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Scientific Journey on Omics

scRNA-seq scRNA-seq + scATAC-seq

Graphical Lasso (gLASSO)
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Spatial Transcriptomics Data

a. illustration of the proposed ST analysis workflow: experimental design 

of statistical spatio-temporal data analysis (source: Aijo et al. bioRxiv

2019)

With spatial transcriptomics, 

– Structure: we can characterize tissue organization and 

architecture at the single-cell or subcellular resolution 

level

– Quantification of expression: we can quantify the 

expression level of individual genes

– Interaction: it is possible to obtain information on the 

transcriptomes of a single cell or a small group of cells, 

while maintaining the information of where the cell (or 

group of cells) is located within the tissue. Enabling 

us to understand how and why a specific cell or small 

group of cells respond to the surrounding environment.

• Ligand-receptor interaction between neighboring cells.

• Signaling pathways between neighboring cells.

• DEG between multiple conditions per location
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Splotch and its Limitations

Running the Python-Stan codes for 

one single gene to test gene-

expression differentiation between 

two groups given specific region took 

several hours even in HPC!!  

Splotch was developed on ST array

design, but our data was 10x Visium. 

Splotch was the most 

relevant method to 

resolve DEG discovery. 

https://github.com/tare/Splotch/blob/master/Tutorial.ipynb
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Multi-level (Hierarchical) Spatial Design Using R-INLA

The zero-inflated Poisson model is expressed as

𝑦𝑖,𝑗,𝑘 (𝑠𝑗,𝑘 , 𝜆𝑖,𝑗,𝑘, 𝜃𝑖
𝑝

~ 𝑍𝐼𝑃(𝑠𝑗,𝑘𝜆𝑖,𝑗,𝑘 , 𝜃𝑖
𝑝
)

Where 𝑦𝑖,𝑗,𝑘 = the number of UMIs for 𝑖𝑡ℎ gene at 𝑘𝑡ℎ spot on 𝑗𝑡ℎ tissue section; 𝑠𝑗,𝑘 = size 

(scaling) factor; 𝜆𝑖,𝑗,𝑘 = rate parameter; 𝜃𝑖
𝑝
= zero-inflation parameter

exp 𝜆𝑖,𝑗,𝑘 = 𝑋𝑗,𝑘
𝑇 𝛽𝑖,𝑔 + 𝐵𝑏:𝑔 + 𝑇𝑡:(𝑏:𝑔) + 𝜓𝑖,𝑗,𝑘 + 𝜀𝑖,𝑗,𝑘

Where 𝑋𝑗,𝑘 = binary indicator of treatment groups; index 𝑏: 𝑔 denotes that biological 

samples (mice) are nested within a treatment group; index 𝑡: (𝑏: 𝑔) denotes nesting of 

technical samples (multiple tissue sections) within mice. 

Conditional Autoregressive (CAR)
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Results from Real Data

16.5k genes were tested by two DE (differential expression) methods – doable by INLA, but Stan
• The different sets of DE testing probably came from different filtering application of CPC > 0.005 before/after sub-setting 

contrast groups.

Degree of concordance between two DE methods in terms of log2FC estimates across full set of tested genes.

• NEBULA-HL estimates some log2FC close to zero for which INLA has estimated very large log2FC value. 
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Appendix: Bayes Factor


