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Abstract
Background  Cell type annotation is essential for gaining biological insight from 
single-cell RNA sequencing data, yet manual labeling remains time-consuming and 
difficult to reproduce. Various computational approaches have been developed to 
automate this process, and recent studies suggest that large language models can infer 
cell types with promising accuracy in single-cell analysis. However, most workflows 
still rely on cluster-specific markers derived from gene expression alone or manual 
curation. As a result, marker selection can be sensitive to statistical criteria and dataset-
dependent bias, which may lead to the selection of less informative genes or missing 
important markers, while providing limited biological context.

Results  To address this limitation, we introduce CELLIA, an LLM-based workflow for 
automated and robust cell type annotation. CELLIA employs an integrative evidence-
knowledge marker selection strategy that combines statistical differential expression 
criteria with curated tissue-specific marker resources to identify informative marker 
genes. In benchmarking analyses of 102 cell types, this approach improved agreement 
with manual annotations. In addition, CELLIA achieved higher agreement in subtype-
level analyses of closely related immune populations and was further evaluated in a 
non-immune stromal subtype setting, covering 25 cell types in total.

Conclusion  By integrating evidence-knowledge from gene expression with curated 
biological prior knowledge, CELLIA provides a more stable marker selection and 
improves the reliability of LLM-cell type annotation.

Keywords  Single-cell RNA-seq, Large language model, Cell type annotation, 
Information integration, Marker gene

​Background
Cell type annotation is a crucial step in single-cell RNA sequencing (scRNA-seq) analy-
sis, linking cellular identity to disease etiology and enabling targeted treatments [1]. 
In standard single-cell analysis workflows, cell type annotation is typically performed 
downstream of preprocessing and clustering [2]. Clustering serves as a key step that 
partitions heterogeneous tissues into transcriptionally distinct subsets, which are then 
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manually annotated using literature-derived canonical marker genes [3, 4]. However, 
this process is not only time-consuming but also difficult to reproduce, so automated 
approaches are increasingly adopted [4].

To improve the substantial time and expertise demands inherent in manual cell type 
annotation of scRNA-seq data, numerous computational approaches have been devel-
oped. These automated methods utilize on diverse strategies, including marker-based, 
reference-based, supervised classification, and deep learning, to achieve accurate and 
scalable cell type identification.

Tools that utilize marker-based automatic annotation such as Garnett [5], SCINA [6], 
and ScType [7] assign cell labels based on the characteristic expression of predefined 
markers [8]. Although these approaches can abstain from uncertain predictions when 
marker evidence is insufficient, their applicability is often limited by incomplete marker 
resources across tissues. Reference-based methods, including scmap [9] and SingleR 
[10], instead annotate cells by matching expression profiles to labeled reference datasets 
[8]. Supervised learning frameworks such as CellTypist extend this strategy by training 
machine-learning models on large reference atlases and providing hierarchical label sets 
for flexible annotation [11]. More recently, deep learning approaches such as scBERT 
leverage large-scale pretraining to model gene expression patterns in single-cell data 
[12]. Despite these advances, many approaches remain sensitive to feature selection and 
data quality, which can limit their ability to capture subtle biological variation [12, 13].

Recent advances have incorporated large language models (LLMs), opening new 
possibilities for cell type interpretation. Unlike methods that rely solely on expression 
matrices, LLMs leverage large-scale pretraining and generative pretrained transformers 
(GPT) to enable reasoning-based inference and contextual knowledge integration [14, 
15]. Benchmarking studies show that GPT models can infer cell types with expert-level 
accuracy when provided with marker gene inputs, highlighting their practical utility for 
single-cell analysis [16].

Alongside these developments, several frameworks have further extended LLM-based 
annotation. LICT introduces a reliability evaluation framework combining multi-model 
integration and iterative feedback to reconcile LLM predictions with expert annota-
tions [17]. Similarly, mLLMCelltype adopts a multi-LLM consensus strategy to reduce 
model bias and quantify uncertainty [18]. Agent-based systems such as CASSIA further 
decompose annotation into specialized reasoning steps, including annotation, valida-
tion, and interpretability modules [19]. Together, these approaches highlight a shift from 
single-pass prompting toward more structured and reliability-aware LLM-based annota-
tion frameworks.

