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Abstract

The single-cell sequencing revolution enables simultaneous molecular profiling of various modalities across thousands of individual
cells, allowing scientists to investigate the diverse functions of complex tissues. Among all the analysis steps, assigning individual
cells to specific types is fundamental for understanding cellular heterogeneity. However, this process is labor-intensive and requires
extensive expert knowledge. Recent advances in large language models (LLMs) have demonstrated their ability to automatically extract
biological knowledge, such as marker genes, promoting efficient, and automated cell-type annotations. To evaluate the capability
of modern LLMs in automating the cell-type identification process, we first introduce an automated cell-type annotation method
with comprehensive benchmark: Single-cell Omics Arena). Specifically, we began by compiling 11 publicly available single-cell RNA
sequencing (scRNA-seq) datasets and evaluating eight LLMs across 1226 cell-type annotation-related tasks. This effort established
a foundation for automated cell-type annotation from scRNA-seq data using interpretable features such as gene names. Building
upon this benchmark, we introduced domain-specific chain-of-thought prompting techniques to enhance the accuracy of cell-type
annotation and facilitate the extraction of relevant biological insights. Finally, to accommodate non-interpretable features, we proposed
to leverage a pretrained VAE-based cross-modality translation module to convert features such as epigenetic marks into interpretable
representations, which enables the seamless extension of LLM-based cell-type annotation to non-RNA-based sequencing technologies.
In summary, our benchmark provides key insights into automated cell-type annotation from scRNA-seq data and demonstrates the
potential of cross-modality translation for handling non-interpretable features.

Keywords: large language model; cell-type annotation; natural language processing for bioinformatics

Introduction
The recent advancements in single-cell technologies [1–5] enable
simultaneous molecular profiling of diverse modalities across
tens of thousands of individual cells, allowing researchers to
explore the heterogeneity and functionality within complex tis-
sues by uncovering rare or previously unidentified cell types that
would otherwise be obscured by traditional bulk tissue sequenc-
ing methods. Among the various tasks of single-cell analyses, the
classification of cells into canonical or novel cell types—referred
to as cell-type annotation—serves as the primary and most fun-
damental step [6]. This is crucial because each cell type per-
forms distinct roles, and their accurate identification facilitates
the study of their specific contributions to biological processes,
development, and disease mechanisms [7]. Unfortunately, this
task is usually computationally demanding, labor-intensive, and
requires extensive manual labeling, as traditional methods rely
heavily on expert knowledge of gene functions and cell biology
to ensure annotation accuracy. Consequently, there is a pressing

need to develop efficient and precise cell-type annotation meth-
ods to automate and streamline this process.

Over the past decades, there have been significant transfor-
mations in the acquisition and utilization of domain-specific
knowledge required for cell-type annotation, largely driven by
advancements in artificial intelligence (AI) and natural language
processing (NLP) [8]. In particular, large language models (LLMs)
have emerged as powerful tools to efficiently process and synthe-
size extensive text corpora, including scientific literature, expert
discussions, and technical documents, to accurately associate key
features, such as marker genes, with specific cell types [9–13].
This has made automated cell annotation increasingly feasible
with minimal expert involvement. Moreover, LLMs are capable of
integrating diverse and complex data types, including genomic
datasets, biological knowledge, and previous annotations, to fur-
ther enhance the accuracy and efficiency of cell-type classifica-
tion [8]. Consequently, several recent pioneering studies [8, 14–
16] started to develop automated cell-type annotation methods
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based on LLM for single-cell RNA sequencing (scRNA-seq) data,
which already demonstrated strong concordance with traditional
manual annotations [17–19].

Despite its promise, the automation of cell-type annotation
from single-cell omics data using LLMs remains in its early stages
and faces significant challenges. First, although LLMs have been
extensively benchmarked across various domains [20, 21], no
comprehensive evaluation of their performance on the specific
task of cell-type labeling has been conducted. Benchmarking
LLMs on existing datasets could provide valuable insights into
their effectiveness. Second, current methodologies [8, 14, 15] pre-
dominantly rely on single-step prompt learning without incorpo-
rating intermediate reasoning processes [22], which limits their
capacity to capture a deeper understanding of gene function
and cell biology during the cell-type annotation process. Finally,
unlike the immediately interpretable features of scRNA-seq data,
such as gene names [3], many single-cell sequencing technologies
generate molecular measurements that are not directly accessible
to LLMs. For instance, single-cell ATAC-seq (scATAC-seq) assays
[23] profile open chromatin regions, while single-cell Hi-C (scHi-C)
experiments [24] capture chromatin contact probabilities. These
features are rarely represented in the textual corpora used to train
LLMs, making it highly challenging for LLMs to directly perform
cell-type annotation.

To address these critical challenges, we introduce Single-cell
Omics Arena (SOAR), an LLM-based framework for automatic cell-
type annotation from single-cell omics data. Our contributions
are three-fold, each directly aligned with the key limitations iden-
tified above. (1) To tackle the absence of systematic evaluation of
LLMs in this domain, we compiled 11 publicly available datasets
and assessed the performance of eight instruction-tuned LLMs
across 1226 cell-type annotation tasks. This benchmarking effort
establishes a comprehensive foundation for evaluating LLMs’
ability to annotate cell types from interpretable features such
as gene names in scRNA-seq. (2) To overcome the limitations of
single-step prompting, we introduced domain-specific chain-of-
thought (CoT) prompting strategies that enable LLMs to engage
in intermediate reasoning. This improves their capacity to cap-
ture biological insights and enhances annotation accuracy. (3)
To bridge the gap between LLMs and non-interpretable modal-
ities, we further leveraged a pretrained cross-modality transla-
tion module that converts uninterpretable features (e.g. epige-
netic marks and chromatin structures) into interpretable ones
(e.g. gene names), allowing seamless extension of LLM-based
cell-type annotation to non-RNA-based single-cell sequencing
technologies.

