, LLMs
can assist in the development of quality control metrics
and standards for metabolomics experiments, thereby
improving the reliability and comparability of meta-
bolomics data across different studies and platforms.

3.5.7 | Predictive modelling and simulation

LLMs can be integrated with machine learning models
to develop predictive models of metabolic pathways
and networks. Advanced multivariate models, including
machine learning techniques, have shown efficacy in
analyzing metabolomics data to uncover predictive
patterns of metabolic pathways [274]. These models
can be used to simulate the effects of genetic, envi-
ronmental, and pharmacological perturbations on
metabolic processes, thereby providing insights into the
molecular mechanisms of disease and the potential
outcomes of therapeutic interventions. Furthermore,
LLMs can be used to predict the outcomes of metabolic
engineering strategies in synthetic biology applications,
such as the optimization of metabolic pathways for the
production of biofuels, pharmaceuticals, and other
valuable chemicals.

The integration of LLMs into metabolomics repre-
sents a significant advancement in the field, with the
potential to enhance data analysis, interpretation, and
knowledge discovery. By leveraging the power of LLMs,
researchers can unlock the full potential of meta-
bolomics data, leading to new insights into disease
mechanisms, the development of novel therapeutic
strategies, and the advancement of personalized
medicine. As LLMs continue to evolve, their applica-
tions in metabolomics are expected to expand further
accelerating the pace of discovery and innovation in
this exciting field.

4 | DISEASE‐SPECIFIC BIO‐MEDICAL
APPLICATIONS

The application of LLM technology to medical‐related
bioinformatics data offers significant potential to
enhance various downstream biomedical tasks
(Figure 1C).

4.1 | Brain ageing and brain disease

LLMs are transforming the study and management of
brain diseases by enabling innovative approaches to
diagnosis, treatment, and knowledge discovery. These
models excel in processing diverse data types including
clinical notes, imaging studies, biological sequences,
and brain signals, unlocking new possibilities for iden-
tifying disease patterns, predicting progression, and
personalizing care. This section highlights the diverse
applications of LLMs in brain diseases, focusing on
three critical areas: clinical diagnostic support, thera-
peutic assistance, and information driven decision‐
making. Through these contributions, LLMs address
longstanding challenges in managing complex neuro-
logical conditions, offering scalable and non‐invasive
solutions that enhance both research and clinical
practice.

4.1.1 | Clinical diagnosis support

Accurate and timely diagnosis is the foundation of
effective medical care, particularly in complex and
progressive conditions such as neurodegenerative
diseases. The emergence of LLMs in healthcare offers
transformative potential in clinical diagnostics by
leveraging their advanced capabilities in processing
diverse forms of unstructured data. From textual data to
biological sequences and brain signals, LLMs excel at
identifying patterns, extracting clinically relevant infor-
mation, and supporting decision‐making. Additionally,
their ability to integrate multimodal data has shown
promise in improving diagnostic accuracy. This section
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explores how LLMs are applied to various data types
crossing different brain diseases, highlighting their
unique advantages and current challenges in clinical
diagnosis.

Textual data—Biomedical text
LLMs are increasingly applied to the analysis of
biomedical textual data, including literature and elec-
tronic health records (EHRs). This form of biomedical
textual data closely mirrors the fundamental structure of
LLMs. LLMs can identify significant insights within
medical reports, enhancing diagnostic accuracy. In
brain disease research, LLMs have been leveraged to
diagnose conditions such as seizures, Alzheimer’s
disease (AD), headaches, strokes, Parkinson’s disease
(PD), and other neurodegenerative disorders using
textual data from clinical notes, MRI reports, and
neuropathological records. For AD, LLMs provide a
non‐invasive, cost‐effective, and scalable solution by
analyzing unstructured data within EHRs. For example,
Mao et al. demonstrated that the LLM can accurately
predict mild cognitive impairment (MCI) to AD pro-
gression using clinical notes as the early detection
[275]. Feng et al. utilized LLMs to embed textual data in
alignment with imaging data, significantly enhancing
AD diagnosis through a multimodal approach [276].
Beyond AD, LLMs have also shown promise in man-
aging epilepsy, with studies successfully classifying
seizure‐free patients and extracting seizure frequency
and other critical information from clinical notes [277].
Additionally, in a study analyzing neurodegenera-
tive disorders at the Mayo Clinic, diagnostic accuracies
of 76%, 84%, and 76% were achieved using
ChatGPT‐3.5, ChatGPT‐4, and Google Bard, respec-
tively, underscoring the potential of LLMs in generating
differential diagnoses for complex neuropathological
cases [278]. EHRs also include detailed MRI reports,
which are critical in neurological diagnoses. Bastien Le
Guellec et al. evaluated the performance of LLMs in
extracting information from real‐world emergency MRI
reports, demonstrating high accuracy without requiring
additional training [279]. Similarly, Kanazawa et al.
showed that a fine‐tuned LLM could classify MRI re-
ports such as no brain tumor, post‐treatment brain tu-
mor, and pre‐treatment brain tumor with accuracy
comparable to human readers [280]. These results
highlight the growing importance of LLMs in processing
MRI reports, which are essential components of EHRs,
further enhancing their utility in brain disease diagnosis
and management.

Textual data—Transcription text
In addition to text‐based data, transcriptions from
speech data are increasingly valuable for diagnosing
brain diseases that impair linguistic abilities. Patients
with AD, for example, often exhibit distinct speech
patterns when describing images, including word‐

finding difficulties, grammatical errors, repetitive lan-
guage, and incoherent narratives. The ADReSS Chal-
lenge dataset inspired the research community to
develop automated methods to analyze speech,
acoustic, and linguistic patterns in individuals to detect
cognitive changes, frequently used in such studies
[281–284]. LLMs outperform traditional methods such
as support vector machine, and random forest in this
context. The existing work also shows that the combi-
nation of acoustic features with linguistic features for a
multi‐model can improve the performance. The
maximum accuracy obtained by the acoustic feature is
64.5%, and the BERT model provides a classification
accuracy of 79.1% over the test dataset, the fusion of
the acoustic model with the BERT model shows an
improvement of 6.1% classification accuracy over the
BERT model [282]. Linguistic analysis is also pivotal in
diagnosing aphasia, a disorder commonly caused by
left‐hemisphere strokes. Chong et al. evaluated the
clinical efficacy of LLM surprisal in a study where post‐
stroke aphasia patients narrated the story of Cinderella
after reviewing a wordless picture book. The approach
revealed significant potential for quantifying deficits and
improving aphasia discourse assessment [285].

