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Outline

* RNA velocity

* Use RNA velocity to improve trajectory inference



RNA velocity

RNA velocity (La Manno et. al. Nature 2018): the time
derivative of the gene expression state

Most scRNA-seq protocols can capture both spliced and
unspliced mRNAs

Cell observed at time t, abundance of spliced RNA at time t +

1 can be predicted by the unspliced mRNA at time ¢t
* For a particular gene, assume

2= a(t) - B(B) u(t)

ds

= = B®u®) —y®s®)
Assuming f(t) = 1, a(t) = aand y(t) = y, we have
u(t) =a(l—e ") +uge™

et [t g (y—1)+e (ug—a)y+et(a—y (so+ug+soy))]
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s(t) =

u(t) and s(t) are the expected (hon-random) abundance,
instead of the actual mMRNA copies in the cell
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RNA velocity

Amount of unspliced mRNAs can be predictive for the amount of
spliced mRNA at the next time point

* Intuition: more unspliced mRNA at time t, more spliced mRNA will
be generated attime t + 1

* Onthe other hand, u(t) and s(t) should be highly correlated
across time

Goal: predict the gene expression profile for any cell at the next time
point

Challenge: how to estimate the transcription rate and degradation
rate?

* Gene specific

* May not be a constant over time

Core idea: assume constant rates, if a cell is at the steady state (ds/dt
=0, du/dt = 0), then by definition u
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Velocyto (La Manno et. al. Nature 2018)

e Goal: For each cell, predict the amount of spliced mRNA for each gene at the next time point

* Core ideas:
* Assume that all genes have the same constant splicing rate (B, (t) = 1)
* For each gene, estimate the degradation rate y, by linear regression regressing observed u on s

* Only use “steady-state” cells: cells whose s are at the left/right tail of the gene expression
* An offset for the intercept is introduced

* Predict future s, (t) given initial (observed) s o and ugg
dsg(t R
* Approximation 1: Sj: ) X Vg = Ugo — YgSgo, then Sg(t) X Sgo + V4t

dsg(t)

* Approximation 2: —— = uUgo — Vgsg(t), then sg(t) ~ Sgoe—?gt 4 ugo/?g(l _ e—?gt)

* Two approximations are similar when t is small, by default only predict s,(1)
dsg(t)
)

* v,(t) = uy(t)/sy(t) are named as velocities (or

e Strategies to improve accuracy in the prediction:
e Pool over similar cells, pool over similar genes

* Find cell whose spliced mRNA profiles are closest to the predicted profiles and build cell-cell pairs
(cell j is the future state of cell i)



Velocyto (La Manno et. al. Nature 2018)

* Automatically identify directed cell lineages
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Velocyto (La Manno et. al. Nature 2018)
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scVelo (Bergen et. al. Nature Biotech 2020)

* Velocyto heavily depend on steady-state modeling of the cells to simplify estimation
» Select steady-state cells for estimating the gene-specific degradation rate
* Assume that all cells have steady-state unspliced mRNAs (u(t) = ugy0) in the prediction step

* scVelo assumes that the transcription rate a(t) is not constant, but can switch between k
unknown values (latent states)

* Incorporate the transcriptional bursting model (lecture 2) into the dynamics
a.

s

= Estimated steady-state - = Steady state ratio = RNA velocity
b.
( Expectation Step ) ( Maximization step )
Time assignment State assignment Parameter update
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scVelo (Bergen et. al. Nature Biotech 2020)

* Coreideas
* Assume the following dynamic model

dul(t

B~ o (t) - Bu(t)
ds(t

O Bu(t) — s (t)

* Four latent states: on, off and two steady states
* Assume that each cell has a gene-specific latent time t;,4, and the observed (ug, s;) should

be close to the model predicted (ug,(t;4), S4(tig)) for each cell and gene
* Construct a likelihood of observed data given t;,

* Joint estimate (tlg, e tng) and model parameters (ag,,Bg,yg, tj) for all genes
* Claimed using an EM algorithm assuming Gaussian data for each gene separately

* Estimate the velocities of each gene and cell as ﬁgﬁg(fig) — V454 (fig)
» Predicted spliced mRNA level at next time point: s, + B4t (£i5) — 7454 (Eig)



scVelo (Bergen et. al. Nature Biotech 2020)

* Some details of the four states model
* Assume four transcriptional states changing sequentially:
induction state, induction steady state, repression state and repression steady state

* Denote the change point of each state as tég). tg? =0
* |Induction state:
* Initialization: =US1 =0, sgl = 0, @z >0and tgl =0

ﬂ(g) (tng: k = 1) = %(1 _ e_ﬁgtng)

g

o'
g(g) (tnga k = ]_) P — _gl (1 _ e—’}’gtng) 4+ —2
Tg g — 69
* Induction steady state
7(9) 1)~ Lim @@ 1) = 2t
a9 (tg, k=1): t,ilinoou (tng, B =1) B,
Ofgl

