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Single-cell and isoform-specific
translational profiling of the mouse brain

In the format provided by the
authors and unedited



ad sc-Ribo-seq

1. Single cell sorting in
multi well plates

2. Cell lysis in buffer with
cyclohexamide

3. Nuclease footprinting

4. Small-RNA library
construction

5. Size enrichment of
ribosome-protected footprints
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6. RNA-sequencing of
ribosome-protected
footprints
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Ribo-ITP

1. sc-Ribo-seq protocol
up to nuclease footprinting

v

2. Recovery of ribosome-
protected footprints

using microfluidics
isotachophoresis
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3. RNA-sequencing of
ribosome-protected
footprints

RIBOmap

1. Probe hybridization to
18S rRNA and target RNA
and proximity rolling circle
amplification

2. Hydrogel-tissue
chemistry and in situ
SEDAL sequencing

1

3. In situ sc translatome

4. Combination with
STARmap to obtain
relative translation
efficiency

Ribo-STAMP

1. Expression of mMRNA-
editing enzyme fused
to ribosomal protein

2. RNA-sequencing
method of choice
(Hlumina, 10x, PacBio)

Z

3. Cto U edit count

!y

4. sc, long/short read,
transcriptome and translatome

ADVAN

TAGES

« Correlates with Ribo-seq

» Correlates with Ribo-seq
*» Optimized for low input
samples, high RNA yield

« Faster protocol than
sc-Ribo-seq

» Automated

« Correlates with RiboLace

* Can investigate

a lot of cells at once (50,000)
» Enables spatial information
within tissue

» Enables subcellular spatial
information in cultured cells

« Correlates with Ribo-seq,
polysome profiling, and
Ribo-eCLIP

» No need for custom equipment
or technical know-how

» Can be coupled with standard
sequencing methods

(lllumina, 10x, PacBio),
enabling isoform measurements.
* Transcriptomics and
translatomics with same

RNA molecules

DISADVANTAGES

» Complicated protocol
(FACS, nuclease

digestion, small RNA library
prep, size selection)

« Loss of input material,

not ideal for low input
samples i.e. brain cells

* Low RNA yield

» Lacks isoforms resolution

» Requires transcriptomics
and Ribo-seq in different cells,
not a direct readout of
translation efficiency

« Limited by sequencing depth

= Complicated protocol
(Similar to Ribo-seq)

» Requires custom equipment
and microfluidics know-how)

» Lacks isoforms resolution

» Requires transcriptomics
and Ribo-seq in different cells,
not a direct readout of
translation efficiency

« Limited by sequencing depth

» Complicated protocol (custom
probe design, requires

cell segmentation)

» Requires microscope,
microfluidics, and technical
know-how

« Limited by pre-defined gene
set of low to medium expressed
genes and probe design

» Lacks isoforms resolution

» Requires STARmap and
RIBOmap in different samples -
not a direct readout of
translation efficiency

« Limited by sequencing depth
and enzyme editing efficiency

Supplementary Information Fig.1. Schematic of sc translational profiling techniques. a,
Schematic (top), advantages (middle), and disadvantages (bottom) of the four sc translational
profiling technologies (sc-Ribo-seq, Ribo-ITP, RIBOmap, and Ribo-STAMP). Briefly, scRibo-seq



is restricted by loss of input material, Ribo-ITP is better suited for low cell numbers but requires
custom microfluidics, and RIBOmap requires a pre-selected list of genes for analysis, hindering
unbiased discovery. Figure created in BioRender.
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Supplementary Information Fig. 2. MARINE is a new computational tool that enables
efficient analysis of RNA editing at single-cell resolution. a, Flowchart depicting MARINE’s
workflow for calling RNA edits of all types in bulk and single-cell samples. b, MARINE runs on



single-cell data with O(n) time complexity, and runs faster with more cores. ¢, MARINE runs on
single-cell data with O(c) memory complexity, depending on RAM available. d, By throttling the
number of contigs simultaneously processed, users can find an optimal trade-off between memory
and runtime for their runtime environment. e, Edit conversion distributions from MARINE,
Reditools2.0 and JACUSAZ2 are comparable, with concordant site discovery across all three tools.
f, MARINE runs on bulk data with O(n) time complexity with regard to edited reads; example runs
using 32 cores. g, MARINE runs on bulk data in with O(c) memory complexity, which can be
adjusted by modifying processed genomic interval size; example runs using 32 cores. (b,f,g) bars
represent standard deviation.





