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Abstract. Single-cell RNA sequencing enables high-resolution analysis 
of cellular heterogeneity, but a key analysis step, cell type identifica-
tion, remains a labor-intensive process that requires manual inspection 
of marker genes. Large Language Models (LLMs) offer a promising solu-
tion for automating this critical step. We present a case study using 
CytoAnalyst, a web-based platform that integrates LLMs for automated 
cell type annotation. Using a bone marrow organoid dataset, we com-
pared multiple state-of-the-art LLMs in their ability to predict cell types 
from marker genes identified through differential expression analysis. Our 
structured prompting approach yielded accurate predictions for common 
cell types across all models, while performance varied for rare or special-
ized populations. This work demonstrates that LLMs can significantly
reduce manual effort in scRNA-seq analysis, though further improve-
ments are needed for more accurate and robust annotations. Our web-
based platform and method are freely available at: https://cytoanalyst. 
tinnguyen-lab.com/. 
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1 Introduction 

Single-cell RNA sequencing (scRNA-seq) enables high-throughput gene expres-
sion analysis at single-cell resolution, providing unprecedented insights into cel-
lular heterogeneity. M any tools and web-based systems facilitate scRNA-seq data
analysis, including Seurat [1], Scanpy [2], ICARUS [3], SingleCAnalyzer [4], 
and CytoAnalyst [5]. A key analysis step is identifying distinct cell popula-
tions through clustering and marker gene identification. Accurate identification 
requires researchers to manually inspect identified markers and compare them
with canonical cell type markers from literature and databases [6]. This process 
demands extensive biological expertise and is both time-consuming and error-
prone.
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Recently, Large Language Models (LLMs) [7] have emerged as promising 
tools for automating biological data analysis, including cell type annotation. 
LLMs can leverage their knowledge base to infer cell types from marker genes,
potentially reducing manual inspection requirements. CytoAnalyst [5] is among 
the first platforms integrating LLMs for automated cell type annotation. In this 
paper, we present a case study using CytoAnalyst for scRNA-seq analysis and 
cell type annotation with LLMs. We compare CytoAnalyst’s built-in LLM with 
external LLMs, including DeepSeek R1, Claude 3.7 Sonnet, GPT-4o, Llama 4
Scout, and Gemini 2.5 Pro. Our results demonstrate that LLMs are promising
tools for cell type annotation, significantly reducing time and effort required for
manual inspection.

2 Methods 

Fig. 1. Overall workflow for cell type inference using CytoAnalyst and large language 
models (LLMs). First, single-cell RNA sequencing data is imported into CytoAnalyst 
for quality control, normalization, and dimensionality reduction. Next, distinct cell 
populations and their marker genes are identified using CytoAnalyst’s clustering and
differential expression (DE) analysis modules. Finally, these marker genes are then used
to annotate cell types with CytoAnalyst’s built-in LLM and external LLMs.

Figure 1 illustrates the overall workflow of our cell type inference using large 
language models (LLMs). The workflow begins with importing single-cell RNA 
sequencing data into CytoAnalyst, a web-based platform for scRNA-seq data 
analysis. Using CytoAnalyst, we perform quality control, normalization, dimen-
sionality reduction, clustering, and differential expression (DE) analysis to iden-
tify distinct cell populations and their marker genes. We then manually inspect
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each analysis result using CytoAnalyst’s visualization tools to ensure data qual-
ity and accuracy. Finally, we use the identified marker genes with designed
prompts to predict cell types using both CytoAnalyst’s built-in LLM and exter-
nal LLMs.

2.1 Data Processing 

CytoAnalyst supports data uploads in 10X Genomics Cell Ranger output [8]  and  
AnnData objects [9]. The platform provides quality metrics, including unique 
gene counts per cell, UMI counts, and mitochondrial/ribosomal gene percentages 
to help users assess data quality. Using the data processing module, we filter out 
cells with fewer than 400 detected genes, over 40,000 total counts, and more than
10% mitochondrial gene counts.