5(9) —92):— lim 39 —1)= &=
59 (tng, k=2): t?ilinoos (tsg, k=1) .



scVelo (Bergen et. al. Nature Biotech 2020)

e Some details of the four states model
* |nduction state

. 0 _ ={g _
 Induction steady state Uy = U (tsg, k= 2)
* Repression state:

_ 0 _
agz=0andi 3 =t;
0 _ & _
Sg3 = 8 (tsg, k = 2)

* Change of uy(t) and s,(t)
a9 (tny, k= 3) := ug3e_ﬁ9 (teat5)

0
_ _40 B,u
g(g) (tng, k = 3) = sgge Yo (tﬂg tQS) — 9 9 (6_%"r — B_ﬁg(tng_tg?’))

e Repression steady state (9 (tng, k= 4) :=0

59 (thy, k=4):=0

* Only parameter for the change points is t;



scVelo (Bergen et. al. Nature Biotech 2020)
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* (Gorin et. al. PLOS Computational Biology 2022) pointed out that the arrows generated by
Velocyto or scVelo may reverse the true direction in worst case scenarios



veloVI (Li et. al. Nature Methods 2024)

e Solve the scVelo model four-state model with variational autoencoder

* Assume a shared latent space for all genes describing changes between four states
* Use the latent variable to approximate posterior distribution of the gene-specific latent time
tiy for each cell i

* Sample z to approximate the posterior distribution of the velocities
e Has the flexibility to allow non-constant transcription rate in the induction state
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cellDancer (Li et. al. Nature Biotech 2024) du ()
—— =a(t) = At)u(t)

* Allow time-varying and gene-specific
transcription rate, splicing and degradation rates

LO _Bwu® -0

* Train a neural network for each gene using the cells as samples to estimate

i Step 1 DNN Step 2 All cells Step 3

I O O Loss = Zi1 - cos(8)
° °

I
I
I
. @ @

Unspliced O O o 0., Learn kinetic parameters |
(u) Prediction 0. ® by minimizing the loss o |
O O 5 function |

Q [ ]
| |
I
|
> "
I

A oo/ I

O O Spliced

Unspliced
°
°
°

Unspliced

Spliced

Each cell i can have different rates as the underlying time t; is different (like assumed in scVelo)
Predict (u(t; + At), v(t; + At)), minimizing the different between predicted values and best
observed nearest neighbor



cellDancer (Li et. al. Nature Biotech 2024)
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RNA velocity and trajectory inference

* An example from Weiler et. al. , methods Mol Biol. 2023 el G
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CellRank (Lange et. al., Nature Methods, 2022)

* Use RNA velocity to improve trajectory inference and estimate the cell pseudotime

* Core steps (mathematical details not provided in the paper):
* Data input: Gene expression matrix X and velocity matrix V
 Compute a directed KNN graph incorporating both RNA velocity and cell-cell similarity
* Undirected KNN graph using matrix X
 Make the KNN graph directed and weighted by computing similarity (pearson correlation
¢;) of neighboring cell difference with estimated velocity vectors for each cell i

 Compute cell-cell transition probabilities
P=(1—-MX)P, + AP, for A € [0,1].

60'(."11.;

* For Pv: Pk = Zl e7cil

* In principle, we can feed the new KNN graph and cell-cell transition probabilities into the
original PAGA algorithm

* In CellRank, instead of using clustering and calculate connectivity score, they reduce cell-cell
transition matrix to coarse-grain transition matrix of macrostates (something like soft-clustering)
using a method called GPCCA

* Automatically identify initial state by finding the stationary distribution of a Markov chain with
transition probability P = initial state has the smallest probability in the stationary distribution



CellRank (Lange et. al., Nature Methods, 2022)
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CellPath (Zhang and Zhang, Cell Reports Methods, 2021)

Core ideas:
* Datainput: Gene expression matrix X and velocity matrix I/
* Meta-cell construction: clustering of the cells and treat each cluster as a meta-cell
* For each meta-cell, get an average gene expression vector and a smoothed RNA velocity vector
* Instead of simply averaging the velocity vectors use kernel regression v; = f(x;)

* Construct a cell-cell directed KNN graph on the meta-cells using a similar idea as cellRank
* Weight between two cells calculated as (details omitted)

e (i, j) = [A(Blaist iy J) + Lo (i, )T

* Find shortest directed path between any two meta-cells that are within 3degree in the KNN graph

* Calculate pseudotime for each cell j within meta-cell i
* Order cells based on the projection

(Xj—Xi ) Vi

Ivill2




CellPath (Zhang and Zhang, Cell Reports Methods, 2021)

CellPath: detecting high-resolution trajectories from RNA velocity

N

Meta-cell
construction

construction

Cell-level
do-ti
pseudo-time P rieta-ceiieve
path
<:| construction

pseudo-time




CellPath (Zhang and Zhang, Cell Reports Methods, 2021)
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