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Hierarchical Annotation Strategy and Evaluation
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(A) Image-based spatial transcriptomics exhibits significant data sparsity, capturing only 1-10% of the transcripts captured 
from scRNA-seq data from the same tissue.
(B-C) To overcome the limitations of stain-based methods in complex tissues, transcript-distribution-aware tools (Baysor and 
Segger) improved cell separability in the latent space, evident from UMAP projection colored by Leiden clustering.
(C-D) Critically, we found that naively optimizing for separability leads to over-segmentation, characterized by numerous 
low-quality cell segments with near-zero gene counts.
(E) We propose a framework to navigate this trade-off. By plotting silhouette score (clusterability) against a Wasserstein 
distance (approximate mis-segmentation), we inform parameter tuning to balance clusterability and mis-segmentation.
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(A) Direct application of label transfer tools fails to identify known biological structures (e.g., CD19-rich B Cell Germinal 
Centers), prompting our development of a Hierarchical Annotation Strategy for improved accuracy.
(B-D) Our strategy constrains the annotation process by starting with a broad, marker-based classification, followed by 
cell-type-wise data harmonization to prevent lineage mis-assignment and mitigate batch effects.
(E) Evaluation using a Marker Purity metric demonstrates our hierarchical approach outperforms direct annotation, achieving 
superior positive and negative purity scores.
(F) Critically, we found that different annotation tools exhibit strong marker-specific biases, which can influence final cell-type 
assignments and highlights the importance of careful cross-validation.
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Tcf7 T cell (CD4+ Naive)
Nkg7 T cell (CD8+)
Prdm1 Plasma cell
Irf4 Plasma cell
Il7r  T cell (CD4+ Naive)
Fcer1a  Mast cell
Csf1r     Macrophage
Adgre1   Macrophage
Fcgr1    T cell (Treg)
Foxp3       T cell (Treg)
Itgax     Dendritic cell
H2-Ab1    Dendritic cell
Pdpn     Reticular cell
Ccl19       Reticular cell
Bcl6       B cell (GC)
Cxcr4 B cell (GC)
Mki67    B cell (GC)
Cd80       B cell (Memory)
Il2ra        T cell (Treg)
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