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Figure 6. OmicsNavigator enables semantic search using natural language queries. (A) In a semantic search pipeline, key ROIs are defined
through multi-stage unsupervised clustering and are subsequently interpreted using OmicsAnnotator/PathologyScorer. For a given text
query, top hits in key ROIs are identified based on semantic similarities and subsequently used as anchors to retrieve all relevant ROIs.
(B) Results of searching for the kidney structure “Glomeruli” in example regions from the DKD dataset. (C) Quantitative metrics of
retrieval performance across the whole DKD dataset, achieving an overall precision of 0.97 and a recall of 0.89 when counting top 60 ROIs
per region. Shaded areas in the mAP@k plot represent the 90% confidence interval. (D-E) Results of searching for the same keyword
“Glomeruli” in the TR and KAR datasets, both achieving outstanding visual alignment. Note that colors represent different biomarkers in
these three datasets. (F) Results of searching for the kidney structure “Distal convoluted tubules” in the DKD dataset. (G) Quantitative
metrics of retrieval performance, with an overall precision of 0.93 when counting top 60 ROIs. Shaded areas in the mAP @k plot represent
the 90% confidence interval. (H-I) Results of searching for “Distal convoluted tubules” in the TR and KAR datasets, both achieving
outstanding visual alignment.
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The design of key ROIs as an intermediate step offers
two major advantages. First, by focusing on representative
ROIs, this strategy drastically reduces the cost and time re-
quired to run OmicsNavigator while maintaining compre-
hensive search coverage. Second, this approach is error-
tolerant: final search results are calculated based on me-
dian feature distances to anchors (i.e., hits). Minor mis-
takes from OmicsNavigator when analyzing key ROIs (e.g.,
the white box marked by arrow in Figure 6A) have minimal
impact on the search results.

We assessed our approach across all three studies com-
prising samples of different disease phenotypes, tissue
sources, batches, biomarker panels, and cell type com-
positions, where OmicsNavigator achieved robust perfor-
mance in all scenarios. For instance, glomerular structures
were consistently retrieved with high precision and recall
across the DKD, TR, and KAR datasets (Figure 6B,D,E),
despite considerable inter-dataset heterogeneity. Quanti-
tatively, OmicsNavigator achieved strong retrieval metrics
(Figure 6C): when counting top 60 ROIs, it attained a pre-
cision of 0.97 and a recall of 0.89, calculated as the amount
of individual glomerulus identified in the search results.
Similarly, OmicsNavigator demonstrated outstanding per-
formances in retrieving the kidney structure of distal convo-
luted tubules (Figure 6F,H,I), with high quantitative met-
rics (Figure 6G).

These results highlight the potential of OmicsNaviga-
tor’s language-native format to bridge the gap between spa-
tial omics data and intuitive, text-based exploration, en-
abling precise and efficient retrieval of arbitrary regions.

4.4. Exploration of disease-relevant spatial patterns
with OmicsNavigator

In addition to the identification and annotation of struc-
tures, investigation of disease-associated spatial patterns
is another pivotal component of spatial omics data anal-
ysis, which could provide critical insights into the mech-
anisms underlying disease onset, progression, and prog-
nosis. While substantial amount of biological knowledge
has been accumulated over the years, computational analy-
sis of spatial omics data that autonomously makes use of
this wealth of knowledge remains an under-explored di-
rection. By leveraging LLM-driven agents equipped with
disease-specific contexts, OmicsNavigator bridges this gap,
enabling disease-aware exploration of spatial patterns with
augmentation from existing biological knowledge.

In a targeted setting, semantic search can be used to re-
trieve ROIs of known pathological significance. For in-
stance, using the keyword “Immune aggregates”, Omic-
sNavigator successfully retrieved ROIs enriched for im-
mune cells and immune-related biomarkers including
CD45, CD68, and CD3e Figure 7A. The distributions of
these ROIs closely reflected region-level phenotypes asso-

ciated with inflammation levels and disease stages. Vi-
sualizations of contrasting regions from each study fur-
ther demonstrate OmicsNavigator’s ability to capture mean-
ingful inter-sample differences. Very importantly, Omic-
sNavigator does not show signs of hallucinating findings in
early-stage or mild disease cases, as indicated by the low
number of hits and retrieved ROIs in corresponding region
groups across all studies. This ensures that the outputs of
OmicsNavigator remain faithful to the underlying data and
prevent over-interpretation. Broadly, this approach holds
strong potential in scenarios where analysts could identify
structures of known pathological significance, such as lo-
calizing tertiary lymphoid structures and necrotic cores in
tumor microenvironments.

