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Abstract4

Evidence-augmented and reliable cell-type annotation remains a5

major bottleneck in single-cell RNA-seq analysis, particularly for rare,6

transitional, and disease-associated populations. To address this, we7

introduce scMarkerAgent, an evidence-grounded cell marker resource8

developed using an LLM-assisted literature-curation framework. It in-9

tegrates 294,692 full-text publications to provide 890,296 high-quality10

cell type-marker annotations covering 50,233 cell types across human,11

mouse and rat. scMarkerAgent integrates 82,165 curated negative-12

marker annotations and 417,812 disease-context annotations, improv-13

ing disambiguation of homologous cell types and delineation of ma-14

lignant cells. Every cell type-marker annotation is directly supported15

by sentence-level literature evidence. In the cell annotation workflow,16

candidate labels are further refined through an LLM-based reason-17

ing step that jointly evaluates positive and negative markers. Com-18

pared with existing resources, scMarkerAgent offers broader coverage19

of markers, tissues, cell types and diseases. It is released as a FAIR-20

compliant database together with a code-free web platform that sup-21
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ports marker retrieval, automated cell annotation and customizable22

cell scoring (available at https://www.markeragent.net).23

Introduction24

Single-cell RNA sequencing (scRNA-seq) has revolutionized the study of cel-25

lular heterogeneity in health and disease. A critical step in scRNA-seq analy-26

sis is cell type annotation, which fundamentally shapes downstream interpre-27

tation of lineage composition, cell states and disease-associated populations.28

Nevertheless, accurate and reliable annotation remains challenging, particu-29

larly in the presence of rare subtypes, transitional states or disease-specific30

transcriptional programs.31

In practice, annotation is supported by multiple computational strate-32

gies, including reference mapping, marker-based approaches and, more re-33

cently, large language model (LLM)-assisted workflows. Among these, marker-34

based cell-type annotation remains widely adopted due to its independence35

from a matched reference and its direct biological interpretability. However,36

its accuracy depends critically on the completeness, quality and usability of37

marker knowledge, and the process often still requires expert validation.38

To support marker-based annotation, several curated marker resources39

and tools have been developed, such as Cell Marker Accordion (CMA), Cell-40

Marker 2.0 and Annotation of Cell Types (ACT) [1, 2, 3]. Despite improving41

accessibility, these resources face notable practical limitations. First, man-42

ual curation struggles to keep pace with the rapidly expanding literature,43

resulting in slow updates and incomplete coverage of newly described sub-44

types, particularly within disease contexts. Second, reproducibility is often45

hindered because many resources report cell type-marker associations and46

their source publications, yet frequently omit the exact sentences from the47

original studies that support these claims. The absence of direct textual48

evidence makes it challenging to verify key contextual details, such as tissue49

specificity, disease context or experimental setting, and complicates the res-50

olution of conflicting annotations across studies [4]. Finally, most existing51

resources focus primarily on positive markers and offer limited support for52

negative markers, even though markers expected to be absent can improve53

annotation specificity, especially when closely related cell populations share54

overlapping positive signatures [5].55

LLM-based approaches have been explored to reduce the effort and spe-56

cialized expertise required for cell type annotation [6]. In particular, AI57

agent-based methods leverage the strengths of both specialized annotation58
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algorithms and LLM-enhanced knowledge retrieval, offering an interpretable,59

verifiable and adaptable workflow [7]. However, relying on an LLM as the pri-60

mary source of biological knowledge raises concerns regarding transparency61

and traceability of the underlying training data, susceptibility to halluci-62

nations and biases, and non-deterministic outputs, all of which complicate63

evaluation and reproducibility [8]. These limitations motivate an alterna-64

tive paradigm: using LLMs as agents that extract and reason over verifiable65

evidence from the literature, rather than as opaque sources of knowledge66

without provenance [9].67

Here, we present scMarkerAgent, an evidence-guided cell marker re-68

source that leverages LLM agents to curate peer-reviewed literature, enabling69

marker retrieval, cell-type annotation and customized cell scoring. Under rig-70

orous quality control, scMarkerAgent links each cell type-marker annotation71

to sentence-level supporting evidence, allowing users to audit annotations in72

their original biological context. This framework not only integrates positive73

and negative markers within a unified structure, but also maps tissue, cell-74

type and disease terms to established ontologies. Furthermore, scMarker-75

Agent implements an evidence-grounded LLM workflow, where the model’s76

role is constrained to providing decision support for marker-driven candi-77

date annotations. Across diverse scRNA-seq benchmarks, we demonstrate78

that scMarkerAgent improves the accuracy, transparency and reproducibil-79

ity of marker-based cell type annotation compared with widely used marker80

resources, in both normal and disease contexts. Finally, we provide a user-81

friendly, code-free web platform that offers rapid access to these resources82

and supports flexible, personalized analyses.83

Results84

Large-scale literature retrieval-based cell marker annotation85

using a multi-agent framework86

We collected 294,692 full-text publications and employed an Extract Agent87

to retrieve 1,352,754 candidate cell type-marker records. Each record in-88

cludes structured fields covering tissue, cell type, disease, species, marker89

and marker polarity, and is linked to sentence-level literature evidence to en-90

sure end-to-end traceability. An independent quality-control (QC) Agent was91

then applied to validate each candidate record against six mandatory rules.92

Following QC filtering and restricting the dataset to three model species93

(human, mouse and rat), we retained 890,296 high-confidence records for94

downstream analyses (Fig. 1A).95
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To reduce errors introduced by heterogeneous shorthand in the literature,96

