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5’ scRNA-seq reveals regulatory patterns via TSS switch
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Outline — Cell differentiation and lineage

1. RNA velocity as a framework for directed trajectory inference
2. Lineage specific differentiation bias

3. Lineage markers with somatic mutations

«  Copy number variations
«  Mitochondrial SNV
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Part 1: Cell differentiation

How to identify the direction of cell transition processes?

Differentiation or reprogramming? How do we know the direction?
* By experiment design & root cell
* By domain knowledge

% 4 Neural * Stem cell have more expressed genes
' (or diverse expression profile)

Trophoblast *

Epithelial == 48 Stromal

MET Can we infer the direction from data?

Schiebinger et al, Cell, 2019 4/17



Footprint on intrinsic RNA processing: RNA velocity
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RNA velocity for cell transition probability matrix

Find steady-state cells
v = 0; linear regression
Probability* of cell i transits to cell j
6Tvi
TTij = cos[(é,],vl) = T, [T
61] = Sj — S

Velocyto

s: vector of gene expression (spliced)
v: vector of gene expression velocity

Fit latent time & 2 linear

How to predict v (a big assumption): ODE dynamical functions

ds ( )
= — = f =fxUuUu—7y %
T u,s ﬁ u y *S

ScVelo

*: followed by KNN clipping & softmax 6/17




UniTVelo: dynamical function w/ spliced-oriented design

Generalised RNA velocity framework:

Sc,g = flteg; 09)7

e = W1 Fteg) + w2 -|f (teg) 1 N

Loss: ) . Time
Loss = MSE(S,S)+ MSE(U,U) %
3
Link function (differentiable; RBF as example): oy
9 Time
f(t;0) :=h-exp(—(t —7)°/1);0 ={h,l, T}
!
Latent variables (time or rank; fully constrained as example): I .
Time

te,g =1, for any g
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UniTVelo: unified time-based RNA velocity

Gene-specific time matrix i Update phase parameter 99 via EM

Re-assign time -

based on cell order &

S I
& Unified time mode =
— =
S =
c -
Independent time mode

UniTVelo: Gao, Qiao & Huang, Nat Comm, 2022. 8/17



scVelo

UniTVelo

UniTVelo for analyzing mouse Erythroid

Smim1

scVelo dynamical mode

Blood progenitors 1
Blood progenitors 2

® Erythroidl
Erythroid2

@ Erythroid3

UniTVelo

Blood progenitors 1

Blood progenitors 2

® Erythroidl
Erythroid2

@ Erythroid3
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UniTVelo for analyzing mouse Erythroid (example)

. Scube?2 -

Transient expression:
Only detected by using
unified time
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UniTVelo for analyzing human hematopoiesis

a UniTVelo Latent time by UniTVelo b scVelo dynamical mode
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Open challenges

Velocity specific challenges
* Select features to view the temporal structure

* Uncertainty of the transition probability: parameters, variable selection
* Surrogate predictors of RNA derivative

General challenges (as pattern discovery models)
* Balance between model and overfitting
* Local optima: lowest loss VS heuristic diagnosis

Biotechnology challenges
* Enhance the intronic reads (e.g., metabolic labelling)
* Primers targeting a set of genes & introns for universal velocity space

12117



Part 2: Lineage & differentiation

UMAP2

Modelling clone specific differentiation (Hematopoiesis)

11 major cell types

Macrophage
Monocyte’

Monocyte precursor
.

J

UMAP1

LARRY-barcoding system

From Bertie Géttgens Lab:
Shirom Chabra
Melania Barile

0
o1
°2
®3
04
®5 .

6 mega clones

® Day3
® Dayl0
® Dayl7
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Part 3: Lineage marker — Copy Number Variation

XClone: detect allelic copy number variation from scRNA
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XClone: R Huang, X Huang, et al. BioRxiv 2023
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Part 3: Lineage marker — Mitochondrial SNV

Representation learning for phylogenetic inference

Variational auto-encoder

Phylogeny in low dim

Mitochondrial variants & clones i
(MKN45, gastric cancer) A N

@
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