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KEY WORDS Abstract Traditional drug discovery suffers from low efficiency and high attrition rates, largely due to
the complexity and heterogeneity of human diseases. Omics technologies offer a systems-level perspec-
tive for uncovering disease mechanisms and identifying therapeutic targets, but present challenges such as
high dimensionality, noise, and heterogeneity. Large language models (LLMs), originally developed for
natural language processing, are emerging as powerful tools to address these issues by capturing complex
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Single-cell; patterns and inferring missing information from large, noisy datasets. We present a three-part framework:
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Drug discovery mechanisms, identifying drug targets, predicting drug response, and simulating cellular behavior; (3) Dis-

cussing how insights from omics-integrated LLMs can inform the development of drugs targeting specific
pathways, moving beyond single targets towards strategies grounded in underlying disease biology. This
framework provides both conceptual insights and practical guidance for leveraging LLMs in omics-driven
drug discovery and development.
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1. Introduction

Traditionally, drug discovery has primarily followed a target-
based paradigm, wherein researchers first identify disease-
associated molecular targets, followed by high-throughput com-
pound screening and lead optimization'. While this strategy has
led to numerous therapeutic breakthroughs, it suffers from several
limitations, including low efficiency, high attrition rates, and
limited applicability to complex diseases. In recent years, the field
has been undergoing a gradual shift from single-target strategies
toward a more holistic, systems-level understanding of disease
mechanisms and therapeutic interventions, emphasizing the
identification of key nodes and pathways in molecular and cellular
networks™>. Notably, this transformation has been significantly
enabled by the emergence of omics technologies®.

Omics data—characterized by their multidimensionality, high
throughput, and systems-level perspective—offer unprecedented
opportunities to elucidate disease mechanisms, uncover novel
therapeutic targets, and predict drug responses® '. In particular,
certain types of omics datasets are generated under defined per-
turbations, such as small-molecule treatments, gene knockdown or
overexpression, enabling systematic and comprehensive capture of
the resulting biological responses® ''. However, the effective
utilization of omics data poses substantial challenges: heteroge-
neity across data sources, difficulties in cross-scale integration,
and considerable noise and redundancy'?. These issues are further
exacerbated at the single-cell level, where extreme data sparsity
and variability increase the complexity of analysis'>. Collectively,
such limitations have hindered the full exploitation of omics data
in drug development.

Recent advances in large language models (LLMs) have
demonstrated remarkable capabilities in pattern recognition, data
imputation, and representation learning, offering promising
tools for tackling the inherent complexity of omics datasets'*. A
key scientific question now lies in integrating LLM technologies
with large-scale omics data to construct foundational models
in bioinformatics, thereby accelerating the drug discovery
process.

This review provides a systematic overview of the applications
of LLMs in omics technologies and their potential for drug dis-
covery from three key perspectives. First, we explore how LLM-
based approaches address major challenges in genomics, tran-
scriptomics, and proteomics, emphasizing their capabilities in
processing high-dimensional biological data. Second, we highlight
recent applications of omics-driven LLMs in four essential areas
of drug discovery: disease mechanism elucidation, target identi-
fication, drug response prediction, and virtual cell modeling.
Third, we discuss how omics data can inform pathway-based
therapeutic strategies, enabling data-driven target prioritization
and intervention design. Together, this framework aims to provide
both conceptual insights and practical guidance for leveraging
LLMs in omics-guided drug discovery and development.

2.  Unpacking LLMs: from text to omics data
2.1.  What makes LLMs powerful: architecture and evolution
In recent years, the rapid advancement of LLMs has brought

transformative progress to the field of artificial intelligence (Al),
significantly influencing a wide range of real-world applications.

Fundamentally, language models are designed to understand
contextual information, predict subsequent words, and generate
coherent text'>™'7. The term “large language model” typically
refers to models trained on large-scale text corpora, characterized
by massive parameter counts, high computational demands, broad
generalizability, and the capacity to process long-range de-
pendencies in language'®.

From a technical perspective, the remarkable performance of
LLMs is largely attributed to innovations in tokenization and the
Transformer architecture. Tokenization refers to the process of
converting raw text into a sequence of discrete units—known as
tokens—which may represent words, subwords, or characters'”.
These tokens serve as the fundamental building blocks that enable
the model to process and interpret language. The Transformer
architecture leverages a self-attention mechanism to efficiently
model dependencies across entire sequences, thereby enhancing
contextual understanding®. It is typically structured as an
encoder—decoder framework, comprising multi-head attention
layers that iteratively refine semantic representations. The encoder
processes the input sequence into a context-rich representation,
while the decoder uses this representation to generate the output
step by step. Multi-head attention allows the model to focus on
multiple parts of the input simultaneously, capturing complex,
long-range dependencies (Fig. 1).

Although all LLMs are built upon the Transformer framework,
they have diverged along distinct architectural trajectories. For
instance, OpenAl’s GPT series employs a decoder-only architec-
ture optimized for autoregressive text generation®'*?; Google’s
BERT utilizes a bidirectional encoder to model deep contextual
relationships®*; and T5 maintains the original encoder—decoder
design, reformulating all tasks into a unified text-to-text
framework>?.

As LLM architectures and modeling capabilities continue to
evolve, these models are increasingly being adapted to domain-
specific applications, demonstrating strong potential and versa-
tility in biomedical research, omics analysis, and drug discovery.

2.2, Omics as language: data foundations for LLMs

Emergent abilities refer to qualitative shifts in model behavior that
arise only when language models surpass certain scale thresholds,
enabling them to perform tasks not explicitly encountered during
training®. These capabilities are generally attributed to the syn-
ergistic scaling of model parameters, training data volume, and
computational power. Among these factors, the availability of
large and diverse training data is particularly crucial, as it directly
shapes the knowledge base and generalization capacity of LLMs.
In recent years, rapid advances in omics technologies, particularly
in single-cell omics, have led to the accumulation of vast, high-
dimensional biological datasets**®?’. In this section, we intro-
duce the core characteristics and sources of these data, providing a
foundation for evaluating their potential role in LLMs.

