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Cell development

PGCs: Primordial germ cells, Julia Tischler (Gurdon

Institute)



Single cell RNA-Seq



Single cell snapshot data

Deviation from common development path:

I Individual development of single cells

I Measurement noise



Pseudotime

Order cells according to common development path



Causal inference from time series data
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Two genes, green and blue. Which is regulating which?



Time series data with noise
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Key feature for causal inference: process noise



Resolve circularity with temporal data

Regress time t on time t − 1
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But what if we only have snapshot data?



Structural Equation Model (SEM)

xt = Fxt−1 + u
u ∼ N(0,∆) fixed over time

Stationary state
x = Fx + u

Matrix F , external input u

x = (I − F )−1u

Covariance var(x) = (I − F )−1∆((I − F )−1)T

Traditional SEM: fit to empirical covariance matrix



Stationary states

Each cell set
off with
different
input
uc ∼ N(0,∆)

Assume SCs stationary state, regress genes on each other



Regression based networks

Sparse regression (elastic net with stability selection)

Fgf5

Fgfr2

0.057

Tbx3

-0.018

Nr5a2

-0.064

EsrrB

-0.11

Ehmt1

0.012

Lamb1

0.021

Lefty1

0.051

Prdm14

-0.022

Tcl1

-0.154

Otx2

0.356

Utf1

0.075

Dnmt3a

0.212

Lin28b

0.206 Kdm4c

0.015

Dnmt3b

0.146

Cdh2

0.093

Klf5

0.08

Nanog

0.334

Kdm3a

0.016

Kdm3b

0.02

Hes1

0.12

Eomes

0.037

Tet2

0.023 -0.036

Lefty2

0.066

Snai1

0.019

Klf2

0.252

Pax6

0.002

Rex1

0.08

Dppa3

0.005

Klf4

0.267

Nr0b1

0.001

Dnmt3l

0.008

Hhex

0.02

Dppa2

0.034

Sox2

0.001

0.268

0.099

0.12

Bmp4

0.062

Pecam1

0.012

0.093

0.0990.096

0.01

0.001

0.039

0.221

0.158

0.074

0.017

0.047

0.044

Pdgfa

0.005

0.096

0.031

0.011

0.0460.025

0.09

0.029

0.007

0.136

0.053

0.049

0.018

Nodal

0.138

0.015

0.056

0.025

0.657

0.103

0.018

0.027

0.013

0.03

0.006

0.027

-0.001

-0.008

0.064

0.003

0.14

0.084

0.041

0.005

0.001

0.034

0.057

0.029

0.022

0.135

Popular GENIE3, TIGRESS



Simple regression misleading
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x1 = 0.8x2 + u1
x2 = −0.5x1 + u2

Simple regression (red) misleading



General dynamical framework

x1,t = f1(xt−1; θ1, u1)

· · ·
xG ,t = fG (xt−1; θG , uG )

Cell-specific u = (ug) constant throughout time
and independent

Estimate θ from stationary state data

Maximise independence of residuals (SEM),
instead of minimizing their size (regression)



Simulation example

Nonlinear system

x1,t = ε1
x2,t = ε2

x3,t = −0.15 +−0.4x4,t−1 + 0.3x21,t−1

+ 0.05x24,t−1 − 0.2x24,t−1 + ε3

x4,t = −0.1 + 0.2x2,t−1 − 0.3x3,t−1 − 0.1x23,t−1

− 0.3x32,t−1 − 0.15x33,t−1 + ε4

ε1, ε2 ∼ Unif(−1.73, 1.73)

ε3, ε4 ∼ Unif(−0.95, 0.95)



300 dynamic simulations



Network with maximal independence
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General
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criteria (eg HSIC)

Petras Verbyla



Beyond snapshot data
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Gaussian process prior
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y ∼ N(0,Kxx)
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y ∗ ∼ N(Kx∗xK
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Σ = Kx∗x∗ − Kx∗xK
−1
xx Kxx∗

Gaussian cov(x , x∗) = θ1 exp(−θ2(x − x∗)2)

Matern cov(x , x∗) = θ1(1 + θ2|x − x∗|) exp(−θ2|x − x∗|)



Hierarchical GP with Gaussian kernels
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Covariance kernel from functional model
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Sample shapes from
parameter priors

Estimate covariance
matrix for points of
interest



Hierarchical functional GP model
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GP for pseudotime

Find time points tc for cell c , gene g expression x
(g)
c

Priors on tc , GP likelihood on points (tc , x
(g)
c )

p(x , t, θ) = p(θ)
∏

cell c

p(tc)
∏

gene g

pN(x (g) | 0,K (t, θ))



Pseudotime ordering

Sparse GP with inducing grid points u

x (g) ∼ N(0,Qtt + diag(Ktt − Qtt))

Qtt = KtuK
−1
uu Kut (Kuu small, easy to invert)

Reid and Wernisch, Bioinformatics 2016
CRAN package DeLorean, Magdalena Strauss



Embryonic stem cells

ESCs to PGLCs, Julia Tischler (Gurdon Institute)



Branching GPs

Human embryonic cells, Petropoulos et al. 2016



Networks from pseudotime

Ocone, Haghverdi, Mueller, Theis, Bioinf. 2015



Feedforward loop without process noise
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Feedforward loop with process noise
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Approximating the transition function

Gauss Cov Functional Cov

Grey: X3(t) = fhill−or(X1(t − 1),X2(t − 1))
Colored: GP with covariance trained on

(X1(t − 1),X2(t − 1))→ X3(t)



GP approximation



Approximating the transition function

Gauss Cov Functional Cov

Grey: X3(t) = fhill−or(X1(t − 1),X2(t − 1))
Colored: GP with covariance trained on

(X1(t − 1),X2(t − 1))→ X3(t)



GP approximation



Accounting for uncertainty
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Uncertainty:

I pseudoordering

I cell process
noise

I measurement

Guess amount of process vs
measurement noise

Reconstruct possible trajectories
via Gaussian process
state-space model (GP-SSM)



Latent state-space model

Given: mean mg , covariance Kg for all gene
trajectories

Aim: reconstruct transition function f and latent
trajectories x(g) = (x

(g)
t )

f ∼ GP(0,K )

xt = f (xt−1) + ε, for all t

mg ∼ N(x (g),Kg), for all g



Particle Gibbs

I Initialise latent trajectories x = (xg)
I Loop:

I Sample f (inducing points u) from x
I Sample new xnew from x using PGAS

Particle Gibbs Ancestor Sampler (PGAS) provides
transition kernel x→ xnew using reference particle

I N particles represent trajectories
I Loop t = 1, . . . ,T

I Sample N − 1 from previous particles using GP
I Sample reference particle N using x
I Reweight according to likelihood

Roger Frigola, Time Series Learning, thesis 2015



Estimated inducing points

GP estimate through
posterior mean of
inducing points u
from PGAS sampler



Conclusions

I Process noise crucial for causal inference
from observations

I Plenty of useful variation in snapshot single
cell data: use regression (SEM) for short-term
dynamics

I Variation lost in pseudotime data for
long-term dynamics: difficult to regain with
latent state-space models
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