Related work
The LLM field has made substantial progress in recent years. Mod-
els such as GPT [9, 25], Qwen [10, 26], and the Llama series [11, 27,
28] have already demonstrated remarkable performance across
a wide range of tasks, including question answering [29], image
captioning [30], and text summarization [31]. Training an LLM
to follow human instructions typically involves two key phases:
pretraining on a large text corpus and subsequent instruction
tuning [32]. Once tuned, various evaluation frameworks have
been developed to measure the models’ adherence to human
instructions. For example, MMLU [20] is widely used to assess a
model’s general knowledge and reasoning abilities across diverse
subjects, while GSM8K [21] serves as a benchmark for mathe-
matical problem-solving. Despite these advancements, much of
the training and evaluation of LLMs continues to focus on NLP,

limiting their potential to address more complex scientific chal-
lenges. Single-cell genomics is a groundbreaking technique that
enables researchers to quantify molecular features from indi-
vidual cells, facilitating the study of cellular heterogeneity and
functionality within complex tissues. However, applying LLMs
to automate the cell-type labeling process remains challenging,
primarily due to the uncertainty surrounding LLMs’ ability to
accurately interpret the specialized domain knowledge inherent
in these datasets.

Several pioneering works have explored the application of
pretrained models to genomic datasets, such as Geneformer
[14] and scGPT [15]. However, these studies focus on training
bidirectional contextual genomics embedding models rather
than developing general instruction-following LLMs capable of
reasoning through genomics analysis tasks based on human
commands. Consequently, these models require additional post-
finetuning to perform specific downstream tasks, aligning with
the pretrain-then-finetune paradigm introduced by BERT [33],
rather than leveraging general-purpose instruction-tuned LLMs
in a zero-shot setting without supervision from downstream
tasks.

Recently, Cell2Sentence [8] introduced a post-pretraining strat-
egy that integrates natural language-based LLMs with transcrip-
tomic knowledge, enabling LLMs to follow human instructions to
complete various genomics analysis tasks. Meanwhile, Hou [16]
curated an scRNA-seq dataset to evaluate the cell-type annota-
tion capabilities of GPT models. However, their experiments relied
on manual assessments of annotation quality using a coarse
scoring rubric that categorized matches as full, partial, or absent,
thereby introducing human bias. Moreover, their evaluations were
limited to the zero-shot and in-context annotation capabilities of
GPT-4 and GPT-3.5 for scRNA-seq data, without further investiga-
tion into the general cell-type annotation performance of current
open-source LLMs or strategies for enhancing their reasoning
abilities on cell-type annotation.

Consequently, due to the lack of throughout standardized
genomics-related benchmarks, several key questions remain
unresolved: (1) What is the ability of contemporary instruction-
tuned LLMs to analyze genomic data without additional fine-
tuning? (2) If these LLMs can analyze genomic data, how can
their reasoning performance in genomics analysis be further
enhanced? and (3) Can LLMs handle heterogeneous genomic
data with uninterpretable features beyond text (e.g. epigenetic
features)?

To address the aforementioned questions, we first introduce a
single-cell cell-type annotation benchmark, SOAR, which spans
scRNA-seq and other omic data, 11 publicly available datasets,
five widely adopted automatic quantitative metrics from the
field of NLP, and eight instruction-tuned LLMs. This benchmark
is designed to evaluate the instruction-following capabilities of
LLMs on cell-type annotations. Based on our results, we found
that many LLMs demonstrate a robust ability to interpret single-
cell genomics data, particularly when leveraging the proposed
domain-specific CoT prompting method. Furthermore, to extend
the capability of LLMs to analyze genomic features that are not in
the text domain, we propose a cross-modality instruction method
using RNA-seq as a bridge, which is shown to be effective through
extensive experiments.

Method
We begin by introducing the foundational concepts of cell-
type annotation using scRNA-seq. We then propose two distinct
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Figure 1. An illustration of leveraging LLMs for automated cell-type annotation by reasoning over marker genes.

strategies to guide LLMs in performing cell-type annotation for
single-cell analysis through RNA-seq bridging. An overview of the
proposed method is presented in Fig. 1.

Preliminary of cell-type annotation
scRNA-seq experiments provide a comprehensive view of cellular
functionality by quantifying the number of transcribed messen-
ger RNA molecules, corresponding to gene expression levels. Let
a list of unique sequenced gene names be denoted as G =
[g1, . . . , gdg ]. Consequently, a sequenced scRNA-seq sample can be
represented as a continuous vector x ∈ R

dg , where xi denotes
the observed expression value of the ith gene in the gene list G.
Based on the scRNA-seq data of a cell, denoted by x, biologists can
annotate its corresponding cell type, y, by carefully analyzing gene
expression patterns using domain expertise or by referencing
established findings in the literature.

Cell-type annotation is a critical task in scRNA-seq analysis
that typically requires significant effort and specialized domain
knowledge. This raises a compelling question: “Can contem-
porary LLMs assist in analyzing single-cell genomics data?”
However, directly applying LLMs to this task poses significant
challenges for several reasons. First, most state-of-the-art
LLMs are trained exclusively on natural language, which raises
concerns about whether these models can achieve the same level
of comprehension and reasoning when dealing with domain-
specific content, such as gene names and biological terminology.
Second, sequences generated by many single-cell sequencing
technologies are not always easily represented in conventional
text formats suitable for LLM input. This limitation constrains
the models’ ability to reason effectively about various biological
signals.