Textual data—Text generation
In addition to biomedical text and speech data, recent
advancements in text generation have further show-
cased the potential of LLMs in clinical applications.
Studies indicate that LLM‐generated summaries are
often preferred over those produced by human experts
across various domains, including radiology reports,
patient inquiries, progress notes, and doctor‐patient
dialogues [286]. This demonstrates the capacity of
LLMs to synthesize complex clinical information effec-
tively. Techniques such as Chain‐of‐Thought (CoT)
prompting and text classification have been introduced
to improve the confidence and precision of LLM out-
puts. For example, when applied to neurologic cases,
GPT‐4 has shown promising results. By analyzing his-
tory and neurologic physical examination (H&P) data
from acute stroke cases, GPT‐4 accurately localized
lesions to specific brain regions and identified their size
and number. This was achieved through Zero‐Shot
Chain‐of‐Thought and text classification prompting,
highlighting the model’s potential for advanced neuro-
anatomical reasoning [287]. Similarly, in AD di-
agnostics, prompting LLMs with clinical Chain‐of‐
Thought frameworks has enabled them to generate
detailed diagnostic rationales, demonstrating their
ability to support reasoning‐aware diagnostic frame-
works [288].

Biological sequences
The process of DNA transcription to RNA, followed by
translation into proteins, is fundamental to life and is
often referred to as The Central Dogma of molecular
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biology. Many brain diseases, including AD, PD, autism
spectrum disorder, and frontotemporal dementia, are
closely associated with abnormalities in DNA, RNA, or
protein sequences. To investigate the genetic and
molecular mechanisms underlying these diseases, ap-
proaches such as genome‐wide association studies,
transcriptome analysis, and proteomic profiling have
been widely utilized. However, traditional methods
often struggle to interpret the complex patterns present
in these large‐scale datasets. LLMs, with their
advanced capabilities in processing sequential data,
offer a transformative approach for analyzing biological
sequences, enabling deeper insights into disease
mechanisms and potential therapeutic targets. Several
innovative LLMs have been developed for biological
sequences. For DNA, models such as Enformer [223],
Nucleotide Transformer [186], and DNABERT [178]
have shown significant promise. For RNA, RNABERT
[289], RNAFM [181], and RNA‐MSM [181] focus on
structural inference and functional predictions. For pro-
teins,models suchasProteinBERT [235], ESM‐1b [233],
and ProtST [290] have demonstrated capabilities in un-
derstanding sequence‐function relationships. Despite
these advances, the application of LLMs to reveal re-
lationships between abnormalities in biological se-
quences and specific brain diseases remains limited.
Notable exceptions include epiBrainLLM, proposed by
Liu et al., which extracts genomic features from perso-
nalDNAsequencesusinga retainedLLM frameworkand
combines these features to enhance diagnosis [291].
This approach provides valuable insights into the causal
pathways linking genotypes to brain measures and
AD‐related phenotypes. Another study utilized LLMs
to predict protein phase transitions such as amyloid
aggregation, a key pathological feature of age‐related
diseases such as AD, demonstrating the potential of
LLMs in advancing molecular‐level understanding of
neurodegenerative disorders [292].

Brain signal
Brain signal data, including sMRI, fMRI, and electro-
encephalogram (EEG), is critical for diagnosing and
understanding various brain diseases. Abnormalities in
these signals are key diagnostic indicators for condi-
tions such as epilepsy, attention‐deficit/hyperactivity
disorder (ADHD), and mental health disorders. For
epilepsy, EEG abnormalities such as seizures, spikes,
and slowing patterns are widely used for diagnosis. A
fine‐tuned LLM, named EEG‐GPT, was developed for
classifying EEG signals as normal or abnormal,
showing strong performance in identifying these pat-
terns [293]. Similarly, Liu et al. leveraged LLMs to guide
affinity learning for rs‐fMRI, enabling comprehensive
brain function representation and improved diagnostic
accuracy for brain diseases [294]. All the LLM models
above are based on the transformer architecture. Due
to the long‐range dependencies and temporal

resolution in brain signals, Mamba‐based LLM also
shows its potential in this field. Behrouz and Hashemi
proposed BrainMamba, an efficient encoder for
modeling spatio‐temporal dependencies in multivariate
brain signals. It combines a time‐series encoder for
brain signals and a graph encoder for spatial relation-
ships, making it versatile for neuroimaging data. With a
selective state space model design, BrainMamba ach-
ieves linear time complexity, enabling training on large‐
scale datasets. Evaluations on seven real datasets
across three modalities (fMRI, magnetoencephalogra-
phy (MEG), EEG) and tasks such as seizure, ADHD,
and mental state detection show that BrainMamba
outperforms baselines with lower time and memory
requirements [295].

4.1.2 | Therapeutic assistance

LLMs have demonstrated a strong capability to engage
in conversations on daily life topics, personal matters,
and specific concerns. When fine‐tuned to provide
empathetic and understanding responses, they hold
significant potential as tools for companionship and
emotional support. This capability is particularly valu-
able for individuals with dementia (PwD), who often
experience social isolation. Research indicates that
social isolation is strongly linked to an increased risk of
developing dementia later in life [296]. Addressing so-
cial isolation plays a vital role in mitigating cognitive
decline among the elderly. Recent studies have
explored the potential of LLMs to alleviate social
isolation and provide therapeutic support. For example,
Qi demonstrated that ChatGPT effectively reduces
feelings of loneliness among older adults with MCI by
offering conversational engagement and cognitive
stimulation [297]. Similarly, Raile highlighted the dual
role of ChatGPT as a complement to psychotherapy
and an accessible entry point for individuals with mental
health concerns who have yet to seek professional help
[298]. These findings suggest that LLMs can serve as
valuable tools to support mental health and cognitive
functioning in vulnerable populations.

In the context of neurodegenerative diseases,
wearable devices integrated with AI technologies offer
promising avenues for continuous monitoring and
personalized care. Mohammed and Venkataraman
introduced an AI‐powered wearable device that
leveraging LLMs to monitor the daily activities of pa-
tients with PD by analyzing multimodal data such as
tremors, movements, and posture [299]. This approach
enables real‐time and personalized assessments of
disease progression, potentially enhancing patient care
and quality of life.

Language impairments, such as aphasia, present
significant challenges in communication. Binta Manir
et al. utilized BERT models to predict and complete
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sentences for individuals with aphasia, thereby
improving the accuracy of speech prediction [300]. This
approach benefits caregivers and speech therapists by
facilitating more effective communication strategies and
supporting rehabilitation efforts.

Brain‐computer interfaces (BCIs) further exemplify
the integration of advanced AI techniques into health-
care. Over recent decades, BCIs have provided novel
solutions for various neurodegenerative disorders,
including AD [301] and PD [302]. The incorporation of
advanced AI algorithms, such as machine learning and
deep learning, has significantly enhanced BCI perfor-
mance, improving neuroergonomic systems, human‐
robot interactions, and robotic‐assisted surgeries [303,
304]. Notably, integrating LLMs with BCIs introduces
unique opportunities, such as reliably comprehending
users’ emotional states to create emotionally aware
conversational agents [305] and decoding attempted
speech from the brain activity of paralyzed patients
[306]. These advancements highlight the trans-
formative potential of LLMs in facilitating communica-
tion and enhancing the quality of life for individuals with
severe disabilities.

