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Abstract

Spatial transcriptomics enables high-resolution profiling of gene expression within spatial
contexts, yet its potential is often hindered by fragmented toolchains, intricate parameters,
and cognitive bottlenecks of interpreting high-dimensional data. While recent Large Lan-
guage Model agents have attempted to automate this process, they remain constrained by
rigid execution logic, lack multimodal feedback for self-correction, and operate in epistemic
isolation from established biological knowledge. Here, we present STAnalyzer, an intelli-
gent multi-agent framework designed to automate the end-to-end analytical lifecycle—from
raw data processing to biological hypothesis generation. Transcending traditional pipelines,
STAnalyzer employs a collaborative intelligence architecture to achieve three core capabil-
ities: (1) Intent-Driven Orchestration, which dynamically translates natural language
queries into rigorous bioinformatics workflows; (2) Multi-Modal Self-Refinement, which
autonomously ensures analytical robustness through closed-loop synthesis of evidence from
visual patterns and statistical metrics; and (3) Evidence-based Cross-Validation, which
bridges the gap between data-driven correlations and biological causation by anchoring find-
ings in ground-truth literature and structured databases. By eliminating manual analytical
bottlenecks and ensuring rigorous evidentiary traceability and transparency, STAnalyzer
makes high-resolution spatial omics more accessible to a broader research community. It
provides a robust and scalable framework for cross-platform automated analysis and ac-
celerated biological discovery, translating massive spatial datasets into verifiable biological
insights.

1 Introduction

Spatial transcriptomics (ST) has emerged as a transformative technology in modern biology and
medicine, enabling the simultaneous capture of gene expression profiles and their spatial con-
textualization within intact tissues [1, 2]. This unique capability has unlocked unprecedented
insights into tissue architecture, cellular crosstalk, developmental dynamics, and disease mi-
croenvironment heterogeneity, revolutionizing fields ranging from basic developmental biology
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Figure 1: System architecture and end-to-end workflow of STAnalyzer. The framework com-
prises: (1) a natural language User Interface; (2) the Orchestrator Agent for intent parsing and
multi-agent coordination; (3) the Service Execution layer including the Service Planner Agent,
specialized analytical services, and the Data Interpretation Agent; (4) the Knowledge Integra-
tion Agent linking external resources (PubMed, KEGG); (5) the Data Management module
for file provenance and traceability; and (6) an end-to-end workflow from automated analysis
through knowledge integration to result generation.
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to precision oncology and neuroscience [3, 4]. With the rapid advancement of ST platforms
(e.g., Visium, Slide-seq [5], and MERFISH [6]), the volume of spatial transcriptomic data has
grown exponentially, driving an urgent demand for efficient, standardized, and user-friendly
analytical tools [7].

While platforms like SpatialRef [8] and SODB [9] provide essential ST resources, their prac-
tical utility is hindered by dual technical and cognitive bottlenecks. Computationally, frag-
mented pipelines and complex deployments present significant challenges for biologists lacking
advanced computational expertise [10, 11, 12]. Biologically, deciphering high-dimensional out-
puts into actionable insights demands substantial domain knowledge, imposing a considerable
cognitive load. Furthermore, current isolated tools intrinsically lack cross-step, cross-result, and
context-aware interpretive capabilities. Consequently, this limited systemic integration, coupled
with steep knowledge prerequisites, constrains the broader application of ST technologies.

In recent years, the breakthrough progress of Large Language Models (LLMs) in zero-shot
learning and generalization has significantly advanced bioinformatics and automated experi-
mental data analysis, inspiring representative works such as Cell Agent [13], Bio Agents [14],
and Bioinformatics Agents [15] to build intelligent agents for complex task automation. How-
ever, applying these general-purpose bio-agents to spatial transcriptomics data reveals critical
deficiencies in handling real-world scientific complexity. First, existing methods often suffer
from fragile execution without dependency awareness, as they treat bioinformatics tools as iso-
lated entities while neglecting the implicit logical dependencies between analytical steps and
the volatility of fragmented ecosystems [11, 16]; Second, current systems are characterized by
open-loop execution with multimodal blindness, operating as ”fire-and-forget” pipelines that
lack the semantic capability to interpret multimodal outputs [17]. Without a structured strat-
egy to navigate complex results, these agents frequently succumb to context overflow and fail to
perform essential self-reflection or dynamic replanning based on intermediate biological signals.
Third, these agents suffer from epistemic isolation from external knowledge because they rely
on static internal parameters, which prevents them from synergizing structured databases with
unstructured literature. Lacking mechanisms for query alignment or coarse-to-fine reading, they
cannot retrieve high-fidelity evidence, rendering them unable to provide the traceable, citation-
backed insights required to distinguish genuine biological discoveries from technical artifacts
[18].