2.2 Embedding and Clustering Analysis 

Following quality filtering, we proceed with embedding and clustering analysis 
using CytoAnalyst’s modules. The embedding analysis module provides compre-
hensive processing from normalization to visualization. We normalize each cell

Fig. 2. Prompting structure for guiding large language models (LLMs) in cell type 
annotation. The prompt uses comma-separated marker genes from CytoAnalyst and 
specifies tissue context to focus on relevant cell types. It enforces strict output require-
ments and formatting rules to ensure accurate and structured annotations.
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to 10,000 counts, apply log1p transformation, and select the top 4,000 highly 
variable genes (HVGs). Using these H VGs, we then conduct principal compo-
nent analysis (PCA) [10] to extract the top 50 components for dimensionality 
reduction. For visualization, we utilize UMAP [11] to project data into two-
dimensional space, though CytoAnalyst also offers t-SNE [12] and PCA options.

CytoAnalyst’s clustering module identifies distinct cell populations using va r-
ious algorithms, including Louvain [13], Leiden [14], and K-means [15]. In our 
analysis, we apply Louvain clustering at multiple resolutions to define cell clus-
ters with varying granularity. We then manually inspect clustering results using 
CytoAnalyst’s visualization module to ensure c lusters correspond to meaning-
ful populations. We also merge similar clusters when necessary, e.g., close and
overlapping clusters.

2.3 Marker Genes Identification 

After identifying distinct cell populations, we proceed to identify marker genes 
using CytoAnalyst’s differential expression (DE) analysis module. The module
supports multiple statistical tests, including Wilcoxon rank-sum test [16]  and  
MAST [17]. Here, we identify marker genes by comparing each population’s 
expression profile against remaining cells using t he Wilcoxon rank-sum test with
Benjamini-Hochberg adjustment [18] for false discovery rate control. To iden-
tify significant markers, we filter DE results based on adjusted p-values, log2 
fold change, average expression in target populations, and differences in expres-
sion proportions. We manually adjust these filtering criteria and visualize gene
expression to ensure biological relevance.

2.4 Cell Type Annotation 

To identify cell types for each population, we leverage CytoAnalyst’s built-
in inference tool integrating Meta’s Llama 3.3 [19]. The tool uses structured 
prompting to guide LLMs in g enerating accurate annotations, as illustrated in
Fig. 2. It generates hierarchical cell type lists where the first level represents the 
most specific type. For each population, we provide marker genes from DE anal-
ysis and specify tissue context to predict p ossible cell types. We then select the
cell type appearing most frequently across LLM results as the final annotation.

3 Results 

In this section, we present the results of our analysis using CytoAnalyst on a 
single-cell RNA sequencing dataset. We also compare the performance of Cyto-
Analyst’s built-in LLM with several external LLMs, including DeepSeek R1,
Claude 3.7 Sonnet, GPT-4o, Llama 4 Scout, and Gemini 2.5 Pro, in annotating
cell types based on identified marker genes.

We analyze a bone marrow organoid dataset from Frenz-Wiessner et al. [20] 
containing 31,040 cells from human induced pluripotent stem cells. Following the
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Fig. 3. Visualizations of single-cell transcriptomic data analysis using CytoAnalyst. A) 
UMAP projection showing three distinct cellular populations (I, II, III) with dashed 
boundaries. B) Louvain clustering at resolution 0.3 identifying 15 clusters. CE) Marker 
gene expression for p opulations I, II, and III. F) Marker gene expression for population
III subpopulations (clusters 4, 11, 12, 14).

methods described in Sects. 2.1 and 2.2, we perform quality control, normaliza-
tion, dimensionality reduction, and visualization using CytoAnalyst. The UMAP 
projection reveals three major cell populations (I, II, and III) as shown in Fig. 3A. 
We then apply Louvain clustering [13] at multiple resolutions (0.1–0.5) and man-
ually inspect results using CytoAnalyst’s visualization module. Resolution 0.3 
provides optimal clustering, g rouping cells within the three major populations
without excessive fragmentation (Fig. 3B). This resolution identified 15 distinct 
clusters corresponding to: population I (clusters 1, 3, 15), population II (clusters
2, 5–10, 13), and population III (clusters 4, 11, 12, 14).