Prompting strategies for LLM-driven cell-type
annotation
To leverage LLMs for the task of cell-type annotation, we formu-
late it as a standard question-answering problem. Specifically, we
define the question q using the following template: “Given the
following markers {X}, what is the specific cell type in {C} corre-
sponding to these markers?” Here, {·} represents a placeholder,
with X denoting a gene expression profile description derived
from an scRNA-seq vector x, and C representing any associated
metadata for the cell (e.g. tissue type). To guide the LLMs toward
generating an appropriate response for annotating cell types, we
append a trigger sentence t after the question q. Consequently, the

LLMs are tasked with generating a response sentence r as follows:

r = LLM(q, t). (1)

Gene expressions from scRNA-seq
As previously mentioned, the scRNA-seq vector x is structured
data, where each dimension represents the expression value of
a specific gene. To enable LLMs to process these structured data,
a serialization method must be employed. In our experiments,
we used differentially expressed gene (DEG) analysis to select
the k most distinguishable genes, {ĝ1, . . . , ĝk}, and then listed the
selected k gene names in decreasing order of their P-values, which
can be expressed as follows:

X = [ĝ1, . . . , ĝk], ĝi ∈ DEG(G, x), (2)

where ĝi represents the gene name of the ith selected DEG, and
X is the formulated gene expression profile in text format to be
provided as input to the LLMs.

Zero-shot prompting for LLM-driven cell-type annotation
To guide LLMs in annotating cell types based on the provided
gene expression profile, we use a zero-shot prompting trigger
sentence, tzero, which is set as “The most likely cell type (directly
return one cell type name) is.” Given a cell x to be annotated
and its gene expression profile X, the response r generated by
the LLMs using (1) is parsed to extract the predicted cell type,
denoted as ŷ.

Domain-specific zero-shot chain-of-thought prompting for
LLM-driven cell-type annotation
Cell-type annotation requires reasoning skills to analyze com-
plex co-expression patterns of different genes, which presents a
significant challenge, even for expert biologists. Inspired by the
CoT method proposed by [22], we adopted a two-stage strategy to
enhance the reasoning capabilities of LLMs for cell-type annota-
tion. First, a CoT trigger sentence, tcot, is set as “Let us think step
by step.” This prompts the LLMs to sequentially reason through
the genes listed in X one by one

z = LLM(q, tcot), (3)

where z is the generated response from the first stage. In the
second stage, the response z, along with the initial prompt, is used
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to prompt the LLMs to summarize the final annotation using the
trigger sentence tsum as follows:

r = LLM(q, tcot, z, tsum), (4)

where tsum is set as “In summary, the most likely cell type (please
return one cell type name) is.” The final response is then parsed
as the predicted cell-type annotation ŷ.

Cell-type annotation on uninterpretable features
from other modalities
Many recent sequencing technologies provide complementary
information beyond gene expression, facilitating the profiling of
molecular features within cells across various biological layers.
However, the signals generated by these technologies are often
not easily represented as text, limiting the capacity of LLMs to
interpret such data in the same manner as they process scRNA-
seq data. For instance, ATAC-seq is a widely used technique for
measuring DNA accessibility [5] in individual cells. This method
produces a sparse, binary matrix where a value of 1 indicates an
accessible region and 0 indicates an inaccessible region, which
were rarely captured in the text corpora used to train LLMs. In this
study, we use ATAC-seq as an example to demonstrate how LLMs
can be applied to address the challenge of multi-omics cell-type
annotation.

Multiomics translation module
To address this challenge, we propose a multiomics translation
method that enables LLMs to reason across different multiomics
data. Specifically, given the strong NLP capability of LLMs, we
select RNA-seq as the pivot modality for mapping various types of
multiomics data. Consequently, the data from different modalities
are aligned with RNA-seq using a multimodal translation module
f to integrate data into a shared latent space. In our experiments,
we employ the variational autoencoder-based modality integra-
tion model scACT proposed in [34] as the multimodal alignment
module f to align RNA-seq and ATAC-seq data. In particular,
utilizing the integration space learned by the two autoencoders
for each modality, the translation f : Rd′ → R

d is constructed by
combining the encoder of ATAC-seq with the decoder of RNA-seq.
This mapping translates the ATAC-seq modality x′ ∈ R

d′
into the

RNA-seq modality x, where x = f (x′).

Evaluation benchmarks of SOAR-RNA and
SOAR-MultiOmics
To fairly evaluate the ability of LLMs in cell-type annotation
across both scRNA-seq and non-interpretable features from other
modalities, in this section, we describe the proposed SOAR-RNA
and SOAR-MultiOmics datasets, which are specifically designed
to evaluate the cell-type annotation capabilities of LLMs across
various modalities of single-cell data.

SOAR-RNA: cell-type annotation benchmark on scRNA-seq
data
SOAR-RNA is a benchmark dataset designed to evaluate the rea-
soning capabilities of LLMs in the field of single-cell genomics.
Following previous work [16], we curated cell-type annotation
samples from the following scRNA-seq datasets: Azimuth [35],
Human Cell Landscape (HCL) [36], Mouse Cell Atlas (MCA) [37],
GTEx [7], B-cell lymphoma (BCL) [38], Literature [7], Colon Cancer
[39], Lung Cancer [40], Tabula Sapiens (TS) [41], and Non-model

Mammal [42]. A summary of all datasets utilized in this work is
provided in Table A1.
Listing 1. An example of a cell-type annotation task in the pro-
posed benchmark dataset. Each entry includes an identifier, the
dataset subset (e.g. Azimuth), the tissue of origin (e.g. PBMC), a
list of input marker genes, and a set of synonymous ground truth
cell type labels.

DEG Analysis

For each scRNA-seq, manually annotated cell types y and gene
expression matrices x were obtained directly from the corre-
sponding publications. For DEG analysis, raw gene expression
counts were first log-transformed to the total sum of the maxi-
mum gene counts after adding a pseudocount of 1, using Scanpy
[43]. Welch’s t-test was then performed to identify DEGs by com-
paring each cell type against all others. Genes for each cell type
were ranked in ascending order based on P-values, with ties in pP-
values further ranked in descending order by t-statistics. The top
10 DEGs were selected to construct the gene list X.