Collectively, these studies underscore the versatile
applications of LLMs as therapeutic assistance in brain
diseases. By enhancing social interaction, providing
cognitive support, enabling continuous monitoring, and
assisting in communication, LLMs represent a promising
avenue for improving patient outcomes and overall
quality of life.

4.1.3 | Information driven decision‐making

LLMs have proven to be valuable tools for information
retrieval, serving as vast repositories of knowledge.
Reza Saeidnia et al. reported that dementia caregivers
expressed positive feedback on ChatGPT’s responses
to non‐clinical questions related to the daily lives of in-
dividuals with dementia [307]. This suggests that LLMs
can support caregivers by providing accessible and
practical information to manage everyday challenges.
However, concerns remain about the depth and accu-
racy of medical information provided by LLMs. Studies
comparing ChatGPT with traditional search engines
have found limitations in the quality of responses,
describing them as accurate but lacking in compre-
hensiveness [308]. These findings suggest that while
LLMs can address basic queries, their applicability in
complex medical contexts requires further refinement.
One solution to these limitations is fine‐tuning LLMs
using domain‐specific data. For example, models
trained in medical journals and textbooks have
demonstrated improved performance in handling
specialized medical queries [309]. In Alzheimer’s
research, GPT‐4‐based tools have been developed to

autonomously collect, process, and analyze health in-
formation, illustrating how customization can enhance
the relevance and precision of information retrieval in
specific medical domains [15].

4.2 | Cancer treated by radiation
therapy

LLMs have emerged as powerful tools in cancer
research, offering innovative solutions for diagnosis,
treatment planning, and biological insights. By pro-
cessing vast datasets of scientific literature, clinical trial
results, and genomic information, LLMs can facilitate the
identification of novel biomarkers and treatment strate-
gies. LLM‐driven multimodal approaches have also
enhanced target volume contouring in radiation
oncology, integrating imaging data with clinical notes for
improved precision [310, 311]. In radiobiology, these
models contribute to understanding the complex inter-
play between radiation and cellular processes, informing
the development of personalized treatment regimens
[312]. Recent studies also explore the application of
LLMs across chemotherapy, surgery, radiotherapy, and
immunotherapy, demonstrating their versatility and po-
tential in advancing oncology research.

Multimodal large language models that integrate
imaging analysis with NLP have shown promising re-
sults in automated organ‐at‐risk (OAR) and target vol-
ume delineation, achieving expert‐level performance
[313]. These models can process multiple imaging
modalities—CT, MRI, and PET—simultaneously while
incorporating clinical notes and radiology reports to
improve contour accuracy. Additionally, LLMs are being
utilized for dose prediction [314], where they have the
potential to suggest optimal dose distributions for pa-
tients. Recent studies have explored their application in
adaptive radiotherapy, where LLMs show potential in
processing daily imaging data to recommend plan ad-
aptations based on anatomical changes. Integrating
LLMs with knowledge‐based planning systems has also
enhanced the quality of treatment plans by leveraging
insights from large databases of previously treated
cases. Furthermore, LLMs demonstrate potential in
predicting treatment outcomes and toxicity risks by
analyzing patient‐specific factors, enabling more
personalized treatment approaches.

In clinical practice, LLMs are proving useful in auto-
mating routine tasks and supporting complex decision‐
making [48]. Tools such as ChatGPT have been pilo-
ted for generating comprehensive patient case reports,
improving the efficiency of clinical documentation.
Furthermore, LLMs have shown promise in extracting
discrete data elements from clinical notes, aiding in the
creation of robust cancer databases. They were evalu-
ated for supporting personalized oncology by
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recommending clinical trials for head and neck cancer
and offering decision support for treatment planning.
However, these applications require rigorous validation
to ensure the accuracy and reliability of their outputs. In
education, LLMs are transforming how knowledge is
disseminated and acquired in oncology. Educational
chatbots tailored to radiation oncology can simulate
patient interactions, helping trainees refine their
communication skills [315]. Additionally, LLMs assist in
evaluating radiotherapy plans and providing structured
feedback, as demonstrated by recent studies. These
models foster a more interactive and adaptive learning
environment, enabling personalized educational expe-
riences for medical physicists, oncologists, and other
healthcare professionals [316]. Despite challenges such
as ensuring content accuracy and avoiding the propa-
gation of biases, the integration of LLMs into educational
frameworks holds the potential to enhance competency
and foster innovation in cancer care.

4.3 | Infectious diseases

4.3.1 | Disease prediction and vaccine
efficacy analysis

LLMs such as GPT‐3 and GPT‐4, have emerged as
powerful tools in disease prediction and vaccine effi-
cacy analysis. By processing vast datasets, including
biomedical records and epidemiological trends, LLMs
can model the spread of infectious diseases, predict
vaccination outcomes, and assist in assessing vaccine
effectiveness. For example, neural networks combined
with logistic regression have been applied to predict
influenza vaccination outcomes, achieving significant
accuracy based on demographic and clinical data [317].
In the context of pediatric respiratory diseases,
ChatGPT has been used to generate insights and
recommendations for reducing severe cases post‐
COVID‐19, highlighting the adaptability of LLMs in
addressing real‐world healthcare issues [318]. Addi-
tionally, machine learning algorithms based on clinical
features have been validated for predicting influenza
infection in patients with influenza‐like illness, illus-
trating the role of LLMs in early diagnosis and targeted
intervention [319]. LLMs are also instrumental in iden-
tifying immune biomarkers that predict vaccine
responsiveness, as seen in studies exploring apoptosis
and other immune markers to assess influenza vaccine
efficacy [320]. Furthermore, LLMs have been applied to
the extraction and analysis of post‐marketing adverse
events from the Vaccine Adverse Event Reporting
System (VAERS), providing valuable insights into vac-
cine safety and public health implications [321]. The
use of machine learning for seasonal antigenic predic-
tion, particularly for influenza A H3N2, demonstrates
LLMs’ potential in tracking viral evolution and optimizing

vaccine design to address emerging strains [322]. As
LLM technology continues to advance, its application in
disease prediction and vaccine efficacy is expected to
become increasingly essential in public health man-
agement and disease prevention strategies.

4.3.2 | Vaccine adherence and risk
prediction

Machine learning and feature selection techniques,
facilitated by LLMs, are essential in analyzing vaccine
adherence patterns and identifying factors influencing
vaccination rates. These methods allow researchers to
process large, complex datasets, uncovering de-
mographic and health‐related variables that impact
vaccine adherence and risk prediction. For example,
machine learning models have been applied to assess
low adherence to influenza vaccination among adults
with cardiovascular disease, offering insights into the
unique barriers to vaccination faced by high‐risk groups
[323]. Real‐time data from online self‐reports, such as
social media posts, have also been used to track influ-
enza vaccine uptake, providing valuable insights into
public sentiment and adherence trends [324]. Further-
more, sociodemographic predictors of vaccine accep-
tance, especially during the COVID‐19 pandemic, have
been studied extensively. For instance, machine
learning has been used to explore the influence of vari-
ables such as education level, income, and geographic
locationonvaccinehesitancyacross variouspopulations
[325]. In addition, validated scales such as the parental
attitude about childhood vaccination scale have been
enhanced with feature selection techniques, refining our
understanding of factors associated with vaccine
acceptance and hesitancy [326]. Other studies empha-
size the broader implications of vaccine hesitancy by
analyzing attitudes toward COVID‐19 vaccinations
across continents, highlighting the variability in hesitancy
due to cultural and regional factors [327]. Lastly,
comparative studies on flu vaccine uptake pre‐ and post‐
COVID‐19 leverage machine learning to identify shifts in
adherence patterns and factors that predict vaccination
behavior over time [328]. Together, theseadvancements
in machine learning and feature selection provide a
comprehensive understanding of vaccine adherence,
informing targeted public health strategies to improve
vaccination rates.