Omics encompasses a suite of high-throughput biological
disciplines dedicated to the systematic profiling of biomolecules
such as DNA, RNA, proteins, and metabolites. Major omics
fields—including genomics, transcriptomics, proteomics, epi-
genomics, and metabolomics—provide multi-layered insights into
the regulation and function of biological systems?® >'. Techno-
logical advances in sequencing and mass spectrometry (Fig. 2)
have significantly enhanced molecular coverage, resolution, and
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Figure 1

the capacity to generate rich, multimodal datasets across diverse
biological conditions””>"*7. Emerging subfields like spatial
omics and single-cell omics further enrich this landscape by
enabling molecular profiling within native spatial or cellular
contexts, which is particularly valuable for understanding tissue
heterogeneity and disease microenvironments®®,

Sequencing-based technologies generally serve two primary
functions: determining molecular sequences and quantifying
expression levels. While sequence data (e.g., DNA, RNA, and
protein) are typically linear and structured, gene expression is
represented as higher-dimensional matrices that capture variations
in gene activity across cells or conditions. These fundamental
differences in data structure motivate the development of
specialized modeling approaches to effectively leverage omics
data within the framework of LLMs (Table 13°7).

Architecture of transformer.

2.3.  Structuring omics for LLMs: from data complexity to
representation design

While inherently rich in biological information due to their high
dimensionality, omics datasets often face impediments to deep
mining owing to noise and heterogeneity*’*®. Noise—stemming
from operational variability, instrument errors, cross-platform
discrepancies, and environmental factors—complicates signal
extraction and makes batch correction a pervasive challenge.
Beyond batch effects, cross-omics integration further demands
careful handling of modality-specific discrepancies*’. Heteroge-
neity, while biologically meaningful, often arises from multiple
overlapping factors such as genetic background, transient cell
states, and regulatory variability, making it difficult to model and
interpret systematically. Moreover, while high dimensionality
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Figure 2
transcriptomics; pink: proteomics).

An overview of the development of omics technologies, including genomics, transcriptomics, proteomics (blue: genomics; yellow:

Table 1  Representative omics data for language models.
Modality Data form Data source Tokenization Example Ref.
strategies
Genomics (DNA) DNA sequences Human genome (~2.75 B Nucleotide as token: DNABERT (2021) 39

(A/T/C/G)

nucleotide bases)

Human genome (~2.75 B
nucleotide bases), multi-
species genome references

k-mer

Nucleotide as token:
byte-pair encoding
(BPE)

DNABERT-2 (2024) 40

(~32.5 B nucleotide bases)

Transcriptomics Transcript sequences ncRNA sequences (~23 M) Nucleotide as token: RNA-FM (2022) 41
(mRNA) (A/U/CIG) one-hot encoding
Protein sequences/ Amino acid UniRef (~65 M protein Residue as token ESM-2 (2024) 42
structures sequences, MSAs, sequences)
3D structures
Single-cell Cell-by-gene PanglaoDB (~ 1.1 M human Gene as token: scBert (2022) 43
transcriptomics expression matrix cells, 74 tissues, 209 datasets)  binning for value
CELLxGENE (~33 M scGPT (2023) 44
normal human cells)
Genecorpus-30 M (~30 M Gene as token: Geneformer (2023) 45
human scRNA-seq cells from  Ranking for value
561 datasets, multiple public
sources)
Spatial Cell-by-gene ~11.4 M cells (~8.7 M Cell as tokens CellPLM (2023) 46

transcriptomics expression
matrix + 2D

coordinates

scRNA-seq, ~2.7 M SRT)
from public datasets (HCA,
HTCA, GEO, CosMx SMI)

allows for precise and detailed feature characterization, it also
contributes to data sparsity. A prime example is single-cell RNA
sequencing (scRNA-seq), which exhibits pronounced sparsity with
many zero counts, arising from limited capture efficiency and
technical variability inherent in single-cell protocols®™>".

To address these complex challenges, LLMs, adept at uncov-
ering patterns and relationships within large-scale textual datasets,
offer a powerful framework for managing high dimensionality,
modeling intricate dependencies, and even inferring missing in-
formation. However, their effective application to omics requires
careful adaptation. In particular, domain-specific tokenization
strategies present both a significant challenge and a critical op-
portunity for effectively modeling diverse omics modalities.

For DNA and RNA sequences, which naturally exhibit text-
like properties, common approaches include one-hot encoding of
individual nucleotides*', k-mer segmentation that divides se-
quences into fixed-length, overlapping substrings*, and subword

methods such as byte pair encoding (BPE) that learn variable-
length, data-driven tokens*’. For protein sequences, models like
ESM-2 treat each amino acid as a token, effectively capturing
evolutionary constraints encoded in the primary sequence™. In the
context of single-cell data, where large-scale expression profiles
are available, the analogy extends to treating each cell as a
“sentence” and each gene as a “word”. Cells are represented
through their gene expression profiles and the proteins encoded by
those genes, requiring tokenization approaches that preserve both
gene identity and quantitative expression information. For
example, scBERT applies a binning strategy to discretize contin-
uous expression values into categorical tokens, thereby reducing
technical noise®’. scGPT extends this concept by incorporating
three types of tokens into its input embeddings: (1) gene names,
representing identity; (2) adaptively discretized expression values,
tailored to each cell; and (3) condition tokens, capturing meta-
information  associated with individual genes*. Unlike
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scBERT’s global binning, scGPT’s adaptive strategy enables more
fine-grained, cell-specific representation. Geneformer takes
another approach by ranking genes within each cell according to
expression levels, thereby representing the cell as an ordered
“sentence” of genes®. Beyond gene-level tokenization, some
models focus on cell-level representations. For instance, CellPLM
treats individual cells as tokens and tissues or spatial regions as
sentences, leveraging spatially resolved transcriptomics data to
capture intercellular relationships*®. Overall, these diverse toke-
nization strategies aim to preserve biologically meaningful
structure in single-cell data, thereby enhancing the ability of
LLMs to model cellular heterogeneity and support downstream
analyses (Tables 139746y,

In summary, the successful adaptation of LLMs to omics data
depends on understanding the distinct characteristics of each
modality and developing tailored representations, setting the stage
for models that can learn meaningful biological patterns.