To bridge these critical gaps, we present STAnalyzer, an intelligent multi-agent collabo-
rative framework designed to automate the spatial transcriptomics analysis lifecycle through
natural language interaction. By simply providing raw data and a research query (e.g., “Iden-
tify genes driving the tumor microenvironment changes and verify with literature”), users trig-
ger an autonomous process that integrates three core capabilities. First, the system excels in
autonomous planning and orchestration, decomposing high-level intents into executable bioin-
formatics workflows that range from data normalization to the generation of multimodal visu-
alizations. Second, STAnalyzer employs self-refining quality assurance through a closed-loop
feedback mechanism, critically evaluating intermediate results against analytical standards and
autonomously rectifying parameters to ensure robust outcomes. Third, the framework per-
forms evidence-based cross-validation via a dual-pipeline knowledge engine that cross-references
computational findings with external ground truth from structured databases and high-impact
literature. This process generates traceable, citation-backed insights that bridge the gap be-
tween data-driven inference and established biological causation. By automating and enhancing
the entire analytical pipeline, STAnalyzer effectively lowers technical barriers, ensures process
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traceability, and substantially reduces the cognitive load required to translate high-dimensional
outcomes into meaningful biological discoveries. Through applications on both spot-level and
subcellular-resolution spatial transcriptomic datasets encompassing human brain and lung can-
cer, STAnalyzer demonstrates its effectiveness in two complementary dimensions: rapidly and
autonomously recapitulating established biological paradigms, and serving as a scalable engine
for cross-platform automated analysis and accelerated biological discovery.

2 Materials and methods

2.1 STAnalyzer Architecture: A Human-in-the-Loop Multi-Agent Frame-
work

STAnalyzer is an intelligent collaborative system tailored for comprehensive spatial transcrip-
tomics (ST) data analysis. In contrast to traditional “black-box” automated pipelines, STAn-
alyzer implements a Human-in-the-Loop (HITL) paradigm, seamlessly integrating multi-
agent autonomy with human domain expertise. The core engine is orchestrated through four
functionally specialized agents: the Orchestrator Agent (OA), Service Planner Agent
(SPA), Data Interpretation Agent (DIA), and Knowledge Integration Agent (KIA).
These agents autonomously decompose complex biological workflows, manage execution states,
and query external knowledge. However, rather than operating in isolation, the framework
embeds the user at the center of the decision-making process, ensuring that computational
autonomy is continuously guided, verified, and refined by human intuition.

2.2 Interactive Human-in-the-Loop (HITL) Interface

This synergistic architecture is operationalized via a web-based dashboard that establishes a
continuous human–AI collaborative loop. Within this interface, the analytical workflow is repre-
sented as a dynamic provenance graph. Researchers can select specific intermediate data nodes
from this graph and integrate them into the conversational context. While natural language
prompts can trigger the agents to autonomously parse requirements and execute bioinformatics
workflows, the system strictly maintains process transparency. When granular intervention is
required, researchers can override agent autonomy to manually configure execution parameters,
define analytical boundaries, and initiate specific services. As intermediate outputs are gener-
ated, they can be dynamically reassigned as new context, enabling an iterative, query-driven
exploration of the data.

To bridge computational results with biological interpretation, the interface integrates es-
sential spatial visualization capabilities. This allows users to inspect key spatial characteristics,
such as cell distribution patterns, gene expression heterogeneity, and spatial co-localization, di-
rectly within the analytical context. By cross-referencing these visual cues with agent-generated
structured reports and retrieved literature, users can critically evaluate the validity of the com-
putational findings. Ultimately, this mechanism establishes a rigorous analytical loop: system
output triggers human verification, which in turn guides subsequent computational interven-
tions and optimizations. If the results deviate from biological expectations, the workflow can
be seamlessly rolled back to previous decision nodes for re-evaluation. Ultimately, this HITL
design culminates in the delivery of a comprehensive and fully traceable analytical report.

2.3 Orchestrator Agent (OA): User-Centric Coordinator

As the sole user-facing entry point and central coordinator of STAnalyzer, the OA functions as
a user proxy responsible for translating unstructured natural language requests into structured,
executable actions while maintaining global analytical consistency. Upon parsing a user’s re-
search intent, the OA iteratively manages the system by mapping high-level goals to concrete
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bioinformatics tasks—such as data normalization or spatial domain identification—via explicit
service execution directives. Beyond mere task delegation, it actively evaluates execution out-
comes and intermediate data files through result inspection and feedback parsing, determining
whether current analytical objectives are met or require parameter rectification. This technical
workflow is further enriched by knowledge retrieval and integration, which triggers KIA queries
to bridge the gap between data statistics and biological significance using external databases
and literature. Throughout this lifecycle, the OA anchors the process within a dynamic Global
Context Memory—logging project background, data states, and historical interactions—to en-
sure that every analytical step remains tightly aligned with the user’s scientific hypothesis until
a comprehensive, biologically grounded result is achieved.

Throughout this process, the OA maintains a dynamic Global Context Memory, which logs
project background, uploaded data states, and historical interaction records. By continuously
cycling, inspecting results, and querying knowledge, the Orchestrator ensures that the analysis
not only progresses technically but also aligns tightly with the user’s scientific hypothesis until
a comprehensive, biologically meaningful final result is generated.

2.4 Service Planner Agent (SPA): Addressing Bioinformatics Complexity in
Tool Selection and Execution Robustness

SPA is designed to translate abstract research intents into concrete, reliable analytical steps,
but its application in bioinformatics is hindered by significant challenges. Specifically, the agent
must navigate a vast tool selection space complicated by implicit task dependencies, manage
intrinsically unstable execution environments prone to complex programming language and li-
brary compatibility issues, and overcome cryptic diagnostic feedback that severely limits its
ability to devise effective error recovery strategies. To systematically resolve these intercon-
nected planning, execution, and debugging bottlenecks, we propose a three-layer framework
that integrates constraint matching, a robust execution loop, and containerized microservices
to ensure seamless and automated analysis.