we incorporated an Abbr2full Agent that expands tissue and cell-type ab-97

breviations using publication-specific context (for example, resolving “LSCs”98

to leukemia stem cells rather than liver stem cells when warranted), thereby99

improving name consistency prior to downstream normalization (Fig. 1A).100

Given the heterogeneity of nomenclature across studies, which can im-101

pede cross-dataset integration, we performed candidate mapping followed by102

the application of a Standardization Agent. This agent normalizes raw names103

into standardized terminology while retaining non-standard names when no104

exact match is available (Fig. 1A). Tissues were standardized according to105

the Uberon Ontology, cell types were mapped to the Cell Ontology, and dis-106

eases were aligned with the Disease Ontology [10, 11, 12]. Marker names107

were standardized via NCBI resources [13] and linked to identifiers such108

as Entrez and Ensembl where applicable, improving annotation consistency109

across studies.110

In the current release, scMarkerAgent spans three species and provides111

broad coverage across normal and disease contexts, including 29,277 normal-112

context cell annotations, 29,552 disease-context cell annotations, 313 nor-113

mal tissues, 292 diseased tissues, 34,276 cell markers and 15,386 diseases114

(Fig. 1B).115

scMarkerAgent: a FAIR-compliant, literature-curated cell marker116

repository117

Based on the agent-curated data described above, we developed the scMark-118

erAgent web platform for cell-type annotation and resource search (available119

at https://www.markeragent.net). This platform was designed accord-120

ing to the FAIR (Findable, Accessible, Interoperable and Reusable) princi-121

ples [14], with all annotations derived from systematically curated, evidence-122

verified literature; each entry is fully traceable to its original source, ensuring123

transparency and reliability.124

We designed scMarkerAgent as an interactive, code-free platform that125

supports three tightly integrated workflows: marker search and browsing126

across species, tissues, cell types, diseases and marker polarity (Supplemen-127

tary Fig. 1); evidence-based cell type annotation for user-uploaded datasets128

(Fig. 2A,B); and customizable cell scoring for user-specified cell types with129

options for positive or negative markers (Fig. 2C,D).130

For evidence-based cell-type annotation, the Cell Annotation module al-131

lows users to upload Seurat objects (Fig. 2A). Candidate cell-type labels are132

initially generated with ScType [15], after which an LLM-based annotation133
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agent performs evidence-grounded selection and produces an interpretable134

report (Fig. 2B). During this process, positive markers provide supporting135

signals while negative markers act as exclusion constraints to flag biologically136

implausible candidates when marker conflicts are present, thereby improving137

disambiguation of closely related or transitional cell populations.138

The Cell Score module enables users to perform custom scoring for cell139

types of interest within the database (Fig. 2C). It leverages positive-marker140

signatures to help identify target cell populations and, when necessary, negative-141

marker signatures to help exclude confounding populations. The scoring142

results are presented in plots and tables (Fig. 2D).143

Importantly, the entire workflow can be completed online without re-144

quiring specialized computational skills, making scMarkerAgent accessible145

to users from diverse backgrounds. Interactive reports are automatically146

generated, facilitating rapid validation and iterative refinement of annota-147

tion results within a straightforward, user-friendly environment.148

Benchmarking evaluation of scMarkerAgent149

To evaluate the performance of scMarkerAgent, we systematically compared150

it with three published high-quality reference atlases, Cell Marker Accor-151

dion (CMA), CellMarker 2.0 and Annotation of Cell Types (ACT), across152

15 different dimensions (see Methods for details) [1, 2, 3]. First, while CMA153

was constructed by integrating 23 existing cell marker databases and cell-154

sorting resources, scMarkerAgent contains approximately 3.66 times more155

total annotations than CMA and substantially more than the manually cu-156

rated CellMarker 2.0 and ACT (Fig. 3A). Second, scMarkerAgent covers the157

largest number of distinct markers among the four databases (Fig. 3B). Al-158

though CellMarker 2.0 and ACT also curated cell markers from the literature159

and performed final integration, each incorporated fewer than 10,000 pub-160

lications. By contrast, scMarkerAgent includes approximately 17.74 times161

more publications than CellMarker 2.0 and 34.89 times more than ACT.162

Because CMA does not provide literature-source annotations, it is shown as163

zero (Fig. 3C).164

Moreover, scMarkerAgent contains substantially higher numbers of tis-165

sues, cell types and diseases than the three other databases (Fig. 3D–F).166

Given potential naming inconsistencies for the same biological entities across167

studies, we standardized tissue, cell and disease names using the Uberon On-168

tology, Cell Ontology and Disease Ontology, respectively, while retaining and169

merging non-standardized names (see Methods for details). Notably, both170

the total and standardized counts of tissues, cell types and diseases are higher171
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in scMarkerAgent, thereby broadening the reference coverage available for172

cell annotation and downstream analyses (Fig. 3G–I).173

In terms of species coverage, scMarkerAgent provides more annotations174

for human, mouse and rat than the other databases, and uniquely includes175

rat annotations, a model species not covered by the other resources (Fig. 3J–176

L). In addition, scMarkerAgent contains the largest number of annotations177

derived from diseased samples, which is 7.94-fold greater than the second-178

ranked CMA, providing a larger disease-related reference resource for cell-179

type annotation in pathological contexts (Fig. 3M). scMarkerAgent also con-180

tains the largest number of positive marker annotations (Fig. 3N) and the181

largest number of negative marker annotations (Fig. 3O), which may be182

useful for distinguishing highly similar cell types.183

scMarkerAgent provides more accurate cell type-marker an-184

notations185

To assess the accuracy and completeness of scMarkerAgent-derived annota-186

tions, we benchmarked marker-database-based workflows alongside a database-187

free, LLM-only annotation workflow across a diverse collection of scRNA-seq188

datasets spanning different tissues, species and disease contexts. To enable a189

controlled comparison across marker resources, we used ScType as the uni-190

fied annotation algorithm for the marker-database-based workflows. ScType191

supports user-defined marker inputs and incorporates both positive and neg-192

ative markers via specificity-based weighting across clusters and candidate193

cell types [15]. Specifically, we compared ScType using markers from ACT,194

CellMarker 2.0, CMA and scMarkerAgent. We additionally evaluated a Cell195

Annotation Agent workflow (ScType+scMarkerAgent+LLM), a two-stage,196

cluster-level framework in which ScType first ranks candidate cell types for197

each cluster using species-, tissue- and disease-matched markers from sc-198

MarkerAgent, after which an LLM then selects the final identity by inter-199

preting the candidate list along with the overlapping positive and negative200

markers and their supporting evidence within the relevant biological context201

(see Supplementary Note 1 for details). In parallel, where evaluated, we202

benchmarked CASSIA as a database-free, LLM-driven annotation workflow203

for comparison [7].204

We assembled benchmark datasets comprising normal human peripheral205

blood mononuclear cells (PBMC), normal human lung, normal human and206

mouse pancreas, mouse type 2 diabetes (T2D) pancreas, rat lung and hu-207

man glioblastoma [16, 17, 18, 19, 20, 21]. All datasets were processed using208

the Seurat v5.3.0 pipeline [22]. To ensure comparability across studies, we209
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evaluated annotations at the cluster level and defined the ground-truth an-210

