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Development is commonly regarded as a hierarchical branching process which is                     

governed by underlying gene regulatory networks. Single­cell genomics, single­cell                 

RNA­seq (scRNA­seq) in particular, holds the promise to resolve the dynamics of this                         

process. However, learning the structure of complex single­cell trajectories with multiple                     

branches remains a challenging computational problem. In this thesis, I will present the                         

toolkit, Monocle 2, which uses reversed graph embedding to reconstruct single­cell                     

trajectories in a fully unsupervised manner. Monocle 2 learns an explicit “principal                       

graph” that passes through the middle of the data as opposed to other  ad hoc methods,                               

greatly improving the robustness and accuracy of its trajectories. I will demonstrate that                         

Monocle 2 is able to accurately reconstruct developmental trajectories for complicated                     

systems, including hematopoiesis involving multiple different cell fates. When coupled                   
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with another statistical framework, BEAM (branch expression analysis modeling),                 

Monocle 2 is able to detect genes specific to different developmental lineages. The                         

unprecedented high resolution of the reconstructed developmental trajectories not only                   

enables us to determine which genes are playing important roles at the critical time point                             

of cell fate transition but also to directly infer causal gene regulatory networks. To this                             

end, I have been developing a new toolkit, Scribe, which applies novel information                         

theory techniques to detect causal interactions responsible for fate transitions. Scribe                     

provides intuitive visualizations of causal interactions and can additionally incorporate                   

information from “RNA­velocity” for causality detection. Scribe accurately reconstructs                 

core networks specifying myelocytic or chromaffin cells. Finally, I will show a                       

compendium of the inferred causal regulatory network for  C elegans ’ early                     

embryogenesis based on lineage resolved live imaging data, demonstrating Scribe’s                   

generalizability.  
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Introduction 

Almost every organism on the planet is produced from a single cell. To understand how does a                                 

multicellular organism develop thus lies at the heart of biology. A natural way to address this                               

question is to directly follow each cell division during the developmental process. At the 70s,                             

John Sulston manually recorded every cell division of c. elegans ’ entire embryogenesis, literally                         

using pen and paper with observation under a microscope  (Sulston et al. 1983) . This epic work                               

produced the first and also the only comprehensive lineage map for a multicellular organism.                           

Various alternative approaches are later developed, including cell marking and tracing with dyes                         

or enzyme  (Weisblat, Sawyer, and Stent 1978) (Keller 1975) , recombinase­mediated (for                   

example, Cre­Loxp) activated report genes  (Zinyk et al. 1998) and more recently somatic                         

mutation or repurposed CRISPR­Cas9 based molecular recorders  (McKenna et al. 2016) (Frieda                     

et al. 2017) .   

Although lineage maps provide a great resource to study development, they don’t provide                         

direct mechanistic understanding on when and how the cells are specified and what are the genes                               

driving the cell fate specifications. 50 years ago, Conard Waddington proposed an elegant                         

explanation in his book The Strategy of the Genes to explain the mechanism of cell fate                               

bifurcation using a metaphor, the epigenetic landscape  (Waddington 2014) . In this metaphor,                       

Waddington represented the zygote as ball located on the top of a hill. The downward movement                               

along the valley (cherod or the developmental path on the landscape) on the landscape of the ball                                 

or zygote represents cell differentiation with a decrease of the developmental potential (or the                           

capability to differentiate into different terminal cell types). The developmental process on the                         

12 

https://paperpile.com/c/o95JiK/lQBb
https://paperpile.com/c/o95JiK/8weE
https://paperpile.com/c/o95JiK/ktLd
https://paperpile.com/c/o95JiK/dODZ
https://paperpile.com/c/o95JiK/0P76Y
https://paperpile.com/c/o95JiK/X8ye
https://paperpile.com/c/o95JiK/X8ye
https://paperpile.com/c/o95JiK/JqZY


 

landscape is further represented as a hierarchical tree structure where the stem cells can choose                             

different valleys to bifurcate into different progenitor cells and eventually terminal cell types.                         

How is the topography of the epigenetic landscape shaped? In the same book, Waddington also                             

proposed the guy­rope model. In this model, the pegs or genes in the ground will interact with                                 

each other and pull the surface of the landscape to form distinct valleys and thus determine the                                 

shape of the epigenetic landscape; that is the underlying gene regulatory network will determine                           

the cell lineage specification.  

Although the epigenetic landscape was first proposed as a metaphor to explain the                         

developmental process, it is actually closely related to many key concepts in other fields, for                             

example, the potential landscape in physics, the adaptive landscape in population genetics and                         

protein folding funnel landscape in biochemistry,  etc  (Ao 2009) . Moreover, the epigenetic                       

landscape has a theoretical foundation and can be rigorously quantified. Over the past decade or                             

so, there is intensive efforts to mathematically reconstruct the epigenetic landscape from small                         

network motifs  (J. Wang et al. 2011) . When I was Master student, I also contributed in this                                 

direction. I took a systems biology approach and modeled the cell types (stem cell or terminal                               

cell types) as the attractor (a steady state to which a dynamical system evolves after a long                                 

enough time) with a set of stochastic differential equations. The cell state transitions, including                           

differentiation, reprogramming as well as transdifferentiation, were modeled as the least action                       

path between the attractor states  (Qiu, Ding, and Shi 2012a) . 

As early as 2009  (F. Tang et al. 2009) , single­cell RNA sequencing (scRNA­Seq) began                           

to reveal its unprecedented power in studying cell fate specification as it offers a novel                             

high­resolution vista on cell states and thus can connect the theory of cell state transitions with                               
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the actual transcriptional dynamics. Recognizing its promise when I started my Ph.D in 2013, I                             

joined Dr. Cole Trapnell’s lab as his first graduate student, just when he started his own lab, to                                   

specifically work on computational method development for single­cell genomics. These                   

computational methods, as I will discuss later, are inspired by some of the above theories but                               

relies on techniques from statistics, machine learning, and computer sciences to provide new                         

insights of developmental process.  

Traditionally, when we study the developmental process, for example, the hematopoiesis,                     

we may collect bulk samples at different time points and measure their transcriptome with                           

microarray or bulk RNA­seq. Since we only have bulk measurements, we cannot observe the                           

heterogeneity across individual cells. With single­cell genomics approach, for example,                   

scRNA­seq, each individual cell’s the transcriptomic state is profiled. Since different cells may                         

differentiate from a pool of different stem cells starting from different time points and different                             

cells can have different developmental timing, even we collected cells from the same time point,                             

they may be distributed in different stages of the developmental process. In order to obtain a                               

high­resolution view of the developmental process, we can take advantage of the heterogeneity                         

and asynchrony from single­cell data to computationally reconstruct the branching                   

developmental trajectories. The reconstructed developmental trajectory provides a description of                   

cell progression during development. Since we only capture snap­shot data from single­cell                       

RNA­seq, although we study the time with the reconstructed trajectory they are not real time, so                               

we call it  pseudotime . We define the pseudotime as the  geodesic distance (in a loose metaphoric                               

manner in computer science) of a cell to the root cell determined by prior biological knowledge                               
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on the tree structure; large pseudotime means later or longer in the developmental progression                           

under study  (Trapnell et al. 2014b) .  

The recent emerging single­cell genomics technologies are revolutionary technologies                 

which enables us to measure various aspects of the genome for thousands of cells. For example,                               

single­cell RNA­seq or scRNA­seq measures the RNA abundance for all the transcripts in the                           

cell while scATAC­seq  (Buenrostro et al. 2015) , scHi­C  (Ramani et al. 2017) or scProteomics                           

(Stoeckius et al. 2017) measures the transposase accessible chromatin, chromatin 3D structures                       

and surface or cellular protein expression levels for thousands of cells. A typical scRNA­seq                           

experiment works as following, we start with some tissue samples, then we isolate the sample                             

into individual cells, then the RNA inside the cell is extracted and reverse transcribed into                             

cDNA. The cDNA is then amplified into a library and subjected to sequencing using a                             

next­generation sequencer. In the end, we use computational algorithms to quantify the                       

abundance of RNA in each individual cell.  

The number of cells a single scRNA­seq experiment can measure is expected to increase                           

exponentially over time, likely to follow the biological equivalent of Moore’s Law as has been                             

shown for other omics technologies  (Svensson, Vento­Tormo, and Teichmann 2018) . It started                       

with a few dozens of cells, processed by manual handling, then hundreds of cells with the                               

streamlined microfluidics, to reach now a throughput of tens of thousands of cells with the                             

droplet­based approaches. A recent breakthrough, single­cell combinatorial indexing RNA­seq                 

(sci­RNA­seq), relies on combinatorial indexing without physical separation of cells, which can                       

in principle be scaled to tens of millions of cells  (Cao et al. 2017b) . The increase in scale for                                     

scRNA­seq experiments has already launched several initiatives for building a comprehensive                     
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cell atlas of all tissues, organs as well as model organisms, including  C. elegans , mouse, and                               

human. These cell atlas projects have already generated an enormous amount of data and will                             

generate thousand times more datasets, thus they pose great computational challenges for data                         

manipulation, visualization as well as analyzation.  

There are a few key properties we need to keep in mind if we analyze the scRNA­seq                                 

data. First of all, the scRNA­seq data has very high dimension. With the current technology, we                               

can easily sequence thousands of cells (as mentioned above) for the entire transcriptome, for                           

example about 30, 000 genes in the human genome. Secondly, scRNA­seq data is very noisy.                             

This is because this technology is pretty new and still not perfect. Finally, scRNA­seq only offers                               

snapshot data. This is because the cells are killed when we perform the experiment.  

My thesis tries to address three major questions. The first one is: How can we map                               

complex developmental trajectories from scRNA­seq data? The second question is: What are the                         

genes associated with the bifurcating developmental process? Finally, how can we recover the                         

underlying developmental regulatory networks? Thus this thesis will be organized into four                       

chapters. The first chapter discusses a generative model of a single­cell RNA­seq experiment.                         

The second chapter discusses a general machine learning framework, Reversed Graph                     

Embedding or RGE, to reconstruct the complex developmental trajectory from scRNA­seq data.                       

The third chapter discusses a statistical approach, BEAM (Branch Expression Analysis                     

Modeling), to identify the genes associated with each lineage or branch. The last chapter                           

discusses a toolkit, Scribe, which uses a novel information metric Restricted Direction                       

Information or RDI, to infer the causal regulatory network from single­cell RNA­seq data.   
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Chapter 1 A generative model of single­cell RNA­seq 

A version of this chapter has been previously published as part of the following paper:  

Single­cell mRNA quantification and differential analysis with Census. X Qiu , A Hill, J Packer,                           

D Lin, YA Ma, C Trapnell  Nature methods  14 (3), 309 

Recently I developed Census  (Qiu, Hill, et al. 2017b) , an algorithm that converts conventional                           

measures of relative expression such as transcript per million (TPM) in single cells to normalized                             

transcript counts without the need for spike­in standards or UMIs. However, all recent single­cell                           

RNA­seq protocol, including drop­seq, usually uses UMIs. In addition, the linear assumption that                         

TPM is proportional to the true relative abundance in the cell lysis limits the accuracy of Census.                                 

These facts make Census become increasingly irrelevant. So I will not discuss extensively                         

Census, instead mainly talk about Census’ underlying generative model of scRNA­seq                     

experiment with spike­in ladder, which mimics natural eukaryotic mRNAs and controls the                       

various source of variance during the scRNA­seq experiment. The spike­in ladder we use are                           

usually the 92 exogenous RNA standards developed by the External RNA Controls Consortium                         

(ERCC), each has 250 to 2,000 nt in length. 

1.1 A generative model for single­cell RNA­seq experiments with a spike­in ladder  

Census is motivated by a generative model of single­cell (sc) RNA­Seq similar to the one                             

developed by Kim  et al  (Kim et al. 2015) . When performing sc­RNA­seq, each individual cell is                               

lysed to recover its endogenous RNA molecules, some fraction of which may be degraded or                             

lost. Lysis thus involves an RNA recovery rate  . Spike­in transcripts are then added into the                               
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cell lysate. Note that spike­in transcripts are added to the lysate as naked RNA, and thus may be                                   

degraded at different rates from the endogenous RNA. We denote the ladder recovery rate as  .                               

The RNA counts in the lysate can be written:  

 

where are the transcript counts of endogenous RNA in cell lysate, spike­in transcript                           

counts in cell lysate and the spike­in transcript counts added into the cell lysate. The first                               

subscript in all variables (here and below) corresponds to cell while the second subscript                           

corresponds to gene index. Note that we are not able to directly observe , the true transcript                                   

counts for gene     in cell     and thus    is an unknown variable.  

The RNA molecules and spike­in transcripts will then be subjected to reverse                       

transcription and amplified to make a cDNA library. The expected number of cDNA molecules                           

generated from each RNA molecules is denoted by    . The cDNA counts can be written: 

 

where are the cDNA counts of endogenous RNA, spike­in cDNA counts successfully                         

converted from the corresponding transcript counts in cell lysate under a uniform capture                           

rate    , which for current protocols is less than 1.  
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Our model generates sequencing reads from the cDNA. The relative cDNA abundances                       

are calculated as for endogenous RNA, or for spike­in                     

RNA.  

The model then generates reads per cDNA molecule on average; with sufficient                         

sequencing, will be larger than 1; we expect each cDNA molecule to generate at least one                                 

sequencing read. This process can be regarded as a multinomial sampling of reads                           

from the distribution of relative cDNA abundances mentioned above                   

which can be represented as:  

 

where denotes the reads sampled for cDNA from the endogenous RNA or spike­in RNA                             

in cell , denotes the reads sampled for cDNA from the endogenous RNA or                                 

spike­in RNA     in cell    .  

The model described here is essentially a special case of the model in Kim  et al. , and                                 

differs mainly in that their model describes transcript­level capture rates and sequencing rates                         

with beta and gamma distributions, respectively. In contrast, we simply use global constants for                           

these rates. 
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1.2 A simulator for the sc­RNA­seq process  

To generate an  in silico  library for a single cell, we built a simulator that first selects  G genes at                                       

random from a relative expression profile (  ) derived from a bulk RNA­Seq experiment to                           

represent the hypothetical relative abundance of a single­cell in cell lysate. These values are                           

rescaled to proportions (i.e. summing to 1), or     

   

These proportions are then used to parameterize a multinomial distribution from which  T                         

transcripts are drawn to obtain the transcripts in the library space where we also consider there is                                 

percentage of the RNA is degraded. Therefore, we have:  

library:    

To this pool of transcripts, a fixed number of spike­in transcripts are added, forming a                             

mixture of simulated “endogenous” and “spike­in” mRNAs where the degradation of spike­in                       

transcripts is represented by  . Of these, percent are selected uniformly at random to simulate                               

incomplete mRNA capture by the reverse transcription process. Finally, the abundances of these                         

cDNAs relative to one another were used to parameterize another multinomial, from which                           

reads are sampled. The read counts are then used to calculate the relative abundance for the                               

spike­in and the endogenous RNA. 

In this study, we systematically simulated the sc RNA­seq process obtained from bulk                         

RNA­Seq measurements made in Trapnell and Cacchiarelli  et al (Trapnell et al. 2014b)  by                         
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varying the gene number  , capture rate  , endogenous RNA degradation , spike­in                           

degradation   , total endogenous transcript count    and total number of reads   .   
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Chapter 2 Reversed graph embedding resolves complex developmental               

trajectories  

A version of this chapter has been previously published as part of the following paper:  

Reversed graph embedding resolves complex single­cell trajectories.  X Qiu , Q Mao, Y Tang, L                           

Wang, R Chawla, HA Pliner, C Trapnell  Nature methods  14 (10), 979 

2.1 Introduction 

Most cell state transitions, whether in development, reprogramming, or disease, are characterized                       

by cascades of gene expression changes. We recently introduced a bioinformatics technique                       

called “pseudotemporal ordering”, which applies machine learning to single­cell transcriptome                   

sequencing (RNA­Seq) data to order cells by progression and reconstruct their “trajectory” as                         

they differentiate or undergo some other type of biological transition (Trapnell et al. 2014b) .                         

Despite intense efforts to develop scalable, accurate pseudotime reconstruction algorithms                   

(recently reviewed in  (Kumar, Tan, and Cahan 2017) ), state­of­the­art tools have several major                         

limitations. Most pseudotime methods can only reconstruct linear trajectories, while others such                       

as Wishbone (Setty et al. 2016) or DPT (Haghverdi et al. 2016a) support branch identification                         

with heuristic procedures, but either are unable to identify more than one branch point in the                               

trajectory or require that the user specify the number of branches and cell fates as an input                                 

parameter.  

Here, we describe Monocle 2 ( https://github.com/cole­trapnell­lab/monocle­release ),           

which applies reversed graph embedding (RGE) (Mao, Wang, et al. 2015; Mao et al. 2016a) , a                             
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recently developed machine learning strategy, to accurately reconstruct complex single­cell                   

trajectories. Monocle 2 requires no a priori information about the genes that characterize the                           

biological process, the number of cell fates or branch points in the trajectory, or the design of the                                   

experiment. Monocle 2 outperforms not only its previous version but also more recently                         

developed methods, producing more accurate, robust trajectories. 

2.2 dpFeature: a general unsupervised feature selection approach for trajectory                   

inference 

Monocle 2 begins by identifying genes that define biological process using an unsupervised                         

procedure that we term “dpFeature”. The procedure works by selecting the genes differentially                         

expressed between clusters of cells identified with tSNE dimension reduction followed by                       

density peak clustering . When applied to four different datasets (Trapnell et al. 2014b; Treutlein                           

et al. 2014; Olsson et al. 2016; Paul et al. 2015) most of the genes returned by dpFeature were                                     

also recovered by a semi­supervised selection method guided by aspects of the experimental                         

design and were highly enriched for Gene Ontology relevant to myogenesis, confirming that                         

dpFeature is a powerful and general unsupervised feature selection approach. ( Supplementary                     

Figures 1 ) 

2.3 Reversed graph embedding (RGE): a general framework to reconstruct                   

complex developmental trajectories 

We next sought to develop a pseudotime trajectory reconstruction algorithm that does not require                           

the number of cell fates or branches as input parameter. To do so, we employed reversed graph                                 
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embedding (Mao, Wang, et al. 2015; Mao et al. 2016a) , a machine learning technique to learn a                               

parsimonious  principal graph . Informally, a principal graph is like a principal curve (Hastie and                         

Stuetzle 1989) that passes through the “middle” of a dataset but is allowed to have                             

branches (Gorban and Zinovyev 2009) . However, learning a principal graph that describes a                       

population of single­cell RNA­Seq profiles is very challenging because each expressed gene                       

adds an additional dimension to the space. In general, learning geometry is dramatically harder in                             

high­dimensional spaces (Bellman 1954) .  Reversed graph embedding (RGE) solves this problem                   

by finding a mapping between the high dimensional gene expression space and a much lower                             

dimensional one while simultaneously learning the structure of the graph in this reduced space.                           

In the following, I will provide mathematical details about RGE and how can we integer RGE to                                 

assign pseudotime and branch for each cell .  

 

Figure 2.1. Monocle 2 discovers a cryptic alternative outcome in myoblast differentiation .                       

( A ) Monocle 2 learns single­cell trajectories by reversed graph embedding. Each cell can be                           
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represented as a point in a high­dimensional space where each dimension corresponds to the                           

expression level of an ordering gene. The high dimensional data are first projected to a lower                               

dimensional space (Z) by any of several dimension reduction methods such as PCA (default),                           

diffusion maps, etc. Monocle 2 then constructs a spanning tree on an automatically selected set                             

of centroids of the data. The number of centroids (black diamonds) is determined using a formula                               

that scales sublinearly in the number of cells. These centroids are chosen automatically using                           

k­medoids clustering in the initialized low­dimensional space. The algorithm then moves the                       

cells towards their nearest vertex of the tree, updates the positions of the vertices to “fit” the                                 

cells, learns a new spanning tree, and iteratively continues this process until the tree and the                               

positions of the cells have converged (see  Equation 3 in  Methods ). Throughout this process,                           

Monocle 2 maintains an invertible map between the high­dimensional space and the                       

low­dimensional one, thus both learning the trajectory and reducing the dimensionality of the                         

data. In effect, the algorithm acts as soft K­means clustering on points Z that maps them to the                                   

centroids, and jointly learns a graph on the centroids. Once Monocle 2 learns the tree, the user                                 

selects a tip as the “root”. Each cell’s pseudotime is calculated as its geodesic distance along the                                 

tree to the root, and its branch is automatically assigned based on the principal graph. ( B )                               

Monocle 1 reconstructs a linear trajectory for differentiating human skeletal myoblasts                     

(HSMM) (Trapnell et al. 2014b) . ( C ) Monocle 2 automatically learns the underlying trajectory                       

and detects that cells from 24­72 hours are divided into two branches. The same genes selected                               

with dpFeature ( Supplementary Figure 1; Methods ) were used for ordering for both of                         

Monocle 1 and Monocle 2. ( D ) Accuracy of pseudotime calculation or branch assignments from                           

each algorithm under repeated subsamples of 80% of the cells on the Paul dataset  (Paul et al.                                 
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2015) . A marker based ordering (see  Methods ) is used as ground truth for results from each                               

software in all downsamplings to compare with. ( E ) Consistency of pseudotime calculation or                         

branch assignments from each algorithm under repeated subsamples of 80% of the cells on the                             

Paul dataset (Paul et al. 2015) . All pairwise downsamplings are used to calculate the Pearson’s                           

Rho and adjusted Rand index (ARI). Monocle 2, DPT, and Wishbone all use the full dataset for                                 

benchmark while Monocle 1 only uses a random downsampled 300 cells as for benchmarking. 

2.3 Reversed graph embedding 

Monocle 2 uses a technique called reversed graph embedding (Mao et al. 2016a; Mao, Wang, et                             

al. 2015; Mao et al., n.d.) (RGE) to learn a graph structure that describes a single­cell                               

experiment. RGE simultaneously learns a principal graph that represents the cell trajectory, as                         

well as a function that maps points on the trajectory (which is embedded in low dimensions)                               

back to the original high dimensional space. RGE aims to learn both a set of latent points                                 

where is the number of the set (or cell numbers) and an undirected graph                                 

that connects these latent points. The latent points in the low­dimensional space corresponds to                           

the input data in the high­dimensional space. The graph contains a                         

set of vertexes and a set of weighted, undirected edges , where each                               

corresponds to latent point    , so the graph also resides in the latent, low­dimensional space. 

