
 

 

SUPPLEMENTARY FIGURES 
 

Supplementary Figure 1. Multi-modal single cell RNA-seq and CITE-seq analysis workflow. 
technologies can produce multi-modal data by capturing different biological analytes on the same 
observations. This workflow demonstrates FOMs and annotations for single cells that are produced 
profiling of RNA and protein expression using CITE-seq. A separate data matrix is generated for each m
(box color) and will undergo filtering for empty drops and poor-quality cells. Although the same set of c
retained for analysis in this illustration, different sets of filtering criteria may be applied to each m
independently. Log normalization, scaling, dimensionality reduction, 2-D embedding, and clustering 
performed in parallel for each modality. Further analysis can be performed using a nearest neighbo
generated by combining the individual neighbor graphs from each modality. A new 2-D embedding and
cluster labels can be generated with both underlying modalities. The “modality” field can be a list to den
combination of analytes that were used in the generation of the FOM. Feature annotation and ID class
not shown.  
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Supplementary Figure 2. Multi-sample single-cell analysis workflow with batch correction. In
datasets, data will be generated for multiple samples and jointly analyzed. This workflow demonstrate
matrices from four samples with different numbers of observations. Empty droplets are identified and re
from each sample individually followed by removal of poor quality cells or artifacts such as doublets/mu
Filtered matrices from all samples are then concatenated to produce a combined cell matrix. Note t
order of filtering may be different in various workflows (e.g. filtering of poor quality cells may occu
concatenation). The combined matrix of all samples can be analyzed using standard workflo
normalization, scaling, dimensionality reduction, 2-D embedding, and clustering. In some circums
technical differences between samples could produce unwanted clustering. Integration and batch co
methods can be applied at different steps depending on the algorithm or statistical method. In this exam
batch correction algorithm is applied to the log normalized data to produce a new matrix which can be 
subsequent steps. Other variations of this workflow may include using a batch correction or integration 
that works on the reduced dimensional matrices to produce a new reduced dimensional object whi
subsequently be used to generate a graph.  
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Supplementary Figure 3. Single-cell RNA-seq workflow with additional analysis of biological su
During the analysis of real-world datasets, subsets of data are obtained for additional downstream anal
this example, a matrix of scRNA-seq data is taken through the standard analysis workflow including f
normalization, scaling, dimensionality reduction, and clustering. While this workflow may identify the ma
types present in the dataset, further clustering of individual cell types may reveal additional heterogene
normalized matrix is subsetted using cell type labels derived from clustering. The obs_subset field can b
to denote biological subsets of observations such as T-cell, epithelial cell, etc. Each subsetted norm
matrix will undergo a similar workflow of scaling, dimensionality reduction, 2-D embedding, and cluste
identify subpopulations within each major cell type. Feature annotation and ID classes are not shown. 
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Supplementary Figure 4. Imaging-based analysis workflow that produces FOMs. Several imaging
technologies can examine tissue slides to quantify molecular and cellular features in 2-D or 3-D space.
analysis methods (e.g., segmentation) or manual curation by an expert can be used to identify Reg
Interest (ROIs) such as cell neighborhoods on each slide. Spatial technologies yield two flavors of FOM
2-dimensional FOMs can be derived that quantify the intensity levels of each marker in each cell or ROI.
raw intensity matrices can be augmented by additional morphological characteristics, such as cell si
shape, as well as spatial motifs within ROIs. The 2D FOMs can be filtered, normalized and used in clu
and embedding workflows in a similar fashion to single-cell sequencing FOMs. Second, a 4-D FOM 
generated that stores the pixel-level intensities along the x- and y-coordinates in each cell or ROI fo
channel/marker. This type of FOM can be analyzed with algorithms that work directly on pixel-level dat
as variational autoencoders, to produce a reduced dimensional matrix which can be used in clusteri
embedding workflows. Feature annotation and ID classes are not shown. 
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