Despite recent advances, most current LLM workflows still inherit a key limitation 
from traditional pipelines by relying on cluster-specific markers derived from differential 
expression statistics [20]. Such markers can be unstable or weakly discriminative when 
clusters are transcriptionally similar or when background heterogeneity is high [15]. 
To mitigate this issue, several resources curate tissue-specific marker genes. Manually 
curated databases include singleCellBase, a literature-derived compendium supporting 
standardized cell type annotation across species [21], and CellMarker 2.0, which inte-
grates markers from scRNA-seq datasets and published studies to provide expanded 
and updated coverage [22]. Complementarily, MarkerGeneBERT applies an NLP-based 
pipeline to automatically extract and normalize marker associations from biomedical 
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literature [23]. While these resources highlight the importance of tissue-specific marker 
knowledge for cell type annotation, their largely static nature limits the incorporation of 
newly emerging biological information. To address this limitation, we integrate expert-
curated and automatically extracted marker resources within a dynamically updatable 
framework.

Here, we propose CELLIA (Curated tissue-specific knowledge and evidence Integra-
tion for LLM-based cell type Annotation), an LLM-based cell type annotation workflow 
that uses an integrative evidence-knowledge for marker selection. In this framework, 
“evidence” refers to combined statistical differential expression criteria, including 
adjusted P -value (p-value), average log2 fold-change (log2 FC), and expression propor-
tion, whereas “knowledge” denote curated tissue-specific marker database derived from 
prior biological studies.

CELLIA comprises of two main components: (i) an integrative evidence-knowledge 
marker selection that prioritize biologically grounded and statistically supported mark-
ers for accurate annotation, and (ii) an interactive web interface for reviewing and visual-
izing annotation results. By integrating evidence-knowledge marker selection, CELLIA 
moves beyond simple cluster-level heuristics and establishes a more consistent and con-
text-aware basis for LLM-based cell type annotation.

Methods
Overview of CELLIA

The workflow of CELLIA is straightforward. First, CELLIA operates on an scRNA-seq 
dataset at the cluster level. It identifies differentially expressed gene (DEG) for each clus-
ter (Fig. 1; Step A). To extract tissue-specific markers, CELLIA cross-references each 

Fig. 1  Overview of CELLIA. CELLIA comprises four main steps (A–D) plus an interactive web component (E). Input: 
scRNA-seq dataset summarized at the cluster level. Step A: identify DEG for each cluster. Step B and C: filter clus-
ter DEG lists against curated tissue-specific marker resources and retain the top-k markers per cluster. Step D: 
construct a structured prompt integrating the selected markers with tissue context and submit it to the LLM 
for annotation. Step E: export annotations in standard formats and provide a web-based interface for interactive 
visualization and explanations
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cluster’s DEG list with tissue-specific marker databases and retains the top-k mark-
ers (Fig. 1; Step B and C). A structured prompt is then constructed by combining the 
selected markers with the tissue context and submitted to the LLM for annotation (Fig. 
1; Step D). Throughout this entire framework, CELLIA leverages the AnnData. Widely 
adopted in scRNA-seq analysis, it enables efficient storage of annotated matrices and 
handling of large-scale datasets [24]. Finally, annotation results can be interactively 
explored through a web-based interface without requiring computational expertise (Fig. 
1; Step E).

Step A. Identification of DEG for each cluster

In scRNA-seq analysis, DEG is defined as those showing statistically significant expres-
sion differences between groups [25]. Marker genes represent a more selective subset of 
DEG that also exhibit cluster specificity and biological interpretability beyond statistical 
significance [25].