notation for each cluster as the most abundant author-validated or expert-211

consensus cell type within that cluster. Following a previously described212

scoring scheme, each predicted annotation was assigned a score of 1, 0.5 or213

0, corresponding to a full match, partial match or mismatch to the ground214

truth, respectively [6, 7].215

As an example, we evaluated these workflows on a published human lung216

single-cell atlas (584,944 cells), which provides expert consensus annotations217

for 24 cell clusters that served as ground truth [23, 17]. All methods achieved218

high-level concordance with the expected broad lineages (epithelial, immune,219

stromal and others), but we observed clear differences in fine subtype reso-220

lution and error rates (Fig. 4A–F, Supplementary Fig. 2 and Supplementary221

Tables S1 and S2).222

Benchmark results demonstrated that ScType powered by scMarkerA-223

gent achieved consistently strong annotation accuracy relative to the public224

marker databases across the benchmark panel, and this advantage was fur-225

ther enhanced by an LLM-guided refinement grounded in scMarkerAgent-226

derived marker evidence. In the human lung dataset (24 clusters), Sc-227

Type+scMarkerAgent correctly annotated the vast majority of cell clusters228

(21 full matches, 2 partial matches and 1 mismatch), outperforming all other229

reference databases. This included the correct identification of specialized230

cell types that were missed or misannotated by other methods. For instance,231

a proliferating alveolar macrophage population was recognized by scMark-232

erAgent, whereas some baseline methods erroneously annotated this cluster233

as proliferating T cells or undefined cycling cells. Similarly, a mast cell clus-234

ter was accurately annotated by scMarkerAgent, while two public databases235

(CellMarker 2.0 and CMA) misclassified these cells as basophils.236

The subsequent LLM-based refinement resolved several of the remain-237

ing errors from the initial ScType+scMarkerAgent predictions. Notably, one238

cluster initially identified as alveolar type I (AT1) cells by ScType+scMarkerAgent239

was reclassified by the LLM as alveolar intermediate (ATi) cells, consistent240

with the co-expression of both AT1 and AT2 marker genes in that clus-241

ter. More broadly, the LLM’s inferential refinements were grounded in ex-242

plicit sentence-level evidence retrieved by scMarkerAgent, and representative243

supporting references and statements are provided in Table 1. In another244

case, the LLM corrected a ScType+scMarkerAgent misassignment of cy-245

cling basal epithelial cells (originally misannotated as macrophages) to their246

proper identity as respiratory basal cells.247

Across the other benchmark datasets (human PBMC, human and mouse248

pancreas, mouse T2D pancreas, rat lung and human glioblastoma; Sup-249
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plementary Figs. 3–8), ScType+scMarkerAgent again achieved the highest250

overall concordance with the reference annotations (Fig. 4G): in the human251

PBMC and pancreas datasets, at least 75% of clusters were full matches to252

the ground truth across scMarkerAgent, with the remaining clusters receiv-253

ing partial-match or mismatch scores, and performance was broadly con-254

sistent across species. For example, in the mouse pancreas dataset, Sc-255

Type+scMarkerAgent yielded full matches for 8 of 10 clusters (80%) with-256

out any mismatches. By contrast, in the glioblastoma dataset all methods257

showed reduced accuracy relative to normal tissues, with ScType+scMarkerAgent258

still yielding the largest number of expert-consistent annotations but only259

approximately 46% of clusters (16/35) full matches and approximately 26%260

mismatches, which may be related to increased heterogeneity and state plas-261

ticity in malignant tissue. Notably, and contrary to the common expecta-262

tion that aggregating more sources necessarily improves performance, CMA,263

despite integrating 23 marker resources including CellMarker 2.0, achieved264

lower annotation scores than CellMarker 2.0 in both the mouse pancreas and265

human glioblastoma benchmarks, suggesting that this aggregation may have266

introduced lower-quality or inconsistent marker annotations.267

In addition, to benchmark against a database-free, LLM-driven annota-268

tion paradigm, we included CASSIA (accessed at https://www.cassia.bio/269

on 17 December 2025), a recently proposed multi-agent LLM framework270

for cell-type annotation [7]. Overall, across the datasets where both meth-271

ods were evaluated, CASSIA exhibited cluster-level annotation performance272

broadly comparable to that of ScType+scMarkerAgent, but it did not sur-273

pass ScType+scMarkerAgent+LLM (Fig. 4G and Supplementary Table S2).274

Relative to ScType workflows that rely on public marker databases, CAS-275

SIA’s clearest advantage was observed in glioblastoma. Unlike the ScType-276

based workflows, CASSIA does not use an explicit marker reference database;277

instead, it relies on the LLM’s parametric knowledge. In practice, its errors278

more often reflected lineage-level misassignments or state-first outputs, and279

its free-text annotations were less standardized across clusters. For example,280

in the human lung dataset, CASSIA alternated between multiple descrip-281

tions for macrophage populations rather than using consistent labels such as282

“alveolar macrophage”, and for a proliferative macrophage cluster it returned283

the state-only label “Cycling / mitotic cells (G2/M-phase enriched)” instead284

of the lineage-aware annotation “cycling alveolar macrophage”. In contrast,285

ScType+scMarkerAgent+LLM produced more standardized, lineage-aware286

labels such as “alveolar macrophage” and “cycling alveolar macrophage” (Sup-287

plementary Table S2).288
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Negative markers improve cell-type disambiguation and ma-289