Cell-type normalization

To account for synonymy in cell-type descriptions, we normal-
ized cell-type annotations to their unambiguous cell ontology
(CL) names [44], using the API (https://bioportal.bioontology.org/)
provided by [45]. All synonyms for a cell-type name returned by
the API were included as ground truth annotation candidates y.

After data preprocessing, SOAR-RNA contains 1191 cell types
spanning 37 different tissues. Detailed statistics on tissue dis-
tribution, along with the complete tissue list, are illustrated in
Figure A1. After preprocessing, all samples are represented in
JSON format. Listing 1 provides an example of a cell-type anno-
tation task in the proposed dataset. In addition, details about the
preprocessing are provided in Appendix: Benchmark Details.

SOAR-MultiOmics: cell-type annotation benchmark on
multiomics data
SOAR-MultiOmics is a benchmark dataset designed to evaluate
the reasoning capabilities of LLMs on single-cell multiomics data.
For this dataset, we included publicly available single-cell multi-
omics data, specifically the human peripheral blood mononuclear
cells (PBMC) 10k dataset from 10X Genomics, as well as the
prefrontal cortex (PFC) brain dataset [46], both of which feature
parallel scRNA-seq and scATAC-seq sequencing. The preprocess-
ing details are provided in Appendix A.3. The DEG analysis and CL
name normalization were conducted following the same proce-
dures as in SOAR-RNA.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf622#supplementary-data
https://bioportal.bioontology.org/
https://bioportal.bioontology.org/
https://bioportal.bioontology.org/
https://bioportal.bioontology.org/
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf622#supplementary-data
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After the data preprocessing stage, SOAR-MultiOmics contains
28 cell types for the human PBMC 10k dataset, and seven major
cell types (excitatory neurons, inhibitory neurons, astrocytes,
endothelial cells, microglia, oligodendrocytes, and OPCs) for the
PFC brain dataset. In addition, details about the preprocessing are
provided in Appendix: Benchmark Details.

Experiment results
Baseline methods
In this work, we conducted detailed evaluations of single-cell
cell-type annotation ability across both open-source and close-
source instruction-tuned LLMs, such as Qwen2 [10] Llama-3 [11],
Mixtral [13], DeepSeek [12], and GPT-4o [9]. To further compare
the reasoning ability of general instructed and domain-specific
LLMs, we also include Cell2Sentence [8] in our benchmark. A brief
summary of all LLMs utilized in this work is provided in Table 2.
Examples of using LLMs for cell-type annotation can be found in
Table 5. To better understand the performance gap between LLM-
based methods and traditional non-LLM-based methods in cell-
type annotation from scRNA-seq data, we incorporate traditional
annotation methods, including SingleR [18], ScType [19], and Cell-
Marker2.0 [17].

Implementation details for LLM-driven cell-type
annotation
Our code and benchmark datasets are provided in the
Supplementary Materials. All the experiments were conducted
on NVIDIA A6000 GPUs and completed after ∼5 days. For our
experiments, we used a consistent set of hyperparameters
across all instruction-tuned models, adhering to commonly
accepted values from previous studies [47]. Specifically, we set the
temperature at 0.6, top_p at 0.9, and top_k at 50. The temperature
parameter adjusts the randomness during sampling, top_p filters
out tokens with lower probabilities, and top_k limits the sampling
process to the k most probable tokens. For Cell2Sentence, we
followed the instruction finetuning method proposed in [8] to
train the pretrained Cell2Sentence model using the instruction-
following dataset provided by the authors.

Notation and prompts for cell-type annotation
Table 1 summarizes the prompts and notations used in the bench-
marking process for cell-type annotation. The table includes def-
initions of key variables and their corresponding templates or
descriptions. Table 5 illustrate the cell-type annotation process
of using LLMs by zero-shot CoT prompting. This comprehensive
overview provides a clear framework for understanding the cell-
type annotation workflow.

Answer cleansing for cell-type annotation
Since the cell-type annotation is in free format, we extract the
final answer by matching any character that is not a newline
(\n), comma (,), or period (.), zero or more times. The pseudo code
to implement this is pred = re.match(r"∧[∧\n,\.]*", pred).
The first matched result is selected as the cell-type annotation.
The annotation is further normalized to its singular form for
comparison (https://github.com/jaraco/inflect).

Examples of LLM-driven cell-type annotation
The reasoning processes employed by LLMs for cell-type annota-
tion, using Mixtral-8×22B as an example, are illustrated in Table 5
and A4. Leveraging the zero-shot CoT approach, LLMs can analyze

each marker in the provided list, generate a reasoning trajectory,
and summarize the final predicted cell type.

Evaluation metrics and protocols
Cell-type annotation is provided in a free format without a strict
answer template, distinguishing it from binary classification
tasks. Moreover, cell-type annotation often involves multiple
synonyms, necessitating the evaluation of predicted answers
against several candidate labels. To ensure a fair assessment of
free-format responses in cell-type annotation, we propose the use
of four widely adopted metrics for evaluating generation quality
in NLP. These include ROUGE [48], which measures similarity
based on unigram (ROUGE-1) and bigram (ROUGE-2) overlaps as
well as the longest common subsequence (ROUGE-L); METEOR
[49], which computes the harmonic mean of precision and recall
for unigram matches based on surface forms, stemmed forms,
and meanings; and the BLEU score [50, 51], which quantifies
n-gram overlap between the predicted text ŷ and the ground
truth annotation y. Specifically, we report BLEU-1, BLEU-2, and
the geometric average BLEU score, as many cell-type annotations
contain fewer than three words. To further evaluate the precision
of cell-type annotations generated by LLMs, we also employ the
Exact Match (EM) and F1 score, which are commonly used to
assess response quality in question-answering tasks [52].