3. Applications of LLMs in bioinformatics

Understanding biological information flow, from DNA through
RNA to functional proteins, requires sophisticated computational
approaches to address diverse predictive challenges. LLMs are
increasingly pivotal in tackling these challenges, leveraging self-
supervised pre-training on vast, unlabeled sequence datasets to
learn complex biological patterns and long-range de-
pendencies®*>>. Compared with earlier deep learning models,
LLMs overcome critical limitations including restricted context
windows and limited receptive fields, thus enabling them to handle
large-scale, long-sequence inputs and to capture a global under-
standing of long-range interactions across biological se-
quences™>* Through automated pattern recognition, LLMs
develop a semantic understanding of underlying biological

Figure 3

relationships, integrating multi-omics data including genomic se-
quences, protein structures, and functional annotations into unified
representation spaces>. Subsequent fine-tuning enables break-
throughs across the key stages of the central dogma process.

At the DNA level, foundational genomics research involves
predicting how the genome functions and is regulated**®. Core
tasks include understanding the impact of genetic variation,
analyzing epigenetic marks governing gene expression, and
identifying essential regulatory elements, among others (Fig. 3).
Progressing to the RNA transcriptome layer involves analyzing
the dynamic RNA intermediates derived from DNA. Unlike ge-
nomics, transcriptomics presents unique challenges due to its
dynamic and condition-specific nature—the same genome can
give rise to different transcriptomes under varying environmental
conditions, making RNA sequences less conserved than DNA?’.
Transcriptomic LLMs address this variability through transfer
learning and self-supervised learning, enabling inference of reg-
ulatory mechanisms across diverse environments. Predictive ap-
plications encompass RNA modification detection, structural
conformation prediction, and functional feature annotation, among
others (Fig. 3)°°. Finally, at the protein level, proteomics grapples
with predictions concerning the structure, function, and in-
teractions of functional molecules®’. This encompasses tasks such
as designing novel protein sequences, determining complex ter-
tiary folds and functions, and predicting interactions within large
networks (Fig. 3).

Through comprehensive pre-training on biological sequences,
these foundation models learn sequence patterns and biological
contexts that can be adapted for specific downstream tasks,
contributing to biological discovery and enabling their applica-
tions across the central dogma. Table 2°%*'*%76 summarizes the
training data, framework, applications, and deficiencies of several
representative models.

Applications of LLMs in genomics, transcriptomics and proteomics in order of the central dogma.



Large language models transforming omics and drug discovery

Table 2  Representative LLMs in bioinformatics.
Model Dataset Architectures Training protocol Application Limitation Ref.
DNABERT Human genome 12-layer transformer 120 k steps Promoter prediction  Generalization across 39
768 hidden units Batch size 2000 DNA methylation species
12 attention heads 8 x NVIDIA 2080Ti prediction High computational
k-mer tokenization GPUs Viant effect prediction costs
~25 days training Splice site prediction
Gene expression
prediction

RNA-FM RNAcentral database  12-layer transformer =~ MLM self-supervised RNA secondary/3D Interpretability to 41
(23 million ncRNA 640 hidden units learning structure prediction specific tasks
sequences) 20 multi-head 8 x A100 GPUs Protein—RNA

attention One month training interaction modeling
Single nucleotide Evolutionary trend
tokens inference

HyenaDNA Single human Decoder-only hyena  10—20 k steps Promoter prediction  Generalization across 58
reference genome architecture Batch size 64—256 Enhancer species

2—8 layers 8 x A100 GPUs identification
128—256 width 80 min training Epigenetic marks
Single nucleotide prediction
tokens Chromatin profiling
Species classification
BERT20ME RMBase database 12-layer transformer ~ MLM self-supervised 2'-O-methylation Generalization across 59
768 hidden units learning modification site species
12 attention heads Batch size 10—30 prediction across
2D CNN 25—100 epochs multiple species
2 hidden layers (human, mouse,
yeast)

GenerRNA RNAcentral database  24-layer transformer =~ MLM self-supervised Protein-binding RNA  Lack of protein- 60
(29.75 million RNA  Self-attention learning generation specific fine-tuning
sequences) mechanism Batch size 128 Therapeutic RNA datasets

Model dimension 20 epochs design High computational
1280 16 x A100 GPUs Novel sequence costs
BPE tokenization One week training generation with stable

secondary structures

AlphaGenome ENCODE (RNA-seq, U-Net-inspired Batch size 64 Genome track Generalization across 61
PRO-cap, DNase-seq, backbone 15 k steps pre-training prediction species
ATAC-seq, TF ChIP-  9-layer transformer 250 k steps distillation Variant effect Lack of evaluation
seq, histone ChIP- 768-1536 hidden units 512 TPUV3 cores prediction systems
seq); 8 attention heads 64 H100 GPUs Splicing analysis High computational
GTEx (RNA-seq); Single nucleotide Gene expression costs
FANTOMS (CAGE tokens prediction
data); Contact map
4D Nucleome portal prediction
(genomic contact
maps)

ProLLM Human dataset (4577 Flan-T5-large Fine-tuning on Flan-  Protein—protein High computational 62

proteins, 75875 backbone T5-large interaction prediction  costs
interactions); 1024-dim ProtTrans  Batch size 2 per Signaling pathway

SHS27K, SHS148K, embedding device analysis

STRING datasets; ProCoT format A40-48G GPU Interaction type
Mol-Instructions Instruction fine-tuning classification

dataset

Chain-of-thought
reasoning for protein
relationships

GPU, graphics processing unit; TPU, tensor processing unit; MLM, masked language model; CNN, convolutional neural network.

3.1.  Capturing long-range dependencies: LLMs enabling global
modeling of DNA regulatory syntax

Genomic sequence modeling refers to the computational process
of learning representations from DNA sequences to elucidate their
functional roles in gene regulation and cellular processes>.
Traditional deep learning methods, such as the convolutional

neural network (CNN)-based model DeepBind63, detect local
regulatory patterns using fixed-length scanning filters but have
limited ability to capture long-range dependencies critical for
understanding regulatory syntax. This constraint hampers predic-
tive accuracy in genome-wide functional annotation tasks.