lignancy delineation290

To further understand why the cluster originally annotated as AT1 was cor-291

rected to ATi cells by the ScType+scMarkerAgent+LLM framework, we292

examined the LLM’s reasoning process (see Supplementary Table S1):293

The cluster co-expresses AT1 markers (AGER) with transitional294

or AT2 features (KRT8, SFTPB), which is characteristic of ATi295

cells. Top-ranked mature AT1 was rejected because its negative296

marker KRT8 overlaps the cluster, indicating biological conflict;297

iAT1 YAP5SA was rejected due to overlapping negatives SFTPB298

and NAPSA. Endothelial stalk cell is unlikely given epithelial lin-299

eage markers (for example, NKX2-1 and EPCAM) and absence300

of endothelial hallmarks. Alveolar epithelial progenitor lacks the301

key transitional markers (KRT8 and SFTPB) seen here. Induced302

AT1 and broad pulmonary alveolar epithelial labels are less spe-303

cific than ATi for this marker pattern. Mesothelial and goblet304

cell candidates do not match the alveolar epithelial signature.305

Aligned with the LLM’s reasoning, we visualized the expression of AGER,306

KRT8 and SFTPB in the human lung dataset (Fig. 5A–C). The AT1 marker307

AGER showed strong and specific upregulation in the AT1 cluster (log2FC308

= 8.67, PCT = 0.955; Fig. 5A), which likely explains why other methods309

annotated this cluster as pulmonary alveolar type I (AT1) cells. However,310

those methods did not incorporate a key biological rule: AT1 cells should311

not express AT2-associated markers such as KRT8 and SFTPB. As shown in312

Fig. 5B,C, both KRT8 and SFTPB were also highly expressed in this cluster.313

Notably, KRT8 is listed as a negative marker for AT1 cells in scMarkerAgent;314

therefore, incorporating negative-marker constraints enabled the framework315

to resolve the marker conflict and yield a more accurate annotation as ATi316

cells.317

Beyond their utility as exclusion constraints for cell-type disambigua-318

tion, negative markers are also valuable for malignant-cell identification in319

tumor scRNA-seq, helping to reduce potential misclassification when pos-320

itive markers are used alone. Accurate identification of malignant cells in321

tumor scRNA-seq is a critical prerequisite for disentangling tumor-intrinsic322

transcriptional programs from signals originating from non-malignant cells in323

the tumor microenvironment. This enables reliable characterization of intra-324

tumoral heterogeneity and tumor cell states associated with progression and325
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therapy resistance, thereby informing mechanism-based therapeutic strate-326

gies [24].327

scMarkerAgent contains 417,812 curated cell type-marker annotations in328

disease-associated contexts. Using glioblastoma as an example, we retrieved329

glioblastoma-specific positive and negative marker sets from scMarkerAgent330

and used UCell to compute per-cell signature scores [25]. Positive-marker331

scores (Fig. 5D) were generally higher in malignant cells and broadly aligned332

with the malignancy labels originally assigned by the authors using SCE-333

VAN iCNV analysis (Fig. 5F), whereas negative-marker scores showed the334

opposite trend (Fig. 5E). Together, these complementary signals indicate335

that negative markers can serve as exclusion constraints and improve the ro-336

bustness of malignant-cell identification beyond the use of positive markers337

alone (Fig. 5G).338

Taken together, these results support the breadth and reliability of sc-339

MarkerAgent annotations and underscore that jointly incorporating negative340

and positive markers can improve cell-type disambiguation and malignant-341

cell delineation in scRNA-seq analyses.342

scMarkerAgent+LLM improves annotation performance and343

standardization in brain spatial transcriptomics344

Using the spatial transcriptomics dataset from Sun et al. [26], we evaluated345

scMarkerAgent+LLM on a Seurat object containing 2,327,742 spatial pro-346

files across 32 sections, and all results together with supporting evidence can347

be explored interactively at https://spatial.markeragent.net (Fig. 6A).348

On this challenging brain spatial dataset, scMarkerAgent achieved a mean349

annotation score of 0.63, outperforming conventional marker-database work-350

flows by more than 10%, and LLM-based refinement further increased per-351

formance to 0.87 (Fig. 6B). Together with the observation that the purely352

LLM-driven CASSIA workflow also ranked ahead of conventional marker-353

database methods, this pattern suggests that reasoning-based annotation is354

particularly helpful in heterogeneous, state-rich settings, where marker-only355

workflows may be less able to resolve fine-grained cell identities. A purely356

LLM-driven approach (CASSIA) ranked second, underscoring the impor-357

tance of reasoning during annotation; however, its outputs were compara-358

tively non-standardized (for example, cluster 4 is returned as a long, region-359

and marker-qualified narrative label; Supplementary Table S3), whereas sc-360

MarkerAgent provides a controlled vocabulary that supports consistent la-361

beling and cross-cluster comparison (Fig. 6B). Overall, we observed that sc-362

MarkerAgent+LLM increased subtype and state resolution relative to the au-363
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thors’ largely marker-based cluster labels while remaining anchored to differ-364

entially expressed markers and explicit marker-consistency checks (Fig. 6C).365

In the oligodendrocyte lineage, the authors’ broad oligodendrocyte labels366

were refined where mature myelin programs were unambiguous: for exam-367

ple, clusters 0 and 22 were upgraded from an oligodendrocyte category to368

mature myelinating oligodendrocytes, supported by canonical mature myelin369

and compaction markers (Mog, Plp1, Mag, Cldn11 and Mal in cluster 22),370

whereas cluster 21 was intentionally retained as a more general oligoden-371

drocyte because the marker evidence did not justify a fully terminal-state372

label.373

In neuronal compartments, where the authors frequently used marker-374

centered names (for example, Neuron_) that do not explicitly encode lin-375

eage or functional class, our framework converted marker combinations into376

standardized, interpretable identities consistent with established neurobiol-377

ogy. These included an L6 corticothalamic-projecting glutamatergic neuron378

for cluster 6 (driven by Rprm), PV interneuron specializations such as a379

chandelier cell for cluster 7 (Vipr2, Pvalb) and a Pvalb GABAergic cortical380

interneuron for cluster 14 (Pvalb, Lhx6, Sox6, Tac1), as well as somatostatin-381