LLM-based cell-type annotation: effectiveness
and generalization on SOAR-RNA
LLMs excel in automatic cell-type annotation using the
proposed zero-shot chain-of-thought approach
We first evaluated the cell-type annotation capabilities of LLMs
on our proposed SOAR-RNA. The major quantitative scores
(ROUGE-L, METEOR, and BLEU) for SOAR-RNA are reported in
Table 3, while the detailed evaluation metrics (ROUGE-1, ROUGE-
2, BLEU-1, BLEU-2) for the SOAR-RNA benchmark is shown in
Table A2. As shown in the table, we observed that general
open-source LLMs, such as Llama-3-70B and Mixtral-8×22B,
using the zero-shot prompting strategy, achieved performance
comparable with non-LLM-based approaches (e.g. CellMarker2.0).
Specifically, the ROUGE-L and METEOR scores for Llama-3-70B
were 28.78 and 27.35, respectively, which are close to those of the
best-performing non-LLM-based method, CellMarker2.0 (31.76
and 23.83). Furthermore, we observed that general open-source
LLMs, such as Mixtral-8×22B, using the zero-shot prompting
strategy, outperformed the domain-specific pretrained model (i.e.
Cell2Sentence). Specifically, Mixtral-8×22B achieved ROUGE-L
and METEOR scores of 39.60 and 35.67, respectively, compared
with 26.76 and 19.45 for Cell2Sentence. The average BLEU score
for Mixtral-8×22B was 16.65, while Cell2Sentence achieved a
slightly higher score of 17.25. After applying zero-shot CoT
prompting, all open-source LLMs and GPT-4o mini showed
significant improvement in BLEU scores. For instance, the average
BLEU score of Mixtral-8×22B using zero-shot CoT increased to
28.19, representing a relative improvement of over 69% compared
with the zero-shot prompting strategy. This result demonstrates
the effectiveness of the zero-shot CoT prompting method in
enhancing LLM performance for cell-type annotations.

LLMs with the zero-shot CoT perform better than
domain-specific language models and
traditionalnon-LLM-based methods
Furthermore, we observed that the zero-shot CoT strategy
enabled open-source LLMs trained solely on natural language
to significantly outperform the domain-specific model and the

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf622#supplementary-data
https://github.com/jaraco/inflect
https://github.com/jaraco/inflect
https://github.com/jaraco/inflect
https://github.com/jaraco/inflect
https://github.com/jaraco/inflect
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf622#supplementary-data
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Table 1. The prompts and notations used in the benchmarking framework. The upper section defines various types of prompts used to
query LLMs, including standard prompts (q) and three zero-shot prompting strategies: tzero, tcot, and tsum. The lower section describes
the key notations for input data (x, X, C), model responses (r), and reference cell types (y, ŷ), which are used to evaluate model
performance in automated cell-type annotation tasks

Notation Type Template

q Prompt Given the following markers {X}, what is the specific cell type in {C} corresponding to these markers?
tzero Zero-shot prompt The most likely cell type (directly return one cell type name) is
tcot Zero-shot CoT prompt Let us think step by step.
tsum Zero-shot CoT prompt In summary, the most likely cell type (please return one cell type name) is
Notation Type Definition
x Single-cell data Raw single-cell data (e.g. scRNA-seq, scATAC-seq)
X Gene Profile Genes selected by DEG analysis from raw data (e.g. [”MS4A1,” ”COCH,” ”AIM2,” ”BANK1,” ”SSPN,” ”CD79A,” ”TEX9,”

”RALGPS2,” ”TNFRSF13C,” ”LINC01781”])
C Meta data Tissue type (e.g. PBMC)
r Response Response from LLMs with the prompt above (e.g. examples in Appendix 4.2.3)
y Cell type Cell-type annotation by humans
ŷ Cell type Cell-type annotated by answer cleansing of the response r

Table 2. The LLMs evaluated in our experiments, along with
their parameter sizes and instruction formats. All models,
except Cell2Sentence, are general-purpose LLMs prompted with
natural language instructions. Cell2Sentence is a domain-
specific model fine-tuned for cell-type annotation using
cell-specific sentence prompts

Language model Params Instruction format

DeepSeek-LLM 67B General text
Qwen2 72B General text
Llama-3 70B General text
Mixtral-8×7B 56B General text
Mixtral-8×22B 176B General text
Cell2Sentence 160M Cell Sentence
GPT-4o mini ∼8B General text
GPT-4o ∼200B General text

traditional non-LLM-based methods in cell-type annotation
tasks. For example, Mixtral-8×22B achieved over 64% relative
improvement compared with Cell2Sentence. As shown in Fig. 2,
open-source LLMs outperformed the domain-specific model in
EM and F1 scores with zero-shot CoT prompting (Section 3.2).
Notably, Qwen2-72B achieved a 35% relative improvement in F1
score (46.38 versus 27.01) compared with the Cell2Sentence. Due
to the free-form nature of cell-type annotation and variations
in synonyms, the EM metric remains overly restrictive, even
after normalizing annotations to unambiguous CL names.
When comparing LLMs utilizing zero-shot CoT prompting
with traditional non-LLM-based methods, open-source LLMs
demonstrated substantial improvements. Specifically, Mixtral-
8×22B achieved an F1 score of 51.40, representing a 63% relative
improvement over the best-performing non-LLM-based method,
which attained an F1 score of 31.49. These observations highlight
the reasoning capabilities of LLMs in analyzing complex gene
co-expression patterns and their broad acquisition of domain-
specific knowledge. The reasoning processes on cell-type annota-
tion performed by LLMs is detailed in Table 5. This underscores
the potential of LLMs trained on text domains to outperform
domain-specific models pretrained from scratch in specialized
tasks. Consequently, it motivates the research community to
focus more on leveraging the domain-specific knowledge and
reasoning abilities inherent in existing LLMs, which may offer
superior problem-solving capabilities in specialized domains.

