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Extended Data Fig. 1: Sim-FISH data and corresponding pyTrance results.

a, b, c, distributions of transcripts per cell (a), genes per cell (b) and gene pattern intensity
(e) in the simulated data. d, Examples of different localization intensities for three patterns.
‘nuclear edge’ and ‘cytoplasm’ genes are shown cumulatively within each interval. e, PCA of
the gene embeddings computed with pyTrance colored by the pattern intensity for each
gene. f, Pairwise Pearson correlation matrices of gene embeddings of all pyTrance clusters.
Additionally for each gene the simulated expression group and pattern intensity are shown.
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Extended Data Fig. 2: Comparison of raw and adjusted CLQ.

a, Example cells with high/low raw and adjusted CLQs highlighted in Fig. 2e. Shown is the
transcript count of the selected genes relative to the total counts per spatial bin (relative
transcript abundance). Cells are scaled proportionally to their simulated size. b, Left:
relationship between transcript density (number of transcripts / cell size) per cell and raw
(top) and adjusted CLQ (bottom). Right: relationship between cell size and transcript density
(top) and percentage of the cell area occupied by the nucleus (bottom). ¢, Distribution of raw
cell CLQs for all cluster 2 genes (red), the subset with high embedding correlations
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highlighted in Fig. 2d (blue), and a set of genes with random localization (grey). d, Relative
transcript abundance histograms of: all genes in cluster 2 for cells with highest (left), and
median adjusted CLQ (middle-left), selected gene subset in same cells (middle-right), set of
sampled genes with random localization in same cells (right).
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Extended Data Fig. 3: Extended performance benchmark of pyTrance, RNAflux and
RNAforest.

a, ARI tracked during training of the pyTrance GNN with the clusters recomputed after each
epoch. b, ¢, PCA of the gene embeddings computed with pyTrance colored by the highest
RNAflux fluxmap (b) and clusters obtained by clustering all fluxmap values per gene (c). d,
The full simulated dataset was downsampled and filtered for genes with minimum simulated
pattern intensities (left) or percentages of the total number of transcripts were sampled
(right). AMI measures how well the computed clusters (pyTrance and RNAflux) or predicted
labels (RNAforest) match the simulated patterns. e, PCA of pyTrance gene embeddings
colored by RNAforest predictions. f, PCA of pyTrance gene embeddings colored by true

30


https://doi.org/10.64898/2026.05.07.723470
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.07.723470; this version posted May 11, 2026. The copyright holder for this preprint
(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
made available under aCC-BY-NC-ND 4.0 International license.

pattern (left) and RNAforest predictions (right) for data where 10% of the total transcripts
were sampled randomly.
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Extended Data Fig. 4: Comparison of gene embedding clusterings.

a, Comparison of three clustering algorithms run on the pyTrance gene embeddings. The full
simulated dataset was downsampled and filtered for genes with minimum simulated pattern
intensities (left) or percentages of the total number of transcripts were sampled (right). ARI
measures how well the computed clusters match the simulated patterns. b, Distributions of
the number of obtained clusters for RNAflux and pyTrance by the pre-set Leiden parameters.
¢, Example of possible clustering improvement when manually fine-tuning the Leiden
parameters.
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Extended Data Fig. 5: Extended pyTrance results on U20S data.
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a-d, Relative transcript abundance histograms for randomly sampled cells and CLQ score
distributions over all cells for four pyTrance clusters. e, Single-transcript distributions of
RNAs with otherwise strong co-localization in the nucleus. Shown are example cells without
a nuclear mask and no co-localization of the four RNAs. f, Differentially expressed genes of
three clusters obtained by single-cell clustering. g, Single-transcript distributions of the same
RNAs as in e in cells of single-cell cluster O where two mitotic markers (CENPF, CKAP5) are
upregulated. h, Cell CLQ score distribution for the same RNAs in cells of single-cell cluster
0.
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Extended Data Fig. 6: Comparison of pyTrance, RNAflux, RNAforest results and
provided annotation on U20S data.

a-d, PCA of the gene embeddings computed with pyTrance colored by the highest RNAflux
fluxmap (a), clusters obtained by clustering all fluxmap values per gene (b), RNAforest
predictions (c), and the consensus manual annotation provided with the data (d). e-k,
comparison of pyTrance clusters, RNAflux clusters and provided annotation for ‘nuclear
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edge’ RNAs (e-g) and ‘cell edge’ RNAs (i-k). Shown are the relative transcript abundance
histograms for RNAs annotated (f, j) or clustered from RNAflux results (g, k) not included in
the respective pyTrance cluster.
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Extended Data Fig. 7: Extended mouse brain analysis results.
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a, Differentially expressed genes across the clusters of replicate 1 provided with the data. b,
PCA of the gene embeddings computed with pyTrance on cell cluster 4 of replicate 1. c,
Pairwise Pearson correlation matrices of gene embeddings of pyTrance cluster 4. d,
Agreement between pyTrance clusters computed on different cell clusters of the same
replicate. e, Single-transcript distributions highlighting the genes predicted to co-localize.
Cells were sampled randomly from the top-scoring 10%. f, Kernel density estimations of the
CLQ score distributions of Gad1, Gad2, Hapin1, Kcnmb2 over the different cell clusters
analysed. g, Single-transcript distributions highlighting Sic717a7 in the same cells as in e. h,
Count distributions of GABAergic (left) and glutamatergic neuron markers (right) in the cells
analyzed with pyTrance. i, CLQ score versus counts of two GABAergic neuron markers
(Gad1, Gadz; left) and Sic17a7 (right). j, Count distributions of GABAergic (left) and
glutamatergic neuron markers (right) in the cell clusters with GABAergic markers
upregulated, which were not analyzed with pyTrance.
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Extended Data Fig. 8:

cell cluster 4).

CLQ,q = 1.67

CLQ,, = 1.89

Predicted mouse brain co-localization subclusters (replicate 1,

a-d, gene embedding correlation heatmap per pyTrance cluster with subclusters highlighted.
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e-h, CLQ score distributions over all cells for subcluster 1. i-l, Single-transcript distributions
highlighting the respective genes per subcluster. m-p, CLQ score distributions over all cells
for subcluster 2. g-t, CLQ score distributions over all cells for subcluster 2. Cells in e-h and
g-t were sampled randomly from the top-scoring 10% per gene subcluster.
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Extended Data Fig. 9: Validation of predicted RNA co-localization and Gad17
RNA-protein co-localization.

a, Full smFISH image of the second mouse brain section. b, Selected regions of interest on
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the first sections smFISH image. Closed-head arrows indicate co-localization of the three
included candidate RNAs next to nuclei that show otherwise no expression, open-head
arrows indicates foci where the RNAs co-localize on a projection, dashed lines indicate
neuronal projections based on the RNA molecule arrangement. ¢, Example images of
cultured neurons showing localization of RNAs to neuronal projections. d, Quantification of
RNA localization based on three different parameter settings for molecule detection in brain
section 2. e, f, g, Examples of Gad?1 RNA (top) and protein (bottom) co-localization in a third
section. Arrows indicate positions of single RNA molecules that co-localize with proteins.
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