DEG is identified for each cluster using Scanpy’s gene ranking function to characterize 
cluster-level transcriptional programs [26]. Genes are ranked using the Wilcoxon rank-
sum test and filtered by p-value and log2 FC. Retained genes are subsequently ranked 
by the log2 FC to prioritize those showing strong and specific upregulation within each 
cluster. To further refined DEG, we incorporate a percentage metric comprising the 
proportion of cells within the target cluster (pct.1) and in other clusters (pct.2). Can-
didate markers are retained using predefined thresholds (p-value < 0.05, pct.1 > 25%, 
pct.2 < 35%, and log2 FC> 0.3) and subsequently ranked in descending order of their 
log2 FC.

Step B. Filtering DEG using curated marker database

To prioritize biologically meaningful markers, candidate DEGs are filtered using a 
curated marker database constructed for the CELLIA framework. The database inte-
grates three complementary tissue-specific marker resources: singleCellBase, Cell-
Marker 2.0, and MarkerGeneBERT. These resources combine manually curated expert 
knowledge with markers automatically extracted from the biomedical literature, provid-
ing both reliable reference information and coverage of newly reported markers.

Candidate DEG is cross-referenced with tissue-specific markers complied from three 
complementary resources. This step retains genes supported by published, tissue-spe-
cific annotations, thereby refining each cluster’s DEG list to markers that are biologically 
plausible and contextually relevant.

Step C. Selection of the top-k markers

From this refined list, the top k markers are selected to represent each cluster. In cases 
where fewer than k markers are available, the marker set is supplemented with the 
remaining DEG (i.e., those excluded during database cross-referencing) exhibiting the 
highest log2 FC until the target size is reached. This approach ensures that each clus-
ter is characterized by a balanced combination of validated tissue-specific markers and 
data-driven candidates. For our framework, we set k = 15, as this value yielded stable 
and accurate annotation performance.
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Step D. LLM-based cell type annotation

CELLIA takes the top 15 markers (from Step C) and the tissue context as input, then 
constructs a structured prompt based on the template (Fig. 1). In this prompt, ‘marker_
gene_str’ represents a list of markers, and ‘tissue_type’ and ‘parent_celltype’ are variables 
that are replaced with the actual name of the tissue (e.g., human PBMC) and the corre-
sponding major cell group (e.g., B cell). Genes belonging to the same cell population are 
separated by commas.

The LLM was queried via its API using the constructed prompt. The returned response 
was programmatically parsed to extract two key components: (i) the predicted cell type 
annotation and (ii) a subset of highly informative markers with their associated biologi-
cal rationales. This structured parsing enabled simultaneous retrieval of both annotation 
results and interpretable reasoning traces underlying the LLM’s decision. Specifically, 
the result included key markers and concise explanations describing their functional 
roles in supporting the assigned identity. Finally, these results are integrated back into 
the AnnData as input and exported in JSON and CSV formats to ensure reproducibility 
and accessibility through the web-based interface (Step E).

Step E. Interactive visualization

We developed an interactive web environment for CELLIA to provide a transparent and 
user-friendly way to review annotation results without requiring computational exper-
tise (Fig. 2). After completing the CELLIA workflow, the CELLIA’s results are supplied 
to the web interface for visualization and review. The interface utilizes these outputs, 
including (i) cell-level metadata (cluster identity and predicted label), (ii) cluster-level 

Fig. 2  CELLIA’s interactive web-based interface for annotation review. The CELLIA interface provides a web-based, 
point-and-click environment for inspecting predicted annotations, exploring marker information, and validating 
results without computational programming requirements. (a) Overview of the interface showing the primary 
UMAP initialized with CELLIA predictions. Interactive controls allow selection of clusters of interest (3), adjustment 
of the number of displayed markers (5 ≤ k ≤ 15) (2), and visualization of gene expression patterns through clus-
ter-level dot plots. (b) Cluster-level annotation panel displaying the predicted label, detailed report for the selected 
cluster, the top-ranked marker genes, including informative markers highlighted by the LLM during prediction (4), 
and each gene hyperlinked to the GeneCards database for external reference
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informative markers identified by the LLM during the annotation process, with concise 
rationales, and (iii) a UMAP embedding with associated expression values and metadata.