Nevertheless, it is important to note that there remains a
significant performance gap between open-source LLMs and
closed-source models (i.e. GPT-4o mini and GPT-4o) across all
metrics as shown in Table 3 and Fig. 2, including BLEU score and
EM/F1 performance. Additionally, we found that applying zero-
shot CoT prompting slightly degraded the cell-type annotation
performance of GPT-4o in F1 score (58.29 versus 57.36) as shown
in Fig. 2. A potential explanation for this is that GPT-4o is
already fine-tuned for CoT reasoning, even when users do not
explicitly prompt it to do so [53]. Based on our observations, using
zero-shot CoT may cause GPT-4o to generate broader cell type
names rather than more specific sub-cell type names, which
negatively impacts precision and recall scores. To verify this, we
examined representative outputs and found that CoT prompting
indeed leads to a wider range of more generic predictions, such
as omitting subpopulation qualifiers. This suggests that the
observed F1 score decrease may stem from a loss of specificity in
the annotated labels.

LLMs generalize well across various tissue types
To assess the generalization ability of LLMs in cell-type annota-
tion across tissues, we analyzed per-tissue annotation accuracy
(Fig. 3). The open-source Mixtral-8×22B performs similarly to GPT-
4o series across tissues like breast, mammary, and pancreas, likely
due to correlated language corpora during pretraining. For well-
studied tissues with extensive literature (e.g. PBMC, duodenum,
and mammary glands), LLMs show stronger reasoning and accu-
racy as shown in Fig. 3. In contrast, the domain-specific model
(i.e. Cell2Sentence) performs less consistently, highlighting the
superior generalization ability of LLMs to infer complex gene co-
expression patterns and leverage broad knowledge from training.
EM/F1 results (Appendix: Additional Evaluation Results) confirm
these findings.

Cross-omics alignment and LLM annotation on
SOAR-MultiOmics
Cross-omics translation is accurate
To assess whether LLMs can effectively analyze multiomics data,
we further evaluated cell-type annotation performance using the
proposed SOAR-MultiOmics benchmark. Following the methodol-
ogy described earlier, for RNA-seq data, we directly formatted the
gene expression vector x into a profile description X. For ATAC-seq
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Table 3. Quantitative evaluation of cell-type annotation on the SOAR-RNA benchmark. The table compares traditional non-LLM-based
methods (CellMarker2.0, SingleR, and ScType) with LLM-based methods under two prompting strategies: standard zero-shot and
zero-shot CoT. Metrics include ROUGE-L, METEOR, and overall BLEU score

W/o CoT Zero-Shot CoT

Model ROUGE-L METEOR BLEU ROUGE-L METEOR BLEU

CellMarker2.0 31.76 23.83 27.23 – – –
SingleR 16.49 2.96 0.00 – – –
ScType 12.24 20.18 10.77 – – –
DeepSeek-LLM-67B 32.74 24.27 16.87 40.47 31.13 21.02
Qwen2-72B 32.05 29.96 11.13 46.34 37.09 25.69
Llama-3-70B 29.83 27.35 14.33 42.02 34.09 17.38
Mixtral-8×7B 28.78 28.72 10.23 42.08 35.45 20.90
Mixtral-8×22B 39.60 35.67 16.65 51.26 41.97 28.19
Cell2Sentence 26.76 19.45 17.25 – – –
GPT-4o mini 52.26 41.08 32.64 51.17 40.84 37.45
GPT-4o 58.12 45.39 51.79 57.34 45.36 42.15

Figure 2. The EM and F1 evaluation results on the SOAR-RNA benchmark compare traditional non-LLM-based methods with LLM-based approaches,
employing zero-shot and zero-shot CoT prompting strategies to guide the LLMs, respectively.

Figure 3. The BLEU evaluation results per tissue of the SOAR-RNA benchmark. Each dot represents the BLEU score of a specific LLM for a given tissue,
with black bars indicating the mean BLEU score per tissue.

data, we propose to leverage a pretrained cross-modality align-
ment model, f , using a VAE architecture to align both RNA-seq
and ATAC-seq data into a common semantic space. Consequently,
the ATAC-seq vector x′ was translated into the RNA-seq domain
using f (x′), and subsequently formatted into a profile description
X. With this unified semantic space, we can bridge any omic data
with RNA-seq, enabling multiomics data to be processed by LLMs
through pure text inputs. In our experiments, we adopted the
pretrained VAE from scACT [34] as the cross-modality alignment
model f . To evaluate the translation accuracy of f , we assessed
the ATAC-to-RNA translation performance on the human brain
PFC dataset, as shown in Fig. A5. The marker gene, defined as
the most expressively indicative gene for each cell type, is anal-
ogous to a category label in classification tasks. We found that
f preserved expression patterns similar to the observed ground
truth (mean R2 = 0.914). We then focused on four key marker

genes, SATB2 for excitatory cells, GAD2 for inhibitory cells, FLT1
for endothelial cells, and MOG for oligodendrocyte cells, as these
are widely recognized canonical markers. The UMAP results for
these genes were consistent with our previous findings, with the
translated expression highlighting the corresponding cell types
and showing high correlations with the observed expression (R2 =
0.633, 0.603, 0.460, 0.684, Fig. A5B). These results demonstrate that
the cross-modality alignment model f effectively translates ATAC-
seq data into the RNA-seq domain.