To systematically address these challenges, we propose a three-layered framework (Figure 2),
integrating constraint-based matching, a robust execution loop, and containerized microservices.

Constraint-based Tool Matching (Top Layer): To navigate the expansive toolset, we
establish a Service-File-Type Constraint mechanism. As shown in the top panel of Figure 2,
this mechanism first constrains the search space based on the input data type (e.g., mapping
“Clustered spatial data” to candidate tools like spatrack and CellPhoneDB). Subsequently, the
Tool Matching Engine evaluates these candidates against the user’s specific intent. By compar-
ing the intent with Standardized Tool Info, the engine assigns relevance probabilities—for
instance, assigning a high confidence score of 0.9 to CellPhoneDB for interaction analysis tasks,
while assigning lower scores (e.g., 0.2 or 0.3) to less relevant tools.

Robust Execution Workflow (Middle Layer): The middle panel of Figure 2 illustrates
the agent’s robust execution workflow, which operates as a closed loop explicitly driven by
both data and research intent. Upon receiving input data, the agent first utilizes a Matching
Engine to select the optimal analytical tool and configures its parameters based on standardized
metadata. The task is then dispatched through a unified API call, ensuring standardized
interaction regardless of the underlying programming language, such as R or Python. Following
execution, the system either generates successful analytical results or, in the event of a failure,
activates a continuous feedback mechanism that captures fine-grained diagnostic information.
This feedback loop empowers the agent to iteratively adjust parameters or re-plan the analysis,
significantly enhancing its overall robustness against runtime errors.

Containerized Microservices with Fine-Grained Feedback (Bottom Layer): To
resolve environment fragility, we refactored bioinformatics tools into a Microservices Architec-
ture. As illustrated in the bottom panel of Figure 2, tasks are dispatched via unified API call,
which encapsulates the data and parameters (e.g., Min expr). Each tool runs within an iso-
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Figure 2: Architecture of the Service Planner Agent. The framework is organized into
three logical layers: (Top) The Tool Matching Layer leverages Service-File-Type Constraints
and a semantic Tool Matching Engine to select appropriate tools (e.g., CellPhoneDB) based on
standardized descriptions. (Middle) The Execution Workflow Layer illustrates the closed-
loop process from tool matching and parameter configuration to execution, incorporating a
feedback mechanism for error recovery. (Bottom) The Infrastructure Layer supports the
workflow via a Unified API Call interface and a Containerized Runtime Environment, providing
Fine-Grained Diagnostic Feedback to resolve execution failures.
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lated containerized runtime environment (defined by Dockerfile and Requirements). Crucially,
the system replaces cryptic stack traces with fine-grained feedback. For example, when a “clus-
ter label column not found” error occurs, the system generates structured suggestions (e.g.,
“Check input file format”, “Verify parameters”), enabling the agent to pinpoint the root cause
(e.g., column name mismatch) rather than blindly retrying.

Furthermore, the agent incorporates mechanisms to identify similar failure patterns, ensur-
ing that non-productive execution cycles are terminated after repeated failures, redirecting the
process to result reporting, thus guaranteeing system stability and reliability. For customized
needs beyond the scope of predefined tools, SPA also supports generating and executing cus-
tomized analysis scripts in a secure isolated environment, integrating the results into the overall
analytical sequence.

2.5 Data Interpretation Agent (DIA): Multi-Modal Understanding and Syn-
thesis

DIA is designed to interpret computational outputs during spatial transcriptomics analysis. As
illustrated in Figure 3, the agent operates in two distinct modes to accommodate different
analytical granularities: (A) Single File Query for specific data inspection, and (B) File
Tree Query for complex, multi-file synthesis.

Single File Query Mode: As shown in Figure 3(A), the agent possesses multi-modal
capabilities to handle diverse file formats individually. It accepts user queries targeting spe-
cific outputs, such as identifying significant genes from CSV files, analyzing variable genes in
AnnData objects (H5AD), or interpreting visualization plots (e.g., UMAP, spatial maps). By
leveraging code generation tools and Multi-modal Large Language Models (MLLMs), the agent
extracts statistical metrics and visual features to provide precise, isolated answers.

File Tree Query Mode: This mode is designed for comprehensive assessments that re-
quire synthesizing information across an entire execution record. Instead of indiscriminately
reading all files, which risks context overflow, the agent employs a dynamic Reorder Plan to
logically sequence data access based on the query’s intent. As illustrated by the Quality Control
(QC) validation example in Figure 3(B), this plan prioritizes the workflow: first extracting
core parameters, then validating numerical results, and finally seeking supporting evidence from
plots (e.g., Violin plots). This structured approach enables the agent to aggregate fragmented
evidences into a cohesive synthesis, ensuring that the final conclusion is both biologically inter-
pretable and statistically robust.