4.3.3 | Biomarker analysis and antigen
prediction

LLMs and machine learning approaches are increas-
ingly being applied to analyze biomarkers and predict
antigenic variations, which are essential for under-
standing immune responses and optimizing vaccine
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design. In biomarker analysis, studies have leveraged
LLMs to investigate genetic relationships and autoim-
mune markers, helping to elucidate the factors that in-
fluence vaccination outcomes and susceptibility to
infectious diseases [329]. For example, models have
been employed to identify key susceptibility hubs within
biological networks, offering insights into factors that
contribute to immune response variability [330].

Additionally, antigenic prediction plays a crucial role
in designing effective influenza vaccines, especially for
rapidly evolving strains. Statistical analyses of antigenic
similarity, such as those conducted for influenza A
(H3N2), highlight the potential of machine learning
models in mapping antigenic drift and optimizing strain
selection for seasonal vaccines [331]. Moreover,
cellular correlates of protection identified through hu-
man influenza virus challenges have advanced our
understanding of immune responses to oral vaccines,
demonstrating the applicability of machine learning
models in immune signature identification [332]. Blood
inflammatory biomarkers have also been analyzed to
differentiate COVID‐19 from influenza cases, show-
casing the predictive power of LLMs in clinical
biomarker differentiation [323]. Seasonal antigenic
prediction, particularly for influenza A H3N2, has
benefited from machine learning approaches that help
forecast viral evolution, supporting timely vaccine up-
dates [322]. Finally, phylogenetic analyses have iden-
tified optimal influenza virus candidates for seasonal
vaccines, underscoring the significance of LLMs in
guiding vaccine development against anticipated
strains [333].

4.3.4 | Vaccine recommendation and
immune response

LLMs are increasingly leveraged in vaccine recom-
mendation and immune response studies, especially in
analyzing antigenicity and optimizing vaccine strain
selection. For instance, the MAIVeSS platform
utilizes LLMs to streamline the selection of high‐yield,
antigenically matched viruses for seasonal influenza
vaccines, a critical step in addressing annual viral mu-
tations [334]. In populations with specific health condi-
tions, such as human immunodeficiency virus (HIV),
LLMs have been applied to predict the immunogenicity
of trivalent inactivated influenza vaccines, revealing key
biomarkers and immune signatures that inform
personalized vaccination strategies [335].

Antigenicity prediction models have also employed
convolutional neural networks to optimize vaccine re-
commendations for influenza virus A (H3N2), facilitating
the identification of effective vaccine strains through
detailed computational modeling [336]. Furthermore,
temporal topic models generated from clinical text data

allow for a more nuanced understanding of immune
responses over time, especially in relation to patient
health history and demographic factors, enhancing the
precision of vaccine recommendations [337]. Finally,
studies on COVID‐19 vaccine hesitancy among popu-
lations already immunized for influenza underscore the
relevance of LLMs in analyzing and addressing hesi-
tancy factors, which is vital for improving adherence to
vaccination programs [338]. Together, these applica-
tions illustrate the potential of LLM‐based approaches
in advancing vaccine recommendation processes and
tailoring immune response strategies.

4.3.5 | Sentiment analysis and public
attitude research on social media

LLM techniques are widely used in sentiment analysis
to assess public attitudes toward vaccines, particularly
through social media data. This approach provides in-
sights into public sentiment trends and identifies factors
contributing to vaccine hesitancy or acceptance. For
instance, social media analysis of public messaging
around influenza vaccination from 2017 to 2023 has
shown how sentiment fluctuates in response to vaccine
news, policy changes, and health crises, offering a
longitudinal view of public perception [339]. Similarly,
negative sentiments related to influenza vaccines,
analyzed from over 260,000 Twitter posts, highlight
recurring concerns and misconceptions that can be
addressed through targeted public health
messaging [340].

Beyond social media, predictive models using
smartwatch and smartphone data can monitor side ef-
fects and public reactions post‐vaccination, enhancing
our understanding of vaccine safety perceptions [341].
The FDA’s Biologics Effectiveness and Safety Initiative
also uses NLP to process unstructured data, identifying
adverse events associated with vaccines and contri-
buting to more accurate public health responses [342].
Additionally, integrating immune cell population data
and gene expression with CpG methylation patterns
offers insights into immune responses that can corre-
late with public attitudes, informing data‐driven in-
terventions [343]. These findings underscore the utility
of LLMs in sentiment analysis, enabling public health
authorities to monitor and respond to vaccine‐related
concerns effectively.

4.3.6 | Epidemiology and public health data
analysis

Machine learning and large datasets have profoundly
impacted epidemiology and public health, enabling the
analysis of disease patterns, risk factors, and
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vaccination responses. Studies integrating socioeco-
nomic, health, and safety data have examined how
these factors affect COVID‐19 spread, offering insights
into the influence of demographics such as income and
healthcare access on infection rates [344]. Projects
such as the Human Vaccines Project also leverage
large datasets to map immune responses across pop-
ulations, enhancing our understanding of vaccine
design and immunology [345].

The use of wearable sensors in epidemiological
studies, as demonstrated in the WE SENSE protocol,
facilitates early detection of viral infections by analyzing
real‐time health metrics, thus supporting timely public
health interventions [346]. Pneumonia research, such
as the work by the CAPNETZ study group, highlights
unmet needs in understanding disease mechanisms,
emphasizing the need for targeted data collection and
analysis in developing effective treatment and inter-
vention strategies [347]. Additionally, sociodemo-
graphic studies on COVID‐19 vaccine acceptance
reveal how age, gender, and education level impact
vaccine uptake, providing crucial insights for public
health policy [348]. These applications underscore the
essential role of data‐driven approaches in epidemi-
ology and public health to improve disease prevention
and health policy.

5 | DRUG DISCOVERY AND
DEVELOPMENT

5.1 | Drug target identification

Drug discovery is a resource‐intensive and time‐
consuming process, often spanning 7–20 years from
initial development to market approval [349, 350].
Central to this process is DTI identification, which in-
volves pinpointing molecules implicated in disease
mechanisms. Traditional methods, including genomics,
proteomics, RNAi, and molecular docking, have been
instrumental but face limitations in cost, scalability, and
adaptability to complex biological systems (Figure 2).