expressing interneurons for clusters 12 and 28 (for example, an Sst program382

with Sox6/Npy/Crhbp in cluster 12, and Chodl/Crhbp in cluster 28) and a383

VIP interneuron identity for cluster 16 (Htr3a, Vip). Importantly, these re-384

finements reflect lineage-consistent combinations rather than single-marker385

naming and therefore improve cross-cluster comparability (Fig. 6D,E).386

scMarkerAgent+LLM corrected lineage assignments in non-neuronal clus-387

ters when the authors’ labels conflicted with canonical marker modules. This388

was most evident in cluster 24, where a choroid plexus epithelial identity389

(Ttr, Folr1, Krt18, Cldn2, Igfbp2) provided a more coherent epithelial and390

secretory program than an ependymal-type label, and in cluster 8, where a391

mural or pericyte program (Acta2, Myl9, Cspg4, Rgs5) supported vascular392

mural identity rather than a broader leptomeningeal-associated designation.393

Together, these results show that scMarkerAgent+LLM improves both394

accuracy and subtype or state resolution in brain spatial transcriptomics.395

Moreover, unlike purely LLM-driven annotation, it maintains standardized,396

comparable cell-type names by grounding decisions in differential markers397

and explicit consistency checks.398
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Discussion399

In summary, the major bottleneck in marker-based annotation is not merely400

a scarcity of markers, but rather the absence of auditable, context-aware401

evidence and principled conflict handling [27]. By linking each record to402

sentence-level evidence and applying QC filtering, scMarkerAgent converts403

literature-derived cell type-marker statements into traceable, structured an-404

notations. Building on this framework, ScType-based pre-filtering, negative-405

marker exclusion and LLM reasoning grounded in scMarkerAgent-derived406

marker evidence collectively improve the accuracy and interpretability of407

cell-type annotation in scRNA-seq benchmarks and spatial transcriptomics.408

The value of sentence-level evidence extends beyond finer-grained cita-409

tions. It enables direct verification of marker knowledge and supports in-410

terpretation of why annotation disagreements arise. When conflicts arise411

over a cell type-marker annotation, users can trace back to the original ev-412

idence sentences to examine factors such as tissue, disease background and413

experimental context, thereby discerning whether disagreements stem from414

contextual variation, naming inconsistencies or insufficient support. Impor-415

tantly, this evidence-centric marker paradigm differs from reference-based,416

training-driven approaches. Most atlas mapping or supervised classifiers417

rely on labeled training data, are sensitive to the representativeness of the418

training reference, and typically require retraining or adaptation when novel419

cell types or disease states emerge [28]. In contrast, scMarkerAgent can be420

expanded by adding new cell type-marker annotations along with their sup-421

porting sentences, without the need for model pretraining, enabling faster422

incorporation of newly characterized populations while maintaining inter-423

pretability and traceable provenance.424

Our analyses suggest that fine-grained misannotations often arise not425

from missing strong positive markers, but from the absence of negative-426

marker evidence capable of explicitly excluding biologically implausible can-427

didate annotations [15, 29]. In the AT1-to-ATi disambiguation example,428

strong positives such as AGER can dominate decisions in fixed-weight scor-429

ing schemes and bias the label toward AT1. However, the concurrent ex-430

pression of KRT8 and SFTPB argues against a canonical AT1 program:431

SFTPB provides negative evidence against AT1 by reflecting retained AT2-432

associated features, and KRT8 provides positive support for an intermedi-433

ate, ATi-like identity consistent with a mixed or transitional transcriptional434

program, in line with prior studies [30, 31, 32]. By systematically curat-435

ing negative markers, scMarkerAgent renders such incompatibilities explicit436

and shifts the decision logic from “which candidate scores higher” to “which437

12



candidates are inconsistent with the observed marker pattern”. In the sc-438

MarkerAgent+LLM workflow, the LLM does not merely follow ScType’s439

fixed weights; instead, it performs evidence-guided reasoning based on the440

retrieved sentences, evaluates lineage specificity, and accounts for both posi-441

tive support and negative-marker conflicts. More broadly, this conflict-aware442

strategy reduces over-reliance on a few dominant positives and improves ro-443

bustness and interpretability in fine-grained settings where closely related444

populations share markers or transitional states mix transcriptional pro-445

grams.446

In disease settings such as tumors and diabetic pancreas, we observed447

that annotation accuracy can decline across methods, consistent with in-448

creased transcriptional plasticity, the intermixing of lineage and state pro-449

grams, and entangled disease-microenvironment signals [33]. scMarkerAgent450

addresses these challenges through complementary data and algorithmic in-451

novations. On the data side, it incorporates substantially more disease-452

context marker annotations, aligning candidate identities and evidence with453

the non-canonical expression combinations commonly observed in diseased454

samples. On the algorithmic side, we jointly leverage positive and neg-455

ative markers while implementing evidence-constrained candidate filtering456

and conflict resolution, such that malignant-cell delineation is guided by457

both capturing malignant programs and excluding microenvironmental cells.458

This approach reduces ambiguity and misclassification that are more likely459

to occur when relying solely on positive markers [34].460

Based on our comparisons, LLMs appear to be useful for reasoning461

over complex marker combinations and for producing standardized outputs,462

whereas their main risks stem from unverifiable knowledge sources and out-463

put instability. Foundation models typically rely on large-scale pretraining464

and downstream fine-tuning, involve substantial computational cost, and465

their performance is tightly coupled to the coverage of training data [35].466

In single-cell applications, transformer-based approaches can treat genes as467

tokens to learn expression patterns and achieve a degree of transfer across tis-468

sues and conditions, motivating a growing ecosystem of LLM and foundation-469

model tools [7, 36]. However, purely LLM-driven or purely generative work-470

flows can still face practical limitations. First, predictions often rely on471

parametric knowledge without an auditable evidence chain, making it diffi-472

cult to justify why a label was chosen [37, 38]. Second, outputs may drift473

into non-standard free-text naming, reducing consistency across clusters and474

datasets [39, 40]. Third, when new cell types or disease subtypes are not475

represented in training corpora, models may produce plausible-sounding but476

weakly supported inferences [27, 41]. We therefore invoke the LLM only477
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after evidence retrieval and candidate constraint. The model then resolves478