Cross-omics translation effectively enables LLMs to
analyze uninterpretable features
We summarize the multiomics cell-type annotation results in
Table 4 and Fig. 4. As shown in the results, GPT-4o, GPT-4o mini,
and Mixtral-8×22B achieve comparable annotation performance
with the domain-specific model Cell2Sentence on both RNA-seq
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Table 4. The quantitative evaluation results of cell-type annotation on the SOAR-MultiOmics benchmark using the zero-shot
CoT prompting strategies to prompt LLMs

RNA-seq ATAC-seq

Model ROUGE-L METEOR BLEU ROUGE-L METEOR BLEU

Qwen2-72B 20.57 11.54 10.51 18.43 11.80 7.80
Llama-3-70B 27.55 17.73 16.64 31.83 19.39 17.47
Mixtral-8×7B 33.65 26.11 24.71 29.36 24.21 15.02
Mixtral-8×22B 27.67 16.27 12.90 30.22 19.39 12.99
Cell2Sentence 28.42 20.63 38.20 26.45 17.29 28.58
GPT-4o mini 39.26 29.92 28.06 37.06 28.08 24.66
GPT-4o 41.37 30.20 33.93 38.31 25.23 28.68

Figure 4. The F1 evaluation results on the SOAR-MultiOmics benchmark.

and ATAC-seq data. For example, GPT-4o achieves a METEOR score
of 30.20, a BLEU score of 33.93, and an F1 score of 41.28, compared
with Cell2Sentence’s METEOR score of 20.63, BLEU score of 38.20,
and F1 score of 27.41. This observation aligns with the tissue-
level annotation results shown in Fig. 3, where the majority of
samples in SOAR-MultiOmics come from PBMC tissue, which is
well annotated by the Cell2Sentence model. As illustrated in Fig. 4,
the comparable performance of cell-type annotation from ATAC-
seq data demonstrates the ability of LLMs to analyze multiomics
data using the multimodal alignment module f . Despite the lower
BLEU scores observed for ATAC-seq compared with RNA-seq, we
note that the ROUGE and METEOR scores remain relatively con-
sistent across modalities. This can be attributed to the differences
in how these metrics evaluate generated annotations. BLEU is
precision-oriented and relies on exact n-gram overlaps, making it
particularly sensitive to variations in surface form and phrasing.
Since ATAC-seq profiles open chromatin regions that lack direct
gene annotations, the resulting LLM outputs tend to be more
diverse and less lexically aligned with the reference labels, thus
leading to a drop in BLEU scores. In contrast, ROUGE and METEOR
emphasize recall and semantic similarity, allowing them to cap-
ture the correctness of annotations even when the exact wording
differs. The stability of these metrics indicates that LLMs can
still produce semantically accurate cell-type labels from ATAC-
seq inputs, further supporting the effectiveness of our cross-omics
translation strategy in enabling LLMs to handle less interpretable
input modalities. This finding highlights the potential for adapting
LLMs to analyze a broader range of biological sequencing data.

Error analysis
We identified two major errors that prevent LLMs from accurately
annotating cell types: (1) insufficient prior knowledge of existing

literature, and (2) the inability of LLMs to predict exact subtypes,
often resulting in the annotation of broader cell types. One major
limitation of LLMs in cell-type annotation lies in their insufficient
prior knowledge of existing literature, particularly for less-studied
tissues. Our analysis of annotation accuracy across different tis-
sues (Fig. 3) highlights this issue. While LLMs, such as the open-
source Mixtral-8×22B and GPT-4o series, perform comparably
well across tissues like breast, mammary, and pancreas—likely
benefiting from correlated language corpora during pretraining—
their performance is notably stronger in well-studied tissues with
extensive literature, including PBMC, duodenum, breast, uterus,
and mammary glands. Interestingly, the domain-specific model
Cell2Sentence exhibited less consistent performance across tis-
sues, reaffirming the potential of general-purpose LLMs to infer
complex gene co-expression patterns and leverage broad knowl-
edge acquired during training. These observations are further
validated by detailed EM/F1 results presented in Appendix: Addi-
tional Evaluation Results, emphasizing the critical role of prior
knowledge in enhancing LLM performance.

Another major error observed in LLM predictions is their ten-
dency to assign broader cell-type annotations than those labeled
by human experts. This discrepancy arises from the limitations
in the representation of input data, and the free-form nature
of cell-type annotation and variations in synonyms. These gene
lists often fail to accurately capture the defining characteristics
of specific cell types, leading to ambiguous or overly generalized
predictions. For example, when the input gene set lacks sufficient
specificity, the model may predict a higher level cell-type category
rather than pinpointing a distinct subtype. This issue highlights a
critical challenge in ensuring that input data effectively represent
the unique molecular signatures required for precise annotations,
which directly impacts the predictive accuracy of LLMs in cell-
type identification tasks.

Cost analysis
We further evaluated the computational cost of LLM-based cell-
type annotation by measuring both the average elapsed time per
sample and the associated API costs (Table 6). The LLMs evaluated
in this study include both locally deployed open-weight models
and API-accessed proprietary models. For locally deployed models
(DeepSeek-LLM, Qwen2, Llama-3, Mixtral-8×7B, Mixtral-8×22B,
and Cell2Sentence), inference was performed on four NVIDIA
A6000 GPUs (48 GB VRAM each) using FP16 precision and the Hug-
gingFace Transformers library. These models incur no API cost,
and their inference time is largely determined by model param-
eter size. In contrast, GPT-4o mini and GPT-4o were accessed
via the official OpenAI SDK, and their API costs were calculated
accordingly. Results show that while smaller proprietary models
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Table 5. Example of an LLM annotating cell type using the proposed zero-shot CoT approach. The LLM successfully reasons based on
the provided gene list to determine the most likely cell type

System: You are a biology expert who always responds the cell-type annotation result by carefully considering the markers provided by the user.

User: Given the following markers [CLEC9A, PPY, AL118508.1, LINC02206, LINC01724, MIR1273H, CEACAM3, CLCN1, AC092809.2, CYP2E1], what is the
cell type in Thymus corresponding to these markers? Let′sthinkstepbystep.

Assistant: To determine the cell type in the thymus corresponding to the given markers, we need to analyze each marker and its known associations.