Recent advancements in computational techniques,
such as machine learning [351–353], knowledge graph‐
based methods [354, 355], and molecular docking
simulations, driven by the rapid growth of large‐scale
biomedical datasets [356–358], have significantly
advanced DTI prediction. Beyond these methods,
recent breakthroughs in LLMs and bioinformatics‐
specific language models represent a paradigm shift,
enabling the integration and analysis of vast, hetero-
geneous datasets—including molecular data, biological
networks, and scientific literature—while storing drug‐
related background knowledge through extensive pre-
training [359–363]. This section provides an overview of
LLM‐based approaches for DTI prediction, categorized
based on the type of data they utilize sequence data,

structural data, and relationship data, with the latter
primarily derived from knowledge graphs.

Sequence data, including amino acid sequences for
proteins and SMILES representations for drugs, plays a
central role in single‐modal methods for DTI prediction.
Pretrained language models (PLMs), such as Pharm-
BERT [364], BioBERT [174], and ProteinBERT [235],
have been widely utilized to extract meaningful repre-
sentations from such data, enabling efficient and ac-
curate predictions. For instance, DTI‐LM [365]
addresses the cold‐start problem by utilizing PLMs to
predict DTIs based solely on molecular and protein
sequences, enabling accurate predictions for novel
drugs and uncharacterized targets. Similarly, ConPLex
[366] generates co‐embeddings of drugs and target
proteins, achieving broad generalization to unseen
proteins and over 10� faster inference compared to
traditional sequence‐based methods, making it ideal for
tasks such as drug repurposing and high‐throughput
screening. Yang et al. [367] further enhance DTI pre-
diction by introducing high‐frequency amino acid sub-
sequence embedding and transfer learning, capturing
functional interaction units and shared features across
large datasets. Additionally, TransDTI [368] employs
transformer‐based language models to classify drug‐
target interactions into active, inactive, or intermediate
categories, offering competitive performance. Despite
their advantages, single‐modal methods are limited by
their reliance on sequence data alone, making it chal-
lenging to capture interactions involving spatial, struc-
tural, or contextual dependencies.

To address the limitations of single‐modal ap-
proaches, multimodal frameworks integrate diverse
data types—such as molecular graphs, protein se-
quences, and structural data—offering a more
comprehensive understanding of DTIs. DrugLAMP
[369] exemplifies this integration, utilizing pocket‐
guided co‐attention and paired multi‐modal attention
to fuse molecular graphs with sequence data, achieving
nuanced molecular interaction predictions. PGraphDTA
[370] incorporates 3D contact maps alongside protein
sequences, outperforming sequence‐only methods
when structural data is available. Beyond predictive
accuracy, multimodal frameworks such as CGPDTA
[371] enhance interpretability by integrating interaction
networks, providing insights into biological mecha-
nisms. DrugChat [372] combines prompt‐based
learning with sequence data and textual inputs. Pre-
trained on three datasets, it predicts indications,
mechanisms of action, and pharmacodynamics while
dynamically generating textual outputs in response to
user prompts. This eliminates the need for retraining
and enables flexible, interactive exploration of drug
mechanisms. Similarly, DrugReAlign [373] employs a
multi‐source prompting approach that integrates
diverse and reliable data inputs to integrate textual and
structural data, enhancing drug repurposing efforts.
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Beyond structural data, KG‐based models leverage
semantic relationships, such as shared pathways, bio-
logical processes, and functional annotations, along
with diverse data sources to achieve competitive per-
formance in DTI predictions. Y‐Mol [373] enhances
biomedical reasoning by integrating multiscale
biomedical knowledge and using LLaMA2 as its base
LLM. It learns from publications, knowledge graphs,
and synthetic data, enriched by three types of drug‐
oriented prompts: description‐based, semantic‐based,
and TB, enabling robust drug interaction analysis.
Similarly, the multi‐agent framework DrugAgent [374]
advances drug repurposing by combining AI‐driven DTI
models, knowledge graph extraction from databases
(e.g., DrugBank, CTD [375]), and literature‐based vali-
dation. This framework integrates diverse data sources
to streamline repurposing candidate identification,
enhancing efficiency, interpretability, and cost‐
effectiveness. Together, these models boost predic-
tive power while fostering collaboration and refinement.

5.2 | Molecular docking and drug
design

The advanced reasoning capabilities of LLMs have
enabled their application in biological and medical
fields, demonstrating significant potential to accelerate
drug discovery and screening processes [17, 73]. Built

upon the transformer architecture from NLP, biology‐
focused language models have emerged as powerful
tools to support both sequence‐based and structure‐
based drug design (SBDD) [376–378]. By utilizing
their strengths in TS and contextual understanding,
these models can integrate information from diverse
sources, such as scientific literature, patent databases,
and specialized datasets, to provide comprehensive
analyses and insights into protein sequences, struc-
tures, binding pockets, and interaction sites [379].
Moreover, protein language models and other
transformer‐based models are being applied to exploit
unknown structural information in SBDD [377, 378].

Molecular docking, a pivotal component of SBDD,
necessitates three‐dimensional protein structures and
precise binding site information to calculate binding
affinities during silico virtual screening [380]. LLMs
have shown potential to enhance various aspects of
molecular docking, including docking input file genera-
tion, binding site prediction, and protein structure pre-
diction [377, 378, 381]. AutoDock is a widely adopted
software for molecular docking [382]. For high‐
throughput drug screening, it is necessary to generate
docking commands in text file format and execute them
in the terminal. Sharma et al. demonstrated the capa-
bility of ChatGPT to generate AutoDock input files and
basic molecular docking scripts [381]. Another notable
example is DrugChat, a ChatGPT‐like LLM for drug
molecule graphs developed by Liang et al. With the

F I GURE 2 Schematic diagram of drug target.
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input of compound molecule graphs and appropriate
prompts, DrugChat is able to generate insightful re-
sponses [383].

Ligand binding site identification and prediction are
essential for drug design. Due to the limited availability
of experimentally determined protein crystal structures
and incomplete protein structural knowledge, ligand
binding site identification can be tough. Zhang and Xie
addressed this limitation through LaMPSite, an algo-
rithm powered by EMS‐2 protein language model,
which only requires protein sequences and ligand mo-
lecular graphs as inputs without any protein structural
information [377]. This approach achieved comparable
performance to those methods requiring 3D protein
structures in benchmark evaluations. Regarding defi-
ciency of reliable protein structure, protein language
models have been applied for protein structure predic-
tion as well. For example, Fang et al. introduced
HelixFold‐Single, a multiple‐sequence‐alignment‐free
protein structure predictor [378]. Unlike AlphaFold2,
which enhances prediction accuracy by relying on
MSAs of homologous proteins, HelixFold‐Single adopts
a more efficient approach. It leverages large‐scale
protein language model training on the primary struc-
tures of proteins while integrating key components from
AlphaFold2 for protein geometry.