The emergence of LLMs has revolutionized genomic sequence
modeling by overcoming these fundamental limitations through
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the capture of global contextual dependencies. A representative
example is DNABERT, which adapts BERT architecture to DNA
sequences, employing a 12-layer Transformer with multi-head
self-attention, which overcomes the restricted receptive fields in
traditional CNN/RNN models®**°. Following a pre-training and
fine-tuning paradigm, DNABERT learns general genomic syntax
through masked language modeling (MLM) on 2.75 billion nu-
cleotides of unlabeled human genome sequences and is then
adapted to specific tasks with minimal labeled data. By using
k-mer tokenization and processing sequences up to 512 tokens, the
model enables comprehensive analysis of long-range regulatory
interactions. Across diverse genomic tasks, including promoter
prediction, transcription factor binding site identification, and
regulatory element classification, DNABERT achieves a 33.5%
accuracy improvement over CNN-based methods and attains mean
accuracy above 0.9 across 690 ENCODE datasets®*. Its attention
mechanisms further provide direct visualization of critical regu-
latory regions without the need for human guidance.

Despite DNABERT’s success, the quadratic computational
complexity of attention mechanisms fundamentally limits the
modeling of long-range genomic interactions that span hundreds
of thousands of nucleotides. HyenaDNA addressed this by
replacing attention with Hyena operators, which combine long
convolutions and data-controlled gating to reduce complexity
from O (L*) to O (L log, L). As aresult, it can model sequences up
to 1 million nucleotides at single nucleotide resolution, repre-
senting a 500-fold increase in sequence length compared to
existing dense attention-based models®®. Building upon these ad-
vances, Caduceus introduced reverse complement equivariance to
model DNA’s bidirectional nature via BiMamba and MambaDNA
modules, which process both forward and reverse complement
sequences with shared parameters. It achieves superior perfor-
mance in variant effect prediction and regulatory element dis-
covery while using significantly fewer parameters®>. These
innovations mark a paradigm shift from purely computational
solutions toward biologically informed model design, embedding
domain-specific constraints directly into model architectures for
both computational efficiency and biological relevance.

3.2.  Learning generalizable representations: LLMs advancing
RNA foundation modeling

Conventional computational approaches for biological sequence
analysis rely heavily on handcrafted features and task-specific
model architectures, requiring extensive domain knowledge for
effective feature engineering. For example, early deep learning
models such as iRNA-PseU®® combine BiLSTM®’ networks with
manually engineered nucleotide chemical properties (electron af-
finity and hydrogen bonding strength) for specific modification
site prediction. These methods lack generalization capabilities,
often necessitating the training of separate models for different
modification types and species, thus limiting their applicability
across diverse biological scenarios.

The emergence of RNA foundation models marks a paradigm
shift from task-specific architectures to universal representation
learning. RNA-FM*! exemplifies this transformation with a 12-
layer BERT-based model trained via self-supervised learning
using 23 million non-coding RNA sequences from the RNAcentral
database. In contrast to traditional methods requiring manual
feature engineering, RNA-FM employs MLM to learn contextual
representations by predicting randomly masked nucleotides (15%
of input tokens), capturing both local sequence patterns and long-

range dependencies without annotated data. The resulting em-
beddings encode multi-scale biological information, including
structural similarities, functional relationships, and evolutionary
conservation across RNA families. Notably, RNA-FM enables
zero-shot prediction of RNA secondary structures and modifica-
tion sites, demonstrating that pre-training on unlabeled sequences
can capture fundamental biophysical principles governing RNA
behavior. This enables robust performance across diverse down-
stream applications with minimal task-specific fine-tuning.

Building upon foundational advances, subsequent research has
evolved toward foundation-model-based specialization, leveraging
universal representations for efficient task-specific fine-tuning and
representing a fundamental departure from traditional isolated
approaches. Models such as BERT20ME> and GenerRNA®
exemplify this paradigm by inheriting general sequence under-
standing while adding specialized modules to address multi-task
integration and data synthesis challenges.

BERT20ME? integrates pre-trained BERT embeddings with a
2D-CNN architecture for multi-task learning across seven RNA
modification types. By treating the embedding matrices as spatial
feature maps to extract local dependencies and employing
SMOTE to address data imbalance, the model achieves an
impressive 99.15% accuracy on human RNA sequences.

GenerRNA® introduces a generative pre-training paradigm for
RNA design using a 350-million parameter autoregressive Trans-
former trained on 29.75 million sequences. Unlike discriminative
models, this generative paradigm creates novel RNA sequences
with desired properties, addressing data scarcity by synthesizing
training data for underrepresented RNA families and enabling
controlled generation of high-affinity protein-binding RNAs.

3.3.  Cross-modality integration: LLM-unified representation
powering multi-task intelligence

Traditional deep learning frameworks are inherently limited in
handling multimodal biological data, typically processing single
data types in isolation. For example, models such as DeepSEA®®
employ CNNss to identify transcription factor binding sites within
DNA sequences, but cannot integrate complementary information
sources like epigenetic modifications or protein—DNA interaction
networks. This modality segregation prevents models from
capturing essential cross-modal associations, as protein sequences,
gene expression profiles, and pathway annotations are analyzed by
independent architectures that fail to leverage their inherent bio-
logical interconnections. Consequently, these single-modality ap-
proaches encounter performance ceilings in complex tasks that
require integrated, multi-source reasoning—particularly when
structural, functional, or literature-derived contextual information
is essential.