conflicts and assigns names only using scMarkerAgent-supported marker evi-479

dence and a predefined candidate set, preserving the benefits of LLM reason-480

ing while reducing non-traceable or inconsistent outputs in both scRNA-seq481

and spatial transcriptomics.482

Despite these improvements, scMarkerAgent remains subject to litera-483

ture and coverage bias. Common tissues and cell types are associated with484

more annotations, whereas uncommon tissues or newly reported findings485

may lack sufficient support. Moreover, as scRNA-seq advances, outdated486

Cell Ontology terms may not keep pace with the emergence of new cell types.487

Improving the update speed of cell ontologies would benefit cross-study anal-488

yses and cell atlas construction [42]. In addition, this study evaluated only489

the application of ScType within the scMarkerAgent database, and other490

marker-based annotation methods were not tested. Further algorithmic op-491

timization may improve annotation accuracy.492

Future work will extend scMarkerAgent in two areas. First, beyond the493

current coverage of human, mouse and rat, we will incorporate marker an-494

notations for additional species to broaden its applicability to studies in495

diverse organisms. Second, we plan to establish an automated, versioned496

release mechanism with quarterly updates to continuously integrate newly497

published evidence, enabling timely inclusion of newly reported cell types498

and markers.499

In conclusion, scMarkerAgent provides a sentence-level, evidence-based500

marker resource that improves the transparency and interpretability of marker-501

driven cell type annotation. By integrating positive and negative markers502

with candidate-constrained LLM reasoning, it enables more reliable fine-503

grained annotation across multi-species single-cell datasets, including in dis-504

ease contexts, and in spatial transcriptomics.505

Methods506

Data collection507

We used the following search terms: (“single cell” OR “single-cell” OR “single508

cell RNA-seq” OR “scRNA-seq” OR “single-cell RNA” OR “scRNA sequenc-509

ing” OR “single cell sequencing” OR “single cell RNA sequencing” OR “single510

cell RNAseq” OR “scRNAseq” OR “scRNA seq” OR “cell marker” OR “cell511

markers” OR “cellular marker” OR “cellular markers” OR “surface marker”512

OR “surface markers” OR “specific marker” OR “cell signature” OR “cell513

signatures” OR “cellular signature” OR “cellular signatures” OR “surface sig-514
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nature” OR “surface signatures” OR “cell specific signature” OR “cell specific515

signatures” OR “identify cell marker” OR “identify cell markers” OR “iden-516

tify surface marker” OR “identify surface markers” OR “identify cell specific517

marker” OR “identify cell specific markers” OR “identify cell signature” OR518

“identify cell signatures” OR “identify cellular signature” OR “identify cellular519

signatures” OR “identify surface signature” OR “identify surface signatures”520

OR “identify cell specific signature” OR “identify cell specific signatures” OR521

“classify cell type”). A total of 404,362 annotations related to cell markers522

were retrieved from the PubMed Central database. After excluding pub-523

lications unrelated to cell markers, 294,692 relevant articles were included524

(https://ftp.ncbi.nlm.nih.gov/pub/pmc/, accessed 22 September 2025).525

ChatGPT-5-based framework for cell marker annotation526

To convert publications containing cell marker information into a standard-527

ized database format, we developed a multi-agent framework based on ChatGPT-528

5 (version gpt-5-2025-08-07). We also built a robust, high-throughput par-529

allel pipeline to extract key information related to cell type annotation from530

large-scale full-text databases. The entire annotation workflow follows an531

evidence-based principle, and all annotations are derived directly from trace-532

able textual evidence in the original publications (Fig. 1A).533

The core component of this framework is the Extract Agent, which runs534

within a high-throughput parallel worker pipeline to extract structured an-535

notations from large-scale full-text corpora in an evidence-based manner.536

For each paper, the agent first aggregates the full text by section and per-537

forms section filtering to prioritize marker-relevant content while excluding538

sections that are less likely to contain marker-based annotation evidence. It539

is instructed to extract species, tissue class, tissue type, disease type, cell540

type, marker and marker polarity, while restricting markers to single, spe-541

cific gene symbols or protein names that are explicitly used for cell-type542

identification, definition, classification or distinction rather than expression-543

only descriptions or functional studies, and it explicitly captures negative544

markers when absence or non-expression is used to distinguish identities.545

To ensure traceability, every extracted record is accompanied by minimal546

verbatim sentence-level evidence from the original text, together with the547

originating section and publication metadata. Results from all processed548

sections are then consolidated and deduplicated while preserving their asso-549

ciated section information and evidence text for downstream processing (see550

Supplementary Note 2 for details).551

The QC Agent performs evidence-based, independent and stringent qual-552
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ity control for each annotation record by validating the cell type, marker and553

marker polarity fields. Each record must satisfy six mandatory rules that col-554

lectively enforce sentence-level evidence, direct association, non-speculative555

wording, single-symbol markers, polarity consistency and explicit use for cell-556

type identification. (1) The marker must be a single, specific gene symbol557

or protein name, not a gene family, descriptive term or compound designa-558

tion. (2) The marker must be explicitly used in the source text for cell-type559

identification, classification, definition or distinction, rather than only for ex-560

pression analysis or functional studies. (3) The source evidence must consist561

of complete sentence(s) that directly support the cell type-marker annotation562

claim. (4) The evidence must clearly demonstrate the association between563

the marker and the cell type. (5) Marker polarity must be determined based564

on identification usage: a positive marker means presence or expression de-565

fines identity, whereas a negative marker means absence or non-expression566

is used to distinguish identity. (6) The source text must not be speculative,567

conditional or uncertain about the cell type-marker annotation. During vali-568

dation, the QC Agent evaluates each record independently. Records that can569

satisfy all rules with limited field correction are automatically corrected and570