Next, we perform differential expression analyses to identify marker genes 
for each population using the criteria described in Sect. 2.3: log2 fold change ≥3,
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Fig. 4. Cell type inference results for population I (clusters 1, 3, 15) using CytoAnalyst 
and external LLMs (DeepSeek R1, Claude 3.7 Sonnet, GPT-4o, Llama 4 Scout, Gemini 
2.5 Pro). Each model generates five predicted cell types. Bold text indicates correctly
predicted cell type and ontology hierarchy per ground truth. Red bold text indicates
correct identification with incorrect hierarchical order.

adjusted p-value ≤0.05, average expression ≥1, and ≥50% difference in expres-
sion proportion. Figure 3C–E illustrates the expression levels of identified marker 
genes for populations I, II, and III, respectively. It is clear that populations I
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and II exhibit homogeneous marker expression, indicating a single cell type for 
each. However, population III shows heterogeneous expression, with cluster 4 
displaying distinct patterns from clusters 11, 12, and 14, suggesting multiple 
cell types within this population. Thus, we performed additional DE analyses 
for each cluster in population I II. The analyses reveal that clusters 4 and 11
share similar marker expression patterns, i.e., the same cell type, while clusters
12 and 14 represent unique cell types (Fig. 3F). This analysis yields five final 
populations: I (clusters 1, 3, 15), II (clusters 2, 5–10, 13), III (clusters 4, 11), IV
(cluster 12), and V (cluster 14).

Finally, using marker genes and bone marrow tissue context, we predict cell 
types with CytoAnalyst’s built-in LLM and external LLMs following the prompt-
ing strategy in Sect. 2.4. Figure 4 shows an example of the predictions for pop-
ulation I, where all models correctly identify mesenchymal stem cells (MSCs). 
However, most external models s truggle with maintaining correct hierarchical
order, as indicated by red bold text.

Table 1 summarizes cell type annotations for all populations. All models accu-
rately identify populations I, II, and III as mesenchymal stem cells, hematopoi-
etic cells, and endothelial cells, respectively. CytoAnalyst misidentifies popula-
tion IV, while all external LLMs incorrectly annotate population V. This high-
lights the challenges of annotating rare cell types.

Table 1. Cell type annotations for all populations using CytoAnalyst and external 
LLMs. Light gray shading indicates incorrect annotations versus ground truth. Abbre-
viations: EC, endothelial cell; EpC, epithelial cell; HC, hematopoietic cell; MDC, meso-
dermal cell; MSC, mesenchymal cell; SSC, somatic stem cell.

Population I II III IV V 

Ground Truth MSC HC EC EpC MDC 
CytoAnalyst MSC HC EC MSC MDC 
DeepSeek R1 MSC HC EC EpC HC 
GPT-4o MSC HC EC EpC HC 
Gemini 2.5 Pro MSC HC EC EpC SSC 
Claude 3.7 Sonnet MSC HC EC EpC SSC 
Llama 4 Scout MSC HC EC EpC N/A 

4 Conclusion 

We presented a case study using CytoAnalyst for single-cell RNA sequencing 
analysis and cell type annotation with large language models. We demonstrated 
the effectiveness of CytoAnalyst’s built-in LLM and external LLMs (DeepSeek 
R1, Claude 3.7 Sonnet, GPT-4o, Llama 4 Scout, and Gemini 2.5 Pro) in predict-
ing cell types from marker genes. Most LLMs accurately identified common cell
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types (mesenchymal, hematopoietic, and endothelial cells) but struggled with 
rare or specific types like mesodermal cells. This highlights LLMs’ potential for 
automating cell type annotation while indicating the need for improved perfor-
mance, particularly for uncommon cell types. 
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