Recent advancements in protein‐ligand binding
prediction methods have further enhanced screening
efficiency and accuracy. Shen et al. developed
RTMScore, which integrated graph transformer to
extract structural features of protein and molecule, us-
ing 3D residue graphs of protein and 2D molecular
graphs as inputs for protein‐ligand binding pose pre-
diction [384]. RTMScore outperformed many SOTA
docking software including Autodock Vina [385],
DeepBSP [386], and DeepDock [387] in performing
virtual screening tasks. Another notable development is
ConPlex, a sequence‐based DTI prediction method
introduced by Singh et al. [366]. By employing repre-
sentations generated from pre‐trained protein language
models as the inputs, ConPlex benefits from a larger
corpus of single protein sequences and alleviates the
problem of limited DTI training data. Additionally,
contrastive learning was adopted to address the fine‐
grained issues by employing contrastive coembed-
ding, which is able to co‐locate the proteins and the
targets in a shared latent space. Thus, a high specificity
can be achieved by separating the true interacting
patterns and decoys. According to contrastive training
results, the effective size between true and decoy
scores was largely increased.

Through automated data extraction and normaliza-
tion, LLMs can greatly improve the efficiency and ac-
curacy of drug property predictions. With absorption,
distribution, metabolism, excretion, and toxicity
(ADMET) analysis, LLMs can also help distinguish the
compounds possessing favorable profiles from those

showing adverse characters and allow developing the
most promising drug candidates during the pipeline
process. For instance, PharmaBench achieves this
through its multi‐intelligence system, whose core func-
tion is to extract ADMET‐related data from multiple
public databases using LLMs [388]. Beyond ADMET
analysis, LLMs such as ChatGPT have expanded their
capabilities to predict and analyze other features of
drugs, including pharmacodynamics and pharmacoki-
netics, thus providing a comprehensive evaluation of
potential drug candidates [379]. LLMs powerfully
accelerate the drug development pipeline by fastening
data analysis, enhancing prediction accuracy, and of-
fering all‐rounded drug property evaluation, which in
turn reduces both the time and resources needed for
drug discovery and improves the chances of coming up
with a successful drug candidate.

6 | IMMUNOLOGY AND VACCINE
DEVELOPMENT

LLMs, including GPT‐based architectures, have trans-
formed the field of immunology and vaccine develop-
ment by enabling advanced analyses of large, complex
datasets. These models, combined with machine
learning, NLP, and feature selection techniques, facili-
tate the identification of immune biomarkers, prediction
of vaccine efficacy, understanding of vaccine hesitancy,
and real‐time monitoring of adverse events. This review
synthesizes recent research highlighting the critical role
of LLMs in advancing vaccine science, with a focus on
immune response analysis, vaccine development, effi-
cacy prediction, safety, and public attitudes.

6.1 | Immune response analysis and
biomarker research

Analyzing immune responses and identifying bio-
markers are critical for understanding the efficacy and
mechanisms of vaccines. LLMs, integrated with
advanced computational techniques, play a key role in
processing and interpreting complex datasets to un-
cover immune signatures and their correlation with
vaccination outcomes. For example, LLMs can effi-
ciently analyze high‐dimensional datasets, such as the
FluPRINT dataset, which provides a multidimensional
analysis of the immune system’s imprint following
influenza vaccination, revealing variability in immune
responses across individuals [389]. By leveraging
LLMs, researchers can extract patterns and relation-
ships from immune cell populations, mRNA
sequencing, and CpG methylation data, leading to
more accurate predictions of humoral immunity and
highlighting the impact of gene expression and epige-
netic modifications on vaccine‐induced immunity [390].
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Automated systems such as SIMON utilize machine
learning, augmented by LLMs for text‐based data
extraction and interpretation, to reveal immune signa-
tures that predict vaccine responsiveness, providing
deeper insights into immune mechanisms [391].
Furthermore, LLMs facilitate the integration of multi‐
level models that incorporate gene expression interac-
tion networks to predict antibody responses to vac-
cines, enabling the precise identification of immune
predictors [392]. For biomarker analysis, LLMs
contribute to identifying apoptosis and inflammatory
responses through their ability to process vast quanti-
ties of biological literature and experimental data, as
seen in studies linking immune biomarkers with influ-
enza vaccine responsiveness [390]. They also assist in
differentiating immune responses to COVID‐19 and
influenza infections by analyzing blood inflammatory
biomarkers and clinical data at scale [393].

Additionally, human influenza virus challenge
models, supported by LLM‐driven analysis of experi-
mental outcomes, have identified cellular correlates
of protection, advancing our understanding of immune
responses to oral vaccines [332]. LLMs streamline
the analysis of complex immune response datasets,
ensuring faster identification of key findings and
improving collaboration across interdisciplinary research
teams.

6.2 | Vaccine development and
recommendation models

The development and optimization of vaccines rely on
computational models to predict vaccine efficacy,
identify suitable strains, and recommend antigenically
matched candidates. LLMs have become invaluable
tools in this domain by enhancing the ability to process
and analyze vast datasets, extract patterns from
biomedical literature, and improve antigenic prediction
models. Neural networks and logistic regression have
traditionally been applied to predict influenza vaccina-
tion outcomes, providing robust frameworks for
assessing vaccine effectiveness based on de-
mographic and clinical data [389]. With the integration
of LLMs, these predictive models can be further refined
by incorporating insights derived from textual datasets,
such as clinical notes, trial reports, and patient
feedback.

In silico approaches, combined with LLM‐based text
mining, enable the analysis of autoimmune diseases
and their genetic relationships to vaccination. LLMs can
extract relevant patterns across large corpora of
genomic and immunological studies, offering deeper
insights into immune response mechanisms and po-
tential cross‐reactivity among populations [394].

Platforms such as MAIVeSS streamline the selec-
tion of antigenically matched, high‐yield viruses for

seasonal influenza vaccines by leveraging LLMs to
analyze historical viral sequences, antigenic relation-
ships, and experimental outcomes [334]. Additionally,
seasonal antigenic prediction models utilize machine
learning algorithms integrated with LLMs to analyze
influenza A (H3N2) evolution and forecast emerging
strains, improving the accuracy and efficiency of vac-
cine formulation [322].

Phylogenetic analyses are also augmented through
LLM capabilities, which automate literature reviews and
contextualize genetic relationships to identify influenza
virus candidates for seasonal vaccines. This ensures
antigenic compatibility, reduces manual analysis time,
and maximizes immunogenic coverage [333]. By
incorporating LLMs, researchers can process and
synthesize global influenza surveillance data, gene-
rating actionable insights to address the challenge of
rapidly evolving pathogens.