In the context of the single­cell trajectory construction problem, is typically a vector                           

of the feature genes’ expression values (for example, based on dpFeature selection, see                         

Supplementary Method ) of the  ­th cell in a single­cell RNA­Seq experiment, is the learned                             
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trajectory (for example, a tree) along which the cells transit, and is the principal point on                                   

corresponding to the cell   . 

RGE learns the graph as well as a function that maps back to the input data space. Let                                     

denote the weight of edge  , which represents the connectivity between and  . In                               

other words, means that edge exists in , and 0 otherwise. Define as the                                 

projection function from to some point in the high­dimensional space. To learn  , and                               

, we need to optimize 

 

 where is a set of feasible graph structures parameterized by , and is a set of                                       

functions mapping a latent, low­dimensional point to a point in the original, high­dimensional                         

space. 

As shown in  (Mao et al., n.d.) , the above optimization will learn graph structures in the latent                                 

space, but it does not measure the deviations of latent points to the observed data. That is, no                                   

effort is made to ensure that the graph nodes are embedded in a way relevant to the cloud of                                     

observed data points. To ensure the graph describes the overall structure of the observed data,                             

RGE aims to position the latent points such that their image under the function (that is, their                                 

corresponding positions in the high­dimensional space) will be close to the input data while also                             

ensures neighbor points on low dimensional principal graph be ”neighbors” in the input                         

dimension. The optimization problem is formulated as 
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where is a parameter that adjusts the relative strength of these two summations. In practice,                               

implementing reversed graph embedding requires that we place some constraints on and ,                             

as summarized briefly in the following sections. 

2.3.1 SimplePPT: A simple principal tree algorithm 

SimplePPT is the first RGE technique proposed by Mao et al for learning a tree structure to                                 

describe a set of observed data points. The tree can be learned in the original space or in some                                     

lower dimension retrieved by dimensionality reduction methods such as PCA (Mao et al., n.d.) .                           

SimplePPT makes some choices that simplify the optimization problem. Notably, is                       

optimized as one single variable instead of two separate sets of variables. Moreover, the loss                             

function in the reversed graph embedding is replaced by the empirical quantization error, which                           

serves as the measurement between the and its corresponding observed points  . The                           

joint optimization of is efficient from the perspective of optimization with respect to                           

, which is solved by simply finding the minimum spanning tree. 

2.3.2 The principal graph    algorithm 

Mao et al  (Mao et al. 2016a) later proposed an extension of SimplePPT that can learn arbitrary                                 

graphs, rather than just trees, which describes large datasets embedded in the same space as the                               

input. An graph is a sparse graph which is based on the assumption that each data point (or                                     

cell) has a small number of neighborhoods in which the minimum number of points that span a                                 
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low­dimensional affine subspace 21 passing through that point. In addition, there may exist noise                         

in certain elements of and a natural idea is to estimate the edge weights by tolerating these                                 

errors. In general, a sparse solution is more robust and facilitates the consequent identification of                             

test sample (or sequenced single­cell samples). Unlike SimplePPT, this method learns the graph                         

by formulating the optimization as a linear programming problem. 

In the same work 6 , they also proposed a generalization of SimplePPT, which we term as                             

SGL­tree (Principal Graph and Structure Learning for tree), to learn tree structure for large                           

dataset by similarly considering clustering of data points as in DDRTree. Principal graph and                             

SGL­tree are all treated as SGL in this study. 

2.3.3 DDRTree: Discriminative dimensionality reduction via learning a tree 

DDRTree 5 , the default RGE technique used by Monocle 2, provides two key features not offered                             

by SimplePPT learning framework. First, DDRTree does not assume that the graph resides in the                             

input space, and can reduce its dimensionality while learning the trajectory. Second, it also does                             

not require that there be one node in the graph per data point, which greatly accelerates the                                 

algorithm and reduces its memory footprint. 

Like SimplePPT, DDRTree learns a latent point for each cell, along with a linear                           

projection function  , where is a matrix with columns                   

that form an orthogonal basis ( is the dimension of feature genes, is the                               

dimension of latent space). DDRTree simultaneously learns a graph on a second set of latent                             

points  . These points are treated as the centroids of where and the                             
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principal graph is the spanning tree of those centroids. The DDRTree scheme works by                           

optimizing 

 

 

 

 

In effect, the algorithm acts as soft  ­means clustering on points  , and jointly learns a graph                                 

on the cluster centers. The matrix with the  ­th element as transforms the hard                               

assignments used in  ­means into soft assignments with as a regularization parameter.                         

The above problem contains a number of analytical steps, and can be solved by alternating                             

optimization until convergence. Moreover, because some of the more expensive numerical                     

operations involve matrices that are dimensional (instead of dimensional), they have                         

complexity that is invariant of the size of the input data for a small fixed . In Monocle 2, we                                         

provide a procedure to automatically chooses a value of that should work well for a wide range                                 

of datasets based on the number of cells   in the experiment: 
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During the first optimization iteration, these centroids are initialized by using  ­mediods                         

clustering in the low­dimensional space. 

2.3.4 Pseudotime calculation and branch assignment 

By default, Monocle 2 calls DDRTree to learn the principal tree describing a single­cell                           

experiment, and then projects each cell onto its nearest location on the tree. Monocle 2 allows                               

users to conveniently select a tip of the tree as the root and then transverses the tree from the                                     

root, computing the geodesic distance of each cell to the root cell, which is taken as its                                 

pseudotime, and assign branch or segment simultaneously. 

DDRTree returns a principal tree of the centroids of cell clusters in low dimension. To                             

calculate pseudotimes, Monocle 2 projects the cell’s latent points , to the principal graph formed                             

by principal points, . For latent points not near tip principal points (end nodes of the principal                                 

tree), Monocle 2 finds the nearest line segment on the principal tree and then project them to the                                   

nearest point on that segment. More formally, we can define a vector between a cell                             

, where denotes the coordinates of the cell in the latent space, to the                             

nearest principal point by . The line segment formed by the two nearest principal points (                             

is . Then we can calculate as . The projection                           

can be calculated as:  
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For latent points near the tip principal points, we will orthogonally project the latent point                             

to the line segment formed by extending the tip principal point and its nearest neighbor principal                               

point in the graph to obtain the projection point, that is,   . 

We then calculate the distance between all the projection points and construct a minimal                           

spanning tree (MST) on the projection points. To avoid zero values of distance between cells                             

projected to the same principal points, which prevents the calculation of a MST, the smallest                             

positive distance between all cell pairs is added to all distance values. This MST is used to assign                                   

pseudotime for each cell (See below). 

To encode the position of each cell within the branching structure of the trajectory,                           

Monocle 2 performs a depth­first traversal of the principal tree learned during RGE. Without loss                             

of generality, we assume one principal point corresponds to one latent point (for example, in the                               

case we set or each cell corresponds to its own cluster). Following the definition introduced in                               

(Trapnell et al. 2014b) , an ordering of cells (principal points) is obtained through a depth first                               

search (DFS) of the learned principal tree starting from the root cell. We can then assign each                                 

cell to a trajectory segment, which specifies the segment by where the cell is                                 

located based on the ordering list, , and the graph structure,  . We set at the root cell                                       

and increase a segment counter every time we reach a new branch point. More formally, we                                 

can write the formula of segment assignment as: 
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 where represents all precedents of in the ordering , represents the degree of                                     

cell  . T. For the general cases where the principal points is less than the cell numbers, cells will                                     

inherit the segment assignment of their nearest principal point. 

Similar to our previous definition of pseudotime  (Trapnell et al. 2014b) , Monocle 2                         

calculates pseudotime based on the geodesic distance of each cell to the root cells on the MST of                                   

the projection points. Define pseudotime of cell from a branching biological process with                             

branches given by as , we can calculate its pseudotime recursively by adding the                               

pseudotime of its parent cell on the MST of the projection points (closest cell on the same                                 

branch) with the Euclidean distance,  , between current and the parent                     

on the MST, by setting the root cell as pseudotime 0. That is,  

 

where    defines the projection coordinates of cell    on the embedded tree.  

2.4 RGE is not limited to learning tree structure  

Monocle 2 uses DDRTree  (Mao, Wang, et al. 2015; Mao et al. 2016a) , a scalable RGE algorithm,                                 

to learn a principal tree on a population of single cells by default, asserting that it describes the                                   

sequence of changes to global gene expression levels as a cell progresses through the biological                             

process under study ( Figure 1A ). In contrast to other methods  (Trapnell et al. 2014b; Setty et al.                                 

2016; Haghverdi et al. 2016a; Welch, Hartemink, and Prins 2016) , Monocle 2 identifies branch                           

points that describe significant divergences in cellular state automatically. Monocle is also                       
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equipped with alternative RGE methods (Mao, Wang, et al. 2015; Mao et al. 2016a) including                           

one that in principle can learn cyclical or disjoint trajectories, though doing so requires some                             

degree of parameter optimization on behalf of the user. 

2.5 Benchmark Monocle 2 with other alternative algorithms  

To assess the Monocle 2’s accuracy, we first applied it to myoblasts, which we previously                             

reported to differentiate along a linear trajectory (Trapnell et al. 2014b) ( Figure 1B ). Surprisingly,                         

Monocle 2 reconstructed a trajectory with a single branch point leading to two outcomes ( Figure                             

1C ). Some genes associated with mitogen withdrawal, such as  CCNB2 showed similar kinetics                         

on both branches, but a number of genes required for muscle contraction were strongly activated                             

only on one of the two branches of the Monocle 2 trajectory ( Supplementary  Figure 4 ). A                               

global search for genes with significant branch­dependent expression using Branch Expression                     

Analysis Modeling (BEAM) (Qiu, Hill, et al. 2017a) revealed that cells along these two                         

outcomes, F 1 and F 2 , differed in the expression of 887 genes (FDR < 10%), including numerous                               

components of the contractile muscle program. The BEAM analysis suggested that only outcome                         

F 1 represented successful progression to fused myotubes ( Supplementary Figure 4 ), consistent                     

with immunofluorescence measurements of  MYH2 , which show a substantial fraction of isolated                       

nuclei lacking MYH2 and that are not incorporated into myotubes (ref.  Figures 1 and 4                             

of (Trapnell et al. 2014b) ).  

A simulation of differentiation driven by a set of stochastic differential equations                       

controlled by a hypothetical gene regulatory network (Qiu, Ding, and Shi 2012b) demonstrated                       

that Monocle 2 robustly and accurately reconstructed trajectories with up to three fates                         
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( Supplementary Figure 5­8, Supplementary Data 1, 2 ) (Y. Tang et al. 2016) . In contrast to                           

other methods, Monocle 2 also accurately learned a complex tree with five branches in a fully                               

automatic fashion ( Supplementary Figure 6B, Supplementary Data 3 ).   

We next sought to compare Monocle 2 to state­of­the art algorithms for inferring                         

single­cell trajectories, including Monocle 1 (Trapnell et al. 2014b) , Wishbone (Setty et al. 2016) ,                       

Diffusion Pseudotime (DPT) (Haghverdi et al. 2016a) , and SLICER (Welch, Hartemink, and Prins                     

2016) . Unlike Monocle 2, these methods do not construct an explicit tree. Instead they order cells                               

based on pairwise geodesic distances between them as approximated by a nearest­neighbor graph                         

(Wishbone and SLICER) or minimum spanning tree (Monocle 1) or calculated analytically                       

(DPT). Wishbone, SLICER, and DPT identify branches implicitly by analyzing patterns in the                         

pseudotime orderings that are inconsistent with a linear trajectory. Furthermore, Wishbone                     

assumes the trajectory has exactly one branch point, while DPT can detect more than one, but                               

provides no means of automatically determining how many genuine branches exist in the data.                           

We hypothesized that Monocle 2’s explicit trajectory structure would yield more robust                       

pseudotimes and branch assignments than alternative algorithms. 

We tested each algorithm using data from Paul et al, who analyzed transcriptomes of                           

several thousand differentiating blood cells (Paul et al. 2015) . Monocle 2, DPT, and Wishbone                         

produced qualitatively similar trajectories, with CMP cells residing upstream of a branch at                         

which GMP and erythroid cells diverge ( Supplementary Figure 9­11 ). SLICER generated a                       

branched trajectory in which the branch occurs within the erythroid population to bifurcate into                           

either CMPs or GMPs. Monocle 2, Wishbone, and DPT produced orderings that were highly                           

correlated with a “reference ordering”, constructed using a panel of markers similar to the                           
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approach introduced by Tirosh et al (Tirosh et al. 2016a) , while SLICER and Monocle 1 were less                               

so. Monocle 2 assigned cells to branches as or more accurately than other methods ( Figure 1D,                               

Supplementary Figure 10 ), but Monocle 2’s assignments were far more consistent when                       

provided with subsampled fractions of the cells ( Figure 1E, Supplementary Figure 9F,G ).                       

When run on the myoblast data, DPT positioned most fully differentiated cells along a major                             

branch, with incompletely differentiated cells split along a minor branch or not assigned to either,                             

while Wishbone failed to discriminate correctly between the two outcomes ( Supplementary                     

Figure 12 ). Although Monocle 2 can be tuned for several user­specified parameters, its results                           

were similar to the defaults over widely varying values ( Supplementary Figures 13­14 ).                       

Monocle 2’s running time scaled linearly in the number of input cells, consistent with its linear                               

algorithmic complexity, processing 8365 cells in 9 minutes ( Supplemental Figures 13C ) These                       

benchmarks demonstrate that Monocle 2 produces trajectories that are as accurate and more                         

robust than state­of­art methods and yet makes fewer assumptions regarding the number of cell                           

fates generated by the trajectory.  

We also assessed Monocle 2’s alternative algorithms for dimensionality reduction and                     

graph learning. DDRTree, SimplePPT and SGL­tree, which implement RGE to learn principal                       

trees reported highly concordant trajectories when the data was initially reduced with PCA, ICA,                           

and diffusion maps ( Supplementary Figure 15 . LLE, a reduction technique known to be highly                           

sensitive to tuning parameters, sometimes led to incorrect reconstructions with SimplePPT.                     

L1­graph, an RGE algorithm that can learn graphs with multiple components or cycles, often                           

reported less refined graphs with numerous minor branches, but captured the overall trajectory                         

structure accurately. 
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2.6 Monocle 2 learns complex developmental trajectories 

Because Monocle 2 can in principle learn complex trajectories with many branches, we                         

reanalyzed the data from Paul et al. in 10 dimensions (selected based on variance explained by                               

PCs) rather than the default of two. This higher­dimensional trajectory contained five branching                         

events leading to six different outcomes, with cells classified by Paul et al. as fully differentiated                               

monocytes, neutrophils, eosinophil, basophils, dendritic cells, megakaryocytes, and erythrocytes                 

confined to distinct outcomes ( Supplemental Figure 16 ). Thus, Monocle 2 can resolve complex                         

branching processes.  

Although Monocle 2’s trajectories for differentiating myoblasts and common myeloid                   

progenitors were broadly consistent with the known sequence of regulatory events governing                       

those processes, we sought further experimental means of validating the structure of the                         

algorithm’s trajectories. Recently, Olsson  et al profiled several hundred FACS­sorted cells during                       

various stages of murine myelopoeisis, i.e.  LSK, CMP, GMP and LKCD34+ cells. We analyzed                            

these cells with Monocle 2 and reconstructed a trajectory with two major branches and three                             

distinct fates ( Figure 2, Supplementary Figure 17, 18 ). Lin­Sca1+c­Kit+ (LSK) cells were                       

concentrated at one tip of the tree, which we designated the root, with CMP, GMP, and                               

LKCD34+ cells distributed over the remainder of the tree ( Figure 2A, Supplementary Figure                         

17A ).  

Monocle 2 placed cells classified as erythrocytes or megakaryocytes on a path to                         

outcome F E , while granulocytes and monocytes by Olsson  et al were confined to outcomes F G                             

and F M respectively. Genes associated with the granulocytic and monocytic programs became                       
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progressively more differentially expressed following the second branch ( Supplementary                 

Figure 17B, C ). Many of the genes with significantly branch­dependent expression (BEAM                       

test (Qiu, Hill, et al. 2017a) , FDR < 1%), were bound at their promoters by Irf8 or Gfi1, key                                   

activators of the monocytic and granulocytic expression programs, respectively ( Supplementary                   

Figure 17D, E ).  

2.7 Mutation of myelopoiesis regulators diverts cells to alternative branches  

Providing cells from mice lacking  Gfi1 or  Irf8 to Monocle 2 did not substantially alter the                               

structure of the myeloid differentiation trajectory ( Figure 2B ). However, cells from  Gfi1 ­­ mice                         

were largely excluded from the branch occupied by wild­type granulocytes, and Irf8­­ cells were                           

depleted from the wild­type monocyte branch. That is, the loss of a gene known to activate a                                 

fate­specific expression program appeared to divert cells to the opposite fate. Cells from double                           

knockout mice ( Gfi1 ­­  Irf8 ­­) were present on both monocyte and granulocyte branches, but                         

concentrated closer to the branch point and away from the tips of the tree, suggesting that they                                 

did not fully differentiate ( Supplementary Figure 19A ).  

Testing whether  Gfi1 ­­ or  Irf8 ­­had fully adopted the monocyte and granulocyte                     

expression programs, revealed that  Gfi1 ­­ cells on the branch to F M express higher levels of                             

genes from normally associated with granulocytes than wild­type monocytes ( Supplementary                   

Figure 19, Methods) . Likewise, cells from  Irf8 ­­ mice on the branch to F G showed aberrantly                             

high levels of monocytic genes. Analysis of genetic perturbations from the large­scale                       

transcriptomic study of hematopoiesis reported by Paul  et al also revealed diversions of cells                           
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onto specific branches of the trajectory, suggesting that diversion of cells from one fate to                             

another may be a consequence of losing a key fate regulator ( Supplementary Figure 19G, H) . 

In addition to known differentiated cell types, Olsson  et al. detected cells that express a                             

mix of genes specific to different terminal cell fates. They also reported rare, transient cell states                               

that in which hematopoietic multipotent markers coexist with differentiated markers. They                     

concluded that both types of “mixed lineage” cells reside in the developmental hierarchy                         

downstream of long­term and short­term HSCs but upstream of cells that have committed to a                             

lineage. Consistent with this interpretation, Monocle 2 positioned mixed­lineage cells and rare                       

transient cells  ( Supplementary Figure 20 ) upstream of the granulocyte­monocyte branch. 
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Figure 2.2. Genetic perturbations divert cells to alternative outcomes in Monocle 2                       

trajectories.  ( A ) Monocle 2 trajectory of differentiating blood cells collected by Olsson et                         

al (Olsson et al. 2016) . Each subpanel corresponds to cells collected from a particular FACS gate                             

in the experiment. Cells are colored according to their classification by the authors of the original                               

study. ( B ) Cells with a single knockout of Irf8 or Gfi1 are diverted into the alternative                               

granulocyte or monocyte branch, respectively. Double knockout cells are localized to both                       

granulocyte and monocyte branches but concentrated near the branch point. Two branch points                         

are identified, one that divides the erythroid or megakaryocyte outcome (F E ) from the                         

granulocytemonocyte progenitors (GMP), which then branches to the monocyte (F M ) and                     
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granulocyte (F G ) outcomes. All trajectories are reconstructed in four dimensions selected based                       

variance explained by each PCA but rendered in two dimensions using layout_as_tree() from the                           

igraph package. 

2.8 Discussion  

Single­cell RNA­Seq has spurred an explosion of computational methods to infer the precise                         

sequence of gene regulatory events that drive transitions from one cellular state to another.                           

However, most current methods rely on strong assumptions about the structure of a biological                           

trajectory. Many also require the user to supervise trajectory inference, inject large amounts of  a                             

priori  biological knowledge, or both.  

Monocle 2 learns complex cellular trajectories with multiple branches in a fully                       

data­driven, unsupervised fashion with only limited assumptions regarding its structure. It                     

employs a class of manifold learning algorithms that aim to embed a principal graph amongst the                               

high­dimensional single­cell RNA­seq data. In contrast to previous methods that infer branch                       

structure using heuristic analyses of pairwise distances between cells, Monocle 2 can use this                           

graph to directly identify developmental fate decisions. We have demonstrated through extensive                       

benchmarking that Monocle 2 compares favorably with other tools such as Wishbone without                         

requiring the user to specify the structure of the trajectory. 

Analysis of multiple real and synthetic datasets demonstrated that Monocle 2 reconstructs                       

trajectories that faithfully characterize cellular differentiation. Previously, we showed that loss of                       

interferon signaling can create a new branch in an otherwise linear trajectory that reflects the                             

response of dendritic cells to antigen (Qiu, Hill, et al. 2017a) . Here, we show that cells from mice                                 
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that lack transcription factors required for establishing specific myeloid fates were diverted onto                         

alternative fates of the same trajectory without altering its structure. Why some loss of function                             

mutations create branches while others divert cells along existing ones is unclear, but this                           

question underscores the increasing power of analyzing single­cell trajectories. We also                     

anticipate that Monocle 2 will be useful not just for expression data, but for single­cell chromatin                               

accessibility (Cusanovich et al. 2015) or 3D structure (Ramani et al. 2017) analysis as well. We                           

are confident that Monocle 2 will help reveal how various layers of gene regulation coordinate                             

developmental decision making within individual cells.  
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Supplementary Figures  
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Figure 1:  dpFeature detects important genes associated with biological processes .  (A )                     

Flowchart of unsupervised feature selection based on density peak clustering (dpFeature). The                       

density peak algorithm 9 is used to cluster cells in a two­dimensional representation generated by                             

t­SNE. Genes that are significantly differentially expressed between clusters are then selected for                         

downstream trajectory inference in Monocle 2. (B ) tSNE dimension reduction based on top                         

principal components (PCs) and density peak clustering for the HSMM data. (C ) Five sets of                             

ordering genes are shown: genes that are highly loaded on the first 2 principal components                             

(“PCA”), have high dispersion relative to the mean (“High dispersion”), significantly differ                       

between time points (“Time DEG”), selected via the procedure in SLICER, or identified by                           

dpFeature (“DP genes”). The UpSet plot 11 plot shows the number of genes returned by each                               

method (bottom left), along with the size of the possible gene set intersections (up right). (D )                               

Clustered heatmap of genes from dpFeature along with selected enriched Gene Ontology terms.                         