marked as passed; records that cannot satisfy the rules are marked as failed571

with a specific failure reason for human review. Only annotations that pass572

quality control are retained for database construction (see Supplementary573

Note 3 for details).574

During the annotation process, we observed that abbreviations for tissue575

and cell types are frequently used in papers, which may lead to misinterpre-576

tation. For instance, LSCs could refer to either leukemia stem cells or liver577

stem cells, potentially resulting in erroneous cell type-marker annotations.578

To address this issue, we developed the Abbr2full Agent, which expands579

tissue and cell-type abbreviations using publication-specific context. This580

module first classifies each term in the three fields of tissue class, tissue581

type and cell type as either an abbreviation or a full name, then retrieves582

contextual sentences containing the abbreviation from the full text of the583

corresponding paper for terms identified as abbreviations, and subsequently584

submits both the abbreviation and its contexts to the LLM for expansion,585

enabling conversion to the full name based on the paper context (see Sup-586

plementary Note 4 for details).587

We used a Standardization Agent to standardize raw names into controlled-588

vocabulary terms. Specifically, we selected the Cell Ontology to standardize589

cell types (accessed on 18 October 2025), applied the Uberon Ontology for590

tissue standardization (accessed on 1 October 2025), and used the Disease591

Ontology for disease standardization (accessed on 13 October 2025) [11, 10,592
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12]. Further details are provided in Supplementary Note 5.593

Classification and standardization of marker names594

In this study, we designed a standardization workflow for gene symbols and595

protein names of cell markers to address potential inconsistencies and ambi-596

guities in nomenclature across data sources and species. At the gene level,597

we performed species-specific searches using the NCBI E-utilities API to598

obtain standardized gene symbols, descriptions and aliases [13]. When di-599

rect matching failed, we supplemented the results using three R packages,600

org.Hs.eg.db, org.Mm.eg.db and org.Rn.eg.db. At the protein level, we601

annotated proteins using the UniProt database under species-specific condi-602

tions, prioritizing reviewed entries [43]. To improve reliability, we conducted603

stringent quality control for both gene and protein annotations to ensure604

high accuracy and biological plausibility. For each marker, we ultimately605

provided standardized gene symbols, Entrez IDs, Ensembl IDs, full names606

and gene types, and explicitly recorded the corresponding data sources. We607

also ensured that the entire standardization procedure was traceable and608

reproducible to facilitate downstream analyses and verification.609

Statistical comparisons610

To systematically evaluate the overall performance of scMarkerAgent rela-611

tive to comparable resources, we selected three publicly available databases612

as benchmarks: Cell Marker Accordion (CMA), CellMarker 2.0 and ACT [1,613

2, 3]. ACT and CellMarker 2.0 are manually curated databases of anno-614

tated cell type-marker associations. CMA is an integrated database that615

aggregates 23 published human and mouse cell-type gene marker databases,616

together with cell-sorting marker sources.617

We compared scMarkerAgent with CMA, CellMarker 2.0 and ACT across618

15 quantitative dimensions: (1) the total number of cell type-marker an-619

notations; (2) the number of unique markers after de-duplication; (3) the620

number of unique publications; (4) the number of unique tissue types after621

de-duplication; (5) the number of unique cell types after de-duplication; (6)622

the number of unique disease types after de-duplication; (7) the number of623

standardized tissue types based on the Uberon Ontology; (8) the number624

of standardized cell types based on the Cell Ontology; (9) the number of625

standardized disease types based on the Disease Ontology; (10) the number626

of human annotations; (11) the number of mouse annotations; (12) the num-627

ber of rat annotations; (13) the total number of disease annotations; (14)628
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the number of positive marker annotations; and (15) the number of negative629

marker annotations.630

Comparison of scRNA-seq annotation performance in scMark-631

erAgent632

To evaluate the applicability and generalization performance of scMarkerA-633

gent for scRNA-seq cell-type annotation, we analyzed public datasets span-634

ning multiple species, tissues and disease states. To enable a controlled635

comparison across marker resources, we used ScType as the unified anno-636

tation algorithm because it supports user-defined marker inputs and in-637

corporates both positive and negative markers via specificity-based weight-638

ing across clusters and candidate cell types [15]. In addition, we imple-639

mented a ScType+scMarkerAgent+LLM framework in which ScType first640

proposes the top candidate cell types based on scMarkerAgent markers, and641

an LLM then selects the final identity by interpreting marker patterns in642

context. The ScType+scMarkerAgent+LLM framework was designed to643

increase the likelihood that the correct identity appeared among the pro-644

posed candidates and enables the LLM to interpret marker polarity and645

specificity when resolving candidate identities, whereas ScType’s raw scor-646

ing assigns equal weight to individual markers. ScType-based candidate647

pre-filtering keeps the LLM input concise, and the evidence-derived marker648

sets in scMarkerAgent ground the LLM’s predictions to reduce spurious an-649

notations [44]. In parallel, where evaluated, we benchmarked CASSIA (ac-650

cessed at https://www.cassia.bio/ on 17 December 2025) as a database-651

free, LLM-driven annotation workflow for comparison [7].652

We selected seven benchmark scRNA-seq datasets with author-validated653

or expert-consensus annotations to evaluate annotation performance. To654

ensure comparability across studies, we used the cluster as the unit of com-655

parison and defined the ground truth for each cluster as the most frequent656

known cell type within that cluster. For scoring, we followed the approach657

described by Hou et al. and evaluated agreement between predicted annota-658

tions and ground truth, assigning 1 point for an exact match, 0.5 points for659

a partial match and 0 points for a mismatch [6]. The benchmark datasets660

included: Sikkema et al., a core dataset from a healthy human lung cell661

atlas that includes lung tissue samples from 107 healthy individuals and662

provides manual cell-type annotations based on consensus from six indepen-663

dent experts [17]; Baron et al., a human pancreas single-cell transcriptome664

dataset comprising three healthy donors [18]; Baron et al., a mouse pancreas665

single-cell transcriptome dataset comprising two mice [18]; Hrovatin et al., a666
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mouse T2D pancreas single-cell dataset [20]; Hong et al., a rat lung single-cell667

dataset [21]; Zheng et al., a reference expression dataset of normal human668

PBMC subpopulations generated using magnetic bead enrichment [16]; and669

Ruiz-Moreno et al., GBmap, a multimodal single-cell and spatial atlas of670

IDH-wild-type glioblastoma integrating data from 240 patients and more671

than 1.1 million cells [19].672

Comparison of spatial transcriptomics annotation performance673

in scMarkerAgent674

To evaluate the applicability of scMarkerAgent in spatial transcriptomics, we675

analyzed the spatial transcriptomics dataset from Sun et al. [26] using a Seu-676