6.3 | Vaccine efficacy prediction and
immunogenicity studies

Accurately predicting vaccine efficacy and assessing
immunogenicity are critical for improving vaccination
strategies and understanding immune responses.
LLMs play a pivotal role in processing vast datasets to
extract critical insights, identify risk factors, and predict
vaccine efficacy. LLMs are increasingly used to syn-
thesize clinical, epidemiological, and behavioral data,
which are key to identifying populations with low
adherence to vaccination programs. For example,
models analyzing high‐risk groups, such as individuals
with cardiovascular disease, have integrated LLM‐
driven data extraction from clinical records to uncover
demographic and behavioral predictors of vaccine up-
take [395].

In real‐time monitoring, LLMs enhance the analysis
of self‐reported data to estimate vaccine coverage and
adherence. By processing text‐based survey re-
sponses and digital health data, LLMs enable precise
insights into population‐wide vaccine uptake and the
factors influencing these trends [392].

For immunogenicity studies, LLMs are employed to
mine complex biological and clinical datasets,
improving predictions of vaccine immune responses in
targeted populations. For example, LLM‐augmented
artificial intelligence models have been used to predict
immunogenicity in pediatric studies, such as for triva-
lent inactivated influenza vaccines in HIV‐infected
children, facilitating personalized vaccination strate-
gies [396]. Clinical feature‐based models further benefit
from LLMs’ ability to extract structured and unstructured
data from clinical notes, improving predictions of
infection risks in individuals’ post‐vaccination [319].

In biomarker‐based analyses, LLMs assist in syn-
thesizing large‐scale experimental and clinical literature
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to identify apoptosis markers and inflammatory bio-
markers associated with vaccine responsiveness. This
enables a better understanding of immune responses
and facilitates personalized immunization approaches
[397]. Post‐marketing vaccine safety surveillance sys-
tems, such as the VAERS dataset, have leveraged
LLMs to extract, classify, and analyze adverse event
reports. By automating the processing of unstructured
clinical narratives, LLMs enhance the detection of
adverse events and improve vaccine safety assess-
ments [325].

Comparative studies examining influenza vaccine
uptake pre‐ and post‐COVID‐19 also benefit from
LLMs’ ability to analyze large textual datasets, such as
survey responses and social media discussions. These
models provide actionable insights into behavioral
shifts and critical predictors of vaccine adherence,
contributing to data‐driven vaccination strategies [328].

6.4 | Vaccine hesitancy and public
attitude analysis

Vaccine hesitancy remains a significant challenge to
achieving widespread immunization, and LLMs have
proven instrumental in uncovering the underlying cau-
ses, trends, and predictors of public attitudes toward
vaccination. LLMs, combined with machine learning
and NLP, enable the analysis of large‐scale textual
data, including social media, survey responses, and
clinical reports, providing insights into public percep-
tions and vaccine acceptance patterns.

LLMs have been employed to process unstructured
data for real‐time monitoring of vaccine‐related dis-
cussions, identifying concerns around side effects and
safety perceptions. For example, predictive models
using smartwatch and smartphone data, enhanced by
LLM‐driven text analysis, have been used to detect and
predict the severity of side effects following vaccination,
improving the understanding of public concerns
regarding vaccine safety [341]. LLMs have further
facilitated automated detection of vaccine‐related
messaging and adverse event reporting, as demon-
strated by initiatives such as the FDA Biologics Effec-
tiveness and Safety Initiative [342]. These models
analyze clinical notes and text‐based reports at scale,
streamlining post‐vaccination safety monitoring.

Parental attitudes toward childhood vaccination
have been analyzed using validated scales, with LLMs
efficiently extracting themes and patterns from care-
giver responses. These analyses highlight key con-
cerns, such as vaccine safety and efficacy, and inform
targeted education strategies [326]. LLMs are also
applied to sociodemographic studies, enabling the
identification of key predictors of vaccine acceptance,
including education level, income, and geographic

location. By synthesizing national‐scale survey data,
LLMs provide a foundation for interventions aimed at
addressing vaccine hesitancy in specific demographic
groups [389].

Sentiment analysis of social media platforms, such
as Twitter, has been revolutionized by LLMs such as
GPT‐based architecture. These models analyze
vaccine‐related discourse, identifying trends in vaccine
hesitancy and negative attitudes toward vaccination
programs. For example, LLMs have revealed hesitancy
trends related to influenza vaccination and highlighted
shifts in public sentiment in response to public health
campaigns and policy changes [339, 340]. Longitudinal
studies powered by LLMs demonstrate how public
messaging evolved over multiple years, providing
actionable insights for optimizing communication stra-
tegies and combating misinformation. Additionally,
comparative studies across continents emphasize cul-
tural and regional variations in vaccine attitudes, which
LLMs can analyze to tailor communication strategies to
local contexts [327].

Vaccine hesitancy studies among specific groups,
such as Canadians immunized for influenza, benefit
from LLMs’ ability to process large‐scale survey re-
sponses and extract nuanced concerns [338]. These
insights underscore the complexity of public attitudes
and the importance of sustained public education.

6.5 | Vaccine safety and adverse event
detection

Ensuring vaccine safety and monitoring adverse events
following immunization are critical components of im-
munization programs. LLMs play an increasingly vital
role in enhancing vaccine safety surveillance by auto-
mating the detection, classification, and analysis of
adverse events at scale.

Predictive models leveraging smartwatch and
smartphone data, combined with LLM‐powered text
analysis, enable real‐time monitoring of vaccine‐related
side effects. By processing unstructured patient‐
reported outcomes and wearable device data, LLMs
help identify patterns in the severity of side effects
following COVID‐19 and influenza vaccinations, facili-
tating timely interventions and improving patient out-
comes [341].

The FDA’s Biologics Effectiveness and Safety
Initiative has utilized NLP techniques powered by LLMs
to analyze unstructured clinical data, such as physician
notes and medical records, for detecting vaccine‐
related adverse events. LLMs significantly enhance
the ability to process and interpret large‐scale textual
datasets, streamlining the identification of safety sig-
nals and improving the efficiency of post‐marketing
surveillance systems [398]. These automated systems
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reduce manual effort, accelerate safety signal detec-
tion, and enable regulators to respond quickly to
emerging concerns.

Deep learning approaches applied to the VAERS
have also been strengthened by the integration of
LLMs. By extracting and categorizing adverse event
reports from free‐text submissions, LLMs improve the
accuracy and granularity of vaccine safety assess-
ments. For instance, LLMs can identify subtle patterns
and correlations within adverse event reports, allowing
researchers to generate valuable insights into vaccine
safety profiles, detect rare adverse events, and support
regulatory decisions [399].

Moreover, LLMs facilitate cross‐referencing of
adverse event data with other sources, such as scien-
tific literature, clinical trial reports, and patient feedback,
providing a comprehensive view of vaccine safety. By
automating this process, LLMs improve the robustness
of post‐marketing surveillance systems and enhance
public confidence in vaccination programs.

Together, these studies underscore the trans-
formative role of LLMs in vaccine safety monitoring and
adverse event detection. By efficiently processing and
analyzing large‐scale unstructured data, LLMs enable
faster, more accurate identification of adverse events,
ensuring vaccine safety and maintaining public trust in
immunization efforts.

