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Single cell data

+- 10 000

+- 24 000

Measure gene expression at single-cell level



Single cell data
https://twitter.com/BoXia7/status/1261464021322137600
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Single cell data
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All figures except single cell RNA-seq from: 
Seurat guided clustering tutorial: https://satijalab.org/seurat/articles/pbmc3k_tutorial.html

https://satijalab.org/seurat/articles/pbmc3k_tutorial.html


Single cell data
finding marker genes

annotation

TI figures from Trajectory inference for hematopoiesis in mouse: https://scanpy-tutorials.readthedocs.io/en/latest/paga-paul15.html

reconstruct gene changes

trajectory inference

https://scanpy-tutorials.readthedocs.io/en/latest/paga-paul15.html


Single cell data
finding marker genes

annotation

TI figures from Trajectory inference for hematopoiesis in mouse: https://scanpy-tutorials.readthedocs.io/en/latest/paga-paul15.html

reconstruct gene changes

trajectory inference

https://scanpy-tutorials.readthedocs.io/en/latest/paga-paul15.html


Trajectory inference

3 assumptions:

1. Dynamic biological process: cells are representative samples
2. Sampling to sufficient depth to capture very transient states
3. Changes in gene expression is gradual during developmental process

+ Method specific assumptions: underlying shape, prior knowledge (starting or 
ending point)



Trajectory inference

+ Method specific assumptions: underlying shape, 
prior knowledge (starting point)
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Trajectory inference

clustering + MST principal curves
probabilistic methods RNA velocity

dimensionality reduction
graph traversal
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Issues with samples & batches

single cell RNA-seq

preprocessing

dimensionality reduction

clustering

finding marker genes

annotation

trajectory inference

reconstruct gene changes



preprocessing

dimensionality reduction

clustering

finding marker genes

annotation

trajectory inference

reconstruct gene changes

single cell RNA-seq
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single cell RNA-seq batch effect correction

Batch effect figure from: https://doi.org/10.1186/s13059-019-1850-9

https://doi.org/10.1186/s13059-019-1850-9
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single cell RNA-seq batch effect correction

analyse batches

Analyse batches figure from: https://doi.org/10.1038/s41591-021-01323-8

https://doi.org/10.1038/s41591-021-01323-8


Batch effect correction is really hard & can affect the downstream analysis

What is the problem?

batch effect correction



What is the problem?

Batch effect correction is really hard & can affect the downstream analysis

- Simulate batch effect data using dyngen:
- Flexible simulator for dynamic cellular processes

Merge + batch effect 
correction

Samples
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What is the problem?

These methods also overcorrect on this simple dataset

scanorama scGen fastMNN



Existing work: cellAlign



Existing work: cellAlign

→ Needleman-Wunsch

→ Approximate string matching

Dynamic Time Warping



cellAlign limitations
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Pseudotime inference Pseudotime analysisSamples

dynchro



Iterative sample alignment, using a hierarchical clustering approach
(scikit.cluster.AgglomerativeClustering)

dynchro: multiple trajectories

Samples