LLMs fundamentally transform genomic analysis by enabling
unified embedding spaces that integrate multimodal biological
information across diverse regulatory mechanisms. AlphaGenome
exemplifies this paradigm shift by simultaneously processing 11
genomic modalities, including gene expression, splicing, chro-
matin accessibility, histone modifications, transcription factor
binding, and contact maps within a single framework®!. Unlike
conventional methods requiring separate specialized models,
AlphaGenome introduces a multi-scale U-Net-inspired architec-
ture that integrates 1D sequence embeddings for linear tracks with
2D pairwise embeddings for spatial interactions. This design
captures both local sequence motifs and long-range dependencies
across megabase-scale contexts. Key innovations of the model
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include a Transformer-CNN fusion module for multi-scale pattern
recognition and a two-stage training paradigm: multi-task pre-
training across all 11 modalities, followed by knowledge distil-
lation from 64 teacher models using sequence augmentation. This
approach encourages the model to uncover shared regulatory
principles that underlie diverse biological processes. Leveraging
comprehensive  datasets from ENCODE®, GTEx® and
FANTOMS5"° consortia, AlphaGenome processes 5930 human and
1128 mouse genome tracks across diverse cell types. This unified
architecture achieves state-of-the-art performance on 22 out of 24
genome track prediction tasks and 24 out of 26 variant effect
prediction benchmarks, surpassing specialized models like
ChromBPNet”', SpliceAI’* and Orca””. These results demonstrate
how LLMs can effectively integrate heterogeneous genomic data
through joint representation learning.

ProLLM®® advances beyond static sequence-function repre-
sentations by introducing systems-level biological reasoning
through its protein chain of thought (ProCoT) mechanism. It
reformulates protein—protein interaction (PPI) prediction as a
natural language reasoning task, simulating cellular signaling
pathways from upstream receptors through intermediate signaling
proteins to downstream effectors. ProCoT transforms multi-step
protein interactions into sequential reasoning chains, using
Transformer architectures to capture indirect protein associations
beyond direct physical interactions. To support this process,
ProLLM incorporates protein embeddings from ProtTrans’* and
applies instruction fine-tuning on biological datasets, enabling
dynamic tracing of complex signal transduction events. It achieves
micro-F1 scores of 91.05, 85.32, 87.66, and 89.21 across four PPI
datasets, significantly outperforming traditional graph neural
network methods. These results underscore the power of biolog-
ical reasoning in modeling complex protein interaction networks.

4. Applications of LLMs in drug discovery

Drug discovery is typically a prolonged and inefficient process,
primarily due to escalating experimental costs and time, as well as
a limited understanding of disease-related mechanisms. Unlike
conventional approaches that rely on static biomarkers or drug
molecular features, LLMs trained on massive single-cell omics
datasets can model dynamic, context-dependent gene regulatory
relationships, simulate perturbation effects, and infer causal
mechanisms at single-cell resolution. From elucidating disease
mechanisms and identifying therapeutic targets to predicting drug
sensitivity and simulating cellular responses, LLM-powered

Downstream applications of LLMs in drug discovery (Created with BioRender.com).

frameworks provide a unified, versatile, and biologically
informed approach. Together, these developments underscore the
transformative role of LLMs in reshaping how we model, under-
stand and intervene in complex biological systems. We summa-
rized the applications of LLMs in drug discovery (Fig. 4), along
with the training data, framework and deficiencies of representa-
tive models (Table 3*%>7>7¢),

4.1.  From static markers to dynamic networks: LLM-enabled
discovery of disease mechanisms

Understanding the cellular and molecular basis of disease is
fundamental to drug discovery. Complex diseases often involve
multiple interacting cell types, but traditional methods—such as
histopathological analysis and animal models—lack the resolution
needed to pinpoint cell type-specific driver genes within hetero-
geneous disease microenvironments’’.

Earlier computational approaches typically focused on identi-
fying differentially expressed genes (DEGs) from bulk omics data,
followed by pathway enrichment. However, this strategy over-
looks the hierarchical structure of gene regulation and fails to
capture dynamic, continuous cell state transitions, often conflating
causative genes with downstream effects.

LLMs, pre-trained on massive single-cell atlases, can learn
gene co-expression patterns and cellular trajectories. When fine-
tuned on disease-specific datasets, they enable precise identifica-
tion of pathogenic cell states and prediction of perturbation out-
comes. This capability facilitates virtual screening of candidate
driver genes, mapping of dynamic regulatory networks, and in-
depth mechanistic insights—while reducing the sample size de-
mands of conventional experimental studies.

Geneformer®, a context-aware LLM incorporating attention
mechanisms, has demonstrated strong performance in network-
based biological prediction tasks. Trained on Genecorpus-30M,
a large-scale pre-training corpus comprising 29.9 million human
single-cell transcriptomes, Geneformer encodes transcriptomic
data into rank-based representations. These representations
emphasize key genes that define cell states while reducing the
impact of noise and technical artifacts. The inputs are processed
through six Transformer encoder blocks under an MLM strategy,
mapping genes into high-dimensional space and dynamically
refining their representations based on the cellular context to
capture expression differences across cell states.

Geneformer introduces an innovative perturbation simulation
strategy, wherein one or more genes are removed directly from the
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Table 3  Representative LLMs in drug discovery.
Model Dataset Architectures Training protocol Application Limitation Ref.
scGPT CELLxGENE 12-layer transformer =~ Masked learning Cell type annotation  Performance 44
512 hidden units Batch size 32 Gene function optimization
8 attention heads 6 epochs prediction bottleneck
Binning for value NVIDIA GPU Perturbation Model scale
tokenization prediction inefficiency
Geneformer  Genecorpus-30 M 6-layer transformer Masked learning Cell type annotation  Performance 45
256 hidden units 12 x V100 GPUs Gene function optimization
4 attention heads Batch size 12 prediction bottleneck
Rank value 3 epochs Gene regulatory Generalization across
tokenization Three days training networks prediction biological contexts
scFoundation Over 50 million 12-layer transformer  Read depth-aware Cell type annotation ~ Computational cost 75
human single-cell 768 hidden units modeling Gene regulatory bottleneck
transcriptomics data 12 attention heads 12 x A100 GPUs networks prediction Model scale
Gene expression Two weeks training Drug response inefficiency
tokenization prediction
STATE Tahoe-100 M dataset ~ State embedding: State embedding Gene profiles Lack of evaluation 76
Parse-PBMC dataset ~ 16-layer transformer 8 x H100 GPUs prediction systems

2048 hidden units
16 attention heads
State transition:
Bidirectional self-
attention layer

GPU, graphics processing unit.

transcriptomic encoding to mimic gene repression or activation.
By comparing cellular or gene embeddings before and after in
silico gene deletion, the model accurately assesses the functional
impact of target genes and the downstream network effects. When
fine-tuned on single-cell RNA-seq data from fetal cardiomyocytes
in the Fetal Cell Atlas’®, Geneformer successfully distinguished
cardiomyocytes affected by hypertrophic and dilated cardiomy-
opathy. By quantifying how simulated gene perturbations shifted
cellular states toward either disease phenotype, the study identi-
fied 478 key genes driving phenotypic transitions and revealed
relevant genes and signaling pathways. Among them, gelsolin
(GSN) and phospholamban (PLN) induced the most pronounced
disease-state shifts upon perturbation. Subsequent CRISPR-
mediated knockout experiments confirmed that silencing these
genes significantly improved contractile stress responses in car-
diac microtissues.