Relative transcript counts for each gene (rows) are scaled across cells (columns) and thresholded                           

between the range ­3 and 3.  
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Supplementary Figure 2. dPFeature shapes the reconstruction of developmental                 

trajectories by selecting informative genes. ( A ) tSNE plot from dpFeature clusters cells from                         

lung data (Treutlein et al. 2014) into four different clusters. Color corresponds to sample                         

collection time points while shape corresponds to the cluster assignment. ( B ) UpSet plot of the                             

ordering genes selected by various procedures, similar to  Supplementary Figure 1C. ( C )                       

Differentiation trajectories learned with each set of ordering genes. ( D­I ) Similar analysis for the                           

hematopoietic data reported by Olsson et al. (panels  D­F ) and Paul et al. (panels  G­I ). 
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Supplementary Figure 3. Monocle 2 robustly reconstructs the developmental trajectory for                     

HSMM data over a large range of values for parameters used in dpFeature.  ( A ) Variance                             

explained by each PCA component for the HSMM dataset. The vertical line corresponds to the                             
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15th PC. The legend for hours is used across all the other panels. ( B­E ) Each panel shows                                 

trajectories produced by Monocle 2 while varying one parameter and holding the others fixed at                             

the values specified in the HSMM analysis section ( Methods ).  B: Trajectory reconstructed                       

under different values for parameter  delta used in the density peak clustering step of dpFeature.                             

C : Trajectory reconstructed under different value for parameter  number of PC components used                         

in tSNE dimension reduction step of dpFeature.  D : Trajectory reconstructed under different value                         

for parameter  perplexity used for tSNE dimension reduction step.  E : Trajectory reconstructed                       

under different value for parameter  number of genes  used for trajectory reconstruction.  
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Supplementary Figure 4. Myoblasts differentiate along a branched trajectory.  ( A ) tSNE plot                       

from dpFeature clusters cells from HSMM data into two major clusters. Cells in the rightupper                             

express a fibroblast­associated gene, ANPEP, while the leftlower cluster has numerous cells                       

expressing muscle­specific genes (MYF5, MYOD1, MYOG). ( B ) Percentage of cells expressing                     

selected muscle or fibroblast­associated genes.( C ) Branch expression curves for genes in panel                       

A . Dashed line indicates the spline fit for cells on the path from the root of the tree in  Figure 1C                                         

to outcome F 1 , while the solid line indicates the curve for the path to F 2 . ( D ) Distribution of cells                                     

detectably expressing MYOG along the trajectory. ( E ) Branch kinetic heatmap of significantly                       
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branch­dependent genes (BEAM test; FDR < 10%) and selected gene ontology categories                       

enriched in groups of genes with similar kinetics. 

 

Supplementary Figure 5:  Monocle 2 correctly recovers trajectories driven by simulated                       

gene regulatory networks.  ( A ) A hypothetical gene regulatory network and system of stochastic                         

differential equations to drive three­way cell fate specification. The transcriptional regulatory                     
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network, modified from Qiu et al (Qiu, Ding, and Shi 2012c) , specifies neural progenitor cells to                             

either neurons, astrocytes or oligodendrocytes through a pair of mutual inhibition                     

interactions (Qiu, Ding, and Shi 2012b) . The network summarizes a set of stochastic differential                         

equations that describe gene expression dynamics over time. Initializing this network with small                         

amounts of stochastic noise and following expression kinetics over time simulates the trajectory                         

followed by a single cell, which can be compared to the ideal theoretical trajectory  (Y. Tang,                               

Yuan, and Ao 2014) . ( B­E ) Monocle 2 trajectories learned on four ensembles of simulated data                             

points. ( F­I ) Reverse embed (see  Methods ) the lower dimensional principal graph learned by                         

DDRTree back the original gene expression space ( F, G ) or using principal graph from                           

SimplePPT in the same dimension ( H, I ) along with the theoretical trajectory visualizes                         

branching kinetics of individual regulators in the network.  
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Supplementary Figure 6. Reversed graph embedding accurately learns complex                 

trajectories in simulation datasets.  ( A ) Comparison of the trajectory and branch assignment                       

learned by several programs (Monocle 2, either with DDRTree or SimplePPT, DPT, SLICER,                         

Monocle 1, and Wishbone) for the simulated two­branch neuro/astro­oligo­genesis process. ( B )                     

Comparison of each program for learning a complex tree structure from  (Mao et al. 2016b) . 
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Supplementary Figure 7. Robustness of Monocle 2 over increasing levels of measurement                       

noise in expression data. (A ) The black vertical lines indicate the branch point pseudotimes in                             

the simulation from  Supplementary Figure 5 . Color represents the cell types. The same colors                           

are used in panels C and D. ( B ) Accuracy, measured by the pseudotime Pearson correlation and                               

the branch assignment ARI under different levels of Gaussian noise. The x­axis represents the                           

standard deviation of the added Gaussian noise. The real simulation time and branch assignments                           

determined by manual inspection of bifurcation point of master regulator pairs (Mash1­Hes5,                       

Scl­Olig2) in the simulation as shown in panel A is used as reference (also used for                               

Supplementary Figure 8 ). ( C ) Expression dynamics of master regulators under noise level of                         

S.D. of 2. ( D ) Trajectory learned from Monocle 2 under noise level of S.D. of 2.  
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Supplementary Figure 8. Accuracy of trajectory reconstruction algorithms on the                   

simulation dataset.  ( A, B ) Accuracy of pseudotime assignment of Monocle 2, DPT, Wishbone                         

over repeated downsampling or progressively smaller fractions of cells from the simulation in                         

Supplementary Figure 5 . Pearson correlation between each algorithm’s pseudotime                 

assignments and the true simulation times at a depth of 80% of original dataset ( A ) or                               

progressive downsampling ( B ) from 10% to 100% of the full dataset. ( C, D ) Accuracy of branch                               

assignment under repetitive downsampling ( C ) or progressive downsampling ( D ). 
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Supplementary Figure 9. Monocle 2 accurately and robustly reconstructs the major                     

erythroid and myeloid bifurcation in hematopoiesis. The data from Paul et al. was provided to                             

each of several programs for trajectory analysis. ( A ) Representation of bifurcation of common                         

myeloid progenitors (CMP) into either erythroid cells or granulocyte­macrophage progenitors                   

(GMP), with trajectories inferred by Monocle 2 and other algorithms. ( B ) Representation of                         

bifurcation of CMP into either erythroid or GMP branch with the score­based “reference                         

trajectory” approach of Tirosh et al  (Tirosh et al. 2016b) . ( C ) Correlation between the reference                             

trajectory and each tool. ( D ) Adjusted Rand index between the branch assignments from the                           

reference trajectory and branch assignments from each algorithm. ( E ) Lag­1 autocorrelation for                       

the fitted spline curve based on pseudotime from each method for all marker genes used in the                                 

score­based ordering. ( F, G ) Robustness analysis of pseudotime calculation ( F ) or branch                       

assignment ( G ) for each algorithm run with progressively smaller fractions of the cells. For                           

panels  C­, E , the same 300 random sampled cells are used for all software. Because Monocle 1                                 

often fails on datasets with more than 1,000 cells, in  F, G , Monocle 2, DPT, and Wishbone all                                   

use the full dataset for benchmark while Monocle 1 only uses the same random downsampled                             
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300 cells as above for benchmarking. Only common cells between downsampling and the full                           

dataset ( F, G ) is used for pseudotime’s robustness ( Pearson’s Rho ) or branch’s robustness                         

( Adjusted Rand index calculations ) assessment. 

 

Supplementary Figure 10. Accuracy of trajectory reconstruction algorithms on Paul et. al                       

dataset. ( A ) Same analysis as in  Supplementary Figure 8B on the Paul dataset with pseudotime                             

from marker based ordering as the reference. ( B ) Same analysis as in  Supplementary Figure 8D                             

on the Paul dataset with cell type assignment (CMP, GMP or erythroid) suggested by the original                               

study as the reference. For Monocle 1, we used the same random sampled 300 cells from                               
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Supplementary Figure 9 as the universe for benchmark (marker based ordering is also applied                           

on this set of sampled cells).  

 

Supplementary Figure 11. Robustness of trajectory reconstruction algorithms on additional                   

datasets.  Robustness of Monocle 2 trajectories for the simulation dataset in  Supplemental                       

Figure 5  (A­D)  and the lung data from Truetlein et al ( E­H ). Robustness of ( A, E ) pseudotime                                 

(Pearson’s Rho) or adjusted Rand Index of branch assignments ( C, G ). Values shown are for                             

pairwise comparisons of different downsamples of 80% of the full set of cells. ( B,D ): Robustness                             

of pseudotime assignment (by Pearson correlation) relative to results with the full dataset for                           

57 



 

Monocle 2, DPT and Wishbone under progressive downsampling from 10% to 100% of the cells.                             

( D, H ) Same analysis as in ( B, D ) but for robustness of branch assignment (by ARI).  

 

Supplementary Figure 12. Trajectory analysis of myoblast differentiation with alternative                   

approaches. ( A ) DPT’s trajectory and branch assignment for the HSMM dataset. The first and                           

second diffusion components are used for visualization. ( B ) Wishbone’s trajectory and branch                       

assignment for the HSMM dataset. First and second tSNE components are used for visualization.                           

( C ) Adjusted Rand index (ARI) for branch consistency and pseudotime’s Pearson correlation                       

between branch assignment and pseudotime from DPT, Wishbone to that from Monocle 2. 
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Supplementary Figure 13. Parameters of DDRTree and complexity of current available                     

RGE implementations.  ( A ) Parameters used in Monocle 2 (with DDRTree) for trajectory                       

reconstruction. ( B ) Algorithmic complexity for DDRTree, SimplePPT, SGL­tree and L1Graph as                     

a function of cells, ordering genes, and dimension of the embedding space. ( C ) Running time for                               

Monocle 2, DPT and Wishbone on the full dataset (8365 cells) from Paul  et al . over varying                                 

fractions of the cells. 
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Supplementary Figure 14. Robustness of Monocle 2 under a large range of parameters                         

used in DDRTree . Each panel shows the Pearson correlation of pseudotimes and ARI of branch                             

assignments with respect to the results obtained by Monocle 2 when run as described in the                               

Methods section “ Details on analyzing datasets used in this study”.  ( A ) HSMM dataset ( B )                           

Paul dataset ( C ) Lung dataset ( D ) Olsson dataset. All parameters accepted by DDRTree are                           

included in this analysis.  
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Supplementary Figure 15. Different reversed graph embedding techniques reveal the same                     

incomplete myogenesis branch.  ( A ) Trajectory learned with the different RGE techniques, on                       

the (DDRTree, SimplePPT, SGL­tree, L1­graph) or initialized with the (DDRTree) reduced two                       

dimensional space obtained by running PCA, ICA, LLE or diffusion maps. ( B ) Pearson’s  Rho                           

between pseudotime calculated with DDRTree initialized with PCA dimension reduction                   

(reference) and pseudotime calculated with DDRTree, SimplePPT, L1 SGL­tree or L1­graph                     

based on reduced dimension space obtained with different dimension reduction methods, using                       

the dpFeature selected genes as used in  Figure 1B,C  (same as panel  C  below). ( C ) Same                               

analysis as in panel  B but for branch consistency by aAdjusted Rand index. Benchmark for                             

L1­graph is not included in panel B, C because it often learns a general graph and awaits for                                   

further developments of new pseudotime and branch assignment techniques. 
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Supplementary Figure 16. Monocle 2 resolves a complex haemopoiesis hierarchy for the                       

Paul dataset. ( A ) The skeleton of the trajectory learned by Monocle 2 describing the lineage                             

relationships learned with Monocle 2. The numerical labels correspond to the “State” label of                           

each segment of the tree. We have added labeled with our interpretation of corresponding cell                             

type (inferred based on comparison with classifications made in the original study, see  B and  C ).                               

MPP (MEP) : multipotent pluripotent progenitor or myeloid and erythroid progenitors;  MK :                     

megakaryocyte;  GMP : granulocyte and monocyte progenitor;  DC : dendritic cell;  Neu/Eos :                   

neutrophil or eosinophil,  Bas : basophil,  M : monocyte;  Ery : erythrocyte. ( B ) The trajectory                       

learned with Monocle 2 as in panel  A , where cells are colored by the cell types suggested by the                                     
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original study. The trajectory is reconstructed in 10 dimensions but visualized as tree layout in                             

two dimensions using layout_as_tree() from the igraph package. ( C ) The distribution of clusters                         

from the original study in each segment of the tree as shown in  A, B. c.f. a similar  Figure N4B                                       

of Haghvergdi et al  (Haghverdi et al. 2016b) ( D, E ) Lineage or stemness score for cells on the                                   

tree (Same analysis as Olsson dataset, see  Supplementary Figure 18G, H  ). Genes used for                             

calculating lineage ( D ) / stemness score ( E ) are based on significant genes returned by                           

differential expression test from the Olsson dataset. Cells show in the “Dropout” panel are those                             

that don’t express all genes used in calculating the score. ( F ) Kinetic curves for an example                               

subset of genes used for calculating lineage score in panel  D . Each curve corresponds to the                               

dynamics of that gene in a particular lineage. ( G ) Multi­way heatmaps for all the genes used in                                 

panel  E . Each sub­heatmap corresponds to a particular lineage where its pseudotime on the                           

x­axis starts from 0 (i.e. the root cell). Similar to panel  F , six lineages are shown. 
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Supplementary Figure 17. Monocle 2 trajectory branches correspond to developmental fate                     

decisions.  ( A ) Monocle 2 trajectory of differentiating blood cells collected by Olsson et al                           

(Olsson et al. 2016) . Each subpanel corresponds to cells collected from a particular FACS gate in                               

the experiment. Cells are colored according to their classification by the authors of the original                             

study. The trajectory was reconstructed in four dimensions; only the first two are visualized here.                             

Numbers in black squares indicate the erythroid/GMP branch (1) and the granulocyte/monocyte                       

branch (2). This panel corresponds to panel A of  Figure 2 . ( B ) Branch kinetic curves of markers                                 

of the monocyte and granulocyte fates. ( C ) Branched heatmap for all the significant branch                           

genes for the wild type data (1015 genes, BEAM test, FDR < 10%). ( D ) A network plot                                 

describing direct targets of Irf8 and Gfi1 (derived from ChIP­Seq) and secondary targets (derived                           
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by motif analysis; see  Methods ). ( E ) Distribution of bifurcation time points for Irf8, Gfi1, and                             

their direct and secondary targets as well as other genes in panel  C .  

 

Supplementary Figure 18. Monocle 2 resolves a complex haemopoiesis hierarchy for the                       

Olsson dataset. ( A­D ) Trajectory for the Olsson WT ( A, B ) or full ( C, D ) dataset visualized                               

with component 1 and 2. ( B, D ) are skeletons of the trajectories for the wildtype (WT) ( A ) or full                                     

( C ) dataset and its corresponding states as well as lineages. ( E, F ) Distribution of cells from each                                 

cluster from the original study into different branches on the WT dataset ( E ) or full dataset ( F ).                                 

( G, H ) Lineage ( G ) or stemness score ( H ) for cells on the tree for the WT dataset. Genes used                                     

for calculating lineage / stemness score are based on significant genes returned by differential                           
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expression test from the WT dataset.  (I ) Kinetic curves for example genes used for calculating                             

lineage score in panel  G . Each curve corresponds to the dynamics of that gene in a particular                                 

lineage. ( J ) Multi­way heatmaps for all the genes used in panel  G . Each sub­heatmap                           

corresponds to a particular lineage where its pseudotime on the x­axis starts from 0 (or the root                                 

cell). Similar to panel  I , three lineages for WT data are shown. 
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Supplementary Figure 19. Trajectories reveal how genetic perturbations divert cells to                     

alternative fates. Panels ( A­F ) are based on the data from Olsson et al while panels ( G, H ) are                                   

based on the data from Paul et al. ( A ) Cells with a single knockout of Irf8 or Gfi1 are diverted                                       

into the alternative granulocyte or monocyte branch, respectively. Double knockout cells are                       

localized to both granulocyte and monocyte branches but concentrated near the branch point.                         

This panel corresponds to panel B of  Figure 2 . ( B ) A “trajectory­conditioned” test for                           
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identifying genes that are differentially expressed between genotypes that controls for the cells’                         

positions on the trajectory. ( C­D ) Expression changes for branch­dependent genes (shown in  

Supplementary Figure 17C ) between wild­type granulocytes and monocytes (horizontal axis)                   

plotted against the effects of Gfi1 or Irf8 knockout. The vertical axis in panel  C shows                               

expression changes in Gfi1­/­ monocytes relative to wild­type monocytes, while panel  D shows                         

changes in Irf8­/­ granulocytes compared to wild­type. Genes with significant                   

trajectory­conditioned differences in expression between knockout and wild­type are highlighted                   

(FDR < 10%). ( E­F ) Expression changes in BEAM genes between double KO “monocytes” ( E )                           

or “granulocytes” ( F ) and wild­type. ( G ) Monocle 2 accurately positions cells from Cebpa­/­ or                           

Cebpe­/­ collected by Paul  et al . Loss of Cebpa fully blocked the MEP branch while Cebpe KO                                 

partially blocked the GMP branch. ( H ) The trajectory­condition test between Cebpe­/­ cells and                         

nearby wild­type cells on the MEP branch reveals aberrant expression of GMP­branch specific                         

genes in MEP branch.  
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Supplementary Figure 20. Monocle 2 correctly positions transient wild­type cells. ( A ) Gated                       

rare transient cell from Olsson et al are enriched upstream of the branch point separating                             

monocytes and granulocytes.  

Supplementary Methods  

Assessing accuracy or robustness of pseudotime and branch assignments 

We assessed the accuracy and robustness of each algorithm’s pseudotime assignment against the                         

reference ordering by two measures of correlation (Pearson’s Rho (default) and Kendall’s Tau)                         

between their pseudotime values. 

We used adjusted Rand index (ARI)  (Rand 1971) , a common metric used for measuring                           

clustering accuracy, to measure the accuracy of tree segment assignment. Given the number of                           

common cells (300 in this case), denoted as , between the reference ordering and the ordering                               
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based on an algorithm (Monocle 2, Monocle 1, DPT, Wishbone or SLICER), and corresponding                           

trajectory segment assignments for reference ordering and ordering based on a different                       

algorithm, and  , namely, and  . The                 

overlap between cells from segment  , and cells from segment  , in each of the two                                   

orderings is represented by the number of cells in common, i.e.,  . Define                           

the number of cells with segment from reference ordering is  , and the number of                               

cells with segment from ordering based on an algorithm is  . The Adjusted Rand                             

Index is then formulated as 

 

  

which is a measure of the similarity between two data clusterings (or segment assignment in this                               

case). When ARI is closer to 1, the segment assignment is more consistent between the two                               

orderings. 

For calculating the accuracy of pseudotime and branch assignment of the simulation                       

(neurogenesis) and Paul dataset, the reference ordering corresponds to the real simulation and                         

branches assignment based on manual assessment (see  Supplementary methods ) or the                     

pseudotime and branch (or cell type suggested from the original study  (Paul et al. 2015) ) from                               

the marker­based ordering (see next section). 
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For calculating the robustness, the reference ordering is defined in the context of                         

downsampling. We apply two different downsampling strategies. First, we downsample the full                       

dataset, including the simulation data for neuronastro­genesis, Paul dataset and the lung dataset,                         

selecting of the cells from the full dataset 25 times without replacement. Then we run Monocle                               

2, Monocle 1, DPT, and Wishbone to construct branched trajectory. SLICER was excluded from                           

the downsampling analysis on account of its long running times and instability on occasional                           

down­sample runs. Then we compare all pairs of downsamples by the metrics discussed above.                           

We also progressively downsample all the full dataset over a range of increasing fractions of                             

cells from the full dataset. Sampling is performed without replacement and three different                         

subsets are generated for each proportion to serve as replicates. Then we run each software,                             

including Monocle 1, Monocle 2, DPT, Wishbone, to construct branched trajectories for each                         

fraction, which are compared to the corresponding trajectory built from the full dataset. ARI,                           

Pearson’s Rho, Kendal’s Tau for all cases are then calculated as above. 

In order to assess the robustness of Monocle 2 over different parameters choices, we run                             

Monocle 2 and sample a large range for each parameter used in DDRTree, including, Dimension,                             

lambda, maxIter, ncenter, param:gamm, sigma while keeping other parameters as default and                       

compare the result to the ordering obtained by running Monocle 2 with all default parameters.                             

Pearson’s Rho and ARI are used to calculate the robustness. 

Comparing different algorithms to a marker­based ordering 

In order to test the accuracy of each trajectory reconstruction algorithm, we compared their                           

trajec­tories to an empirical ordering based on marker genes. Relying on results from Paul et al                               
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(Paul et al. 2015) , we first select  Pf4, Apoe, Flt3, Cd74 as CMP specific genes,  Hba­a2, Car2,                                 

Cited4, Klf1 as MEP specific genes and  Mpo, Prg2, Prtn3, Ctsg as GMP specific genes.                             

Following the approach of Tirosh et al  (Tirosh et al. 2016a) , we then select 100 other genes with                                   

expression correlated to these marker genes to calculate a stemness score and GMP or MEP                             

lineage score. We define cells with stemness score larger than 0 as CMP cell and any cells with                                   

positive lineage score as MEP cells and negative score as GMP cells. This grouping of cells is                                 

used for branch assignment accuracy evaluation in  Supplementary Figure 9 . We then define the                           

reference pseudotime for each cell as: 

   

where corresponds to the origin  , corresponds to the stemness score and the                               

lineage score for the lineage to which each cell is assigned, represents the Euclidean                             

distance between two points, and    indicates the set of CMP cells. 

Pseudotime correlations were computed on the paths from the root to each fate based on                             

the reference ordering separately and then averaged. Since the empirical ordering based on                         

marker genes is not perfect, we also investigate the accuracy of the ordering in terms of the                                 

absolute lag­1 autocorrelation of fitted spline curve for the selected marker genes. We first select                             

the trajectory segments corresponding to the transition from the CMP cells to either MEP or                             

GMP cells and then fit a kinetic curve for each marker gene for each transition with a spline                                   
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curve with three degree of freedom. We then calculate the the absolute lag­1 autocorrelation r,                             

which is defined as following: 

 

where represents the gene expression at time stamp  , and is the mean expression across                                   

the pseudotime series for that gene. Higher autocorrelation value implies smoother gene                       

expression dynamics based on the ordering. Those 300 cells are also used to calculate the                             

accuracy of branch assignment with the branch assignment from the marker­based ordering. 

Although a reference ordering based on markers from literature can serve as a reasonable                           

gold­standard, it also introduces bias in a benchmarking analysis. Algorithms that order cells                         

based on a small set of informative genes (which include or correlate the marker genes) will                               

likely match it better than algorithms that order cells based on all genes. We therefore explored                               

orthogonal means of measuring accuracy of each programs ordering based on the neuron                         

simulation data (see  Supplementary Method ). 