rat object containing 2,327,742 spatial profiles across 32 sections. We com-677

pared the ScType+scMarkerAgent workflow, the ScType+scMarkerAgent+LLM678

workflow, representative database- or LLM-based annotation workflows, and679

CASSIA at the cluster level using the same scoring scheme described above.680

scMarkerAgent for custom cell scoring681

In disease research, particularly in cancer studies, distinguishing malignant682

cells from normal cells is essential for accurate diagnosis, personalized treat-683

ment strategies, understanding the disease microenvironment, and improving684

therapeutic efficacy [45]. Malignant cells in tumors can be identified by ex-685

amining cell-of-origin marker genes, tumor heterogeneity and copy number686

alterations [34]. However, traditional manual annotation methods are lim-687

ited by incomplete marker knowledge and subjectivity, and there is currently688

no standardized large-scale disease-context cell markers database available689

to overcome these challenges [46].690

Therefore, we generated 417,812 curated cell type-marker annotations in691

disease contexts, covering 68,456 publications. We recorded 15,386 diseases,692

including 3,667 standardized disease terms, compared with only 155 diseases693

in CMA (Fig. 3I).694

To assess the accuracy of our annotations, we collected and organized695

the glioblastoma scRNA-seq dataset published in GBmap. We then filtered696

scMarkerAgent to obtain the marker set with tissue set to brain, cell type697

set to malignant cell, and disease name set to glioblastoma. We used the698

UCell algorithm to score each cell [25]. UCell is an R package designed699

for scRNA-seq data to evaluate gene-signature enrichment. Higher scores700

indicate a higher probability that a cell is malignant. We then compared701

these scores against the malignant cells annotated by experts in GBmap to702
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evaluate malignant scoring patterns.703

Analysis of scRNA-seq data704

We performed a unified scRNA-seq analysis workflow using the Seurat pack-705

age (version 5.3.0) in R (version 4.5.1) [22]. Data were first log-normalized706

using the NormalizeData function, and the 2,000 most highly variable fea-707

tures were identified using the variance-stabilizing transformation selection708

method and scaled. Linear dimensionality reduction through principal com-709

ponent analysis was performed on scaled data, and scRNA-seq cells were clus-710

tered based on a shared nearest-neighbor graph (obtained with the FindNeighbors711

function using the first 30 principal components and k=20) employing the712

FindClusters function with the default Louvain algorithm for community713

detection (random seed set to 1234). For cluster visualization, we used uni-714

form manifold approximation and projection (UMAP) with the same 30715

principal components.716

Implementation of scMarkerAgent717

The frontend of scMarkerAgent is built with Vue.js and the Element UI718

component library, with ECharts used for interactive data visualization. The719

backend analytical pipeline is implemented in R, with a SQLite database720

storing curated cell-type-marker annotations. The platform supports task-721

based execution for both cell annotation and cell scoring modules. Each722

analysis generates a unique task ID and a persistent result URL, enabling723

users to monitor job status through the web interface. Users receive email724

notifications at task initiation and completion. The system is deployed on a725

high-performance server with 96 GB RAM and 2 TB storage.726

Funding727

This work was supported by the Natural Science Foundation of China (Grant728

Nos. 62471240 and 62231013 to Chen Cao) and the New Technology Project729

of Children’s Hospital of Nanjing Medical University (XJS2024-108 to Xu730

Wang). Funding for open access charge: Natural Science Foundation of731

China (Grant Nos. 62471240 and 62231013).732

20



Author contributions733

H.C., Y.S. and H.Zhang conceived the study and designed the overall frame-734

work. H.C., Y.S., H.Zhang, Y.Liu and H.Zhao carried out data curation,735

method development, analysis and validation. X.W., G.W., G.L. and C.C.736

supervised the study. H.C., Y.S. and H.Zhang drafted the manuscript.737

Y.Liu, H.Zhao, X.W., G.W., G.L. and C.C. critically revised the manuscript.738

All authors read and approved the final manuscript.739

Competing interests740

The authors declare no competing interests.741

Data availability742

The data generated in this study have been deposited in Zenodo and are743

available at https://doi.org/10.5281/zenodo.18825921.744

Code availability745

The code used in this study is publicly available at https://github.com/746

HaoRan-Code/scMarkerAgent under the MIT license.747

21

https://doi.org/10.5281/zenodo.18825921
https://github.com/HaoRan-Code/scMarkerAgent
https://github.com/HaoRan-Code/scMarkerAgent
https://github.com/HaoRan-Code/scMarkerAgent


Table 1: Sentence-level evidence retrieved by scMarkerAgent for LLM-guided
annotation refinement in ScType+scMarkerAgent+LLM.

PMC ID Marker Sentence-based evidence

PMC10116630 AGER Early progenitors AT1/2 cells co-expressed the
AT1 marker AGER as well as surfactant proteins
SFTPD, SFTPC and SFTPB.

PMC11355357 KRT8 The epithelial cells could be divided into alveolar
type 1 cells (AT1), alveolar type 2 cells (AT2) and
KRT8+ PATS (KRT8+ pre-alveolar type 1 transi-
tional cell state) cells based on specific marker ex-
pressions.

PMC10287567 SFTPB We were further able to detect six cell identities
that were not previously found in the human lung
or were only recently described in individual stud-
ies, including the recently described alveolar type 0
cells (n = 1,440, expressing SFTPB+, SCGB3A2+,
SFTPChigh and SCGB3A1low).
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Figure 1: Overview of scMarkerAgent. (A) scMarkerAgent multi-agent
framework and core features. Four LLM-based agents, Extract Agent, QC
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port evidence-guided knowledge construction, while the Cell Annotation
Agent is integrated into the web platform for automated cell annotation
and report generation. Three key features are highlighted: sentence-level
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summary statistics of scMarkerAgent. Created in BioRender. Chen, H.
(2026) https://BioRender.com/6lka6zy.23
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ACT across 15 dimensions.
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