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Figure 3: STELLAR transfers granular cell-type labels across tissue regions and donors from HuBMAP data
and identifies major structures of healthy human intestine tissue. (a) Cell-type maps with ground-truth and STEL-
LAR predictions made after training on CODEX multiplexed imaging of three different intestine regions across the
colon. (b-d) We used data from one donor as the reference set, and applied STELLAR to annotate new, completely
unannotated donor datasets. (b) Fluorescent images of 7 of 54 markers used in the CODEX multiplexed imaging of
healthy intestine from a different donor. Hoechst, blue; vimentin, green; CD3, white; aSMA, red; CD45, cyan; cytok-
eratin, magenta; and CD31, yellow. Scale bar of the zoomed out image is 100micrometers. (¢) STELLAR predictions
of cell types after training on data from a different donor mapped to CODEX spatial coordinates. (d) Average marker

expression for cell types predicted by STELLAR for intestinal samples.
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Figure 4: STELLAR’s embeddings reveal higher order tissue structures. (a) To analyze embedding space learnt
by STELLAR, we clustered the cell embeddings using Louvain clustering. We then analyzed microenvironments of
resultant clusters by checking which cell types are enriched in each cluster. The resultant clusters were manually
annotated based on the cell type enrichments showed in (b). (b) Resultant clusters in STELLAR’s embedding space
reveal that the embeddings capture major structures within the intestinal tissue. Heatmap shows enrichment of cell
types assigned by STELLAR within the structural clusters as compared to tissue average percentages. (c¢) Graphical
display of the tissue structures learnt by STELLAR found for one of the regions of the colon. Major structures such

as immune follicles were identified by STELLAR.
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Data availability

The datasets presented in this study can be found in the online repository Dryad at https: //
datadryad.org/stash/share/10Q0txew0Unh31iAdP-ELew—ctwuPTBz60y8uuyxqlizk.
Specifically, the quantified single-cell data are provided (with cells in rows and protein expression,

x/y position, and cell type labels in columns). Additionally, we provide datasets used to transfer

from the tonsil to BE tissue is there (BE_Tonsil dryad.csv) and expert-annotated healthy human
intestine (BOO4 _training_dryad.csv), which was used to test the accuracy of STELLAR across the

four regions of the colon regions of this dataset and also for training for transferring cell-type labels

to unlabeled donors (BO0O56_unnannotated_dryad.csv).

Code availability
STELLAR was written in Python using the PyTorch library. The source code is available on Github

athttps://github.com/snap-stanford/stellar.
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