Reconstruct complex haemopoiesis hierarchy 

We check the scree plot to choose ten dimension as the intrinsic dimensions to reconstruct the                               

developmental trajectory for the Paul dataset (cells used in  Figure 1 of the original study  (Paul et                                 

al. 2015) ). Five branch points and six terminal lineages (monocytes, neutrophils or eosinophil,                         

basophils, dendritic cells, megakaryocytes, and erythrocytes) are revealed. We ordered the cells                       

using genes Paul et al. used to cluster their data rather than the genes from dpFeature, for the                                   
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sake of consistency with their clusetering analysis. Similarly, we reconstruct Olsson datasets in                         

four dimensions. The major bifurcation between the granulocyte and monocyte branch (GMP) as                         

well as the intricate branch between GMP and megakaryocyte erythrocyte (EryMeg) are                       

revealed. Top 1, 000 genes from dpFeature based on WT cells are used in both of the WT and                                     

full datasets. The distribution (related to confusion matrix) of percentages of cells in each cluster                             

from the original papers over each segment (state in Monocle 2) of the principal graph are                               

calculated and visualized in the heatmap. 

We applied BEAM analysis to identify genes significantly bifurcating between EryMeg                     

and GMP branch on the Olsson wildtype dataset. We then calculate the instant log ratios (ILRs)                               

of gene expression between EryMeg and GMP branch and find genes have mean ILR larger than                               

0.5. The ILRs are defined as: 

 

So is calculated as the log ratio of fitted value at interpolated pseudotime point for the                                 

EryMeg lineage and that for the GMP lineage. Those genes are used to calculate the lineage                               

score (simply calculated as average expression of those genes in each cell, same as stemness                             

score below) for both of the Olsson and the Paul dataset which is used to color the cells in a tree                                         

plot transformed from the high dimensional principal graph (see  Supplementary Notes ). The                       

same genes are used to create the multi­way heatmap for both of the Paul and Olsson dataset (see                                   

plot multiple_branches_heatmap function). Critical functional genes from this procedure are                   

identified.  Car1, Car2 (important erythroid functional genes for reversible hydration of carbon                       
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dioxide) as well as  Elane, Prtn3 (important proteases hydrolyze proteins within specialized                       

neutrophil lysosomes as well as proteins of the extracellular matrix) are randomly chosen as                           

example for creating multi­lineage kinetic curves in both of the Olsson and Paul dataset (see                             

plot_multiple_branches_pseudotime  function). 

In addition, pseudotime dependent genes for the EryMeg and GMP branch are identified                         

in the Olsson wildtype dataset. All genes that always have lower expression from both lineages                             

than the average in the progenitor cells are selected. Those genes are used to calculate the                               

stemness score for both of the Olsson and the Paul dataset which is used to color the cells in the                                       

tree plot. 
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Chapter 3. BEAM (Branch Expression Analysis Models) detect               

significant branching genes during lineage bifurcation   

A version of this chapter has been previously published as part of the following paper:  

Single­cell mRNA quantification and differential analysis with Census.  X Qiu , A Hill, J Packer,                           

D Lin, YA Ma, C Trapnell  Nature methods  14 (3), 309 

3.1 Introduction 

Differential gene expression analysis, typically powered by statistical regression, is central to                       

nearly all single­cell transcriptomic studies. As experiments now capture tens of thousands of                         

cells 1,2 , such regressions could in principle be used to detect gene regulatory changes across                           

individual cells as a function of developmental progression, position in an embryo, or genetic                           

sequence. However, they report measurements with high variability, frustrating efforts to build                       

regression models that can detect such changes 3,4 . For example, numerous studies have reported                         

high rates of “drop­out”, wherein some cells of a nominally homogeneous population express                         

high levels of a gene and others none at all. Drop­outs have spurred the deployment of hurdle                                 

models 5 that overcome limitations over simpler regression approaches, typically at a cost in                         

speed, numerical stability, or design flexibility for the user.  
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3.2 Differential analysis of branch points in developmental trajectories reveals                   

regulators of cell fate 

Many single­cell gene expression studies aim to identify gene regulatory circuits that control                         

cell­fate decisions made during development 17,18 . We recently developed Monocle 2, an                     

algorithm that organizes single cells along trajectories and can describe the gene expression                         

changes executed during cell differentiation. Monocle introduced the concept of “pseudotime”,                     

which quantifies each cell’s progress through development. Pseudotime resolves cascades of                     

gene regulatory changes that accompany differentiation and other dynamic cellular programs 15 .                     

Monocle produces more reliable tests for differential expression along a trajectory when                       

provided with Census transcript counts than with relative expression values ( Supplementary                     

Figure 7 ). 

Single­cell trajectories can have multiple outcomes, such as during the generation of                       

alternative developmental lineages 19 . Analyzing cells at branch points where cells are diverted                       

along two or more mutually exclusive paths could identify genes differentially regulated in                         

response to a cell fate decision and reveal the mechanisms by which such decisions are made.                               

For example, scrutinizing genes upregulated in common myeloid progenitors but downregulated                     

in common lymphoid progenitors has shed light on the molecular regulation of cell fate in                             

hematopoiesis 20,21 . Therefore, accurately identifying genes differentially regulated following a                 

fate decision requires a statistical analysis that detects trajectory­dependent changes in gene                       

expression while controlling for the noise inherent to single­cell RNA­Seq experiments.  
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To explore a cell fate decision made during development at single­cell resolution, we reanalyzed                           

single­cell RNA­seq data from a recent study investigating the specification of the distal lung                           

epithelium 10 . Treutlein  et al. sequenced developing epithelial cells to define the cellular                       

intermediates giving rise to type I (AT1) and type II (AT2) pneumocytes. Development of these                             

cell types, which mediate gas exchange and surfactant production, respectively, remains the                       

subject of intense study as they are at the center of serious lung diseases in infants (see Whitsett                                   

et al. for a recent review 22 ). We sought to expand on prior analysis by examining the gene                                 

expression kinetics that characterize developmental transitions between each stage of                   

differentiation. Monocle reconstructed a trajectory with a single branch point leading from                       

progenitors to two outcomes corresponding to the AT1 and AT2 fates. The beginning of the                             

trajectory contained cells with high levels of markers of active proliferation 23 ( Ccnb2 ,  Cdk1 ),                         

whereas these genes were expressed at much lower levels after the branch point ( Figure 3a ).                             

High expression of a known marker of AT1 cells 24 ( Pdpn ) was restricted to cells on one branch of                                   

the tree, whereas cells expressing an AT2 marker 25 ( Sftpb ) at high levels were located on the                               

other branch. Cells classified as AT1 and AT2 according to known markers by Treutlein  et al. fell                                 

exclusively along the branches, with what the authors termed “bipotent progenitors (BP)” at or                           

near the branch point. ( Supplementary Figure 8 ) Monocle thus accurately reconstructed the                       

pneumocyte fate specification trajectory, enabling analysis of its developmental kinetics at                     

pseudotemporal resolution.   

We sought to identify all genes dynamically regulated during pneumocyte specification.                     

To detect branch­dependent genes, we developed BEAM, a generalized linear modeling (GLM)                       

26 strategy for analyzing branched single­cell trajectories ( Figure 3b; Supplementary Figure 9,                       
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10, see Methods). BEAM identified 1,219 genes (FDR < 5%) as either AT1­ or AT2­ lineage                               

dependent, including canonical markers 24 such as as  Pdpn and  Sftpb  ( Figure 3c, Supplemental                         

Figure 11 ). AT1­restricted genes were strongly enriched for ontological terms related to tube                         

development, cytoskeletal remodeling, and cell morphogenesis ( Figure 3d, Supplementary                 

Table 1 ), while AT2­restricted genes were enriched for terms related to lipid processing,                         

consistent with the production of lipid­rich surfactant by AT2 cells in the mature lung.                           

Annotating these genes with potential upstream regulators based on sequence motifs in proximal                         

DNA regulatory elements identified 74 transcription factors with significant binding motif                     

enrichment. Seventeen of these factors, several of which are well known regulators of lung                           

epithelial differentiation 27­32 , themselves exhibited significant branch­dependent expression             

( Figure 4e, Supplementary Figure 11) . For example, the motif for  Tcf7l2Tcf4 is highly enriched                           

at promoters of AT1­specific genes, and  Tcf7l2 mRNA is rapidly restricted to AT1 cells after the                               

branch point in the trajectory.  Tcf7l2 is a major mediator of Wnt signaling, which drives the                               

development of the distal lung eptithelium 28,32 . These analyses demonstrate that branches in                       

single­cell trajectories can point to potentially important developmental regulators governing cell                     

fate specification . 

3.3 Disruption of interferon signaling induces a branch in the dendritic cell LPS                         

stimulation trajectory 

Branch points in single­cell trajectories represent steps in a program of transcriptional change in                           

which cells must choose between one of several mutually exclusive gene expression programs.                         

In theory, such alternative programs could arise not only during development, but also in                           
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response to loss­ or gain­of­function mutations, treatment with drugs or small molecules, or other                           

cellular perturbations. We re­analyzed a recent study 33 from Shalek and colleagues, which                       

dissected the transcriptional response of murine bone marrow­derived dendritic cells (BMDCs)                     

to lipopolysaccharide (LPS) ( Figure 4a ). In BMDCs, LPS triggers a paracrine feedback loop of                           

type I interferon signaling mediated in part by  Stat1 34­36 . The authors compared BMDCs from                           

wild­type (WT) mice to those from mice that lack the receptor for  Interferon alpha ( Ifnar1 ­­) or                               

Stat1 ( Stat1 ­­). Monocle recovered a trajectory with a single branch point, with cells from  Infar ­­                             

Stat1­­ mice distributed on an alternative trajectory in response to LPS stimulation compared                         

with those from WT mice ( Figure 4b ). BEAM identified 870 genes (FDR < 5%) dependent on                               

this branch, including a core of 226 genes enriched for functions related to interferon signaling                             

( Figure 4c ). Down­sampling the number of cells in the dataset and re­running Monocle 2’s                           

trajectory analysis showed that precision remained high even with few cells ( Supplementary                       

Figure 12 ).  

We investigated whether genes reported by BEAM were directly downstream of                     

interferon signaling by scrutinizing their regulatory DNA elements for common transcription                     

factor binding sites. Recently, Lavin  et al. cataloged regulatory elements in tissue­resident                       

macrophages, which have many functions in common with BDMCs, using a battery of                         

genome­wide epigenetic assays 37 . Peaks corresponding to open chromatin from this catalog                     

proximal to branch­dependent genes up­regulated in the WT BMDCs are enriched for  Stat12 and                           

Irf12  binding motifs ( Figure 4d ). These factors were themselves significantly branch­dependent,                     

with branching pseudotimes substantially earlier than their putative targets, confirming that                     

BEAM can distinguish the regulatory factors that drive branching in single­cell trajectories from                         
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genes downstream ( Figure 4e, f ). Monocle 2 and BEAM demonstrated that loss of a key                             

paracrine loop generates an “alternative trajectory”, suggesting that single­cell trajectory analysis                     

can be useful for defining how a signaling pathway regulates a larger process.  

3.4 Discussion 

Efforts to detect changes in gene regulation in development have grappled with high technical                           

and biological variability, demanding specialized statistical methods that explicitly model                   

drop­outs and other nuisance variation. Here, we show that analyzing changes in normalized                         

transcript counts leads to dramatic reductions in apparent technical variability compared to                       

normalized read counts, making single­cell RNA­Seq compatible with widely used regression                     

techniques. We have developed Census, a normalization algorithm that can convert relative                       

expression levels from read counts into per­cell transcript counts without the need for spike­in                           

standards or UMIs. The algorithm requires only that genes are most frequently present at 1                             

cDNA molecule in each cell’s library. We show through reanalysis of several datasets that this is                               

the case with most current protocols, owing to mRNA capture rates lower than 50% and their                               

generation of full­length cDNAs during reverse transcription. Census cannot control for                     

amplification biases, and thus does not produce estimates of lysate mRNA abundances that                         

perfectly match those derived with spike­ins or UMIs. When spike­ins or UMIs are available,                           

transcript counts should be recovered using them rather than Census. However, we show through                           

extensive benchmarking that differential analysis results with Census counts are highly                     

concordant with those from spike­ins. Importantly, tools widely used for bulk RNA­Seq analysis                         
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that perform poorly when provided with read counts work vastly better with Census counts,                           

alleviating the need for software tailored for single­cell RNA­Seq.  

Census makes transcript count analysis available in a wide range of single­cell RNA­Seq                         

experimental designs. To illustrate its power, we have developed three regression­based methods                       

for detecting changes in transcript counts from Census associated with lineage commitment,                       

alternative splicing, and allele­specific expression, respectively. 

The first, BEAM, builds on our previous work tracking gene expression changes in                         

single­cell trajectories, helping pinpoint the moment at which cell­fate decisions occur in a                         

complex biological process. BEAM detects genes that become expressed in a lineage­dependent                       

manner following such decisions by encoding branch assignments as regression variables.                     

BEAM identified thousands of genes differentially regulated during specification of the type I                         

and type II pneumocytes in the alveolar epithelium. The branched single­cell trajectory is driven                           

by genes that cluster into groups whose regulatory elements are highly enriched for distinct                           

transcription factor binding sites. Some of these factors, such as  Foxp2 , are themselves                         

branch­dependent and known to be involved in mediating the pneumocyte specification.                     

Surprisingly, branched cell trajectories arise not only in development, but also in response to                           

genetic perturbations, suggesting that branch analysis may be useful in many biological contexts.                         

Our unsupervised reanalysis of dendritic cells undergoing immune activation reconstructed a                     

linear trajectory that strongly agrees with the current understanding of this process. Dendritic                         

cells lacking receptors or signal transducers central in mediating immune activation follow an                         

alternative trajectory. Understanding the genes that control passage beyond this point may yield                         
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crucial insights regarding the molecular regulation of the innate immune response and cellular                         

decision­making. 

The second method uses Census counts to find genes undergoing pseudotime­dependent                     

changes in splicing. Reanalysis of differentiating myoblasts showed widespread alteration in                     

isoform ratios in genes involved in muscle contraction and cytoskeletal structure. The genes                         

included the tropomyosins, which are well­characterized models of alternative splicing in                     

development. Census revealed a sequence of pseudotime­dependent changes in TPM1, with exon                       

6b inclusion preceding that of exon 9b, rather than a simultaneous shift at these splice sites.  

The third method captures changes in allelic transcript counts derived with Census. By                         

reanalyzing data from pre­implantation embryos, we detected transcription from the genome in                       

2­cell embryos, with allelic balance equilibrating to 50% quickly thereafter. We subsequently                       

used this method to survey gene silencing on the X chromosome and confirmed the escape of                               

several well characterized genes such as  Xist . In contrast to the original study, we do not see                                 

substantial evidence of random, monoallelic expression on the autosomes, and attribute this                       

observation to inadequate modeling of dropouts in normalized read counts. Monoallelic                     

expression at the transcript count level was in line with expectations under a simple                           

overdispersed binomial regression model.  

Together, our analyses show that single­cell differential expression analyses conducted at                     

the level of normalized transcript counts are more robust and accurate than analyses of                           

normalized read counts. We provide a new algorithm, Census, that makes transcript count                         

analysis widely accessible, as well as examples of regression models that leverage them for                           
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high­resolution dissection of gene regulation. We expect that such techniques will continue to                         

unveil new mechanisms of gene regulation, including at the allele and isoform level, in                           

development and disease.  

 

Figures 

Figure 3.1. BEAM identifies genes with branch­dependent expression and potential drivers                     

during lung epithelial fate specification. (a)  Monocle 2 recovers a branched single­cell                       

trajectory beginning with bronchoalveolar progenitors (BP) and terminating at type I (AT1) and                         

type II (AT2) pneumocytes. High expression of known markers of proliferation ( Ccnb2 ,  Cdk2 ) is                           

restricted to progenitor cells, whereas high expression of known AT1 (Pdpn) and AT2 (Sftpb)                           

markers is restricted to their corresponding lineages. Size of circles denotes level of expression.                           

(b) Branching Expression Analysis Modeling (BEAM) is a statistical framework for identifying                       

genes with expression that changes over a single­cell trajectory in a branch­dependent manner.                         

BEAM first uses generalized linear models with natural splines to perform a regression on the                             

data in which the branch assignments of the cells are known (alternative model), fitting a                             

separate curve for each branch. It also performs another regression in which the branch                           
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assignments are not known (null model), fitting a single curve for all the data, and then compares                                 

these models via a likelihood ratio test. (c) Null and alternative model fits for the AT12 markers                                 

( Ager  Sftpb ) and housekeeping genes ( Hprt and  Pgk1 ). Solid lines indicate the smoothed                         

expression curves for each branch in the alternative model while dashed line corresponding to                           

the fitted curve in the null model used in the BEAM test. (d) Hierarchical clustering of                               

normalized expression in terms of transcript counts for markers of pneumocyte specification as                         

defined by Treutlein  et al. and cell cycle genes. Each column represents a cell ordered along the                                 

trajectory. The center of the heatmap corresponds to the beginning of the trajectory. Moving left                             

proceeds down the AT1 branch, whereas moving right proceeds down the AT2 branch. Each row                             

represents the smoothed BEAM expression curve for a gene on each branch. Rows are                           

transformed to Z­scores prior to hierarchically clustering using Pearson’s correlation with Ward’s                       

method. (e) Branch kinetics for selected transcription factors with binding motifs enriched at                         

regulatory elements for genes in panel  c , shown with  p values from BEAM. See  Supplementary                             

Figure 11a  for the full list of transcription factors.  
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Figure 3.2. Loss of interferon signaling generates a branch in the trajectory followed by                           

immune­stimulated dendritic cells. (a) Experimental design used by Shalek  et al. to compare                         

BMDCs from  Ifnar1 ­­ and  Stat1 ­­ knockout mice against the wild type as they respond to LPS.                               

(b) Single­cell trajectory recovered by Monocle 2. (c) Kinetic clusters of branch­dependent genes                         

identified by BEAM are functionally enriched for interferon signaling and other immune­related                       

processes. (d) Transcription factor binding motifs significantly enriched in regulatory elements                     

upstream of genes in cluster 3 (hypergeometric test, FDR < 10%. See methods). (e) Branch time                               
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point for the antiviral regulators and their targets collected from Fig. 4 of ref.  46 ) (f) Branch time                                   

points for the annotated TFs highlighted in panel  d and their targets in genes from cluster 3                                 

(panel  c ). Black dots represent the branch time point of each factor itself.  

Supplemental Figure  

Supplementary Figure 1. Clustering and motif enrichment analysis of branch­dependent                   

genes according to bilineage expression kinetics.  Branch­dependent genes identified by                   

BEAM can be further assessed for common functions and potential upstream regulators. The                         

expression for each gene along the two trajectories is used to cluster genes into groups that share                                 

branch­dependent expression kinetics. Regulatory elements (e.g. defined by DNaseI­Seq) can be                     

collected for each group and tested for enrichment with specific transcription factor binding site                           

motifs. 
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Supplementary Figure 2. Monocle’s Single­cell trajectory of developing murine                 

pneumocytes.  Cells are colored according to type assignments made by Truetlein  et al . Only                           

cells collected at E18.5 were assigned in the original study. Bounding boxes show Monocle’s                           

assignment of cells to types based on the topology of the trajectory.  
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Supplementary Figure 3. BEAM analysis reveals branch­dependent gene expression during                   
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lung epithelial specification.  (a)  Hierarchical clustering of normalized expression in terms of                       

transcript counts for markers of pneumocyte specification as defined by Treutlein  et al. and cell                             

cycle genes. Each column represents a cell ordered along the trajectory. The center of the                             

heatmap corresponds to the beginning of the trajectory. Moving left proceeds down the AT1                           

branch, whereas moving right proceeds down the AT2 branch. Each row represents the transcript                           

counts for a gene on each branch. Rows are hierarchically clustered using Pearson’s correlation                           

with Ward’s method. (b) Pseudotime distribution of branch points for markers of early and late                             

pneumocyte specification as defined by Truetlein  et al.  (c) TF motif enrichment within the                           

hypersensitive sites proximal to the branching genes in each of the kinetic clusters. Motifs                           

corresponding to transcription factors that are themselves significantly branch dependent are                     

labeled in red. 
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Supplementary Figure 4 . Branching expression kinetics for predicted and known                   

regulators of lung epithelial cell fate and function . (a) Significant branching TFs which also                           
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have binding motifs enriched in the upstream of significant branching genes shown in figure 4b.                             

(b) Known regulators of lung epithelial cell fate specification.                  
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Supplementary figure 5. Robustness of BEAM analysis to number of cells collected.  The                         

original set of cells from the KO experiment from Shalek et al. were downsampled randomly at                               

progressively lower proportions of the original dataset. For each subset, cells were re­ordered                         

with Monocle 2, and then BEAM tests were then performed. Three different subsets were                           

performed per proportion. (a) Example trajectories for each proportion. (b) Fraction of cells                         

assigned to the same branch as in the full dataset. (c) Pearson correlation of pseudotime for cells                                 

included in each sample compared to the relative ordering of these cells in the full dataset. (d)                                 

Precision and (e) Recall of genes reported as significantly branch­dependent by BEAM for each                           

sample of the cells, using the branch­dependent genes from the full dataset as the “ground truth”.                               

(f) Spearman rank correlation of p­values returned by BEAM for all genes compared to their                             

p­values when BEAM is given the full dataset. Red (blue) dots in panels d, e, f correspond to cell                                     

downsampling with cell ordering fixed using transcript count data (TPM expression data), green                         

dots cell downsampling with cell re­ordering as in panels a, b. For TPM data, the same ordering                                 

as for transcript counts is used. 

Supplementary method  

Testing for branch­dependent expression  

Monocle assigns each cell a pseudotime value and a “State” encoding the segment of the                             

trajectory it resides upon based on the PQ­tree algorithm (see the supplemental material for                           

Trapnell and Cacchiarelli et al for further information 15 ). Transcript counts values were                       

variance­stabilized 48 via the technique described by Anders and Huber prior to tree construction.                         

Monocle assigns each cell a pseudotime value and a “State” encoding the segment of the                             
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trajectory it resides upon based on the PQ­tree algorithm (see the supplemental material for                           

Trapnell and Cacchiarelli et al for further information 15 ). Transcript counts values were                       

variance­stabilized 48  via the technique described by Anders and Huber prior to tree construction.  