Previous studies have primarily focused on the application of
LLMs in deciphering disease mechanisms at the single-gene level.
However, gene function in vivo is fundamentally governed by
complex molecular interaction networks. Cellular states emerge
from intricate interplay among biomolecules, making the recon-
struction and interpretation of gene regulatory networks (GRNs)
central to understanding cellular function. Embedding genes
within a network context enriched with molecular functional in-
formation provides a valuable dimension to gene annotation and
offers a critical foundation for systems biology research'2.

scPRINT” is a bidirectional Transformer model specifically
designed for genome-scale, cell-specific gene network inference
using scRNA-seq data. It is pre-trained on a large dataset of 50
million cells from the CELLxGENE repository, encompassing
diverse species, disease types, and ethnic backgrounds. In contrast
to Geneformer’s MLM-based training, scPRINT introduces a
novel bottleneck learning task: the model compresses high-
dimensional gene expression profiles into latent embeddings and
reconstructs the original expression matrix. This forces the model

to learn and retain structural information about gene—gene in-
teractions during the compression process.

In the context of disease mechanism studies, scPRINT can
infer and compare GRNs from disease and healthy single-cell
atlases, revealing cell state-specific rewiring of regulatory net-
works. For instance, in a study of benign prostatic hyperplasia
(BPH)®, scPRINT reconstructed GRNs for fibroblasts from both
BPH patients and healthy individuals. The model identified
prostate-associated gene 4 (PAGE4) as a disease-specific hub gene
in BPH fibroblasts. The PAGE4-centered subnetwork was signif-
icantly enriched in pathways related to metal ion exchange,
oxidative stress response, and inflammation, thereby uncovering a
cascade of inflammation-fibrosis signaling events likely driving
BPH progression.

By inferring gene regulatory relationships at single-cell reso-
lution, scPRINT expands gene function annotation from isolated
molecular features to dynamic interaction networks. This provides
a powerful computational framework for decoding network-level
regulatory mechanisms that underpin disease initiation and
progression.

To conclude, omics-based LLMs offer a transformative
approach to understanding disease-associated cellular and mo-
lecular mechanisms, directly pointing to potential therapeutic
targets. By enabling high-resolution mechanistic analysis at the
single-cell level, these models enhance both the depth and effi-
ciency of complex disease research and lay a solid foundation for
the advancement of precision medicine.

4.2.  From perturbation signals to cell representation: LLMs
accelerating target discovery

Identifying therapeutic targets is critical for drug discovery, yet
large-scale experimental validation remains costly, labor-
intensive, and time-consuming, with a relatively low success
rate. While structure-based Al methods have shown promise, they
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are constrained to proteins with known 3D structures and often
lack the ability to account for cell-type-specific functional
contexts.

LLMs have demonstrated strong capabilities in modeling the
intrinsic relationships between gene function and cellular states
through large-scale pre-training. One key application of LLMs lies
in perturbation prediction—the simulation of gene inhibition or
activation and its resulting impact on the cell’s transcriptomic
landscape. This enables the identification of genes whose pertur-
bation may reverse disease-associated cellular states toward
healthy phenotypes. Unlike disease mechanism modeling, which
predicts cell state changes in response to known perturbations,
target identification emphasizes reverse perturbation prediction,
inferring the causal genetic perturbation from an observed cell
state. This strategy supports both the discovery of key regulators
of cellular lineage progression and the identification of actionable
therapeutic targets.

A representative model of this paradigm is scGPT*, a
Transformer-based language model designed for single-cell appli-
cations. Built upon stacked Transformer layers with multi-head
attention, scGPT accepts numerical embeddings that encode gene
identity, expression levels, and experimental conditions. The model
is pre-trained in a self-supervised manner on over 33 million normal
human cells from the CELLXGENE database®'. By jointly opti-
mizing cell- and gene-level representations, scGPT overcomes the
non-sequential nature of gene expression profiles and exhibits
strong generalizability across diverse datasets and tasks.

In reverse perturbation prediction tasks, scGPT has demon-
strated remarkable performance. When fine-tuned on the Norman
datasetgz, which includes perturbations of 20 genes, the model
accurately inferred the genetic perturbation for given cell states.
On previously unseen perturbed cells, scGPT achieved a top-1
accuracy of 91.4%, successfully identifying the target gene
responsible for the observed transcriptomic changes.

Beyond gene perturbation tasks, LLMs are also reshaping
traditional drug target prediction pipelines. These pipelines are
typically built on the assumption that drugs sharing similar
mechanisms of action induce comparable transcriptional pertur-
bations. Models such as CMap83, SSGCN84, and PertKGE®’ rely
on analyzing DEGs profiles following drug treatment. By
comparing transcriptional responses between treated and control
conditions, these models estimate the similarity between novel
compounds and known drug or knockdown signatures, thereby
inferring potential targets.

Within this framework, LLMs can enhance prediction accuracy
by learning more expressive representations of DEG features.
Models like Geneformer and scGPT embed gene perturbation
profiles into high-dimensional latent spaces that capture gene co-
expression patterns and their association with cell states. These
embeddings distill complex perturbation signals into compact,
informative vectors that can be seamlessly with traditional
similarity-based inference frameworks such as CMap®*.