To ensure analytical accuracy across both modes, the agent applies tailored logic to seam-
lessly handle diverse file types. When processing text reports, it targets the extraction of core
conclusions and experimental design parameters, condensing the content to focus strictly on
key analytical indicators. For structured data, such as CSV or AnnData files, the agent couples
file previews with automated Python code generation to query the data, effectively translating
complex numerical matrices into human-readable insights on gene expression and variability.
Furthermore, when analyzing image files like plots, it leverages advanced vision-language ca-
pabilities to objectively interpret visual patterns—such as UMAP cluster separation or distri-
butions in QC plots. By aligning these visual interpretations with numerical data for rigorous
cross-validation, the agent accurately delineates biological implications while strictly preventing
hallucinations. Ultimately, this unified approach enables the agent to synthesize text, numerical
matrices, and images, delivering a comprehensive analysis of heterogeneous data.

This design, centered on ordered reading plans, effectively enables multi-file joint analysis
while maintaining system stability. It ensures that the agent’s contextual reasoning remains
precise, reduces the cognitive burden on users, and delivers interpretable, high-quality results
that directly support biological hypothesis generation and validation.
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Data Interpretation Agent

(A) Single File Query

(B) File Tree Query

CSV File

H5AD

AnnData Object

Visualization Plot

Statistic Report

Identify the genes with the most 
significant relative expression

Query 1：

Analyze the top 10 highly variable 
genes

Query 2：

Analyze the UMAP plot to visually 
assess cluster separation…

Query 3：

Read and summarize the content, 
focusing on analysis parameters, 
dataset statistics…

Query 4：
Result 4: The spatial clustering analysis
was… A total of 10 clusters were
identified. The largest cluster is Cluster 0
with 575 spots (19.78% of total)…

Result 2: Based on gene-wise variance 
metrics calculated from the data, the 
following genes were identified as the most 
highly variable. The gene AC009108.3 
showed the highest variability score…

Result 3: The UMAP plot visualizes
clustering…The clusters are distributed
across the plot in distinct regions,
suggesting varying degrees of separation.
Cluster 0 (blue) occupies the upper…

Result 1: The most significant genes were 
identified using statistical measures … 
significant gene is ENC1, with a score of 
20.18 and an extremely low adjusted p-
value of 1.43e-87, along with a log fold …Focus on User 

Question

Code generation and 
Python interpreter

Multimodal Large 
Language Model

Processed Data

QC Violin Plot

Statistic Report

QC Filtering Plot

Data Interpretation Agent
Execution Record

Analyze the 
results of data 
preprocessing 
process…

Query ：

Synthesis and Deduction

Synthesis Result

Result :

The data preprocessing process was
systematically evaluated using multiple
output files..., normalized the data using
log1p scaling with a target sum of
10,000, and selected informative
features, resulting in a clean, analysis-
ready dataset.

Get core parameters

Reoreder Plan 

Valid QC result

Find support evidence
…

…

Result 1

Result 2

Result N

Result :

The data preprocessing results reveal a
significant reduction in cell numbers,
with the initial dataset of 4,226 cells
being reduced to only 71 cells after…
raises concerns about statistical
power and biological interpretability
for subsequent analysis.

RAW Data

Figure 3: Workflow of the Data Interpretation Agent. (A) Single File Query: The
agent processes individual files (CSV, H5AD, Images, Reports, etc.) based on specific user
queries. It utilizes tools like code interpreters and multimodal models to extract gene signatures,
statistical metrics, and visual cluster patterns. (B) File Tree Query: For complex synthesis
tasks, the agent inputs the entire execution record. It employs a “Reorder Plan” to prioritize
data access (e.g., getting parameters before evidence), performs synthesis and deduction, and
outputs a final validation result (Pass/Fail) regarding the analysis quality.
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The Literature Pipeline

PubMed

Coarse Ranking

Fine-Grained 
Extraction

User Query

PDCD1 gene role in T-
cell exhaustion and its 
relationship to the tumor 
microenvironment?

Query Align

Semantic Parsing

Entity Extraction

Rewrite

Reading Plan

The Database Pipeline

Retrieve

Tool

KEGG

BioGrid

CellMarker

Summary

Traceable Result :

DOI Link

Evidence

The gene PDCD1 plays a central 
role in T-cell exhaustion by 
serving as a key molecular…

《SATB1 Expression Governs 
Epigenetic Repression of PD-1 
in Tumor-Reactive T Cells》

…

Knowledge Integration Agent

Figure 4: The architecture of Knowledge Integration Agent. The workflow proceeds from
left to right, starting with the Query Alignment which standardizes ambiguous user inputs.
The process then bifurcates into two complementary pipelines: (Top) The Literature Pipeline
employs a RAG-based funnel to process massive unstructured text, using coarse ranking and a
targeted reading plan to distill the top 50 candidates down to highly relevant evidence; (Bottom)
The Database Pipeline directly retrieves structured molecular facts via unified APIs. Finally,
information from both sources is synthesized into Traceable Insights, grounded with explicit
citations (DOIs, URLs) to support downstream verification and reasoning.

2.6 Knowledge Integration Agent (KIA): Contextualization of Results with
External Biological Knowledge

KIA is designed to resolve a critical bottleneck in spatial transcriptomics analysis: the inter-
pretation of computational results (e.g., region-specific gene expression patterns) is often con-
strained by a lack of external biological context. Unlike conventional tools limited to isolated an-
alytical findings, KIA automates the retrieval, synthesis, and cross-validation of high-relevance
external knowledge, thereby streamlining the validation of biological plausibility without re-
quiring manual literature synthesis.

