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Institute of Molecular and Cellular Pharmacology
Sophia-Antipolis

20 research teams composed of > 220 members
• Ion channels (pain, perception, epilepsy)

• Molecular signaling (molecular trafficking, lipidomics)

• Neurodegenerative disorders (Alzheimer, Parkinson)

• Neuropsychiatric disorders (nervous breakdown, mental retardation)

• Functional genomics and bioinformatics

15 Engineers running 5 technological platforms
• MICA, Imaging and Flow Cytometry
• CAPABIO, Proteomics and Metabolomics
• ANIPRO, animal care and behavior facility
• CoBiODA, Bioinformatics Hub
• UniCA GenomiX, Functional Genomics platform

Core member of the “France Génomique” 
network (2008, 60M€) > 500 academics
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• Large-scale transcriptome
• Oligonucleotide probe tilling
• Fluorochromesignal analysis
• Bulk resolution

• Whole transcriptome
• Next Generation Sequencing
• Full-transcript coverage
• Bulk resolution

• Whole transcriptome
• Microfluidics + NGS
• 3p-end gene signal (UMI)
• Sensitivity (6%)
• Single-cell / state resolution

• 300-1000 gene targets
• Imaging analysis
• Multiplexing FiSH(single molecule)
• Sensitivity (30-80%)
• Sub-cellular resolution

Early 2000’s: DNA microarray Late 2000’s : RNA sequencing Mid 2010’s: Single -cell 2020’s : Spatial

20 years of transcriptomics
Driven by microfluidics technological developments

Cost : 4k€
20 samples
25k genes
0,5M matrix

Cost : 4k€
20 samples
50k genes
1M matrix

Cost : 4k€
5k cells
50k genes
250M matrix

Cost : 4k€
250k cells
1k genes
250M matrix
+ Spatial dimension






Human Cell Atlas
Our contribution
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• 90% of the genes are subjected to alternative splicing,
• Gencode v42 : 252,416 distinct isoforms for62,696 genes,
• On average, a human gene contains 8.8 exons, mean size of 145 nt,
• Average encodes mRNA 2,410 nt long :

Alternative splicing and disease
Tazi et al., 2008

Transcriptomics

Scotti and Swanson, Nat Rev Genet., 2016

Complex outcomes of alternative splicing

Coding sequence

1,340nt

3’ UTR

300nt

5’ UTR

770nt

Inference required

Direct full exonic layout
One read is one moleculeNature Method 

of the Year 2022



Standard short-read sequencing

SiCeLoRe, Nature Communication, 2020
Single -cell long -read transcriptomics

Gene-level
matrix

Information on alternative splicing, fusion transcripts, SNV, editing, imprinting, allelic imbalance

Remain accessibleIs lost

Long-read full-length sequencing

Isoform-level
matrix

https://github.com/ucagenomix/sicelore-2.1

https://github.com/ucagenomix/sicelore


Single -cell long -read t ranscriptomics reveals diversity
76 isoform-switching genes along neuronal maturation

Clta-204

Clta-206

Clta-204 Clta-206

236 aa

218 aa

Access to the full length sequence heterogeneity (RNA A-to-I editing)

E18 C57BL/6 mouse
hippocampus, cortex, 
and ventricular zone



Spatial Transcriptomics approaches
Historical timeline

• Spatial transcriptomics aims at directly visualize gene expression in their original environment
• Tackle the main limitation of single cell experiment missing the spatial organization
• A lot of developments in the last years thanks to recent advances in different fields

Spatially Resolved Transcriptomes Next Generation Tools for Tissue Exploration 
Asp et al., BioEssays, 2020

Merscope
Cosmx
Xenium

Slide-seq-v2
Stereo-seq
DBiT-seq



In-situ capture Spatial Transcriptomics (2017 -2022)
Visium is widely adopted by academics

 Spatial barcode / UMI assignment strategy identical as the droplet-based single -cell approach



Spatial isoform Transcriptomics ( SiT)
Nucleic Acids Research, 2023



Nanopore promethION long -read sequencing
Sample UMI complexity

CBS1: One flow cell, 117 M reads  51.6% sequencing saturation
CBS2: One flow cell, 111 M reads  62.2% sequencing saturation
 1 or 2 Promethion flow cells per Visium slice

Transcripts full-length coverageSequencing saturation curves per sample



SiT reveals specific splicing pattern across MOB regions
Plp1 Differential Transcript Usage (DTU)

ProteolipidProtein1 (Plp1) is a gene
involved in severe pathologies
associatedwith CNS dysmyelination



SiT reveals specific splicing pattern across MOB regions
Plp1 Differential Transcript Usage (DTU)

In Situ Sequencing Data

ProteolipidProtein1 (Plp1) is a gene
involved in severe pathologies
associatedwith CNS dysmyelination



SiT reveals specific splicing pattern across MOB regions
Cell type deconvolution using single cell external dataset (Tepeet al., 2018)

Spatialspot deconvolutionof Plp1 expresser cell types
 Plp1 is expressed as Plp1-201 by myelinating-

oligodendrocytes (MyOligo) in the Granule Cell Layer
 Plp1 is expressed as Plp1-202 by olfactory 

ensheathing cells (OEC) in the Olfactory Nerve Layer

Proteolipid Protein 1 (Plp1) is a gene
involved in severe pathologies
associated with CNS dysmyelination

In Situ Sequencing Data



SiT reveals full -length sequence heterogeneity (CBS)
Global A-to-I RNA editing spatial map

• Exploration of 5,817 A-to-I RNA editing sites described in the literature (Ramaswamiet al., 2013 (RADAR), Licht et al., 2019)

• Long read high confidence call thresholding, looking at agreement between long and short read base calls for 88,175 shared UMIs

― number of reads per UMI >= 3

― consensus Phred score QV >= 6

IndividualA-to-I editing
site editing ratio per region



Imaging -based Spatial Transcriptomics (2022)
No more sequencing for direct single-cell resolution

• Lower gene panel targets (from WT to ~1,000 genes)
• Higher sensitivity (from ~6% to 30-80%)
• Larger imaging area(42 to 236 mm2)
• Higher resolution (from 55 µm to subcellular)

NanostringCosMx
ISH-based

VizgenMerscope
Multiplex Error-Robust FISH
Available (oct.2022)

10xGenomics Xenium
Padlockprobes / RCA
Available (jan.2024)



Single cell and Spatial isoform transcriptomics
Summary

• Accurate single-cell and spatial transcriptomicsusing Nanoporelong-read sequencingis feasible

• Long reads sequencingrevealstranscript diversitythat is missedwith standard short reads workflows

• SingleNucleotideVariationcalls (SNV,editing) in single-cell and in a spatialcontext can be achieve

Nanopore PromethION sequencing
2018: 20M reads/FC, 92% raw read accuracy
2022: 150M reads/FC,98% raw read accuracy

https://github.com/ucagenomix/sicelore-2.1
• Visium and single-cell 3’ and 5’ libraries
• Illumina-free profiling available

• Sicelore-2.1 : we don’t need short reads anymore
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