In Monocle 2, we extended the capability to test for branch­dependent gene expression by                           

formulating the problem as a contrast between two negative binomial GLMs.  

The null model  

  

for the test assumes the gene being tested is not a branch specific gene, whereas the alternative                                 

model:  

  

assumes that the gene is a branch specific gene where represents an interaction term between                               

branch and transformed pseudotime, NB means negative binomial distribution. Each model                     

includes a natural spline (here with three degrees of freedom) describing smooth changes in                           

mean expression as a function of pseudotime. The null model fits only a single curve, whereas                               

the alternative will fit a distinct curve for each branch. Our current implementation of Monocle 2                               

relies on VGAM’s “smart” spline fitting functionality, hence the use of the  sm.ns() function                           

instead of the more widely used ns() function from the splines package in R 49 . Likelihood ratio                               

testing was performed with the VGAM  lrtest()  function, similar to Monocle’s other differential                         

expression tests 49 . A significant branch­dependent genes means that the gene has distinct                       

expression dynamics along each branch, with smoothed curves that have different shapes. 
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To fit the full model, each cell must be assigned to the appropriate branch, which is coded                                 

through the factor “Branch” in the above model formula. Monocle’s function for testing branch                           

dependence accepts an argument specifying which branches are to be compared. These                       

arguments are specified using the ‘State’ attribute assigned by Monocle during trajectory                       

reconstructions. For example, in our analysis of the Truetlein  et al data  10 , Monocle reconstructed                             

a trajectory with two branches ( for AT1 and AT2 lineages, respectively), and three                           

states (( for progenitor, AT1, or AT2 cells). The user specifies that he or she                             

wants to compare and by providing and as arguments to the function.                               

Monocle then assigns all the cells with state to branch and similarly for the cells.                                 

However, the cells with must be members of both branches, because they are on the path from                                 

each branch back to the root of the tree. In order to ensure the independence of data points                                   

required for the LRT as well as the robustness and stability of our algorithm, we implemented a                                 

strategy to partition the progenitor cells into two groups, with each branch receiving a group. The                               

groups are computed by simply ranking the progenitor cells by pseudotime and assigning the                           

odd­numbered cells to one group and the even numbered cells to the other. We assign the first                                 

progenitor to both branches to ensure they start at the same time which is required for                               

downstream spline fitting and clustering. The branch plots in Figure 3d visualize the branch                           

specific spline curves fit by this method. 

Branch time point detection  

The branching time point for each gene can be quantified by fitting a separate spline curves for                                 

each branch from all the progenitor to each cell fate. To robustly detect the pseudotime point (t                                 
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) when a gene with a branching expression pattern starts to diverge between two cell fates                                 

, we developed the branch time point detection algorithm. The algorithm starts from the                             

end of stretched pseudotime (pseudotime  , see below) to calculate the divergence (                       

) of gene ’s           

expression between two cell fates,  , (for a branching gene, the divergence at this moment                             

should be large if not the largest across pseudotime). It then moves backwards to find the latest                                 

intersection point between two fitted spline curves, which corresponds to the time when the gene                             

starts to diverge between two branches. To add further flexibility, the algorithm moves forward to                             

find the time point when the gene expression diverges up to a user controllable threshold (  ), or                                 

, and defines this time point as the branch time point, y_{\beta}^i, for that                             

particular gene    .   

Stretching raw pseudotime to account for heterochrony between branches 

From reconstructed trajectories, we observe that branches of a trajectory can have different                         

lengths of pseudotime, which implies different rate of transcriptomic changes for each branch                         

(assuming there is even sampling during the biological branching process). This observation is                         

an example of  heterochrony , and we address it by simply “stretching” the shorter branch and the                               

longer branch uniformly to 100 (assuming 100 percentage completion at the end of each branch).                             

This approach can help us to consider both branches and avoid excluding cells on the longer                               

branch that extend beyond the edge of the shorter one’s pseudotime scale. Our current method                             

amounts to a naive alignment between two pseudotime series when branches are of                         

approximately equal length. We leave more sophisticated scaling techniques as future work. The                         
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transformation of the raw pseudotime into scaled pseudotime is shown in (Eq. 8). We first scale                               

the raw pseudotime (  ) of the longest branch (  ) to a range of pseudotime (  ) with values from                                   

0 − 100 (including all the progenitor cells located between pseudotime 0 and the branch                             

pseudotime, which corresponds to the raw pseudotime of the latest progenitor cell), of the                             

trajectory (  )). The time range between the branch pseudotime and the end of the shorter                             

branch ( ) is stretched to a maximum value of 100 to match the longer branch (                               

). 

   

We should note that there is only one branching time point, for the reconstructed trajectories                               

but the branching time point for each gene  , can be different although it tends to center                                   

around    . 

Clustering genes by branch­dependent expression kinetics 

All significantly branching genes can be used to make the branched heatmap. The branched                           

expression dynamics for all the branching genes are firstly obtained from fitted spline curves.                           

Then, the expression values from the fitted curve are variance stabilized 2 and transformed to                           

Z­scores. The scaled values are also truncated at 3 or ­3 to ensure better visualization of the data                                   

and to avoid the outliers. On the heatmap, the progenitor cells are located towards the center and                                 

cells in each branch appear towards the left and right. The ward.D2 clustering method is then                               
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applied on the correlation matrix for the transformed data between all the genes (the number of                               

clusters was chosen to be six for all datasets). To obtain the enriched GO BP or Reactome terms,                                   

we then performed the hypergeometric test on the corresponding Gene Matrix Transposed file                         

format (GMT) file for each cluster of genes based on the piano package 3 . 

Transcription factor motif enrichment analysis 

Regulatory regions of genome were identified as peaks, either downloaded from mouse                       

ENCODE database (for lung epithelium data) or obtained using MACS package 4 (for dendritic                         

cell data). We link the regulatory elements to genes by proximity of those elements to genes in                                 

upstream / downstream 5 kb of the specific gene using bedtools 5 . Motif data from JASPAR is                               

then used to scan DHS peaks which generates a group of potential targets for the genes having                                 

that specific motif. The motif enrichment for each cluster of branching genes is performed based                             

on hypergeometric test using the genes with the motifs targeting that particular cluster of genes                             

against all the genes with motifs and their potential targets as the background. We then retrieved                               

the genes whose motifs are enriched in certain cluster (FDR < 10%), Benjamini­Hochberg                         

correction) but also belong to significantly branch­dependent genes.  

Measuring relative expression with transcript counts 

Although in principle per­cell transcript counts allow us to track changes in absolute gene                           

expression, we often wish to use these values to test for changes in relative expression. We could                                 

of course do so by simply dividing the expression level for a gene by the total transcript                                 

recovered from a cell . However, in practice, we find there are alternative means of normalizing                               

for variation in total transcript recovery across cells that result in better results in downstream                             
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analysis. We tested two schemes for computing  size factors . The first is the method proposed by                               

Anders and Huber for library  size normalization: 

   

in which x_{ij} is the transcript count of gene in cell  , is the number of cells, and is the                                             

number of genes. We found, however, that this scheme often produces poor results or fails                             

entirely to compute finite size factors. The underlying problem with this method is that the                             

calculation must exclude all genes except those that are detectably expressed in all cells. As has                               

been discussed here and elsewhere, current single­cell RNA­Seq experiments are enriched with                       

zeros (arising from “dropout” e ffects)  6 , suc h that there may not be a single gene that is non­zero                                   

in all cells. When the above procedure works, it typically includes only the most abundantly                             

expressed genes in the calculation, raising concerns about bias. 

We instead chose to use the following alternative equation for size factor calculation: 

   

This equation will return finite values provided that there are no cells with zero expression for all                                 

genes in the experiment. For such cells, we simply define the size factor to be 1. 

Choosing a distribution to model single­cell expression 

Parametric tests for differential expression between two or more conditions or as a function of                             

one or more covariates typically require that expression be described accurately by well­defined                         
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probability distribution. Various choices, such as the Poisson, quasi­Poisson, negative binomial,                     

Tobit, have been used to model RNA­seq data  5,7,8 . The choice of distribution depends in part on                                 

whether expression is measured by read counts, TPM values, or some other scale. To identify an                               

appropriate distribution for modeling single­cell expression data, we performed a series of                       

chi­squared goodness of fit tests for every gene using the fitdistrplus package. For each gene, we                               

fit two negative binomial distributions to its expression values in Truetlein  et al . For the first, we                                 

measured expression in read counts. For the second, we provided expression as transcript counts.                           

We also fitted zero­inflated negative binomial distribution to the same data to assess whether                           

explicit modeling of dropouts would improve downstream analysis. All fits were conducted with                         

the fitdistrplus package. Genes were considered to pass the goodness of fit test when they                             

generated p­values greater than 0.1. For many genes, fitdistrplus threw numerical exceptions,                       

indicating an internal failure to fit a particular distribution to a particular gene. We tracked these                               

to assess the tradeoff between an increased quality of fit and lower numerical robustness of the                               

fitting algorithm. 

Differential gene expression tests on transcript counts in Monocle 2 

We used cells collected at E14.5d (44 cells) and E18.5d (66 cells) to perform the two­group test.                                 

To benchmark the performance of Monocle 2 on differential gene tests, we test on relative                             

abundance expression, the raw read counts data, the transcript counts data recovered from                         

spike­in regression, Census, TPM scaled to 100, 000 total transcripts, TPM using negative                         

binomial distribution and TPM scaled to the true total calculated from the spike­in regression.                           
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The underlying GLM models the expression values for each gene using relative abundance                         

expression as Tobit distributions and from the other three as negative binomial distributions. 

Monocle originally accepted only relative expression values (e.g. TPMs) as input. Monocle then                         

used the VGAM package 9 to model expression of each gene across the cells in an experiment                               

with a Tobit distribution. To support analysis of transcript counts values, in Monocle 2, we use a                                 

negative binomial distribution. If transcript counts values are used, Monocle 2 tests for                         

differential expression using a likelihood ratio test on two negative binomial models. The size                           

parameter is modeled as an intercept only by setting the argument in the negbinomial function                             

from VGAM, which amounts to assuming that dispersion is similar between conditions. We also                           

provide a starting estimate regarding the value of the size parameter. To do so, we first fit a                                   

gamma generalized linear model (identical to the method used by DESeq 2 ) to the entire data                             

matrix prior to testing, and then look up the size parameter for each gene using this curve. This                                   

increases the accuracy of the test and reduces numerical exceptions thrown by VGAM. To                           

consider extreme cases in which the negative binomial cannot fit the data at all, we relax the                                 

convergence criteria for the negative binomial distribution fit (from a VGAM “epsilon”                       

parameter value of 1e­7 to 1e­1)  to ensure that most genes can be effectively tested. 

Benchmarking differential expression analysis 

To benchmark the accuracy of differential gene expression tests between two groups of cells and                             

for pseudotime­dependence, we first defined a “ground truth” set of differentially expressed                       

genes (DEGs). For the two­group test, we implement a permutation test for log mean fold                             

changes in spike­in derived expression levels between E18.5d cells and E14.5d cells as well                           
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E16.5d cells and E14.5d cells. Cell labels were permuted 10,000 times to generate the                           

distribution of log fold changes under the null hypothesis of no difference between the groups.  In                               

order to maximize agreement between DEG test tools, which all include some form of size factor                               

normalization, we calculated size factors for each cell as described above and scale the RNA                             

counts by these factors before the permutation test.  Tools were provided with relative expression                           

levels, normalized read counts, and transcript counts estimated with spike­ins, Census counts,                       

TPM (true total) counts which are derived by scaling TPM values by the correct per­cell total                               

RNA. TPM (true total) control shares Census’ inability to control for amplification bias, but                           

begins with the same total per­cell transcript counts available through spike­ins. Comparing this                         

control to spike­based regression reveals the impact of amplification bias on differential analysis                         

in single cells. Comparing it to Census assesses how error in estimating total transcript counts                             

translates into error in differential analysis. To perform the permutation test for genes that change                             

as a function of pseudotime, we modified the glm.perm package to permute the residual for the                               

regressors (corresponding to three degrees of freedom for the spline curve in the design matrix of                               

the GLM models) of the pseudotime spline for inferring the  P  value 10 . Because we defined                             

permutation­based ground truth DEGs for each measurement type. We then ran Monocle 2,                         

DESeq2 (version 1.8.1)  11 , edgeR (version 3.10.5) 7 , SCDE (version 1.99.0) 6 for the two­group                         

test. For benchmarking the pseudotime test, we adjusted DESeq1 for performing pseudotime test.                         

We compared the programs on the basis of four criteria: 1) the area under the ROC curve, 2)                                   

precision, 3) recall and 4) F1 score (as defined below). Precision, recall, and F1 were assessed                               

when the programs were run with target false discovery rates of 10%. All programs were run                               
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with default input parameters while setting the size factors calculated by Monocle 2. For edgeR                             

and DESeq2, we used likelihood ratio tests. 

 

 

 

We also added a benchmark analysis based on the bulk RNA­seq data for the HSMM                             

experiment, which was collected at same time points as single cells. Of genes expressed above                             

10 cells, the top 1,000 most significant genes from the Cuffdiff test between time 0 and and 72                                   

hours are used as true positives while the bottom 1, 000 least significant genes are used as true                                   

negatives. We benchmark Monocle 2, DESeq2, edgeR, and SCDE with the above ground truth                           

using the either TPM, read counts or census counts as the measurement type. For details on                               

benchmarking the ESC dataset, see below. 

Obtaining data and estimating expression from single­cell RNA­Seq reads 

For the lung epithelial cell data analysis , all data from Treutlein  et al. 12 , which include 199                               

samples in total, was downloaded from GEO 12 (accession ID: GSE52583) and grouped by time                           

(E14.5d, E16.5d, E18.5d and Adult AT2 cells) and annotated according to metadata available on                           

GEO. 
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For the neuron dataset analysis, all data was downloaded from GEO (accession ID:                         

GSE67310) and grouped by cell according to metadata available on GEO  13 . 

For the Shalek  et al. 14 data analysis ,  all data was downloaded from GEO (accession ID:                             

GSE48968) and grouped by cell according to metadata available on GEO. 

All SRA files were converted to FASTQ format and aligned to the mm10 (both of lung epithelial                                 

cell  data, neuron and dendritic cell  data) reference using Tophat 15 . GENCODE M1 with spike­in                           

controls (lung epithelial cell  data) or GENCODE M2 (dendritic cell  data) transcript annotations                         

were provided to Tophat during alignment. Gene and isoform­level expression matrices were                       

generated for all cells using cuffquant and cuffnorm 1 . For the lung epithelial cells, relative                           

expression values were first converted to transcript counts based the regression relationship                       

between spike­in transcript counts and relative abundance in each cell. We also converted                         

relative expression values into transcript counts using the spike­in free algorithm. 

We used the script read_distribution.py from RSeQC v2.6.2 16 to collect read mapping                       

statistics as a measure of library quality for the lung epithelial data and dendritic cell data. 

Analysis of lung epithelial cell and neuron reprogramming data 

All cells annotated as ciliated cells, clara cells or bulk sample from Supplementary Data 5                             

in Treutlein et al. were excluded, yielding 183 cells for downstream analysis. The developmental                           

trajectory in lung epithelial data was reconstructed based on the entire set of marker genes,                             

highest PCA loading genes (218 in total) collected from their paper. We used log­transformed                           
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TPM values as input data to the dimensionality reduction with ICA, to maximize consistency                           

with the original study. 

We then applied BEAM to detect all the genes that are significantly branch­dependent                         

between the AT1 and AT2 branches based on the transcript counts recovered using spike­in                           

standards. State 1 cells inferred by Monocle 2 corresponded to progenitor cells, whereas State 2                             

and State 3 cells corresponded to AT1 and AT2 branches respectively. 

All significantly branching (FDR < 5%) genes are used to make the branched heatmap.                           

The branched heatmap is generated as described in  Clustering Genes by branch­dependent                       

expression kinetics . 

For the motif enrichment, DHS narrow peaks for the lung, retrieved from mouse                         

ENCODE dataset (file names:       

wgEncodeUwDnaseLungC57bl6MAdult8wksPkRep1­3.narrowPeak.gz) Enrichment analysis is       

performed as described in  Transcription factor motif enrichment analysis . 

For benchmarking the Census vs. the spike­in recovery for the lung dataset, we run                           

Census with all default parameters. 

For the neuron dataset, all 405 cells from day 0, 2, 5 ,20, 22 upon Ascl1 induction during                                   

reprogramming from MEFs to iN are used. Cells from day 0 and day 20 are used to benchmark                                   

the differential expression performance of census compared to spike­in based regression. Note                       

that in this reprogramming experiment, external RNA spike­in transcripts (ERCC spike­in Mix,                       
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Ambion) were added to all single­cell lysis reactions at a dilution of 1:40,000 (and 1:4,000 in                               

case of day 5 experiment)  13 . 

Analysis of dendritic cells from knockout mice 

Before analysis, all cells that do not appear in the sample metadata sheet provided on GEO                               

(because they were filtered for failing quality control) are removed from the expression matrix,                           

yielding 1787 cells in cuffnorm output matrices. Relative abundances are then converted into                         

transcript counts using Census with default parameters with parameter estimated from the                       

relative abundance data for each cell. 

We selected cells (510 in total) annotated as unstimulated replicate (normal unstimulated                       

cells were observed to have low RNA library quality), LPS stimulated cells without any                           

perturbations, and LPS stimulated cells with Stat1 and Ifnar1 knocked out taken at each of the                               

included time points. 

The genes used for dimensionality reduction and pseudotime ordering were expressed in                       

at least 50 cells and differentially expressed between wild­type and knockout cells and across                           

LPS stimulation time with q values < 1e­34 (Benjamini­Hochberg correction) using the transcript                         

counts data recovered from the spike­in free algorithm (no spike­in controls were present in this                             

dataset). Transcript counts for these genes were then variance stabilized using the procedure                         

introduced by Anders and Huber 2 . Briefly, each gene’s empirical dispersion expression relative to                         

the Poisson is estimated by the method of moments. A gamma­family generalized linear model is                             

then fit to capture how dispersion varies with the mean across cells. This model has two                               
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parameters: the “extra poisson” dispersion  q  and the “asymptotic” dispersion  a. We then                         

transform each transcript count  x  by the function 

 

The resulting transformed counts are more homoscedastic, which generally improves                   

downstream analysis with PCA or ICA. For the knockout cells we followed the VST with a                               

linear transformation that removes variation attributable to mRNA recovery efficiency using the                       

removeBatchEffects function of the limma package. This acts to exclude some technical                       

variation from the data, so it doesn’t drive dimensionality reduction and trajectory analysis. 

BEAM was applied to the recovered transcript count data after correcting for size factor                           

normalization (see the section on  Measuring relative expression with transcript counts ) to                       

identify genes that are significantly branching between the normal cells and the knockout cells. 

State 1 cells as inferred by Monocle 2 corresponded to unstimulated DC cells, State 2 and State 3                                   

corresponded to the normal and knockout lineages respectively. The heatmap of significantly                       

branching genes (q values less than 0.01, Benjamini­Hochberg correction) and motif enrichment                       

are performed as described in  Clustering Genes by branch­dependent expression kinetics and                       

Transcription factor motif enrichment analysis . We used the Gene Matrix Transposed file                       

format) file from the Reactome database to perform the gene set enrichment analysis on each                             

cluster of the branched heatmap. 

For the motif enrichment analysis, we used the union of the ATAC­seq peaks from Ido                             

Amit’s group  17 (GEO accession GSE63341). For the bar plot of the motif enrichment on cluster                               
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4 (Figure 5d) from the heatmap, all the motif enrichment scores (­log10(q­val) are used but only                               

TFs with known Interferon signal pathway related annotations are labeled with gene names. 

Analysis of UMI data 

Grün  et al 18 recently published a comparison of the global gene expression variability between                           

growing J1 mouse embryonic stem cells (mESCs) in serum/LIF medium and that in 2i medium.                             

The UMI transcript counts data matrix was downloaded from GEO (accession ID: GSE54695).                         

mESCs in serum/LIF medium (annotated as SC_2i from the metadata) and J1 mESCs in 2i                             

medium (annotated as serum_2i) were used. Pool and split controls from the study were                           

removed, yielding 131 cells for downstream analysis. mESCs in serum medium and mESCs in 2i                             

medium are used as two groups for performing the two group tests, and the benchmark gold sets                                 

were generated from the permutation tests as described previously.  

For benchmarking the Census vs. the spike­in recovery for the UMI dataset, we use the                             

50 ERCC spike­in transcripts detected in this dataset. We run Census with all default parameters. 

Analysis of ESC data 

Sophie  et al 19 recently used sc RNA­seq to study the X chromosome expression dynamics during                             

human embryogenesis. In this study, the single­cell was manually picked by glass, following by                           

using SMART2­seq for preparing the cDNA library. The rpkm table, ercc annotation files are                           

downloaded from ArrayExpress (accession ID: E­MTAB­3929). Poor cells based total transcript                     

counts calculated from spike­in regression are removed which leads to 1380 cells out of a total of                                 
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1529 for benchmarking Census vs. the spike­in. Capture rate is estimated based on the spike­in.                             

We run Cenus with all default parameters.  

Robustness of tree reconstruction and BEAM test to number of cells included in analysis 

In order to test robustness of BEAM and the preceding dimensionality reduction and tree                           

construction to the number of cells collected (simulating how results would change with smaller                           

original experiments), we performed cell downsampling simulations on the Shalek  et al. KO                         

data. Starting with the original dataset . , we generated subsets containing fractions of 0.1, 0.2, 0.3,                             

0.4, 0.5, 0.6, 0.7, 0.8, 0.85, 0.9, 0.95, and 1.0 of the original dataset. Sampling was performed                                 

without replacement and three different subsets were generated for each proportion to serve as                           

replicates. For each subset, we completely reran the differential expression analysis to obtain a                           

set of ordering genes, recalculated dimensionality reduction, and reordered cells using the same                         

procedure as for the original dataset. Ordering was performed using the same number of top most                               

significant genes as for our main analysis of the Shalek  et al. KO data rather than using a p­value                                     

cutoff to account for the progressively reduced power of differential expression tests in smaller                           

subsets. As the arbitrary numeric assignment of which branches in the tree correspond to state 1,                               

2, and 3 respectively can vary during these runs, we swapped the numeric assignment of state                               

values to maximize overlap with the original tree if necessary. This does not change which cells                               

are assigned to a common branch; only which number (1, 2, or 3) each group of cells is assigned                                     

for consistency in downstream analysis. Finally, we performed the BEAM test on each ordered                           

subset. A summary of the resulting tree reconstruction and BEAM test results is shown in                             

Supplementary Figure 12 . 
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In addition to test the robustness of BEAM solely contributed to the cell downampling                           

while avoid the conflation from the the dimension reduction, state and pseudotime assignment,                         

we performed another benchmark where only the cells are downsampled but the ordering of cells                             

is kept fixed. This second analysis provides an upper bound on the accuracy of the test, and                                 

excludes the impact of variability arising from the trajectory itself. We also included a                           

downsampling BEAM test for the TPM data while fixing the cell ordering as that inferred based                               

on the transcript counts data. 