Biological knowledge sources exhibit inherent heterogeneity and complementary utility.
Structured biological databases (e.g., CellMarker, BioGrid, KEGG, NichNet) provide relatively
precise and stable conclusions regarding molecular interactions, though they may occasionally
suffer from curation lags. In contrast, academic literature offers timely experimental evidence,
specific contextual constraints, and cutting-edge insights. However, the utility of literature is
often challenged by its massive volume and unstructured nature. The vast quantity of tex-
tual data, combined with high information density, makes rapid information extraction and
systematic reading computationally demanding for human researchers.

The workflow of KIA is driven by two parallel pipelines initiated by a query alignment mod-
ule. Biomedical queries typically involve complex semantics with multiple entities (e.g., genes,
pathways, diseases) and constraints (e.g., species, experimental conditions). To address this,
KIA first performs query alignment to parse the semantic context, extracting core entities and
constraints. The original query is then rewritten into a standardized format. This preprocessing
ensures retrieval accuracy and mitigates deviations caused by ambiguous semantics.

The first pipeline targets unstructured literature data by leveraging advanced Retrieval-
Augmented Generation (RAG) technology [19]. The rewritten query is optimized into PubMed
advanced search syntax to narrow the search scope within the massive literature pool. Fol-
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lowing initial retrieval, a reranker model performs relevance sorting to filter noise, retaining
the top 50 documents in a coarse-ranking stage. To efficiently tackle the challenge of reading
unstructured text, KIA generates a targeted reading plan. This plan selects the 5 most critical
documents and defines specific extraction objectives (e.g., gene-pathway interaction evidence,
experimental methods) for each. This strategy transforms the broad scanning of unstructured
text into a focused extraction of high-value evidence, ensuring systematic cross-validation. The
second pipeline focuses on structured data, integrating multi-source biological databases. Upon
extracting core entities from the standardized query, KIA autonomously invokes correspond-
ing database interfaces to retrieve structured knowledge (e.g., gene regulatory networks from
BioGrid, pathway annotations from KEGG).

Finally, KIA synthesizes knowledge obtained from both pipelines to enhance interpretabil-
ity. The retrieved information is organized logically: background context → supportive evidence
(dual-source) → supplementary explanations. This structured synthesis explicitly links exter-
nal knowledge to in-house experimental results, enabling users to rapidly discern connections
between spatial transcriptomics findings and existing research, thereby facilitating hypothesis
generation. A defining characteristic of KIA is the strict traceability of biological evi-
dence. All integrated external knowledge is presented with granular source attribution, includ-
ing manuscript titles, contextual excerpts, URLs, and Digital Object Identifiers (DOIs). This
transparency serves a dual purpose. First, it facilitates human verification, allowing researchers
to directly access original sources for rapid fact-checking and citation during manuscript prepara-
tion. Second, and crucially, it establishes a verifiable ground truth for inter-agent collaboration.
Downstream agents, such as the Orchestrator Agent and Data Interpretation Agent, utilize
this evidence as a reference framework to evaluate analytical outcomes—specifically, assessing
the concordance between observed spatial expression patterns and reported mechanisms, or
identifying potential discrepancies that may spark novel biological findings.

3 Results

We evaluated STAnalyzer on two representative spatial transcriptomics datasets spanning dif-
ferent platforms and resolutions to validate its end-to-end analytical capabilities, biological
interpretability, and cross-platform scalability: (1) a spot-level 10x Visium human DLPFC
dataset (3,673 spots, 33,538 genes) for assessing automated analysis and biological consistency
with known cortical architecture, and (2) a subcellular-resolution 10x Xenium human lung
cancer dataset (161,000 cells, 480 genes) for demonstrating scalability and the capacity for
hypothesis-driven biological discovery.

3.1 STAnalyzer enables rapid, biologically interpretable automated analysis
of spatial transcriptomics

To demonstrate the comprehensive conversational automated analysis capabilities and prac-
tical utility of STAnalyzer for spatial transcriptomics data, we applied the framework to the
10x Genomics Visium human dorsolateral prefrontal cortex (DLPFC) dataset [3]. Compris-
ing 3,673 spots and 33,538 genes, the analysis commenced with the prompt: “Please perform
data preprocessing on this slice and briefly describe the quality of the processed data.” STAn-
alyzer automatically executed preliminary statistical profiling (Fig. 5a) and selected optimal
preprocessing strategies to generate quality-controlled data. The processed dataset retained
3,234 spots and 19,877 genes (Fig. 5a). Crucially, the chosen strategies and parameter set-
tings were explicitly displayed in the dialogue interface. The system provided a summary
report evaluating preprocessing quality across four dimensions—Robust filtering, Biologically
plausible QC profiles, Consistent multi-format validation, and Analysis-ready output, thereby
facilitating informed user decision-making. Subsequently, upon receiving the instruction “Please
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identify the spatial domain of this data and briefly assess the rationality of the resulting spatial
domain division” STAnalyzer segmented the tissue into eight spatial domains, revealing a dis-
tinct hierarchical architecture (Fig. 5b). Notably, the system provided autonomous evaluation
and feedback on the segmentation results. Statistically, it noted that “Domain counts (n=8)
and size distribution (195–665 spots) reflect biologically interpretable granularity—not overly
fragmented nor excessively coarse.” Visually, it confirmed that the “domain umap.png confirms
transcriptional separability in low-dimensional embedding, with high intra-domain compactness
and only minor, localized inter-domain overlap.” Should the evaluation yield negative feedback,
users can iteratively refine and re-execute this step based on the system’s suggestions to ensure
biologically meaningful outcomes.