Notably, models like GenePT further advance this field by
reducing dependence on large-scale expression datasets. Instead,
GenePT extracts gene—cell associations directly from unstructured
biomedical literature using natural language processing, enabling
the generation of meaningful gene embeddings solely from gene
IDs®. This knowledge-driven approach maintains the core princi-
ple of similarity-based inference while extending applicability to
contexts where experimental perturbation data are scarce.

Collectively, LLMs offer a unified and versatile framework for
therapeutic target identification by linking gene-level perturbation

signatures to drug mechanisms of action. Their ability to simulate
and reason over complex cellular states, infer causal relationships,
and integrate diverse data sources significantly enhances the pre-
cision of target prioritization and accelerates early-stage drug
discovery.

4.3.  From bulk profiles to single-cell insights: LLMs enabling
scalable prediction of drug responses

Accurate prediction of drug response, particularly the half-
maximal inhibitory concentration (ICsg) across diverse cell lines,
is essential for precision medicine, as it reflects variability in drug
sensitivity and resistance among different cell types®’. However,
traditional in vitro screening and bulk RNA-seq-based models,
such as Precily®®, often fail to capture microenvironment-driven
and subtype-specific drug responses observed in clinical set-
tings. Although most available datasets rely on bulk RNA-seq,
single-cell profiling can uncover resistance heterogeneity across
distinct cellular subtypes, offering valuable mechanistic insights®.
Yet, the limited availability of single-cell drug response data re-
mains a significant bottleneck.

LLMs can help address this limitation by leveraging vast un-
labeled single-cell datasets and employing transfer learning to
enhance generalization and feature representation. This enables
the prediction of drug sensitivity and resistance at single-cell
resolution, even in scenarios with scarce labeled data.

A prominent example is scFoundation””, a Transformer-based
model with approximately 100 million parameters, pre-trained
on over 50 million scRNA-seq profiles covering 19,264 genes.
Its architecture incorporates an embedding module and an asym-
metric encoder—decoder structure, optimized for both scalability
and effective representation learning. A core innovation of
scFoundation is its read-depth-aware modeling strategy, specif-
ically designed to mitigate the technical artifacts arising from
variable sequencing depth in scRNA-seq data. Unlike traditional
masked modeling strategies that focus only on non-zero values,
scFoundation randomly masks both zero and non-zero expression
values. This encourages the model to capture biologically mean-
ingful gene—gene relationships while reducing technical biases.
As a result, scFoundation produces harmonized cell embeddings
across heterogeneous datasets, improving performance in down-
stream tasks such as cell-type annotation, perturbation prediction,
and cross-platform integration.

Importantly, scFoundation’s pre-trained representations can
also enhance bulk-level drug response models. For instance,
DeepCDR, a deep learning framework that uses bulk RNA-seq
and drug structural information to predict ICsy values, shows
improved predictive accuracy when augmented with features
extracted from scFoundation. Empirical evaluations demonstrate
that incorporating these single-cell-informed features significantly
improves Pearson’s correlation between predicted and actual ICs
values across drugs and cancer types. This cross-resolution
transfer strategy exemplifies how LLMs can bridge the gap be-
tween bulk and single-cell modalities to improve drug response
prediction.

In single-cell drug sensitivity prediction, features derived from
scFoundation offer significant advantages. Given the scarcity of
labeled single-cell drug response datasets, models like SCAD
apply domain adaptation to transfer knowledge from bulk to
single-cell settings. When trained on unified embeddings gener-
ated by scFoundation from both data types, SCAD consistently
outperforms baseline models using raw gene expression,
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achieving higher area under the curve (AUC) scores across all
tested drugs.

Together, these findings highlight the transformative potential
of LLMs in constructing shared embedding spaces that unify
heterogeneous omics data. By capturing subtle transcriptional
signatures and drug-induced shifts at single-cell resolution,
models like scFoundation offer a robust computational framework
for modeling intrinsic drug sensitivity, particularly within complex
tumor and immune microenvironments. This not only enhances
the scalability of drug responses prediction but also lays a foun-
dation for personalized therapy design driven by high-resolution
transcriptomic profiling.

4.4.  From gene profiles to dynamic simulation: LLM-powered
virtual cells for predictive pharmacology

Predicting cellular responses to chemical and genetic perturba-
tions is essential for improving drug development efficiency and
reducing clinical trial failure rates’'. While traditional in vivo and
in vitro models remain useful in early screening stages, they are
often costly, physiologically limited, and unable to capture the full
extent of cellular heterogeneity—contributing to the high (~90%)
attrition rate in clinical trials.

Several conventional models, including TranSiGen®?,
DLEPS®, and DeepCE®*, have been developed to predict gene
expression profiles following drug perturbations. Building on this
foundation, LLMs can replace traditional feature extraction
components by leveraging large-scale single-cell pre-training to
learn gene co-expression patterns and capture cell state dynamics.
For example, GeneCompass’”, trained on over 120 million single-
cell transcriptomes, effectively generates gene embeddings for
bulk RNA-seq perturbation tasks and outperforms conventional
methods in gene expression prediction.

LLMs have further extended into single-cell perturbation
modeling, giving rise to the concept of the “Virtual Cell”. In this
framework, models take single-cell transcriptomic profiles as
input and use the contextual modeling capabilities of Transformer
architectures to simulate cellular transcriptional response to
perturbations”®®’. Typically, the input comprises an initial cell
state and perturbation information (e.g., drug identity, dosage,
or genetic perturbation), and the output is the predicted
downstream transcriptional changes. This approach enables
fine-grained assessment of cell state transitions across diverse
systems—including stem cells, cancer cells, and immune
cells—offering both cell-type specificity and perturbation sensitivity.

A prominent example of this approach is STATE’S, an advanced
LLM-based virtual cell model trained on millions of single-cell
profiles. Its input consists of a transcriptomic profile representing
the initial cell state along with associated perturbation metadata.
The model outputs the predicted post-perturbation gene expression
profile. STATE comprises two key components: (1) State embed-
ding: a bidirectional Transformer that encodes the cell state and
perturbation condition into high-dimensional embeddings. (2) State
transition: a lightweight, specialized multilayer perceptron that
decodes these embeddings into the perturbed gene expression
profile. This asymmetric architecture enables the model to gener-
alize across conditions while preserving biological fidelity.