 Generality of census on testing differential gene expression 

In order to demonstrate that Census is generally applicable, four additional datasets with ERCC                           

spike­in transcripts ( Pancreas: E­MTAB­5061 20 , Cortex: http://linnarssonlab.org/cortex/  21 ,             

marker­free: GSE54006  22 , quantitative assessment data: GSE51254  23 ) were downloaded from                     

the original studies. We converted each dataset into TPM values and calculate absolute transcript                           

counts based on the spike­in regression. Capture rate and mode of corresponding transcript                         

counts either in cDNA or cell lysate space are estimated as described above. Census is then run                                 

by default parameters to obtain the estimated transcript counts. Based on the annotation of the                             

cells from each study, we select two groups of cells for making the MA plot as well as the log                                       

fold­change plot. For the quantitative assessment dataset, which doesn’t have biological                     

conditions, two random sample sets of cells from the 96 cells using nanoliter volume sample                             

processing on a microfluidic platform are selected for making the MA and log fold­change plot. 
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  (a) Census related variables: 

Variables  Descriptions  Remarks 

  Relative abundance (FPKM, 
TPM) of gene expression in 
each cell 

 (here and below) 

  Transcript counts in each 
cell 

lowercase is on log scale; 
hat represents estimates 
based on Census 

  Mode of relative abundance 
in log­scale based on 
Gaussian kernel 

  

  Corresponding copy number 
of the mode of relative 
abundance in log­scale 

hat represents estimates 
based on the calibration 
procedure in Census 

  Mode of the transcript 
counts 

Mode is calculated on 
log­scale based on Gaussian 
kernel and converted back 
to original scale 

  Degradation rate (including 
loss) of RNA from cell into 
cell lysate; degradation rate 
of spike­in RNA added into 
the cell lysate 

 is a unknown parameters in 
single­cell RNA­seq 
experiment.  is assumed to 
be one or there is no loss for 
the spike­in RNA.  

  Capture rate of RNA 
transcripts from cell lysate 
to cDNA 

Capture rate can be 
estimated based on spike­in 
ladders using a binomial 
distribution 

  Amplification rate from 
cDNA to sequencing reads; 
number of total sequencing 
reads 

This value is normally large 
than 1 when sequence depth 
is enough which means that 
all the cDNA are observed 

113 



 

in the sequencing machine 

  Slope and intercept of the 
regression relationship from 
relative abundance into 
transcript counts 

hat represents estimates 
based on the optimization 
procedure in Census 

  Total mRNAs counts in cell 
lysate (including spike­in 
transcripts), total spike­in 
mRNAs added into cell 
lysate , total endogenous 
mRNAs counts from cell in 
cell lysate 

lowercase is on log scale 

  Total mRNAs in the cell    

  Number of gene expressed    

  Cell or gene index    

  Probability to capture for a 
single transcript; the 
probability to observe at 
least once for a spike­in 
transcript; probability for all 
spike­in transcripts with 
copies have non­zero FPKM 
values 

  

  The relative abundance of 
each spike­in transcript  to 
the total spike­in transcript 
counts; a constant 
introduced from the specific 
relative abundance metric; 
the fraction of total spike­in 
transcript counts relevant to 
the total RNA 
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(b) BEAM related variables: 

Variable  Description  Remarks 

  Pseudotime for each cell 
estimated by monocle 

  

  Lineages or branches for 
cells assigned by monocle 

  

  States for cells assigned by 
monocle 

State means a segment of a 
tree structure returned by 
the PQ­tree algorithm in 
monocle. A single 
bifurcation tree, like the 
lung data, has two branches 
(lineages) and three states  

  Monocle detected branch 
time point for a gene 

  

  Extended pseudotime in 
monocle accounting for the 
heterochrony between 
different branches 

  

  

(c) Isoform switch analysis related variables: 

Variable  Description  Remarks 

  count of isoform  of a gene  count of isoform is 
recovered from Census 
algorithm 

  The frequency of the    
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isoform 

  Over­dispersion parameters 
in Dirichlet distribution 

  

  

(d) Allele switch analysis related variables: 

Variable  Description  Remarks 

  Probability that an RNA 
originated from the maternal 
allele 

  

  Maternal and paternal RNA 
counts 

Allele­specific relative gene 
expression values were 
estimated by Kallisto and 
converted into transcript 
counts by Census 

  

Supplementary table 2 . Variables used in Census, BEAM, isoform and allele switch                       

analysis. (a) A table describing all variables used in the Census algorithm. (b) The same for                               

BEAM. (c) The same for isoform switch analysis. (d) The same for allele switch analysis. 
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Chapter 4. Detect causal interaction from single­cell measurements  

A version of this chapter will be submitted as a manuscript   

Detecting causal regulations from single­cell measurements. Xiaojie Qiu , Arman Rahimzamani,                   

Li Wang, Qi Mao, Timothy Durham, José L McFaline­Figueroa, Lauren Saunders, Cole                       

Trapnell, Sreeram Kannan 

4.1 Introduction 

Most biological processes, either in development or disease progression, are governed by                       

complicated gene regulatory networks. It is thus of great interest to computationally reverse                         

engineer the network from observational data. In the past few decades, various network inference                           

algorithms (Faith et al. 2007; Margolin et al. 2006; Meyer, Lafitte, and Bontempi 2008; Friedman                           

et al. 2000; Langfelder and Horvath 2008) have been developed. However, they are designed                           

specifically for bulk gene expression measurements. Single­cell measurements reveal the natural                     

variation of expression dynamics in a large population of cells and provide unprecedented                         

resolution of the gene expression cascades required for accurate inference of regulatory                       

networks (Liu and Trapnell 2016) .  

Recently, we developed algorithms to accurately order cells along a                   

“pseudotime” (Trapnell et al. 2014a; Qiu, Mao, et al. 2017a) trajectory based on the learned                           

“structure” of their transcriptome. Our algorithms can also reveal gene bifurcation hierarchy (Qiu,                       

Hill, et al. 2017c) from single­cell (sc­)RNA­seq data associated with lineage bifurcation (where                         

one progenitor cell type commits to two distinct cell fates). These results reinforce the finding                             
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that dynamic expression changes of putative regulators often precede that of their downstream                         

targets (Bar­Joseph, Gitter, and Simon 2012) , suggesting that  causal gene regulations can be                       

inferred from reconstructed pseudotime­series data. In this study, we define causality in terms of                           

the strength of information transferred from one variable, a potential regulator, to another                         

time­delayed response variable, a potential target. 

Various causality inference methods have been proposed. Causal Inference based on                     

Granger causality (GC) (Granger 1969) , a statistical hypothesis test for determining whether one                       

time series (  ) is useful in forecasting another (  ), has been applied to biological networks.                             

However, its assumption of linear causality is violated in biological settings (Hill et al. 2016) .                           

Recently, an exciting complement, Convergent Cross­Mapping (CCM) (Sugihara et al. 2012) has                     

been proposed for ecological system. CCM is based on state­space reconstruction (Takens 1981)                       

and can detect pairwise non­linear interactions. Unfortunately, this method is limited to                       

deterministic  systems.  

Recently, network inference has been applied to single­cell genomics. The SCENIC                     

method (Aibar et al. 2017) combines GENIE3 (Huynh­Thu et al. 2010) with regulatory binding                       

motif enrichment to simultaneously cluster cells and infer regulatory networks. Others studies                       

have inferred regulatory networks from scRNA­seq data using for example, differential                     

equations, information measures or linear regression techniques (Huynh­Thu et al. 2010; Ocone                     

et al. 2015; Chan, Stumpf, and Babtie 2017; Matsumoto et al. 2017; Hamey et al. 2017; Wei et                                   

al. 2017; Sanchez­Castillo et al. 2017; Papili Gao et al. 2017; Fiers et al. 2018; Babtie, Chan, and                                   

Stumpf 2017) . However, most of those methods don’t explicitly leverage time­series data, and                         
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more importantly, may fail to recover the correct network even in simple settings (Fiers et al.                             

2018; Babtie, Chan, and Stumpf 2017)  (see  Methods ). 

Here we introduce Scribe, a scalable toolkit, that relies on Restricted Directed                       

Information (RDI) (A. Rahimzamani and Kannan 2016) , to accurately and efficiently infer causal                       

regulatory networks from single­cell genomics datasets. The causal network inferred by Scribe is                         

discussed in contrast to correlation networks as we explicitly consider the response of the targets                             

to their putative regulators with some time delay. In contrast to GC and CCM, Scribe learns both                                 

linear and non­linear causality in deterministic and stochastic systems by measuring the                       

information transferred from the potential regulator to their putative target. It incorporates                       

rigorous procedures to alleviate sampling bias and builds upon novel estimators and                       

regularization techniques to facilitate inference of large­scale directed causal networks.                   

Additionally, Scribe provides intuitive approaches to directly visualize the responses, causality,                     

and combinatorial causal regulations. Scribe is generally applicable to most time­series data                       

including pseudotime and “RNA velocity” (La Manno et al. 2017) , to detect causal interactions.                         

To demonstrate the versatility of our method, we applied Scribe to real­time confocal imaging                           

data of  C. elegans  early embryogenesis (La Manno et al. 2017; J. I. Murray et al. 2012) and built                                   

a compendium of temporal causal regulatory networks related to a whole organism's                       

developmental history. As we move towards building organismal cell atlases using single­cell                       

genomics, Scribe provides a platform from which to infer detailed regulatory networks                       

governing cell lineage differentiation across all cell types.  
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4.2 Scribe, a toolkit for inferring and visualizing causal regulations from single­cell                       

genomics datasets.  

An upstream regulator’s expression dynamics precede the response of its downstream                     

targets (Bar­Joseph, Gitter, and Simon 2012) . This fact can be leveraged to detect causal                         

interactions between gene­pairs. Previously, we proposed RDI as a novel information metric to                         

accurately and efficiently quantify causality (A. Rahimzamani and Kannan 2016; Arman                   

Rahimzamani and Kannan 2017) . Built upon RDI, we developed a toolkit, Scribe, that is                           

designed for the analysis of time­series datasets, and is specially tailored for single­cell                         

genomics, in particular, scRNA­seq datasets ( Supplementary Figure 1 ,  Fig 1A ).  

Scribe analyzes single­cell expression kinetics as cells progress along with a pseudotime                       

trajectory (real time series, like the live cell imaging data). It then estimates causality scores                             

(where a higher score implies stronger evidence for a causal interaction and  vice versa ) from this                               

pseudotime­series using RDI for sets of gene­pairs that is then used to build a causal network                               

( Fig 1A, B ). Specifically, the RDI between two genes is formulated and quantified as the mutual                               

information of the regulator’s past state (  ) and the target’s current state (  ) conditioned                           

over the target’s history (  ) (or formally,  ) ( Fig 1A ). Since pair­wise causal                       

interaction may result from indirect interactions, Scribe supports conditioning on other potential                       

regulators to remove any indirect causal interactions. To account for the sparsity of single­cell                           

genomic data (Krishnaswamy et al. 2014) , Scribe also uses a novel estimator recently reported by                           

us (Krishnaswamy et al. 2014) . As an optional technique to alleviate sampling biases from                         

single­cell measurements, Scribe provides a rigorous approach to quantify the  potential                     
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causality (Arman Rahimzamani and Kannan 2017) (how much influence a regulator can                     

potentially exert on target  without cognizance to the regulator’s distribution) ( Supplementary                     

Figure 1) . Scribe refines the inferred network using Context Likelihood of Relatedness                       

(CLR) (Faith et al. 2007) and opts for a new method for directed graph regularization (see                             

Methods or  supplementary materials for more details). Scribe then plots the causal network                         

and identifies regulatory motifs ( Fig 1B ). Finally, Scribe also provides a variety of methods to                             

visualize complex causal regulations ( Fig 1B ).  

  To test the performance of Scribe in inferring causal networks, we simulated the                         

differentiation of central nervous system with a minimal regulatory network through a set of                           

stochastic differential equations (SDEs) (Qiu, Ding, and Shi 2012d) and generated multiple                     

time­series. We then took those time­series as input to infer the causal network using Scribe and                               

compared our results to other established causal inference approaches, including GC and CCM                         

(See details in  Supplementary  Methods ). When we use the minimal network as the reference to                             

calculate the AUC (Area Under Curve) score of ROC (Receiver Operating Characteristics) curve                         

for each network returned by each algorithm, we find Scribe outperforms alternative techniques                         

across various settings on this simulation datasets ( Fig 1, Supplementary Figure 2 ), thus                         

confirming it is favorable to GC and CCM. In addition, we also benchmark with other                             

algorithms reported for the DREAM, and find Scribe perform similarly to the reported best                           

algorithm.  
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Figure 1: Scribe, a toolkit for inferring and visualizing causal regulations. ( A ). Scribe                         

detects causality from pseudotime­ordered scRNA­seq datasets with a novel information metric,                     

restricted direct information (RDI). We will first utilize Monocle 2 to resolve the trajectory for                             

the scRNA­seq dataset, from which we will obtain a pseudotime­series. We can then apply                           

feature selection procedures, for example BEAM (Qiu, Hill, et al. 2017c) , to retrieve genes                         

directly related to the regulatory mechanism of the biological process of interest. For a putative                             

regulator­target pair, the current state of the target (  ) receives information from the regulator’s                           

previous expression dynamics (  ) along a pseudotime­series trajectory while also having the                       

memory of its own intermediate previous state (  ) ( i. Time delay ). Scribe relies on RDI (Qiu,                             

Hill, et al. 2017c; A. Rahimzamani and Kannan 2016) to quantify the information transferred                           

from the potential regulator to the target under some time delay while conditioned over its past                               
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on this pseudotime­series data ( II. Causality metric ). A gene often has strong memory to its                             

intermediate previous state (  ) but RDI will only give highly positive causality score from the                             

putative regulator to target in cases where there still is strong relationship between regulator’s                           

history and target’s present conditioning on target’s history ( II.  Causality metric, Case 1 vs. Case                             

2 ). ( B ) Inferring causal regulatory network and visualizing causal regulations with Scribe. Scribe                         

infers a causal network via calculating the causal strength of all genes­pairs set automatically or                             

by the user. Scribe then prunes the network first with a well established technique, Context                             

Likelihood Relatedness (CLR), and opts for a new directed graph regularization method (See                         

supplementary method ) to reveal statistically significant edges while also satisfying certain                     

well­known in/out­degree distribution constraints ( I. Causal network inference ). Scribe also                   

incorporates a visualization framework to visualize the response function, causal interaction as                       

well as combinatorial regulation between gene pairs ( II. Visualization ). ( C ) Receiver Operating                       

Curves or ROC for Scribe, CCM and GC on a linear system. Standard deviation (s.d.) of                               

independent additive noise injected into each gene at each time point and propagate through this                             

system (intrinsic noise) is set to be 0.01. ( D ) Area Under Curve or AUC for Scribe, CCM and                                   

GC on the non­linear neurogenesis system under different s.d. of intrinsic independent additive                         

noise. See  Methods  on details of the simulation setup.  
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4.3 Scribe visualizes transcriptional response, causal regulation, and combinatorial                 

regulation logic 

Visualization of gene regulations aids hypothesis generation; we thus provide in Scribe a set of                             

intuitive visualizations of the associated information transfer (corresponds to causality) and the                       

combinatorial regulation of multiple regulators.  

Scribe visualizes causal regulations as a heatmap which encodes the expectation of                       

target’s current state given its immediate past and a putative regulator’s previous state (                         

). From the heatmap, the horizontal dimension corresponds to the                   

response function while the vertical dimension corresponds to the target’s “memory of its                         

history”. Applying this visualization to simulated neuron lineage commitment data based on the                         

minimal CNS network, we correctly recover a sigmoid function and a threshold­inhibition                       

function for the delayed response of  Tuj1 to  Brn2 and that of  Mash1 to  Hes5 , respectively ( Fig                                 

2 ). Scribe is able to visualize various response functions and a multitude of patterns of                             

information transfer in the CNS network as well as in other two­gene motifs ( Fig 2,                             

Supplementary Figure 2­3 ). Visualizing the current target’s expected expression given two                     

putative regulators’ previous states through a Gaussian kernel (  ),                 

we find Scribe is able to dissect additive regulations in the CNS network ( Fig 2A, D ), other                                 

common two­input combinatorial regulation logics ( Fig 2E, Supplementary Figure 3 ) as well                       

as direct or indirect regulators ( Fig 2A, D ). Additionally, Scribe also visualizes the time­delayed                           

response function of the target to the regulator, similar to that of the previously described DREVI                               

visualization (Krishnaswamy et al. 2014) (Supplementary Figure 2­3 ). These results                 
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demonstrate Scribe’s power to guide the interpretations of complex gene regulations using the                         

described visualizations tools.   

Figure 2: Visualize gene regulations with Scribe. ( A ) Examples of three­gene regulatory                       

motifs in a minimal network describing neurogenesis. Top:  Pax6 activates both of  Mash1 and                           

Hes5 and there is a mutual inhibition between  Mash1 and  Hes5;  Bottom:  Zic1 and  Brn2 both                               

activate  Tuj1 . The two network motifs are connected by an edge from Mash1 to Zic1. For the full                                   

regulatory network, see  Supplementary Figure 2 (Krishnaswamy et al. 2014; Qiu, Ding, and Shi                         

2012d) . For panels  B­C , all panels on the top correspond to the top motif in panel  A  and  vice                                     

versa . ( B ) A  causality visualization reveals the information transfer from one gene to another.                           

The x­axis corresponds to the regulator’s previous expression with a time lag while the y­axis                               

corresponds to the target gene’s latest expression (immediate previous state). The heatmap                       

corresponds to the expectation of the target gene’s current expression given the target’s latest                           

expression and regulator expression with a time lag or  . Each                       

column indicates the response for the target gene’s current state to its latest state ( memory of                               

past ) given a particular value for the regulator while for each row, indicates the response of the                                 

regulator to its target given the latest state of the target itself ( effect from the regulator ). By                                 
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considering both dimensions of causality visualization, the information transferred from the                     

regulator to the target given its history ( or equivalently                   

) can be intuitively grasped. ( C ) Scatterplot describes relationships                 

of gene regulations with time delay. ( D ) A  combinatorial regulation visualization reveals the                         

combinatorial gene regulation from two regulators to a target gene and direct or                         

indirect/irrelevant regulator. The x­axis corresponds to the regulator’s previous expression with a                       

time lag while y­axis corresponds to another regulator’s gene expression with another time                           

lag  . The heatmap corresponds to the expected value of the target gene’s current expression                             

given both of the regulators’ expressions with the time lags ( or  ) or                           

. For the first column, it describes the relationship from two direct                       

regulators to the target (top:  Pax6 activates and  Mash1 inhibits  Hes5 ; bottom: both  Zic1 and                             

Brn2 activates  Tuj1 ). The second column describes the relationship from one direct regulator and                           

other indirect regulator or irrelevant gene to the target (top:  Mash1 directly while  Pax6 indirectly                             

activates  Zic1 ; bottom:  Mash1 directly activates while  Hes5 regulates  Zic1 ). For this simulation,                         

all the time delays  , or are set to be . Obvious color changes on either the causality or                                         

combinatorial logic visualization on either horizontal or vertical dimension implies potential                     

strong information transfer. 

4.4 Scribe recovers regulation direction from groups of putative regulators to their                       

potential targets  

In order to validate the performance of Scribe using single­cell genomic data, we first tested                             

whether Scribe is able to recover previously characterized potential regulatory hierarchies from                       
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putative regulators to targets in scRNA­seq data. We hypothesize that the sum of outgoing edges’                             

causality  strength (the score of causal interaction calculated from RDI) inferred by Scribe should                           

be higher in regulators than that in their downstream targets. Previously, Treutlein and                         

colleagues (Treutlein et al. 2014) categorized genes as either early or late AT1 or AT2                           

lineage­specific genes, some of which may represent putative regulator­target pairs, during lung                       

epithelium differentiation. Analyzing the interactions of these early and late AT1/AT2 genes                       

using Scribe, we find that the sum of the causality scores of the outgoing edges for early                                 

AT1/AT2 genes is considerably higher than that for late genes ( Fig 3A ). Similarly, applying                           

Scribe to a scRNA­seq dataset of the response of dendritic cells to LPS stimulation (Shalek et al.                               

2014) , we find that known regulators (Amit et al. 2009) involved in the LPS response have higher                               

outgoing causality scores than that of their corresponding target genes ( Fig 3B ). Lastly, to                           

validate Scribe’s ability to identify regulators and targets, we used a network we recently built                             

for myelopoiesis based on genes that significantly diverging between monocyte and granulocyte                       

lineages, as well as enriched motif sequences in DNase hypersensitive sites (DHS) from 5­kb                           

regions upstream or downstream of the open reading frame of those genes (Qiu, Mao, et al.                             

2017a) . This network has three layers; the first layer contains the master regulators ( Gfi1 or  Irf8 ),                               

the second layer contains transcription factors targeted by the master regulators, and the third                           

layer contains the downstream targets. Scribe correctly infers the ordering of sum RDI score for                             

the three­tiered groups of genes ( Fig 3C ). In contrast, CCM can only recover the two­tiered                             

hierarchy in the Treutlin dataset and part of the hierarchy in our myelopoiesis network, while GC                               

fails to find the correct hierarchy for any of the three datasets ( Supplementary Figure 4 ). These                               
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results indicate that Scribe can correctly reveal the direction of the regulation in real datasets                             

across various biological settings.  