We then proceeded to a comprehensive functional characterization by prompting: “Based
on the obtained 8 spatial domain division results, execute the relevant services to analyze the
functional characteristics of each domain. Finally, please provide a table summarizing what
each domain is and its corresponding functional characteristics”. STAnalyzer autonomously
orchestrated a comprehensive multi-dimensional analysis pipeline. First, it performed Spatial
TF Activity Scoring and spatial metabolic pathway activity analysis for each domain. Fig.
5c,d illustrate the top-ranked genes and pathways, highlighting the robust activity of brain-
enriched transcription factors (e.g., EGR1, NFIC, ATF6, RORA, SP1, and TAL1) and the
significant enrichment of pathways associated with energy metabolism, synaptic transmission,
and dopaminergic signaling. These findings closely align with the established physiological and
metabolic profiles of the human DLPFC. For instance, EGR1 and RORA are well-documented
to be pivotal for synaptic plasticity and neuronal survival in the prefrontal cortex [20, 21]. Simi-
larly, the prominent activity in energy supply and dopamine metabolism pathways is a hallmark
of the DLPFC, underpinning its complex executive functions and working memory capabilities
[22, 23]. Furthermore, cell type annotation and Gene Ontology (GO) enrichment analyses
demonstrated biological plausibility, with cell types predominantly identified as neurons and
oligodendrocytes [3]. Leveraging this multi-dimensional evidence, STAnalyzer executed an au-
tomated evidence cross-validation process (Fig. 5g). Through internal consistency checks and
multi-evidence triangulation, it defined the functional identity of each spatial domain. Four do-
mains exhibited precise alignment with known biological annotations of the human prefrontal
cortex (Fig. 5h). For instance, Domain 0 was defined as the myelinated white matter core,
driven by oligodendrocyte-specific myelination and oxidative phosphorylation [24]. Cortical
neuronal niches were captured by Domain 1 and Domain 4, which highlighted dopaminergic
synaptic transmission [25] and neurotrophin-guided synaptic plasticity [26] in superficial layers,
respectively. Moreover, the identification of a vascular-associated smooth muscle niche (Domain
3) accurately reflected the cerebrovascular architecture essential for cortical homeostasis [27].
Notably, even without any prior tissue-type annotation or predefined domain count—where the
system received no task-specific configuration regarding the input data, the multi-agent col-
laboration within STAnalyzer accurately reconstructed the spatial architecture and functional
characteristics of the human brain slice. Moreover, this comprehensive multi-dimensional val-
idation was completed within minutes, providing detailed, traceable evidentiary support that
significantly accelerates the research workflow.

Alternatively, users can opt for a fully automated workflow by inputting a high-level direc-
tive such as “Please analyze what functional characteristics this data possesses.” In this mode,
STAnalyzer decomposes the request into a transparent, executable sequence of tasks (e.g., data
preprocessing, spatial domain identification), executes them sequentially, and generates a final
report supported by evidence. While this approach offers greater convenience, it involves less
human-in-the-loop interaction compared to the semi-automated mode, offering fewer opportu-
nities for intuitive intermediate feedback and iterative user intervention.
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Figure 5: Automated analysis on the human DLPFC dataset. a (Left) Statistical
analysis of various metrics of the original ST data. (Right) Bar chart of the number of cells and
genes before and after quality control. b Spatial domain identification results and the automatic
assessment feedback provided by STAnalyzer. c Heatmap of the top-6 TFs with high spatial
TF activity scores. d Heatmap visualizing the spatial distribution of major enriched metabolic
pathway activities across the ST data. e Bar plot of cell type composition. The chart displays
the number of spatial spots assigned to each identified major cell type across the tissue section.
f Top 20 enriched GO terms for each of the eight spatial domains. g STAnalyzer conducts
evidence cross-validation at four levels to automatically analyze the functional characteristics
of each spatial domain. h Traceable and interpretable functional characterization of four spatial
domains, highly consistent with established biological knowledge.12
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3.2 STAnalyzer facilitates biological discovery via cross-platform automated
analysis at subcellular resolution

To further demonstrate the cross-platform scalability and advanced exploratory capabilities
of STAnalyzer, we applied it to a subcellular-resolution 10x Xenium spatial transcriptomics
dataset of human lung cancer [28, 29]. Comprising over 161,000 cells and 480 genes, this dataset
represents a cellular scale nearly 50-fold larger than that of brain slice spots. Following initial
preprocessing (Fig. 6a), automated spatial domain identification was executed, yielding a highly
dense and structurally intact pathological tissue representation comprising nine distinct spatial
domains (Fig. 6b). Subsequently, we inputted the natural language query: “Please analyze the
main cell type composition of each of the 9 spatial domains one by one (Each spatial domain
contains more than one type of cell, and it is composed of multiple cell types), and perform gene
enrichment analysis for each domain. Finally, summarize the analysis results for each spatial
domain in tabular form.” STAnalyzer automatically executed the analysis and generated plots,
detailing significantly enriched terms (Fig. 6c) and the primary cell type composition (Fig. 6d)
and for each spatial domain.