The environment comprises two coordinated visualization views. The primary UMAP 
offers an overview of the entire dataset and displays cell-level metadata, including clus-
ter identity and predicted labels (Fig. 2a (1)). The secondary UMAP enables selection of 
clusters of interest and presents detailed cluster-level profiles (Fig. 2a and b). For each 
selected cluster, dot plots and corresponding explanations are displayed. The dot plot 
complements its explanatory features with flexible visualization controls, allowing for 
the dynamic re-rendering of plots as the parameter k (5 ≤ k ≤ 15) is adjusted (Fig. 2a 
(2)). The associated explanation view is populated from precomputed CELLIA results, 
reporting: (i) the cluster identifier, (ii) the predicted cell type label, (iii) the top-k marker 
list with each gene hyperlinked to the GeneCards database for external reference, and 
(iv) concise LLM-generated rationales that link informative markers to the prediction 
and describe the reasoning underlying the assigned identity (Fig. 2b). Informative mark-
ers are visually distinguished within the list to provide clear interpretive focus (Fig. 2b 
(4)). To ensure consistency and reproducibility, all visual elements are deterministically 
rendered from the stored results.

Results
Benchmark datasets for evaluating CELLIA

All analyses were conducted using publicly available datasets. We benchmarked CEL-
LIA nine different tissue datasets across eight tissue types—colorectal cancer (CRC; 
GSE132257), lung (GSE131907), breast (GSE167036), peripheral blood mononuclear 
cells (PBMCs; Human Immune Health Atlas (HIHA) [27]; and 10X), liver (GSM4008623), 
kidney (GSM4008620), skin (GSM4008710), and pancreas (GSM4008637)—represent-
ing 55 unique cell types. For subtype-level evaluation, we focused on immune popu-
lations from the HIHA PBMC [27] dataset, assessing four major cell groups—T cell 
(CD4T, DNT, and Treg; CD8T, gdT, and MAIT), dendritic cell, and B cell—comparing 
19 cell types in total (Table 1). To additionally examine a non-immune subtype setting, 
we also used fibroblasts from the NSCLC subset of the human perturbed-state fibroblast 

Table 1  Summary of scRNA-seq datasets used in this study
Dataset Cell types Cells Genes
Major cell type annotation
CRC 6 18,409 33,694

Lung 5 20,304 29,634

Breast 12 49,141 25,301

PBMC (HIHA) 9 1,821,725 32,357

Liver 16 1,811 12,631

Kidney 20 9,966 26,474

PBMC (10X) 9 5,702 38,606

Skin 13 1,697 20,119

Pancreas 12 9,727 19,707

Subtype-level cell type annotation
T cell (CD4T, DNT, Treg) 5 743,615 32,357

Dendritic cell 4 23,287 32,357

B cell 5 160,632 32,357

T cell (CD8T, gdT, MAIT) 5 406,730 32,357

Fibroblast 6 2,055 17,410
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atlas reported by Buechler et al. [28]. Including this additional fibroblast analysis, the 
subtype-level evaluation covered 25 unique cell types in total.

Evaluation metrics for cell type annotation

We compared CELLIA against representative automated scRNA-seq cell type annota-
tion tools, including GPTCelltype, CASSIA, LICT, mLLMCelltype, CellTypist, SingleR, 
and Seurat. All methods were executed using their recommended configurations. For 
each dataset, we followed the procedures described in the original publications or, when 
available, used the normalized matrices provided by the authors.

Predicted cell type annotations by CELLIA and the baseline methods were compared 
against the manual labels provided in the original studies using a three-level agreement 
scheme adapted from established benchmarking practice [16]. For each evaluated clus-
ter, the predicted label and the corresponding manual label were first matched to an 
unambiguous Cell Ontology (CL) term and, when applicable, to a broader cell type cate-
gory. A prediction was classified as fully match if it corresponded to the same annotation 
term, the same CL term, or a more specific subtype of the manual label. For example, a 
prediction of CD4+ T cell or CD8+ T cell was considered fully matched when the man-
ual label was T cell. A prediction was classified as partially match if it belonged to the 
same broad cell type category but differed in annotation and CL term, including cases 
in which the predicted label was broader than the manual label. For example, a predic-
tion of T cell was considered partially matched when the manual label was CD4+ T cell. 
A prediction was classified as mismatch if the predicted and manual labels differed in 
broad cell type category, annotation term, and CL term.