 

 

Fig 3: Scribe correctly reveals the ordering of the sum of outgoing RDI for a variety of                                 

single­cell RNA­seq datasets.  In order to demonstrate Scribe’s power in detecting the direction                         

of causal regulation, we test the hypothesis that the sum of outgoing edges’ causality score                             

should be higher in groups of potential regulators than in their targets on three different datasets                               

(lung (Treutlein et al. 2014) , LPS (Shalek et al. 2014) and blood datasets (Olsson et al. 2016) ). ( A )                             

Total outgoing causality scores of the putative regulators is higher compared to that of the target                               

genes across AT1 or AT2 branch. ( B ) Same as in panel  A but for the LPS data (only wild­type                                     

cells are chosen from this dataset to avoid testing on disrupted LPS response network in the                               

knockout cells). ( C ) The master regulators have the highest total outgoing causality scores                         

compared to the putative direct targets (transcription factors) and then the putative secondary                         

targets (downstream targets). To obtain total outgoing causal scores, causal scores between all                         

gene pairs are calculated with RDI and then processed by the CLR algorithm, followed by                             

summing up all outgoing edges’ scores for each gene. Integers ( N ) above each boxplot                           
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corresponds to the number of genes used for creating the plot. An unpaired two­sample  t ­test is                               

used to test each pair of hierarchical groups of genes. Only pairs of genes detected as                               

significantly different ( p < 0.05 ), which also include larger number of genes, are labelled.  

4.5 Scribe recovers a core regulatory network responsible for myelopoiesis 

We next explored whether Scribe can accurately reconstruct causal regulatory networks.                     

Recently, Olsson and colleagues suggested a core network of transcription factors for regulating                         

myelopoiesis (Olsson et al. 2016) by performing bulk ATAC­seq, ChIP­seq, perturbation                   

experiments and profiling the transcriptomes of 382 cells from flow­sorted populations                     

undergoing the transition ( Fig 4A ). We used Scribe to calculate causal scores for each                           

regulator­target pair from the  Irf8 and  Gfi1 master regulators of the monocyte or granulocyte                           

lineage, respectively, to the other six genes in the core network. We hypothesize that Scribe will                               

return strong causal scores for the targets ascribed to each regulator but not others. We observed                               

that expression kinetics over pseudotime correctly reflect the network architecture ( Fig 4A, B ).                         

For example, as  Irf8 expression increases in the monocyte lineage,  Zeb2 expression also                         

increases while expression of  Per3 decreases ( Fig 4B) ,  reflecting the fact that  Irf8 activates                           

expression of  Zeb2 while inhibiting  Per3 ’s expression. We represent the causal network inferred                         

by Scribe as a heatmap where each row corresponds to the causal score from the regulator to all                                   

other genes and the color corresponds to the magnitude of the causal score ( Fig 4C ). Scribe                               

assigns a high causality score for all targets of  Irf8 ( Gfi1 ,  Irf5 ,  Klf4,  Per3 ,  Zeb2 ) but lowest                                 

causality score to  Irf8 and  Ets1 which are not its direct targets. Similarly, Scribe assigns high                               

causality score for the majority of  Gfi1 ’s targets ( Irf8 ,  Klf4, Per3 ) even though  Gfi1 has low                               
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expression values ( Fig 4C ). Visualization of the combinatorial regulation of  Irf8 and  Gfi1 to                           

either  Zeb2 or  Per3 , based on the Scribe visualization toolkit, captures the conflicting regulation                           

pattern between two regulators and their two targets ( Fig 4D ). Additionally, Scribe discovers                         

evidence for temporal causal regulations in myelopoiesis ( Supplementary Figure 5 ). Lastly,                     

using the manually curated networks (Su et al. 2017) as well networks reconstructed based on                           

ATAC­seq/ChIP­seq data (Su et al. 2017; Olsson et al. 2016) as a network gold­standard, we                           

benchmark Scribe against other network inference algorithms and find that Scribe consistently                       

outperforms other methods ( Supplementary Figure 6 ).  

To determine Scribe’s capabilities to reconstruct transcriptome­level causal networks                 

containing edges between transcription factors (TFs) as well as from TFs to putative downstream                           

targets, we applied Scribe to the scRNA­seq data for hematopoiesis  (Paul et al. 2015) . We find                               

that the lineage­specific genes tend to have high total outgoing RDI sum among all significant                             

transcription factors ( Fig 4E ). When restricting to a small subset of previously identified                         

erythropoiesis associated TFs, we find putative causal regulation of  Gata1 to  Zfpm1 ,  Gfi1b ,  Tcf3                           

and  Klf1 , relationships supported by previous studies based on STRING database ( Fig 4F ,                         

Supplementary Figure 6 ). These results highlight that Scribe’s workflow for scRNA­seq data                       

provides a useful strategy to identify regulations at either global or small scale, aiding in the                               

understanding of global regulatory hierarchy or small core networks during complicated lineage                       

commitment processes like hematopoiesis.  
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Fig 4: Scribe recovers a core regulatory network responsible for myelopoiesis. ( A ) A core                           

network describes key regulators during the specification of monocytes and granulocytes based                       

on data collected from perturbation experiments, bulk ATAC­seq and ChIP­seq data (Olsson et al.                         

2016) . ( B ) Examples of gene­target pair kinetic curves over pseudotime along the monocyte                         

lineage. See  Supplementary Figure 5 for other examples of the gene­target pair along different                           

lineages. ( C ) Scribe infers the expected core regulatory network interactions for myelopoiesis.                       

Causal scores from regulators to all other genes are calculated using RDI and are then                             
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normalized using the CLR algorithm. ( D ) Visualization of combinatorial gene regulation from                       

Irf8 and  Gfi1 to  Zeb2 or  Per3 . Gene expression values are denoised through reversed graph                             

embedding and calculated as a local average. Values are then rasterized to plot as a                             

two­dimensional heatmap (See  methods for details). ( E ) Normalized rank of lineage­specific                     

genes’ total outgoing RDI sum. Total outgoing RDI sum is calculated for all lineage­specific                           

genes for each lineage as in  Figure 4 . The normalized rank is calculated based on the order of                                   

each lineage­specific TF among all significant branching TFs divided by its total number. When                           

the normalized rank is close to 1, the corresponding gene is close to having the highest sum of                                   

outgoing RDI scores. The dashed line indicates the average rank (0.5) for a random gene. ( F )                               

Lineage­specific network of significant regulators during erythropoiesis. Edges supported by                   

SPRING database is colored as red lines. For panels E (F) , BEAM analysis was used to identify                                 

significant branching genes associated with the four (one) lineage bifurcation events shown in                         

the hematopoietic trajectory from ref.  (Qiu, Mao, et al. 2017a) based on the paul dataset  (Paul et                                 

al. 2015) . The top 1,000 differentially expressed genes associated with each bifurcation were                         

chosen to build a causal network for each relevant lineage. A set of TFs relevant to specific                                 

lineages described previously are used for panel  E or  F . Neu: Neutrophil; Ery: Erythroid, Mk:                             

Megakaryocyte; Mono: Monocyte; DC: Dendritic Cell; BE: Basophil / Eosinophil.   

4.6 Scribe incorporates RNA­velocity to aid causal network inference  

Although pseudotime ordering is powerful, it has inherent limitations for performing network                       

inference:  1) gene expression fluctuations of a regulator do not propagate to its target in                             

pseudotime­series as each cell is distinct; 2) even if pseudotime ordering is accurate, the scale of                               
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pseudotime is arbitrary as it measures the aggregate transcriptomic differences and is thus                         

incapable of accounting for different rates of transcription at different stages of cell fate                           

transitions; 3) pseudotime ordering is suitable for datasets with a clear structure but challenging                           

for those with complex dynamics, for example, processes involving both cell cycle and cell fate                             

bifurcation . By incorporation of “RNA­velocity” (La Manno et al. 2017) , Scribe alleviates these                       

limitations and extends its use to complex manifolds (La Manno et al. 2017) .  

RNA­velocity offers the ability to perform causal inference via RDI based on two data                           

points from the  same cell ( Fig 5A ). Recently La Manno and colleagues applied RNA­velocity to                             

capture the trend and the rate of chromaffin fate specification, as well as the associated cell cycle                                 

dynamics. We use this chromaffin dataset as a proof­of­principle for incorporating “RNA                       

velocity” into Scribe. We first reconstructed a developmental trajectory with spliced mRNAs                       

expression from each cell in this dataset and then applied BEAM to identify genes that                             

significantly bifurcate between Schwann and chromaffin cell branches ( Fig 5B, C ). We find that                           

these genes are enriched in processes related to neuron differentiation, adaptive immune, etc.                         

along the path from SCPs (Schwann Cell Progenitors) to mature chromaffin cells ( Fig 5C ). To                             

reveal the overall causal interactions between the top 1, 000 differentially expressed TFs and                           

potential targets, we partitioned transcription factors and other informative genes into two or ten                           

clusters, respectively, based on their expression dynamics along the chromaffin branch ( Fig 5C ).                         

A causal network constructed from clusters of transcription factors to clusters of other genes                           

reveal complex gene regulatory patterns ( Fig 5C, D ). Reconstructing causal networks of the top                           

1, 000 genes based on either pseudo­time­series or RNA­velocity, Scribe identifies considerable                       

concordance between the pseudo­time and RNA­velocity network structures ( Fig SI7 ). We also                       
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built a core network between fourteen TFs responsible for chromaffin cell specification as                         

suggested by the original study (Furlan et al. 2017) . Only the RNA­velocity based core network                           

recovers two feed­forward loop (FFL) motifs (Alon 2007) ( Eya1­Phox2a­Erbb3 and                 

Gata3­Phox2a­Notch1 ) ( Fig 5E ). These motifs are partially confirmed from existing molecular                     

interactions (Szklarczyk et al. 2017) retrieved from STRING database and await future                     

experimental validations ( Supplementary Figure 7) . From the RNA­velocity network, we also                     

find that SCPs related TFs, such as  Sh3tc2 , tend to have a stronger causal regulation to other                                 

genes compared to that of chromaffin cell related TFs, including  Chga and  Th , reflecting the                             

transition from SCPs to chromaffin cells ( Fig 5E ). We believe that the “RNA velocity” based                             

causal network inference will help reveal mechanisms for fate specification of chromaffin cells,                         

and it is highly generalizable for other cell types and processes.  
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Fig 5: Scribe overcomes limitations from pseudotime­based causality inference with                   

RNA­velocity.  ( A )  Incorporating RNA velocity analysis into Scribe for causality inference. A                       

gene with multiple exons (pink box,  E ) and introns (blue line,  I ) is transcribed into immature                               

RNA and then spliced into mature RNA, both of which can be quantified by scRNA­seq. The                               

RNA­velocity analysis framework estimates both exon and intron expression levels for each cell                         

or  . It then calculates the RNA­velocity for each gene and predicts the future exon                                 

expression of after  . Assuming the time delays from all regulators to their                           

putative targets are the same as (or 1), Scribe calculates causality from the potential regulator                               

to the target with the conditional mutual information between the current regulator’s exon                         

expression to the predicted target exon expression (or the estimated magnitude of RNA                             
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velocity  ) conditioned on the current target exon expression or by the default formula                             

(or alternatively  ). Since are all estimated from                   

the same cell, this approach overcomes several limitations from pseudotime­based causality                     

inference (see  methods ). ( B ) RNA­velocity vector projected onto the first two latent dimensions.                         

A small subset of arrows is used to visualize the velocity field of the cells.  S : Sympathoblasts;  C :                                   

Chromaffin.  SCP : Schwann Cell Progenitor. The color of each cell corresponds to the cluster id                             

from  Fig 5B of ref.  (Furlan et al. 2017) . Only the exon values from RNA­velocity framework are                                 

used to reconstruct the developmental trajectory. ( C ) Clusters of TFs or potential targets from the                             

chromaffin cell path (as indicated by the blue arrow in panel  B ) enriched in relevant biological                               

pathways. Expression dynamics of significant branching genes between  C and  S fates are                         

clustered (TF: 2 clusters; Targets: 10 clusters) to obtain cluster­specific average expression                       

kinetics. The enriched pathways are based on gene ontology and Reactome pathway database.                         

( D ) The causal strength between clusters of TFs and clusters of target genes. Red boxes                             

correspond to TF clusters (on the top) while purple boxes target clusters. The curve inside each                               

box corresponds to the average expression kinetics in  B . Edge width corresponds to estimated                           

causality strength. ( E ) A core causal network for chromaffin cell commitment inferred based on                           

RNA­velocity. Gene set is collected from ref.  (Furlan et al. 2017) . CLR (context likelihood                           

relevance) is used to remove spurious causal edges (quantified with  ) in the                         

network (see  methods ). Network is layouted as an arc­plot where all the genes are ordered on a                                 

line, sorted by the hub centrality score (see  methods ) decreasing from left to right. The edges                               

above (below) the line indicate the interactions from the left (right) genes to the right (left). The                                 

width of the edge corresponds to the normalized causality score returned after applying CLR on                             

136 

https://www.codecogs.com/eqnedit.php?latex=%7C%7C%5Coverrightarrow%7BV_i%7D%7C%7C_2%0
https://www.codecogs.com/eqnedit.php?latex=y_t%0
https://www.codecogs.com/eqnedit.php?latex=I(x_t%3By_%7Bt%2B1%7D%7Cy_t)%0
https://www.codecogs.com/eqnedit.php?latex=I(x_t%3B%20%7C%7C%5Coverrightarrow%7BV_i%7D%7C%7C_2%20%7C%20y_t)%0
https://www.codecogs.com/eqnedit.php?latex=x_t%2C%20y_%7Bt%2B1%7D%20(%7C%7C%5Coverrightarrow%7BV_i%7D%7C%7C_2)%2C%20y_t%0
https://paperpile.com/c/o95JiK/v5Mrs
https://paperpile.com/c/o95JiK/v5Mrs
https://www.codecogs.com/eqnedit.php?latex=I(x_t%3By_%7Bt%2B1%7D%7Cy_t)%0


 

RDI values. Genes are labeled below the horizontal line. ( F ) Two potential coherent FFL                           

(feed­forward loop) motifs of chromaffin differentiation are discovered from the core network.  

4.7 Scribe dissects causal networks of  C. elegans ’ early embryogenesis  

In principle, Scribe is not limited to scRNA­seq data and is capable of inferring causality for                               

various types of time­series data. Here we demonstrate its generality by inferring causal                         

regulatory networks from live­specimen confocal imaging data of  Caenorhabditis elegans                   

embryos. This dataset consists of 265 time­series that track the expression dynamics of                         

individual transcription factors using transcription factor fluorescent reporter constructs with the                     

intensity of fluorescence measured at one minute intervals in every cell of the developing                           

embryo for the first ~350 minutes of embryogenesis ( Fig 6A) .  

Known master regulators of intestine ( end­3/1 ,  elt­2/7 ), muscle ( hlh­1 ,  hnd­1 ,  unc­120 )                     

and epidermis ( elt­1/3 ,  lin26 ,  nhr25 ) cells as well as that for particular lineages, for example,  AB                               

or  MS lineages follow the expected expression dynamics in this dataset (J. I. Murray et al. 2012)                               

( Fig 6B, Supplementary Figure 8,9 ). Application of Scribe to this fluorescent reporter                       

time­course correctly captures the known causal interactions among these master                   

regulators (Owraghi et al. 2010) ( Fig 6C, Supplementary Figure 8C ). Focusing on one cell                         

lineage, the intestine cell  Ealap , we found that transcription factors can be clustered into                           

distinctive temporal gene expression patterns ( Fig 6D ). We then used Scribe to perform an                           

integrative analysis focused on inferring the causal regulatory networks that allow for                       

maintenance of cell identity as well as those involved in initial cell fate commitment in the same                                 

manner as a recent work from Zhuo and colleagues (Du et al. 2014) which however relies on                               
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extensive genetic perturbations ( Fig 6E, F ). Known regulators of  E lineage,  end­1, end­3, ref­1,                           

elt­2 ,  and elt­7 sequentially appear in our cell maintenance network ordered by their known onset                             

timing (J. I. Murray et al. 2012) . Interestingly, this analysis also suggests a putative regulation of                             

ref­1 by  end­1  which is further causally regulated by  aly­1 (a factor thought to be related to                                 

mRNA binding and exportation (Fortes et al. 2007) ). In general, we find that both the                           

maintenance and the commitment networks become increasingly complex as cells divide along                       

the lineage tree. As each cell or cell division is associated with a particular time period and space                                   

dimension, the causal networks recovered by Scribe recover both time and spatially­dependent                       

gene regulation ( Fig 6G, Supplementary Figure 9D ). For example, an  E2F like gene  elt­3 has                             

strong putative causal interaction in both  Eal or  Ear ’s commitment networks and gains additional                           

causal interactions in the left axis of the worm ( Eal ) including a key neuronal TF  unc­86 and a                                   

previously identified posterior­anterior asymmetric gene  lin­39 , indicating potential novel                 

regulation in the left­right axis of  E lineage for the latter. Scribe also identifies lineage­specific                             

causal networks and reveals that similar lineages (for example,  E  and  MS lineages) share similar                             

causal regulations ( Fig 6GF ). This analysis demonstrates the power of Scribe in building a                           

compendium of the causal regulatory network for early  C. elegans embryogenesis and further                         

highlights the usefulness of Scribe for casual regulatory network inference from diverse                       

time­series datasets ( Fig 6F, Supplementary Figure 9 ). 
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Fig 6: Reconstructing causal regulatory network of  C. elegans ’ early embryogenesis with                       

Scribe.  ( A ) Procedure for measuring TFs (transcription factors) protein expression dynamics in                       

real­time for every cell during early  C. elegans embryogenesis. (1) Protein­RFP fusions reporters                         

are used to measure transcription factor protein expression levels with 3D live imaging every                           

minute in each cell while a ubiquitous histone­GFP marker is used to trace the  C. elegans cell                                 

lineage. (2) Reporter fluorescence data was then mapped based on methods from Murray and                           

colleagues (John Isaac Murray et al. 2008) onto the invariant cell lineage. By combining                         

expression measures in each corresponding cell from each embryo, we obtain a 3D tensor with                             

dimensions of 265 genes X 550 time­points X 1365 (in total more than 180, 000 data points,                                 

after removing those with invalid measurements). Note that, for measuring transcription factor                       

protein expression level, there are two types of reporters: a transcription factor gene directly                           

tagged with a fluorescent protein (protein­fusion) or a fluorescently­tagged histone protein                     

driven by the promoter of that transcription factor (J. I. Murray et al. 2012) . ( B ) single­cell                             

lineage­resolved fluorescence data capture temporal dynamics of  E lineage master regulators                     

during  C. elegans embryogenesis. The expression for each gene is scaled to be between 0 and 1                                 

and then smoothed using LOESS regression. ( C ) Scribe reconstructs the causal regulatory                       

network for the four master regulators ( end­1/3 ,  elt­2/7 ). ( D ) Expression dynamics for 265 report                           

TFs along the lineage to becoming the  Ealap cell. The entire developmental lineage from the                             

first  E cell all the way to the  Ealap cell in each embryo for each TF reporter is used to make the                                           

heatmap. The raw fluorescence intensity is scaled to be between 0 and 1 and then smoothed                               

using LOESS regression. The order of genes in each row is calculated as previously                           

described (Pliner et al. 2017) . See  Supplementary Figure 8,9 for similar plots to visualize                         

140 

https://paperpile.com/c/o95JiK/fyRhL
https://paperpile.com/c/o95JiK/JUN1o
https://paperpile.com/c/o95JiK/E7avL


 

master regulators’ dynamics as well as all gene expression dynamics along a particular                         

single­cell lineage commitment in muscle, epidermis and neuron cell types. ( E ) An integrative                         

multiscale model for the  E lineage specification. Above the thick arrow: scheme for the                           

multi­scale network. The  C. elegans  cell name is denoted within the blue box with the number in                                 

the parenthesis pertaining to the time period for that cell in minutes. The network within the box                                 

corresponds to the causal network maintained during the lifetime of that cell (denoted as                           

maintenance network ). The network on the left of the arrows corresponds to the causal network                             

relevant to the cell fate commitment from the progenitor cell dividing into the daughter cells                             

(denoted as  commitment network ). A zoomed­in version of the cell fate commitment network                         

for E cell is shown on the right of the box. For constructing the maintenance network, we first                                   

identify gene pairs with mutual information larger than a threshold 1 based on raw fluorescence                             

values in each cell. Then we calculate the causality score for those pairs. For constructing the                               

commitment network, we first identify genes with the expression significantly different between                       

the two daughter cells and use all those genes to calculate the pairwise causality score as well as                                   

filter gene pairs with mutual information smaller than a threshold 1. We then apply the CLR                               

algorithm (Faith et al. 2007) to remove spurious causal interactions. The same arc plot                         

visualization from  Fig 5 is applied here. To avoid overplotting, only the top 50 edges are                               

visualized. ( F ) Lineage­specific ( AB ,  P ,  MS ,  E ,  D ,  C ) causal networks in hive­plot for the                             

manually curated master regulators constructed with Scribe. Regulatory interactions (i.e., from                     

the regulator to the regulated) are shown by the edges in clockwise orientation. The width of the                                 

edge corresponds to the causality score from the regulator to the target estimated from Scribe.                             
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Similarly, only up to top 50 edges with strongest causality score are visualized. All transcription                             

factors are arranged in the same order along each axis, as shown below the hive­plot.  

4. 8 Discussion 

scRNA­seq affords an unprecedented high­resolution view of cellular dynamics which has                     

sparked an explosion of network inference algorithm development. Methods based on mutual                       

information and pseudotime ordering have been reported (Huynh­Thu et al. 2010; Ocone et al.                         

2015; Chan, Stumpf, and Babtie 2017; Matsumoto et al. 2017; Hamey et al. 2017; Wei et al.                                 

2017; Sanchez­Castillo et al. 2017; Papili Gao et al. 2017) ; however, most of those methods only                               

report statistical dependence (Huynh­Thu et al. 2010; Chan, Stumpf, and Babtie 2017; Papili Gao                         

et al. 2017; Sanchez­Castillo et al. 2017) , have poor performance (Matsumoto et al. 2017) or are                             

difficult to scale up (Ocone et al. 2015; Wei et al. 2017; Hamey et al. 2017) . More importantly, all                                   

pseudotime based network inference methods neglect several limiting facts. 