Here are the steps to identify the cell type:
1. CLEC9A: this marker is typically associated with dendritic cells, particularly a subset known as CD141+ (BDCA-3+) dendritic cells. These cells are
involved in antigen presentation and are known for their role in the immune response.
2. PPY (Pancreatic Polypeptide): this marker is generally associated with pancreatic cells, specifically PP cells in the pancreas. However, its presence
in the thymus might be less common and could indicate a specific subset of cells or a particular state of differentiation.
3. AL118508.1, LINC02206, LINC01724, MIR1273H, AC092809.2: these are noncoding RNAs (long intergenic noncoding RNAs and microRNAs). The
specific expression patterns of these noncoding RNAs can be cell-type-specific, but they are less commonly used as primary markers for identifying
cell types without additional context.
4. CEACAM3: this marker is typically associated with granulocytes, particularly neutrophils. It is involved in the immune response and pathogen
recognition.
5. CLCN1: this gene encodes a chloride channel protein, which is primarily associated with muscle cells. Its relevance in the thymus might be less
direct.
6. CYP2E1: this gene encodes an enzyme involved in drug metabolism and is primarily expressed in the liver. Its expression in the thymus could be
indicative of specific metabolic activities but is not a primary marker for thymic cell types.
Given the context of the thymus, the most relevant marker here is CLEC9A, which points toward dendritic cells. The presence of CEACAM3 might
suggest some involvement of granulocytes or neutrophils, but this is less typical for the thymus.

Considering the primary role of the thymus in T-cell development and the presence of dendritic cells for antigen presentation, the most likely cell
type corresponding to these markers in the thymus is a subset of dendritic cells.
Therefore, the cell type in the thymus corresponding to these markers is likely dendritic cells, specifically the CD141+ (BDCA-3+) subset.

User: In summary, the most likely cell type (directly return one cell type name) is

Assistant: Dendritic cells � (Correct Answer: Myeloid dendritic cell)

Table 6. Inference time and API cost of evaluated LLMs for
cell-type annotation

Language model Elapsed time API cost

DeepSeek-LLM 23.6 –
Qwen2 17.19 –
Llama-3 12.72 –
Mixtral-8×7B 16.34 –
Mixtral-8×22B 44.72 –
Cell2Sentence 0.11 –
GPT-4o mini 1.46 $0.26
GPT-4o 1.53 $7.71

such as GPT-4o mini offer low latency and cost, larger models like
GPT-4o incur significantly higher API expenses despite compa-
rable inference speed. For open-weight LLMs, inference latency
can be further optimized using inference acceleration frameworks
such as vLLM or alternative deployment strategies, which may
help narrow the performance gap with API-based models.

Limitations
We acknowledge several additional limitations of the current
approach. First, LLMs may exhibit biases derived from their pre-
training corpora, which can influence performance across tissues
with varying levels of representation in biomedical literature
(Fig. 3). This may explain why LLMs perform better on well-studied
tissues but less accurately on rare or less-characterized tissues.
Second, while our experiments show that LLMs generalize well
across tissue types, they tend to misclassify rare or novel cell
types due to limited prior knowledge. Third, in the cross-omics
translation module used to map ATAC-seq data into the RNA-seq

domain, the transformation process may lose information
critical for fine-grained cell identity, leading to reduced anno-
tation accuracy (Fig. 4). Furthermore, the applicability of the
proposed RNA-seq bridging technique is contingent on the
availability of a robust pretrained VAE across relevant tissue types.
In this study, we adopted the scACT module, which was pretrained
on PBMC and PFC datasets, for cross-modality translation.
Extending this method to other tissue types (e.g. tumors) or to
cross-species datasets would require either leveraging a VAE
pretrained on the target domain or conducting pretraining on
a domain-specific custom dataset. Addressing these challenges
offers a promising direction for future research to further
improve the robustness and generalizability of LLMs in biological
applications.

Although extensive evaluations have been conducted on the
proposed benchmarks, SOAR-RNA and SOAR-MultiOmics, further
evaluation is needed to fully understand the ability of LLMs to
analyze genomics data. One area for improvement involves a thor-
ough investigation into retrieval-augmented generation during
the reasoning stage of cell-type annotation. This approach aims
to enhance LLMs’ reasoning capabilities by leveraging existing bio-
logical knowledge, thereby improving the precision of annotating
novel and complex gene co-expression patterns. Additionally, due
to data constraints, the majority of multiomics benchmarks in
this study are limited to RNA-seq and ATAC-seq data. While the
proposed benchmark has significant influence within the LLM
for scientific data community, comprehensive validation across
a broader range of omics data is essential to fully assess LLMs’
capabilities in analyzing biological data. These improvements can
be facilitated through collaborative efforts within the research
community to collect more publicly accessible multiomics
data.
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Conclusion
This study introduces SOAR, a pioneering benchmarking effort
that evaluates the capabilities of instruction-tuned LLMs for cell-
type annotation across single-cell genomics data from various
modalities. By curating a diverse dataset encompassing multiple
species and cell types, we systematically assessed the ability of
LLMs to process and analyze complex biological data. Our findings
demonstrate that LLMs exhibit strong interpretive capabilities in
genomics analysis via RNA-seq bridging, even without extensive
fine-tuning, and can effectively generate reasoning processes
that support biological insights through the proposed domain-
specific CoT prompting techniques. Additionally, we explored the
application of these models to multiomics data, highlighting their
potential for cross-modality analysis and providing a foundation
for future advancements in automated single-cell annotation.
This work underscores the promise of LLMs in transforming cell-
type annotation workflows, while also emphasizing the need for
ongoing innovation to fully exploit their potential across diverse
molecular modalities.

Key Points

• This study establishes a systematic benchmarking
framework by evaluating eight instruction-tuned LLMs
across 1226 cell-type annotation-related tasks using 11
publicly available datasets, providing a robust founda-
tion for automated and interpretable cell-type annota-
tions.

• By incorporating the proposed domain-specific CoT
techniques, this work significantly improves the accu-
racy of LLMs in cell-type classification while enhancing
their reasoning ability to extract and utilize relevant
biological insights.

• To extend LLM-based annotation beyond scRNA-seq, this
study introduces a cross-modality translation module
that converts uninterpretable features, such as epige-
netic marks and chromatin structures, into interpretable
ones, enabling seamless application of LLMs to a broader
range of single-cell sequencing technologies.
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