To enable quantitative comparison, each evaluated cluster i was assigned an agree-
ment score: 

	
agreement_scorei =




1, if fully match
0.5, if partially match
0, if mismatch

� (1)

For a given dataset, the proportion assigned to each agreement category a was calcu-
lated at the cluster level as: 

	
proportion (a) = number of cell types in a

total number of cell types � (2)

where a ∈ {fully match, partially match, mismatch}.
To summarize overall concordance within each dataset, we calculated the average 

agreement score across all evaluated clusters: 

	
average agreement = 1

N

N∑
i=1

agreement_scorei� (3)

where N  is the total number of evaluated clusters in the dataset.
Both the agreement proportions and the average agreement score were therefore cal-

culated using clusters as the evaluation unit. When a manually annotated cell type was 
represented by multiple clusters, each cluster was scored separately and contributed 
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independently to the dataset-level summary. These metrics summarize annotation out-
comes at the cluster level and provide a dataset-level average of agreement.

Comparison with existing annotation methods

We benchmarked CELLIA against three traditional computational methods (CellTypist, 
SingleR, and Seurat) and four recent LLM-based frameworks (GPTCelltype, CASSIA, 
LIcT, and mLLMCelltype) using the same pre-clustered, normalized single-cell data-
sets. This design was intended to focus the comparison on the annotation step while 
controlling for differences in the input clustering results. For cell-level annotation meth-
ods, including CellTypist, SingleR, and Seurat, predictions were first generated at the 
cell level and then aggregated into cluster-level labels by majority voting for comparison 
within the cluster-level benchmark. LLM-based methods were evaluated on the same 
clustered input data following their original annotation workflows. Detailed comparison 
results for each method are provided in Supplementary Tables 1–9.

Traditional computational methods

CELLIA showed overall favorable performance relative to traditional methods in both 
average agreement scores and the overall distribution of agreement categories across 
the evaluated datasets (Fig. 3a). While these tools provide rapid and scalable cell iden-
tity assignment, their performance can be sensitive to biological context particularly in 
complex or heterogeneous tissues. Evaluation of Seurat, SingleR, and CellTypist on the 
PBMC (HIHA) dataset could not be completed. Seurat and SingleR failed during con-
version of the input dataset into their respective R-based object formats, before refer-
ence mapping or correlation scoring. CellTypist terminated with a process-level error 
during execution. All three failures were consistent with memory exhaustion given the 
limitations of the available shared computing resources (1 TB memory; see Supplemen-
tary Table 16 for details). A Seurat-based label transfer baseline was otherwise evalu-
ated only for the lung, kidney, PBMC (10X), and pancreas datasets, for which compatible 
reference atlases were available. Seurat was not evaluated for CRC, breast, liver, or skin 
because no suitable reference atlas was available for these tissues.

LLM-based methods

To evaluate performance across different LLMs, we benchmarked CELLIA using two 
models: GPT-4.1 (June 2024) and Gemini 2.5 Flash (June 2025).

Across the benchmark datasets, CELLIA showed generally strong agreement with 
manual labels (Fig. 3b). The relative differences between methods were modest overall 
and varied across datasets. Most methods showed broadly similar agreement patterns, 
although some dataset-specific differences in agreement composition were observed in 
kidney and immune-related populations. Overall, CELLIA remained comparable to the 
other LLM-based methods. Supplementary Figure 1 is presented to show dataset-spe-
cific agreement patterns. In some datasets, CELLIA showed a higher proportion of fully 
matched annotations or a lower proportion of mismatches (Supplementary Tables 1–9).