Building upon this, we prompted the system to automatically integrate the experimental
results for fine-grained functional compartmentalization: “Based on the cell type annotations
and gene enrichment analysis results of these 9 spatial domains that have been completed,
please further analyze and infer the functional domains that each spatial domain may belong
to (provide explainable evidence). Finally, form a summary table to clearly display the char-
acteristics of each spatial domain”. Notably, two compelling phenomena emerged from this
analysis. First, STAnalyzer delineated Domain 3 as a continuous, band-like spatial region. Spa-
tial mapping and functional analysis (which showed significant enrichment for the regulation
of T cell activation and T cell tolerance induction, alongside high expression of FOXP3 and
TGFB1) revealed that Domain 3 constitutes an immunosuppressive physical interface domi-
nated by regulatory T (Treg) cells (Fig. 6e). This intuitively illustrates how tumors spatially
construct physical barriers to exclude cytotoxic T cells from the core region [30, 31]. Second,
STAnalyzer deconstructed the complex immune infiltration region into two functionally distinct
yet spatially adjacent microenvironments: Domain 0 and Domain 1 (Fig. 6b, e). Functional
analysis indicated that Domain 0 is enriched for T cell activation pathways (CD3D/E, IL2RA),
representing an antigen-experienced T cell microenvironment. Conversely, Domain 1 is highly
enriched for B cell activation and humoral immune pathways (CD19, MS4A1). This spatial
adjacency and zonation of cytotoxic and humoral immunity strongly suggests the formation of
tertiary lymphoid structures (TLS) or ectopic lymphoid follicles [32]. Collectively, these findings
demonstrate that STAnalyzer can not only identify cell types but also autonomously decipher
complex, higher-order topological structures within the immune spatial microenvironment.

To demonstrate the potential of STAnalyzer in accelerating new, interpretable biological
discoveries at the subcellular level through multi-agent collaboration, we provided the follow-
ing prompt: “The current dataset possesses a truly accurate resolution of subcellular physical
coordinates. Our previous analysis has successfully identified a crucial physical communication
boundary: Domain 0 (the core of adaptive immunity dominated by T cells) and Domain 3 (the
immunosuppressive barrier dominated by Tregs). Please focus on the interface where physical
contact occurs between Domain 0 and Domain 3 (the boundary). From the perspective of sub-
cellular analysis, deduce and extract potential new biological discoveries. Please conduct a deep
analysis using an explainable thought chain (Chain of Thought).” STAnalyzer autonomously
generated code and synthesized all available evidence extracted from file metadata, decision
history, and the established knowledge base to propose in-depth, mechanism-based inferences.
Crucially, these insights are supported by traceable chains of thought and output files (Fig. 6f),
ensuring they are firmly grounded in data rather than being baseless fabrications, thereby signifi-
cantly mitigating the occurrence of large language model hallucinations [33]. The comprehensive
analysis by STAnalyzer concluded: “The Domain 0/Domain 3 interface is not a passive diffusion
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barrier, but an active, organelle-engineered decision hub, where: (i) Physical contact triggers
asymmetric mitochondrial trafficking to enforce metabolic compartmentalization; (ii) CTLA4,
LAG3, and TIGIT operate not as isolated receptors, but as nanoscale organizers of endocytic,
actin, and lysosomal machinery; (iii) Tunneling nanotubes mediate directional, suppressive mi-
tochondrial transfer, converting T cells into transiently anergic effectors via cGAS–STING — a
boundary-specific, non-apoptotic immune silencing mechanism. This reframes the immunosup-
pressive barrier not as static cellular segregation, but as a dynamic, subcellularly orchestrated
interface — offering new targets for precision immunomodulation (e.g., inhibiting TNT forma-
tion in autoimmunity, or enhancing mitochondrial transfer in cancer immunotherapy).” Based
on the aforementioned subcellular spatial analysis, the immunosuppressive barrier between Do-
main 0 and Domain 3 is characterized not as static cellular segregation, but as a dynamic,
subcellularly orchestrated interface (Fig. 6g). This perspective offers novel targets for precision
immunomodulation (e.g., inhibiting TNT formation in autoimmunity, or enhancing mitochon-
drial transfer in cancer immunotherapy). Notably, these computationally derived hypotheses
share complementary parallels with recent experimental evidence [34, 35], further illustrating
the capacity of STAnalyzer for cross-platform automated analysis and accelerated biological
discovery.

In conclusion, while computational predictions made by STAnalyzer cannot replace rigor-
ous experimental validation as the gold standard for biological discovery, it serves as a valuable
tool for generating high-confidence hypotheses. By autonomously executing subcellular spa-
tial transcriptomic analysis of over 100,000 cells within tens of minutes, it transforms massive
datasets into evidence-based, interpretable insights. This framework lowers the technical barrier
to complex computational research, provides reliable starting points for experimental design,
and offers a practical engine for cross-platform automated analysis and accelerated biological
discovery.