Beyond predefined queries, OmicsNavigator can also
be used to explore disease-relevant spatial patterns in
a data-driven manner Figure 7B. By ranking key ROIs
based on their disease relevance scores—automatically
assigned by PathologyScorer, an LLM agent equipped
with disease-specific contexts—high-scoring regions can
be selected and analyzed, enabling unbiased discovery of
pathologically-relevant spatial signatures. Quantitatively,
we observed similar trends, where OmicsNavigator iden-
tifies most highly disease-relevant ROIs in severe disease
cases, avoiding over-interpretation in mild cases. Through
further clustering and summarizing these highly disease-
relevant ROIs, consensus patterns can be identified, each
representing a distinct mode of tissue alteration. In the ex-
amples shown in Figure 7B, five major disease-associated
alterations are identified and localized in the regions with-
out any human guidance.

Collectively, OmicsNavigator opens new avenues for
contextualizing and analyzing spatial omics data by in-
tegrating existing biological knowledge. It enables both
hypothesis-driven and unbiased discovery approaches to
study spatial omics data.

5. Discussion

We present a novel LLM-driven multi-agent system that au-
tonomously ingests spatial omics data and derives expert-
level biological insights without requiring domain-specific
fine-tuning.  OmicsNavigator effectively encodes arbi-
trary ROIs from spatial omics studies into text represen-
tations, enabling LL.M-driven agents to reason over high-
dimensional omics measurements. Evaluated across three
spatial omics datasets of different kidney diseases, Omic-
sNavigator excels in tasks such as structural annotations and
pathology assessments.

Beyond annotations, the language-native format of
OmicsNavigator’s outputs greatly expands its applicabil-
ity in downstream tasks. We demonstrated applications in-
cluding semantic search, identification of disease-relevant
hotspots, and summarization of spatial patterns. More ver-
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(A) Targeted retrieval using semantic search. ROIs

matching the keyword “Immune aggregates” were retrieved across three datasets. Retrieved ROIs exhibited high expression of immune-
related biomarkers (e.g., CD45, CD68, CD3e), and the abundance of retrieved ROISs closely reflected region-level inflammation levels and
disease stages (right panels). For each dataset, two contrasting regions are shown (left and middle panels). (B) Untargeted, data-driven
exploration with OmicsNavigator. ROIs with high disease relevance scores—automatically inferred by OmicsNavigator—were retrieved
and summarized to curate disease-associated patterns. Visualizations from two late-stage disease samples illustrate how retrieved ROIs
capture diverse modes of disease-associated tissue alteration, with the number of high-relevance ROIs reflecting disease severity across

datasets.

satile usages of OmicsNavigator’s textual interpretations
will be explored in subsequent works. Notably, Omic-
sNavigator’s interpretability and modularity make it espe-
cially suitable for human-in-the-loop analysis, where Omic-
sNavigator, applied in conjunction with other LLM-driven
tools, can serve as co-pilot for tasks such as guided tis-
sue annotation, cross-condition comparative analysis, and
hypothesis generation/refinement for disease-relevant stud-
ies. Additionally, OmicsNavigator could be deployed as a
first-pass analysis tool for pathological assessment in high-
throughput settings. It can autonomously identify and lo-
calize major pathological signatures to prioritize findings
for further human evaluations.

Despite these advances and promises, several limitations
remain. First, OmicsNavigator relies heavily on tissue-
specific and disease-specific contexts, which are curated
from the prior knowledge of LLMs and/or external refer-
ence databases. In highly specialized or emerging domains,
the scarcity of existing knowledge may constrain its per-
formance. Second, OmicsNavigator’s outputs may exhibit
uncertainty or mistakes. While error-tolerant mechanisms
have been introduced in some downstream tasks in this
work, the supervision of potentially erroneous outputs—
especially to mitigate risks in clinical or research settings—
remains a critical focus for future work. Last but not
the least, the omics-to-text transformation in OmicsNaviga-
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tor may lead to compression-related information loss, po-
tentially omitting subtle but biologically important details.
Future work could explore hybrid architectures that com-
bine text-based reasoning with spatially-aware modeling or
vision-language frameworks to better capture spatial fea-
tures while maintaining interpretability.

Taken together, OmicsNavigator is an autonomous, scal-
able, interpretable, and versatile approach that derives bi-
ological insights from spatial omics data, with strong po-
tential to advance both research and clinical applications of
spatial omics studies.

Data and code availability

All codes and data used in this study are publicly
available at https://github.com/yyli-leo/
OmicsAnnotator.
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