To further examine the effect of cluster definition on annotation results, we addition-
ally evaluated CELLIA and the baseline LLM-based methods under alternative Leiden 
clustering resolutions (0.05, 0.1, and 0.3). Because changing clustering resolution alters 
cluster number and composition, each newly generated Leiden cluster was assigned a 
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reference label by majority voting over the original manual clusters contained within it. 
These additional analyses suggested that the influence of clustering resolution varied 
across datasets, with some settings showing relatively similar agreement across resolu-
tions and others showing more variation, particularly at higher resolution. A similar ten-
dency was observed in subtype-level analyses, where finer-grained annotation produced 
more variable agreement patterns across resolutions. The corresponding major cell-type 
and subtype-level results are shown in Supplementary Figures 2–5.

Fig. 3  Performance evaluation of CELLIA. Proportion of cell types with varying agreement levels (left) and aver-
age agreement scores (right). Agreement scores for major cell type annotation across 9 datasets, (a) comparing 
CELLIA with traditional computational methods (CellTypist, SingleR, and Seurat) and (b) LLM-based annotation 
frameworks (GPTCelltype, mLlmcelltype, LICT, and CASSIA). (c) Effect of gene filtering strategies on annotation per-
formance, comparing CELLIA with ablated variants lacking curated database filtering (w/o DB), proportion filtering 
(w/o pct), or both. Sensitivity analysis of the number of top-ranked marker genes provided to the LLM, evaluated 
across tissues using different input sizes. Subtype-level annotation performance across immune and non-immune 
subtype datasets, (d) impact of subtype-level marker configurations, comparing the Basic filtering strategy with 
variants incorporating major cell type markers, negative markers, or both, and (e) comparison of CELLIA with other 
LLM-based frameworks. Subtype-level analyses included four immune cell group datasets from PBMC (HIHA) and 
an additional fibroblast subtype setting from the NSCLC subset of the human perturbed-state fibroblast atlas. 
Agreement categories are shown as fully matched, partially matched, or mismatched
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Ablation analysis of marker selection

To systematically evaluate how input marker list affect LLM performance, we bench-
marked several key parameters for cell type assignment. Each statistical criterion is 
detailed in the methods section. Ablation analyses are summarized in Supplementary 
Tables 10 and 11.

Gene filtering methods

We assessed four distinct methods for filtering identified marker genes. All methods 
ranked genes by descending log2 FC as the final step.

(i)	 p-value+pct+log2 FC+Database (CELLIA): Genes were filtered by p-value, pct.1,

pct.2 and log2 FC, then cross-referenced using a curated database corresponding 
to the input tissue type.  

(ii)	 p-value+pct+log2FC (w/o DB): Genes were first filtered by p-value, then by pct.1, 
pct.2, and log2 FC.

(iii)	 p-value+log2 FC+Database (w/o pct): Genes were first filtered by p-value and 
log2 FC, and cross-referenced using a curated database corresponding to the input 
tissue type.

(iv)	 p-value+log2 FC (w/o both): Genes were filtered solely using differential expression 
statistics (p-value and log2 FC).

These comparisons show the specific impact of evidence-knowledge marker selection, 
evaluating their individual and combined roles in CELLIA’s overall performance. Across 
tissues, CELLIA achieved higher agreement with manual annotations than most ablated 
variants (Fig. 3c). The advantage was most apparent in kidney tissue for Loop of Henle–
related cell types, where CELLIA produced full matches across all evaluated cases, while 
other methods frequently yielded partial or incorrect annotations (Fig. 3c and Supple-
mentary Table 10). The removal of the database filter (w/o DB) or the expression pro-
portion metric (w/o pct) resulted in a reduction in agreement across most tissues (Fig. 
3c). The simultaneous removal of both components (w/o both) resulted in the largest 
reduction in agreement (Fig. 3c). These findings suggest that differential expression sta-
tistics alone are not enough for reliable annotation, and that both biological knowledge 
and evidence filtering are required for stable marker selection and accurate cell type 
annotation.

Number of genes

We evaluated the impact of the number of top genes provided to the LLM annotation 
performance, testing input sizes of 10, 15, 30, 50, 70, and 100 genes under the CEL-
LIA gene filtering method (Fig. 3c). Performance was broadly stable across input sizes, 
although slight decreases were observed in breast and kidney datasets as the number of 
top-ranked genes increased.

