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developmental states is inversely proportional to their density. 
Since cell accumulation is a sign of slow progression, metastable 
cells can be recognized by pseudotimes with high densities.

We performed a DPT analysis of single-cell qPCR data focusing  
on early blood development in mice13. Early hematopoietic cells 
branch to become either red blood cells or endothelial-like cells. 
DPT ordered cells along their developmental trajectories and 
identified two branches (Fig. 1b) which corresponded to the 
reported blood (branch 1) and endothelial branches (branch 2)13. 
Plotting gene expression versus pseudotime, we found patterns 
across developmental stages that are known to be characteristic  
of blood progenitors (Fig. 1c,d), namely the hemangioblast-
like sequence14 (subsequent upregulation of Cdh1 to Tal1 and 
Cdh5) in the trunk13 and the endothelial differentiation route13 in 
branch 2 (elevated levels of Pecam1, Erg and Sox17, among others).  
In branch 1, we found sequential expression of Etv2, Tal1, Runx1 
and Gata115, a sequence of gene activations characteristic for 

erythroid development. DPT further allowed us to distinguish 
early transitions (characterized by Ikaros expression, for exam-
ple) from late transitions (e.g., Erg expression) (Fig. 1c) as well 
as a number of intermediate regulatory events13 until the onset 
of Hbb-bH1 expression (Fig. 1d). This information is crucial for 
the understanding of regulatory interactions; genes that undergo 
transitions (Supplementary Note 2) earlier than others are  
candidates for regulators of the differentiation process.

Metastable cells are identified by pseudotime regions of high 
density (Fig. 1d and Supplementary Fig. 1). We found four such 
states: precursor cells, hemangioblast-like cells at the decision 
state, erythroid-like and endothelial-like cells. Notably, both deci-
sion and precursor states consist of cell mixtures from two or three 
different stages, stressing the asynchrony of developmental stages 
that could not be resolved without pseudotemporal ordering.

To identify key decision genes, we quantified expression differ-
ences for DPT-inferred subgroups and experimentally sorted cells 

DC1

D
C

2

0
0.5
1.0
1.5
2.0
2.5
3.0
3.5
4.0

DC1

D
C

2

DC1

D
C

2

0
0.2
0.4
0.6
0.8
1.0
1.2
1.4
1.6

Higher probability
x

y

Lower probability

x

y

1 2 x

y
Diffusion pseudotime:

scale-free average over
random walks

3

DPT

Construction of Branching-point
identification

Cell-state
composition

Branch 2

Root

DPT

Diffusion pseudotime

Population index
Cell density

Gene
expression

Gene 
dynamics

Not observed

Activation
Deactivation

Branch 2Branch 1

0 1,000 2,000 3,000 4,000

–10

–8

–6

–4

–2

0

Ik
ar

os

0 1,000 2,000 3,000 4,000

–10

–8

–6

–4

–2

0

E
rg

DPT order DPT order

Branch 1

x

y

Correlated Anticorrelated

z

Branch 2 d(y,_)

Branch 1

Trunk
d(x,_)

Order d(x,_) vs d(y,_):

Kit

transition matrix

Sorted populations
4SG

4SFG–

HFNPPS

Ldb1
Runx1
Tbx3
Kdr
Cdh1
Sox17
Tbx20
Ets1
Etv2
HoxB4
Fli1
Tal1
Sox7
Hhex 10

5
0
–5
–10

Notch1
Egfl7
Lmo2
Lyl1
Pecam1
Cdh5
Cbfa2t3h
Ikaros
Sfpi1
Gfi1b
Gfi1
Myb
Gata1
Meis1
Nfe2
HbbbH1
Itga2b
Erg
Procr
Ets2
Etv6
FoxH1
FoxO4
HoxB2
HoxD8
Mecom
Mitf

Precursor
stage

Decision
stage

Terminal
branch 1

Terminal
branch 2

a

b

c

d

Figure 1 | Diffusion pseudotime reveals temporal ordering and cellular decisions on the single cell level. (a) The diffusion transition matrix Txy is 
constructed by computing the overlap of local kernels at the expression levels of cells x and y (1). Diffusion pseudotime dpt(x,y) approximates the 
geodesic distance between x and y on the mapped manifold (2). Branching points are identified as points where anticorrelated distances from branch 
ends become correlated (3). (b) Application of DPT to single-cell qPCR of 42 genes in 3,934 single cells during early hematopoiesis13, sorted from 
primitive streak (PS), neural plate (NP), head fold (HF), four somite GFP negative (4SG−) and four somite GFP positive (4SG+). DPT identifies the 
endothelial branch 1 (4SG−) and the erythroid branch 2 (4SG+) (blue cells in bottom graphs). (c) Dynamics of genes Erg and Ikaros in both branches. 
Black lines show the moving average over 50 adjacent cells. The red vertical line depicts the branching point. (d) Heatmap of gene expression (smoothed 
over 50 adjacent cells), with cells ordered by DPT and branching and genes ordered according to first major change (see Supplementary Note 2, 
section 2), which is indicated by black triangles (upward: activation, downward: deactivation). Pie charts (bottom) show the fraction of cells in the four 
metastable states (metastable state populations are high-density DPT regions indicated by the black horizontal line above the pie charts).

Single cell RNA-seq and computational tools uncover lineage 
relationships

Top panel taken from Haghverdi et al., Nature Methods (2016)  
Data from Bastidas-Ponce et al., Development (2019)
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CellRank combines RNA Velocity with transcriptomic similarity to 
robustly model cellular fate establishment
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CellRank delineates fate choice in pancreatic development

Please see our manuscript for the full story!