4 Discussion

Spatial transcriptomics has revolutionized our understanding of tissue biology by linking gene
expression to spatial context, yet the translation of high-dimensional ST data into actionable
biological insights remains hindered by fragmented toolchains, steep technical barriers, and the
disconnect between computational results and biological knowledge. In this study, we present
STAnalyzer, an intelligent multi-agent framework that addresses these critical gaps through a
Human-in-the-Loop (HITL) collaborative architecture, integrating intent-driven orchestration,
multi-modal self-refinement, and evidence-based cross-validation. Here, we discuss the core
contributions, comparative advantages, limitations, and future directions of STAnalyzer, as
well as its broader implications for the field of spatial omics analysis.

Unlike “black-box” pipelines or isolated agents, STAnalyzer’s four specialized agents col-
laborate to automate end-to-end analysis while retaining human oversight. Key innovations
include robust execution via constraint-based tool matching and containerization, semantic
integration of multimodal outputs, and dual-pipeline (literature/database) knowledge integra-
tion—resolving fragility, multimodal blindness, and epistemic isolation in existing tools. The
HITL paradigm balances automation with human intuition, empowering non-computational re-
searchers to leverage ST analysis without sacrificing control or transparency. Practically, STAn-
alyzer democratizes access to spatial transcriptomics by substantially lowering computational
barriers and ensuring reproducibility through traceable, evidence-based reporting. Crucially, the
framework exhibits exceptional cross-platform scalability, seamlessly adapting from macroscopic
tissue profiling (e.g., analyzing thousands of spots via 10x Visium) to the subcellular-resolution
mapping of massive cellular cohorts (e.g., over 100,000 cells via 10x Xenium). By successfully
navigating diverse and complex biological contexts—ranging from neuroarchitecture to precision
oncology—STAnalyzer drastically reduces manual analytical workloads. Ultimately, it serves

14

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 9, 2026. ; https://doi.org/10.64898/2026.04.06.716827doi: bioRxiv preprint 

https://doi.org/10.64898/2026.04.06.716827
http://creativecommons.org/licenses/by-nc/4.0/


a b

c

d

e

f g
Validation Anchors in Available Data

Figure 6: Extended experiments on the 10x Xenium human lung cancer dataset. a
Bar chart of the number of cells and genes before and after quality control. b Spatial domain
identification results by STAnalyzer. c Heatmap of the top 3 GO terms enriched in each spatial
domain. d Bar plot of cell type composition. The chart displays the number of spatial spots
assigned. e The inferred functional results of the main spatial domain and the explainable
supporting evidence. f STAnalyzer automatically formulates new biological hypotheses based
on the available direct evidence. g Subcellular dynamics of the Treg-mediated immunosuppres-
sive interface. The physical boundary between Tregs and T cells acts as an active signaling
hub. Contact-driven spatial reorganization of co-inhibitory molecules and TNT-mediated mi-
tochondrial transfer synergistically activate the cGAS-STING pathway in T cells. This triggers
non-apoptotic immune silencing (anergy), redefining the static barrier as a dynamic target for
precision immunomodulation.
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as a robust engine for cross-platform automated analysis and accelerated biological discovery,
streamlining rapid hypothesis generation and evidence synthesis.

Limitations include a current focus on standard 2D transcriptomic tasks, with future work
needed to expand coverage to spatial multi-omics and 3D modalities; reliance on static knowl-
edge sources, which will require real-time synchronization mechanisms; and potential usability
gaps for novice users. Future directions involve expanding the tool library, integrating real-time
knowledge updates, simplifying user interactions, optimizing distributed computing for ultra-
large datasets, and enhancing robustness to noisy data. Ultimately, STAnalyzer represents a
paradigm shift toward collaborative intelligence in spatial omics, bridging computational ef-
ficiency with biological relevance to drive cross-platform automated analysis and accelerated
biological discovery.

As ST technologies continue to evolve, intelligent analytical frameworks will play an in-
creasingly important role in translating spatial data into biological discoveries [36]. STAnalyzer
provides a robust, user-friendly solution for end-to-end ST analysis, and ongoing refinements
will strengthen its utility as a versatile tool in spatial omics research.

5 Webserver Implementation

STAnalyzer is built as a high-performance, scalable web service, designed specifically to sup-
port complex multi-agent collaborative workflows and the processing of large-scale ST data.
The backend adopts a microservices architecture, containerized with Docker for isolation and
scalability, and uses FastAPI on Uvicorn for high-concurrency, low-latency APIs. MongoDB
handles structured logs and metadata, while network file systems manage large raw and inter-
mediate data. Intelligent orchestration is powered by LangChain and LangGraph, with Qwen
integration for natural language understanding and dynamic decision-making. Tasks are exe-
cuted asynchronously—each receives a unique Execution ID, and real-time progress is streamed
to the frontend via Server-Sent Events. The frontend is a Vue 3-based single-page application
using TypeScript and Vite, with Element Plus for UI consistency and Pinia for state manage-
ment. Interactive workflow visualizations are rendered with AntV G6, and analytical charts
are generated using Apache ECharts. Token-based authentication ensures security without re-
quiring manual password entry., and the platform is fully compatible with modern browsers
(Chrome, Firefox, Edge, Safari), providing researchers with an interactive interface for data
exploration, real-time visualization, and result download.

6 Data availability

The STAnalyzer platform is publicly accessible at https://www.sdu-idea.cn/STAnalyzer, with
no registration or access restrictions for academic and non-commercial use.
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