Subtype-level cell type annotation

Reliable annotation at the subtype level remains challenging, particularly for rare or less 
well-characterized populations, which often lack well-established markers or reference 
datasets [29]. We therefore extended our evaluation beyond major cell type annotation 
to assess LLM performance at the subtype level. For subtype-level benchmarking, we 
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primarily used the PBMC subtype dataset from the Human Immune Health Atlas, in 
which major immune cell classes were selectively subset and iteratively reprocessed by 
reclustering. Specific subpopulations were first identified within each major class using 
marker-based criteria, and each selected subset was subsequently reanalyzed with sub-
type-specific Leiden resolutions. To additionally examine a non-immune subtype set-
ting, we also included fibroblasts from the NSCLC subset of the human perturbed-state 
fibroblast atlas reported by Buechler et al. [28].

Subtype-level marker genes were than selected from the resulting subtype clusters 
using the following criteria: adjusted p-value < 0.1, pct.1> 0.25, pct.2< 0.7, and average 
log2 FC> 0.3. These subtype-level annotation analyses, including gene filtering ablation 
experiment and comparisons with existing LLM-based annotation methods, are pre-
sented in Supplementary Tables 12 and 13.

Gene filtering methods

We assessed four distinct methods for filtering identified marker genes.

(i)	 p-value+pct+log2 FC+Database (Basic): Genes were first filtered by p-value, pct.1
, pct.2, and log2 FC, then cross-referenced using a curated database corresponding 
to the input tissue type, and finally ranked by descending log2 FC.

(ii)	 Basic+major cell type marker (w/o negative): Genes from the basic filtering method 
were used as the primary input, with 15 markers for each major cell group included 
as reference.

(iii)	 Basic+negative marker (w/o major): Genes from the basic filtering method were 
used as the primary input, with 15 cluster-specific negative markers included in the 
prompt to represent low or absent expression.

(iii)	 Basic+major/negative marker (Full marker set): Genes from the basic filtering 
method were used as the primary input, with both major cell group’s markers and 
cluster-specific negative markers included in the prompt.

Subtype-level annotation performance was evaluated across both immune and non-
immune settings (Fig. 3d). In the immune subtype datasets, performance was broadly 
similar across the four filtering strategies. In the additional fibroblast subtype setting, 
the relative performance of the configurations differed, indicating that the contribution 
of supplemental marker information may vary depending on the subtype context. Nota-
bly, in the fibroblast setting, the w/o major configuration yielded the highest average 
agreement score, further suggesting that the relative contribution of each marker com-
ponent may differ across subtype settings.

Comparison with existing LLM-based methods

We evaluated subtype-level annotation across closely related immune populations and 
an additional non-immune fibroblast subtype setting, and compared CELLIA with 
recent LLM-based annotation frameworks. Across T cell subtypes (CD4T, DNT, and 
Treg), CELLIA consistently achieved high agreement with manual annotations, while 
alternative approaches frequently produced partial matches or incorrect assignments 
(Fig. 3e and Supplementary Table 13). Similarly, for dendritic cell subtypes, CELLIA 
showed higher agreement and maintained stable performance (Fig. 3e and Supplemen-
tary Table 13). Collectively, these results indicate that CELLIA can support fine-grained 
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subtype annotation not only in closely related immune populations but also in an addi-
tional non-immune stromal setting, although performance remained dependent on the 
biological context and subtype granularity.