STATE is pre-trained on two large-scale single-cell datasets:
(1) Tahoe-100M®®, comprising 100 million transcriptomes span-
ning 379 small molecules across 50 cancer cell lines, providing
rich data for modeling drug—cell interactions. (2) Parse-PBMC”?,
which includes over 10 million peripheral blood mononuclear

cells from 1152 samples, supporting generalization to complex
immune cell populations.

The model achieves state-of-the-art performance in cross-cell-
type gene expression prediction, outperforming baseline models
across various datasets and metrics. Notably, it enables perturba-
tion prediction by accurately inferring molecular responses in
previously unseen cell types using only pre-trained cell embed-
dings, without the need for fine-tuning. This capability enables
robust simulation of cellular dynamics under diverse physiological
and pathological conditions. More broadly, such LLM-powered
virtual cell models represent a transformative computational
paradigm for disease modeling, target discovery, and drug
screening. As multi-omics and perturbation datasets continue to
grow, this approach holds promise for evolving into a “digital
human” platform for predictive pharmacology, ultimately boosting
the efficiency and success rate of drug development.

5. Existing challenges and future research directions

While LLMs show promising capabilities in handling noisy and
sparse omics inputs through imputation and representation learning,
their performance remains fundamentally constrained by the quality
of input data'®. Technical noise, batch effects, and data sparsity,
stemming from limited capture efficiency, complicate feature
extraction and compromise predictive robustness'®'. As such,
careful data preprocessing, including normalization, batch correc-
tion, and quality control, remains essential to mitigate artifacts and
support biologically meaningful predictions'®*'*®. Data scarcity
poses an even greater challenge in low-resource omics domains
such as metabolomics, microbiomics, and epigenomics, owing to
the limited availability of standardized, high-quality datasets. For
example, single-cell metabolomics continues to struggle with low
experimental sensitivity'®. Unlike transcriptomics, where RNA
can be amplified, there is no comparable amplification technique
exists for cellular metabolites. Consequently, many metabolites
remain undetected because their concentrations fall below the
detection threshold. Furthermore, annotation is particularly difficult
given the structural diversity of metabolites. This profound sparsity
not only limits dataset standardization but also increases overfitting
risk, impeding LLMs from capturing key biological phenomena
such as dynamic metabolic regulation in cancer or intricate
host—microbe interactions®’.

Another limitation of omics-based LLMs lies in their high
computational demands. Pre-training large models, such as
Geneformer, reportedly takes about three days on a distributed
setup with 12 high-performance GPUs*. This resource intensity
stems in part from both the characteristics of the training data and
the complexity of the model architecture. On one hand, the
quadratic computational complexity of Transformer attention
mechanisms poses scalability challenges, especially when pro-
cessing datasets at the million-cell scale, necessitating architec-
tural innovations to improve efficiency. For example, scPRINT
adopts efficient sampling strategies and attention optimization
techniques to enable pre-training on datasets with 50 million cells
without requiring prohibitively expensive hardware resources’®.
On the other hand, larger context windows are typically pursued to
better capture comprehensive regulatory information. However, to
maintain training efficiency, models generally avoid using the
entire gene expression matrix. Instead, they focus on biologically
informative subsets, such as genes with high expression or vari-
ability, consistent with feature selection strategies commonly used
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in traditional statistical models. As a result, many omics-based
LLMs enforce strict input sequence length constraints, such as
Geneformer (2048 tokens) and scGPT (around 1200 genes per
cell). This necessitates the exclusion of lowly expressed or rare,
yet biologically important genes, thereby risking the loss of crit-
ical regulatory signals****. Nevertheless, expanding context win-
dows does not consistently yield performance improvements in
biological tasks, potentially because many regulatory motifs often
acting over short local ranges’>.

Interpretability and generalization further constrain the broader
adoption of LLMs in omics research. Most models update all
parameters during training, making it difficult to trace the
contribution of specific inputs to the final predictions'®. while
attention mechanisms do not imply causal attribution and provide
only limited interpretability in biological contexts'®. General-
ization across cell types, disease states, and species also remains a
challenge, with models trained in one context often performing
poorly in others. For example, in one evaluation using CRISPRi-
perturbed K562 cell data to assess model fidelity'"”, the LLM-
based models Geneformer and scGPT underperformed compared
to conventional deep learning models. Despite the rapid
advancement of omics-based LLMs, the field still lacks stan-
dardized evaluation frameworks. This absence hampers model
benchmarking, limits reproducibility, and makes it difficult for
researchers to make informed choices in model selection and
development.

As experimental techniques continue to evolve, growing bio-
logical data drives the emergence of new omics disciplines like
microbiomics'®® and epigenomics'®, revealing novel mechanisms
through computational analysis. Omics data can be viewed as the
“language” of biology, while LLMs act as interpreters, enabling
deeper exploration of complex biological systems. Meanwhile,
spatial omics technologies are achieving unprecedented resolution,
approaching whole-transcriptome coverage for RNA and extending
toward whole-proteome measurements for proteins''®. These
technologies are moving into clinical applications for personalized
medicine through patient tissue analysis''". Integrating LLMs with
spatial omics represents a promising new frontier, for example,
models like CellPLM*® combine gene expression data with spatial
context to uncover cellular interactions and disease mechanisms.
However, effectively bridging the modality gap and addressing
spatial data sparsity will require the development of specialized
architectures and biologically informed pre-training strategies''2.
To overcome these challenges, key advancement areas for future
research include spatial multi-omics integration, computational cell
biology, intercellular communication, synthetic biology and spatial
bioinformatics tools' .

At present, directly applying LLMs to de novo drug design
remains challenging, as it requires integrated analysis of chemical
structure, pharmacokinetics, safety, and manufacturability. This
necessitates interdisciplinary collaboration across biology, chem-
istry, pharmacology, toxicology and clinical medicine throughout
screening, optimization, preclinical evaluation, and clinical trials.
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