6.6 | Vaccine‐related social and health
data analysis

The analysis of social and health data plays a critical
role in understanding vaccine uptake, disease spread,
and public health outcomes. LLMs have become
essential tools for processing and interpreting large‐
scale social, health, and demographic datasets,
enabling researchers to identify patterns and design
targeted interventions for improving vaccination
strategies.

LLMs are particularly effective in synthesizing
diverse data sources, including EHRs, socioeconomic
surveys, and real‐time reports. For instance, studies
addressing unmet needs in pneumonia research
benefit from LLMs’ ability to integrate textual clinical
data with structured epidemiological datasets, facili-
tating a comprehensive understanding of disease
burden, treatment gaps, and prevention strategies
[347]. Similarly, LLMs assist in analysing socioeco-
nomic, health, and safety data to explain the spread of
diseases such as COVID‐19. By processing large
datasets across regions, LLMs highlight key factors,
such as healthcare access, education, and income, that
impact infection rates and vaccine coverage [400].

The Human Vaccines Project, which focuses on
leveraging immunological and epidemiological data to
improve vaccination strategies, has incorporated LLMs

to process vast volumes of immunology literature, trial
reports, and population health data. LLMs enable the
identification of critical trends and insights that advance
the understanding of human immune responses to
vaccines, accelerating the development of targeted
immunization programs [390].

Sociodemographic predictors of vaccine accep-
tance, such as age, education, and geographic loca-
tion, have been extensively studied with the support of
LLMs. These models efficiently process large‐scale
national surveys, extracting patterns and correlations
that inform targeted interventions to address vaccine
hesitancy and acceptance across diverse popu-
lations [389].

Real‐time health data collected through wearable
sensors, as demonstrated in the WE SENSE protocol,
have also been enhanced by LLMs’ ability to integrate
sensor outputs with epidemiological trends. LLMs pro-
cess this real‐time data alongside other health records
to detect early warning signs of viral infections and
identify potential outbreaks, highlighting their role in
improving public health preparedness and surveil-
lance [346].

These studies collectively demonstrate the trans-
formative role of LLMs in integrating social, health, and
demographic data for vaccine‐related research. By
efficiently processing and analyzing vast, heteroge-
neous datasets, LLMs offer valuable insights that shape
public health policies, improve vaccination strategies,
and enhance disease preparedness efforts.

7 | DISCUSSION AND FUTURE
DIRECTIONS

Although LLMs have achieved remarkable success in
bioinformatics, they still face numerous challenges. The
performance of LLMs in bioinformatics heavily relies on
the quality of training data, yet available datasets such
as genomic or proteomic sequences often contain
noise and biases. This issue leads to inaccurate pre-
dictions and limited generalizability. Additionally, the
limited availability of labeled biological data further
hinders the adaptability of LLMs to diverse bioinfor-
matics tasks. Computational cost and scalability pre-
sent another significant challenge. LLMs are resource‐
intensive, requiring substantial computational power
and memory for training and inference, which becomes
particularly problematic when analyzing ultra‐long se-
quences such as genomic regions spanning thousands
of base pairs. Transformer‐based architectures, despite
their advancements, still struggle with scaling efficiently
for such long sequences due to inherent memory
constraints.

Generalizability and interpretability also remain
critical concerns. While LLMs excel at specific tasks,
their ability to generalize across unseen datasets or
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tasks is often inadequate. Moreover, the lack of inter-
pretability in model output makes it difficult for re-
searchers to understand the underlying biological
mechanisms, which are essential for result validation.
Ethical and privacy concerns further complicate the
application of LLMs, particularly in sensitive areas such
as personalized medicine. The use of patient data in
training models raises significant ethical questions and
potential privacy risks, limiting widespread adoption.

Despite these challenges, the future of LLMs in bio-
informatics presents exciting opportunities. Efforts are
likely to focus on developing lightweight and efficient
architectures, such as LoRA and QLoRA, to mitigate
computational andmemory requirements. Innovations in
transformer variants and hybrid architecture are ex-
pected to overcome scalability challenges, enabling
more effective analysis of long‐sequence bioinformatics
tasks. Integrating diverse biological data types, including
DNA, RNA, protein sequences, epigenetic, and tran-
scriptomic data, will enhance LLMs’ capability to
generate comprehensive biological insights. Improved
interpretability will also become a priority, with ad-
vancements aimed at visualizing attention mechanisms
and uncovering the biological basis behind predictions.

Applications in personalized medicine highlight the
transformative potential of LLMs. For example, they can
revolutionize precision medicine by tailoring treatments
to individual patients, predicting drug efficacy, or iden-
tifying possible side effects based on genomic data.
Addressing data scarcity through open data initiatives
and interdisciplinary collaborations will further accel-
erate progress, enabling broader applications of LLMs
in bioinformatics. Additionally, as Transformer models
reach maturity, exploration of alternative architectures
may drive innovation beyond their current limitations,
ensuring continuous advancement in the field. These
trends underscore the dynamic evolution of LLMs in
bioinformatics, presenting opportunities for ground-
breaking developments while emphasizing the need to
address existing limitations.

The integration of multimodal biomedical data pre-
sents another promising direction for future research.
Sequence‐to‐sequence models, which have demon-
strated remarkable success in NLP, offer a promising
technical approach for fusing diverse biomedical data
types. These models can potentially bridge the gap
between different modalities—including medical imag-
ing, clinical texts, temporal data (such as EHRs and
vital signs), and various forms of biological sequence
data (DNA, RNA, and proteins). For instance,
sequence‐to‐sequence architectures could be adapted
to translate between modalities [17, 401], such as
converting radiological images to diagnostic text de-
scriptions while incorporating relevant genomic infor-
mation. This multimodal fusion could enable more
comprehensive disease diagnosis and treatment

planning by leveraging complementary information
from different data sources. Furthermore, innovative
attention mechanisms and cross‐modal transformers
could help capture complex relationships between
different data types, leading to more robust and inter-
pretable models. The challenge lies in developing ar-
chitectures that can effectively handle the inherent
heterogeneity of these data types while maintaining
computational efficiency and biological interpretability.

8 | CONCLUSION

This comprehensive survey has explored the trans-
formative impact of LLMs in bioinformatics, spanning
applications in genomics, proteomics, drug discovery,
and clinical medicine. Our review has highlighted the
successful adaptation of transformer architectures for
biological sequences, the emergence of specialized
biomedical LLMs, and the promising integration of
multiple data modalities. These advances have enabled
significant progress in protein structure prediction, DTI
analysis, and disease diagnosis.

Despite notable achievements, challenges persist in
data quality, computational scalability, model interpret-
ability, and ethical considerations regarding patient
privacy. These challenges present opportunities for
future research, particularly in developing efficient ar-
chitectures, improving multimodal data integration, and
ensuring model interpretability. The convergence of
LLMs with emerging biotechnologies promises to
accelerate discovery in bioinformatics, potentially
leading to more precise and personalized medical
interventions.
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