Reproducibility of CELLIA annotation

We assessed consistency and reproducibility of LLM-based annotations by repeating 
CELLIA predictions 10 times across 9 datasets (Supplementary Table 14 and 15). Across 
tissues, predictions were identical for the vast majority of clusters, with residual vari-
ation largely confined to nomenclature (e.g., “NK cell” and “Natural Killer (NK) cell”) 
rather than substantive changes in cell identity. Notably, these subtle discrepancies mir-
ror the inconsistencies inherent in manual annotations, reflecting the broader absence 
of standardized naming conventions in single-cell studies, where cell type nomencla-
ture is often individual investigator-defined and taxonomic alignment remains limited 
[30]. Rare variations were instead observed primarily in biologically similar contexts. 
For example, in PBMC (10X) dataset, the first and second runs yielded “Monocyte” in 
place of “Classical Monocyte”, consistent with the subtype-level (Supplementary Table 
14). We also evaluated CELLIA using multiple API models, including GPT-5.2 (Dec 
2025), GPT-5.4 (Mar 2026), GPT-5.4 mini (Mar 2026), and GPT-5.4 nano (Mar 2026), 
and observed broadly similar annotation patterns across models (Supplementary Table 
15). This suggests that the overall annotation behavior of CELLIA is preserved not only 
across repeated inference runs under a fixed setup, but also across different API model 
settings, with the remaining variation largely limited to semantic synonyms or differ-
ences in nomenclature rather than substantive changes in cell identity.

Discussion
Cell type annotation is essential for interpreting single-cell analysis, yet manual anno-
tation remains time-consuming and dependent on expert knowledge. To overcome 
these limitations, automated and LLM-based approaches have expanded rapidly, inter-
pretation of cluster-specific marker gene often still involves manual choices, including 
which markers to prioritize and how tissue context should be incorporated. CELLIA was 
designed in part to make this preparatory step more structured by filtering and prioritiz-
ing marker genes using a curated tissue-specific marker database together with tissue 
context before the evidence is presented to the LLM.

This evidence-knowledge integration strategy forms the basis of CELLIA. The data-
base combines manually curated and automatically extracted tissue-specific marker 
resources, allowing biologically relevant evidence to be organized in a more structured 
form prior to annotation. In this sense, the database functions not only as a source of 
marker information, but also as part of a framework for making the preparation of anno-
tation evidence more consistent.

Benchmarking showed that CELLIA achieved strong overall agreement with manual 
annotations across datasets, although differences from other recent LLM-based methods 
were generally modest. Gene filtering analyses provide context for this result. Removing 
either the knowledge-based or evidence-based component reduced agreement across 
datasets, with the largest reduction observed when both were removed, suggesting that 
the two components provide complementary information. Taken together, these find-
ings suggest that the contribution of CELLIA lies in part in how marker evidence is 
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filtered and organized before LLM-based interpretation. This does not imply that differ-
ential expression statistics alone are insufficient, but it does suggest that their interpreta-
tion can benefit from additional biological context.

CELLIA is a knowledge-guided annotation framework that prioritizes database-sup-
ported markers during cluster interpretation. This design may be particularly useful in 
well-characterized tissues, where marker knowledge is relatively well established, but 
may be more limited in out-of-distribution settings, such as rare tissue states, transi-
tional populations, unusual tumor microenvironments, or non-model species, where 
marker coverage is sparse. In these contexts, biologically meaningful but less-character-
ized markers may be deprioritized, potentially biasing annotation toward better-repre-
sented canonical labels.

Accordingly, CELLIA is intended for knowledge-guided annotation rather than de 
novo identification of novel cell types. When available evidence is insufficient for confi-
dent assignment to a known cell identity, retaining a cluster as unknown is more appro-
priate than assigning it to the nearest canonical label. Applications in database-poor 
contexts therefore require more cautious interpretation.

The current workflow assumes pre-clustered input data and does not include the ini-
tial clustering step. Because CELLIA derives the DEG list, marker filtering, top-k marker 
selection, and final prompt from cluster-level definitions, clustering directly shapes the 
input evidence used for annotation. An additional sensitivity analysis using alternative 
clustering algorithms and resolutions showed that some datasets remained highly stable 
across low resolution to moderate resolution settings, whereas others showed greater 
sensitivity, particularly under stronger cluster splitting. These findings indicate that 
CELLIA is not invariant to clustering strategy or resolution, even though it can remain 
stable under some clustering conditions. Annotation results should therefore be inter-
preted together with the clustering procedure used to define the input clusters. Future 
work may focus on closer integration with clustering pipelines and continued expansion 
of curated marker resources.
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