Scribe builds upon a few advances in information theory to specifically dissect complex                         

casual regulations from single­cell measurements at scale. Firstly, Scribe employs Restricted                     

Direct Information (RDI) overcoming limitations inherent to Granger Causality (GC) and                     

Convergent Cross­Mapping (CCM). Through extensive evaluation, we demonstrate that Scribe                   

performs favorably compared to GC and CCM across synthetic and real scRNA­seq data                         

benchmarks. Furthermore, Scribe provides a rigorous technique, uniformized RDI (uRDI) as an                       

option to quantify potential influence, greatly aiding in the unfolding of causal regulations                         

happen at rare transition states. Scribe also provides a framework to intuitively visualize causal                           

information transfer and combinatorial regulation. Finally, Scribe explicitly considers the                   

142 

https://paperpile.com/c/o95JiK/qsG25+Gcq30+o8hSH+cGBsr+OhtQi+bJRqx+V4tnY+J9BdA
https://paperpile.com/c/o95JiK/qsG25+Gcq30+o8hSH+cGBsr+OhtQi+bJRqx+V4tnY+J9BdA
https://paperpile.com/c/o95JiK/qsG25+Gcq30+o8hSH+cGBsr+OhtQi+bJRqx+V4tnY+J9BdA
https://paperpile.com/c/o95JiK/qsG25+o8hSH+J9BdA+V4tnY
https://paperpile.com/c/o95JiK/qsG25+o8hSH+J9BdA+V4tnY
https://paperpile.com/c/o95JiK/cGBsr
https://paperpile.com/c/o95JiK/Gcq30+bJRqx+OhtQi


 

limitation of pseudotime based network inference and leverages “RNA­velocity” to directly infer                       

causal regulations through estimating information transfer from the regulator to target in the                         

same cell. We apply Scribe to a variety of scRNA­seq datasets and find it accurately resolves                               

putative gene regulatory hierarchies including lung epithelium cell bifurcation and dendritic cell                       

response to LPS stimulation. Scribe correctly infers key regulatory interactions of myelopoiesis                       

and reveals lineage­specific regulatory network in hematopoiesis. By taking advantage of                     

RNA­velocity, Scribe identified two potential feed­forward loops associated with the                   

commitment of chromaffin cells. Finally, Scribe provides an avenue to reconstruct                     

high­resolution causal network for every cell division during  C elegans early embryogenesis                       

with lineage­resolved live­imaging data. 

The increase in scale in scRNA­seq experiments has launched several initiatives for                       

building a comprehensive cell atlas of various organisms, including  C. elegans , mouse and                         

human (Cao et al. 2017a) . By integrating these large datasets with novel single­cell                       

measurements, lineage tracing, and live imaging, we anticipate that Scribe will provide a                         

foundation to identify the causal networks that govern cell type specification. 
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Supplementary Figure Legends: 

 

 

Supplementary Figure 1: Scribe recovers causal interactions at rare transition states and                       

generalizes to various types of scRNA­seq datasets.  ( A ). Scribe leverages a rigorous technique                         

of uniformalization to detect potential causality. Cells often reside in the steady states but rarely                             

in the transition state. This leads to a heavier sampling of single­cell measurements in steady                             

states (for example, the low or high expression regions at the beginning or end of the kinetic                                 

curves as shown in panel A) than transition state. More intuitively, the biased sampling in data                               

can be seen from the state space formed with the expression values of the regulator, target and                                 

target’s history ( II. Heavy sampling in steady states ). In order to account for sampling biases                             

from single­cell measures, Scribe integrates uRDI (uniformization of RDI) by reweighting each                       

cell and thus replacing the biased sampling distribution with a uniform distribution ( II.                         

Uniformalization ) to rigorously quantify the  potential causality (Arman Rahimzamani and                 
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Kannan 2017) (how much influence a regulator can potentially exert on target  without                         

cognizance to the regulator’s distribution). For a strong causal interaction, RDI requires the                         

response of the target (see more details in  Fig 2 ) to the regulator evolves under different                               

historical states of the target ( III. Potential causality) . ( B ). uRDI improves the recovery of causal                             

regulations.  Left : Receiver Operating Curves or ROC for different methods in Scribe on causal                           

inference with or without uniformalization for the linear system.  Right : Area Under Curve or                           

AUC for different methods in Scribe on causal inference with or without uniformalization for the                             

neurogenesis system. Noise for each system is treated as the same in the  Main Figure 1C . ( C ).                                 

Scribe is applicable on any general time­series datasets. Each column in the table corresponds to                             

different types of time­series data. The first column corresponds to real time­series datasets,                         

where, for example, the transcriptome for each cell is followed over time longitudinally. The                           

second column corresponds to the pseudotime­series datasets, where the transcriptome for a                       

population of cells at different developmental stages is captured with scRNA­seq. Using                       

computational algorithms, for example, Monocle 2, cells are ordered to obtain pseudotime­series                       

data. The third column corresponds to the datasets estimated from the “RNA velocity” analysis                           

framework where the current or future mature mRNA expression, etc are estimated for each cell.                             

For the first three cartoons, each axis corresponds to one gene dimension where each curve                             

corresponds to the expression dynamics for each individual cells in the full gene space over time.                               

The arrow points to the direction of cell differentiation and the dashed line from the second                               

figure corresponds to the inferred pseudotime trajectory. The text below provides more                       

information for each scenario in the context of causal network inference.   
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Supplementary Figure 2: A gallery of regulatory patterns visualized by the response,                       

causality and combinatorial regulation visualizations from Scribe on the simulated                   

neurogenesis dataset.  ( A ) The manually curated network used to simulate the three­way cell                         

fate specification of the central nervous system (Qiu, Ding, and Shi 2012d) . The network consists                           

of two key mutual­inhibition gene pairs. Initializing this network with small amounts of                         

stochastic noise and following expression kinetics over time simulates the trajectory followed by                         

a single cell leading to the fate of either neuron, astrocyte or oligodendrocyte. For simplicity,                             

only a simulation leading to the neuron fate is used for the analysis presented in panels  B­D . ( B )                                   

Response visualization plots for all the genes pairs in the network.  Response visualization reveals                           

the regulatory response of the target to the regulator. The x­axis corresponds to the regulator’s                             

previous expression with a time lag (  ) while y­axis corresponds to target’s current                           

expression (  ). Here, theresponse of  Brn2 to  Tuj1 is a sigmoid function suggesting positive                           

regulation while the response of  Mash1 to  Hes5 is a threshold function suggesting threshold                           

mutual repression. The heatmap corresponds to the rescaled normalized conditional density for                       

two genes (  ), similar to the DREVI plot from ref. (Krishnaswamy et al. 2014) . The                           

red line represents the most probable value for the target given a regulator’s expression. The rug                               

plot on the axis corresponds to the density of cells at a particular value.  ( C ) Causality                                 

visualization plots for all genes pairs in the network. ( D ) Combinatorial logic visualization plots                           

for all six two­input combinatorial regulations cases in the network. 
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Supplementary Figure 3: Visualizing pairwise interactions from robust two­gene network                   

motifs and combinatorial regulations from common two­input logic gates with Scribe. (A)                       

Visualizing response and information transfer (causality) for robust two­gene network motifs.                     

Top: robust network motifs from (Ma et al. 2009) ; middle: corresponding response visualization                       

plots; bottom: corresponding causality visualization plots. The first node in the motif plot                         

corresponds to the source (x­axis) while the second the target (y­axis). ( B ) Visualizing                         

combinatorial regulations for six two­input logic gates. 
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Supplementary Figure 4: Poor performance of other causality inference algorithms in                     
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resolving gene regulatory hierarchy.  To test whether or not other well­known causality                       

detection algorithms (Granger Causality (GC) and Convergent Cross­Mapping (CCM)) can also                     

infer the correct regulatory hierarchy, we calculated the total outgoing causality scores inferred                         

from them for the known regulators and targets on the same datasets as used in main text  Fig 3 .                                     

( A, B ) Distribution of total outgoing causality scores compared to that of the target genes across                               

AT1 or AT2 branch based on GC ( A, left ) or CCM ( B, right ). ( C, D ) the same as in ( A, B) but                                           

for the LPS data (wild­type cell subset). ( E, F ) The same as in ( A ,  B ) but across granulocyte and                                     

monocyte branches of the Olsson dataset (wild­type cell subset). To calculate total causality                         

score, causal strength between all the genes are calculated with RDI which is then processed with                               

CLR algorithm.  
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Supplementary Figure 5: Scribe detects temporal causal regulations.  ( A ) Temporal causal                     

strength from all gene­pairs (See  Fig SI1a ) in the simulation system across neuron, astrocyte and                             

oligodendrocyte lineages. ( B, D ). Kinetic curves for all the gene pairs from the core network                             

(See  Fig 4a ) during myelopoiesis across the monocyte or granulocyte lineage. ( C, E ) Temporal                           

causal strength between all gene pairs from the core network of myelopoiesis across monocyte or                             

granulocyte lineage. The temporal causal score is calculated through a moving window with                         

151 



 

window size as 50. For creating heatmaps in panels  A, C, E , raw causal scores are smoothed                                 

with LOWESS function and then scaled to be between 0 and 1.  

 

Supplementary Figure 6: Benchmark Scribe with other algorithms.  ( A, E ) Receiver                     

Operating Curves or ROC ( A, top ) and Area Under Curve or AUC ( E, bottom ) of the inferred                                 

causal network based on Scribe, GC, and CCM on the Dendritic Cells (DC) dataset. Four                             

different variants of causality inference implemented in Scribe are tested:  RDI (L = 0) : the                             

default RDI method without conditioning on any other gene;  RDI (L = 1) : the RDI method based                                 

on conditioning on the incoming gene with highest causality score, except the current target;                           

uRDI : the method based on the uniformization technique applied on the actual distribution in                           

RDI;  uRDI (L = 1) : the uRDI method but also with the conditioning on the incoming gene with                                   

the highest causality score, except the current target. The network from (Amit et al. 2009) based                             

on XXX is used as benchmark gold­standard. ( B, F ) The same as in ( A, E ) but for the                                   

granulocyte branch of the Olsson dataset. ( C, G ) The same as in ( A, E ) but for the monocyte                                   

branch of the Olsson dataset. The manually curated network for the myeloid differentiation                         

from (Su et al. 2017) is used as the benchmark gold­standard. ( D, H ) The same as in ( A, E ) but                                     
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for the erythroid branch of the Paul dataset. All wild­type cells are pooled to reconstruct the                               

developmental trajectory and a subset of CMP and erythroid branch cells are used to estimate the                               

causal network for the erythroid branch. The manually curated network for the erythroid                         

differentiation from Ref. 48 is used as benchmark gold­standard. (I) The network of the gene­set                             

as included in the panel (Fig 4F) retrieved from the STRING database. See                         

https://string­db.org/cgi/network.pl?taskId=2OGoh9uvYIdY  for more details.  
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Supplementary Figure 7: Comparing causality inference based on pseudotime or                   

RNA­velocity.  ( A ) Clusters of significant branching genes reveal distinct transcriptional                   

programs between Schwann and chromaffin cell lineages. ( B ) Gene expression dynamics of                       

representative significant branching transcription factors from ( A ). ( C ) Some figure as in Fig 5E                           

but inferred based on pseudotime­series data. ( D ) The network of the gene­set as included in the                               

panel ( C ) retrieved from the STRING database. ( E ) Top 100 causal edges between significant                           
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branching transcription factors (TFs) as well as from TFs to the potential targets in chromaffin                             

lineage inferred with pseudotime (top) or RNA­velocity (bottom). ( F ) Spearman correlation of                       

causality strength of pseudotime network with that of “RNA­velocity” network (either with raw                         

causality or normalized CLR scores).  
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Supplementary Figure 8: Expression dynamics of and causal interactions between master                     

regulators in different cell types or lineages of  C. elegans embryogenesis. ( A ) The number of                              

cells corresponding to a particular cell type (rows) which all come from the same founder cell                               

(columns). For example, all cells produced by the  E founder cell are intestine cells. ( B )                             

Single­cell lineage tracing fluorescence data captures temporal dynamics of the epidermis, AB or                         

MS lineage master regulators during  C. elegans embryogenesis. ( C ) Scribe reconstructs the                       
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causal regulatory network for the corresponding master regulators shown in  B . ( D ) Expression                         

dynamics for 265 report TFs along the lineage to become cell  Cpapa ,  ABarppapa or  MSaaapp ,                             

each coming from the specified cell type or the lineage shown in  B . ( E ) Scribe visualizes the                                 

response functions (first column in each section), causal interactions (second column) and                       

combinatorial regulations (third column) for master regulators belonging to either muscle,                     

intestine, hypodermis cell types or MS lineage.  

 

 

Supplementary Figure 9: Inferring causal network for MS lineage of  C. elegans                       

embryogenesis. ( A ) Single­cell lineage tracing fluorescence data captures temporal dynamics of                      

MS (muscle) lineage master regulators during  C. elegans embryogenesis. ( B ) Scribe reconstructs                       

the causal regulatory network for the three master regulators ( hnd­1 ,  hlh­1 , and  unc­120 ). ( C )                           
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Expression dynamics for 265 report TFs along the lineage to become the MSpapaapap cell. ( D )                             

An integrative multiscale model for the MS lineage specification.  

Method  

The problem of causal regulatory network inference  

In this work, we refer to causality in terms of information transferred from one variable (a                               

potential regulator) to another time­delayed response variable (a potential target). Moreover, in                       

the context of single­cell genomics (e.g. scRNA­seq, live cell imaging), we define the problem of                             

causal regulatory network inference for a dynamic biological process where the associated genes                         

expression dynamics is profiled as: how can we reconstruct a regulatory network consisting of                           

causal regulations that accurately describe the gene expression dynamics and the associated cell                         

fate transitions?  

Causality Inference 

Various techniques, including Granger Causality and CCM, each associated with different                     

assumptions has been proposed to detect causality. In the following, we briefly summarize these                           

methods and introduce RDI, the method we developed and used in this study.  

Granger causality  

In order to determine whether one time series (  ) is useful in forecasting another (  ) in                               

economics, Clive Granger first proposed Granger Causality (GC) in 1969  (Su et al. 2017;                           

Granger 1969) . According to GC, if "Granger causes"  , then the predictability of                             

based on past values of alone is significantly weaker than that of also based on the past                                   
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values of  . GC in its original formulation, however, is only able to detect linear causality.                               

Furthermore, GC assumes that the information of the causative factor is separable from the                           

effects and the system is treated as pieces at a time rather than as a whole. 

Convergent Cross­Mapping 

In order to detect pairwise non­linear interactions in deterministic ecology systems, George                       

Sugihara proposed Convergent Cross­Mapping (CCM) which is based on state­space                   

reconstruction  (Sugihara et al. 2012) . CCM avoids GC’s assumption of separability. One                       

fundamental and somewhat counterintuitive idea of CCM, distinct from GC, is that it is possible                             

to estimate from  , but not the other way if causation is from to  . CCM first                                     

constructs shadow manifolds and from lagged coordinates of the time­series and                           

. It then tests whether states in the shadow manifold can be used for estimating the states                                   

in and  vice versa via mapping through nearest neighbors ( cross mapping ). Another key idea                             

of CCM is  convergence which means that as the length of the time­series increases, the shadow                               

manifolds become denser and the ellipsoid or space formed by nearest neighbors shrinks, leading                           

to improvement of cross­map estimates. Although CCM is appealing, it cannot be generalized to                           

stochastic systems as the Taken’s theorem, the cornerstone of CCM, will break down in such                             

scenarios  (Takens 1981) .  

Restricted Directed Information (RDI) 

As mentioned earlier, the causal inference method in Scribe is based on Restricted Directed                           

Information (RDI). This measure determines the amount of  statistical inter­dependence (or more                       
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formally the  mutual information ) between the past state of the regulator and current state of the                               

target gene conditioned on the target’s immediate previous state.  

Cell state transitions are controlled by hierarchical regulatory networks  (Peter and                     

Davidson 2011) . In such networks, as the expression of regulator changes, their downstream                         

target responds accordingly after some time delay  . A very well­known measure of mutual                           

dependence which accounts for both linear and nonlinear associations between two genes (or                         

more generally, two random variables),  , is mutual information (MI) (Takens 1981; Cover                     

2006) . MI is symmetric and can quantify the "amount of information" obtained about gene or                               

, through the other gene or  . It essentially determines how similar the joint distribution (                               

) of the two genes is to the products of factored marginal distribution                           

, or formally: 

 

 

If is zero, then the two genes are independent; otherwise it implies there exists                               

some dependence between them (e.g. in the case of a regulator and its target). It is often useful to                                     

quantify the mutual dependence between two random variables (for example, regulator and                         

target  ) while removing the effect of a third random variable (for example another regulator                               

or the history state of the target). This leads to the developing of conditional mutual information,                               

which is defined as: 
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MI provides a powerful approach to quantify the symmetric interdependence between genes.                       

However, a favorable approach would be to measure the causal score from a potential regulator                             

to its target. We can achieve this by considering the time­series of regulators and targets (  ,                               

) and quantifying the information transfer from the past state(s) of  to the current state of the                                 

variable denoted by  . The time­series can be obtained either through pseudotime ordering                           

of scRNA­seq or other single­cell genomics datasets, including live imaging data.  

Previously, T. Schreiber reported  Directed Information (DI) as a measure for the amount                         

of information flowing from the past state(s) of  , the regulator, to the current state of the                                 

variable   , the target  (Schreiber 2000) . DI is defined as:  

 

 

In order to remove indirect interactions, we can calculate the information transferred                       

from the regulator to the target while conditioning on all the other genes (  ), which is,  
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Furthermore, for a set of genes of interest,  , from a single­cell genomics dataset,                           

we can infer a Directed Information graph, where the vertex set corresponds                           

to the genes and the edge from gene to exists if and                               

only if and the edge weight corresponds to the quantified DI                       

value   . 

It was shown that if a system is not purely deterministic, the directed information graph                             

inferred from DI will correctly recover the true causal graph (the network which                             

includes all causal interactions as directed edges)  (Schreiber 2000) . Although DI is able to detect                             

both of linear and non­linear causality as opposed to the linear Granger causality and is                             

applicable to stochastic system, it (1) can not deal with deterministic systems which may be of                               

interests for certain scenarios and (2) poses huge computational burden because it conditions on                           

all possible previous states of the regulator or target and requires enormous amount of data which                               

is not affordable even with current single­cell genomic datasets.   

We recently proposed a novel formulation of DI to alleviate those issues by employing                           

only the immediate past of the target or regulators instead of the all past states assuming a                                 

first­order Markov system, which is generally applicable to most biological processes. We term                         

this novel method as Restricted Direct Information (RDI) and define it as,  

 

and similarly, we can define the the conditioned version of it as: 
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In ref  (A. Rahimzamani and Kannan 2016) , it’s shown that RDI works in many stochastic or                               

deterministic cases and under some mild assumptions is capable of inferring the correct causal                           

graph  . Moreover, we have shown that if the conditions are violated, no other method will be                                 

able to recover the correct graph. 

4.10.6 Uniformization method for adjusting sampling bias  

As opposed to the more empirical DREMI method (Krishnaswamy et al. 2014) , Scribe accounts                         

for sampling biases from single­cell measures (for example, small number of cells in transition                           

states with the majority of cells occupying steady states), by integrating uRDI (uniformized RDI)                           

as a user option to provide a rigorous approach to replace the biased sampling distribution with a                                 

uniform distribution to quantify potential causality (Arman Rahimzamani and Kannan 2017)                   

(how much influence a regulator can potentially exert on target without cognizance to the                           

regulator’s distribution).  

As shown above, RDI requires calculating conditional mutual information,                 

, which is a function of the joint distribution                 

. In reality, we are often much more interested                 

in the potential causality from the regulator and the target given the target’s own history                                 

without cognizance of the actual distribution  ; that is, the causality should                         

be fully defined by the conditional distribution  . As single­cell genomics                     

methods often heavily sample cells from steady states while rarely capturing cells in transition                           

states, this can dramatically decrease the performance of RDI, especially considering that the                         

transition states imply critical regulation events. 
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We were thus motivated to develop a new method, uniformized conditional mutual                       

information (uCMI) , to replace the actual distribution with a uniform distribution                         

to remove the aforementioned bias from the data and calculate the conditional                         

mutual information for the new distribution instead of the actual                     

distribution  . This is possible thanks to the concept of potential Conditional                       

Mutual Information (qCMI) (Arman Rahimzamani and Kannan 2017) and a novel proposed                     

estimator, in which the actual distribution of samples is replaced by any arbitrary                           

distribution before estimating the conditional mutual information. uCMI is thus a                       

special case of qCMI, in which the replacement distribution is uniform. By                         

replacing the conditional mutual information (CMI) in RDI with uCMI, we obtain a new method                             

called uniformized RDI (uRDI), which measures the potential causality score. 

4.10.7 Scribe: a toolkit for visualization and detection of complex causal regulation from                         

single­cell genomics datasets  

Although Scribe is applicable to any time­series datasets, it is specifically designed for                         

visualizing and detecting complex gene regulation from single­cell genomics datasets (e.g.                     

scRNA­seq). Scribe relies on (uniformized) restricted directed information to detect causality but                       

also supports other methods, including the well­known mutual information, Granger causality                     

and the more recent CCM. Scribe starts with time­series data, which can be based on                             

“pseudotime­series”of a developmental trajectory reconstructed from scRNA­seq data such as                   

those constructed using Monocle 2, live imaging data or datasets with current and predicted                           
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spliced RNA expression estimated using RNA­velocity. Scribe provides three main types of                       

analysis: 

1. Visualization and estimation of causal gene regulation; 

2. Inferring temporal causality of gene regulation; 

3. Reconstruction of large­scale sparse causal regulatory networks. 

4.10.7.1 Preparing pseudotime­series for scRNA­seq datasets  

Scribe does not provide any built­in functionalities for pseudotime­series construction and relies                       

on Monocle 2 or other tools, such as dpt (Haghverdi et al. 2016c) or wishbone (Setty et al. 2016) ,                                 

for reconstructing the single­cell trajectory before inferring causal networks. In relation to                       

physical time, pseudotime has an arbitrary scale, thus Scribe doesn't consider pseudotime value                         

themselves instead using the ordering of each cell in pseudotime for causal network inference.  

4.10.7.2 Visualizing pairwise gene interaction 

In order to intuitively visualize casual regulations between genes, Scribe provides different                       

strategies to visualize the  response ,  causality and  combinatorial regulatory logic between                     

gene pairs . The response visualization is similar to the DREVI approach as proposed by Smita                             

Krishnaswamy, et. al (Krishnaswamy et al. 2014) with the exception that it considers time delay                           

to visualize the expected expression of potential targets given a potential regulator’s expression                         

after a time delay. Response visualization thus additionally aids in visualizing commonly                       

appeared time­delayed regulations involved in cell differentiation (Alon 2007) . 
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One limitation of response visualization is that it ignores the effects of a gene's previous                             

state to the current state or memory of its history. In order to also capture this effect and thus                                     

intuitively visualize causality, Scribe is thus equipped with causality visualization. Essentially,                     

this approach visualizes the causal regulation by considering the information transfer from the                         

time delayed potential regulator to the target’s current expression, conditioned on the target’s                         

previous state to remove effects from auto­regulation. Causality visualization is a heatmap                       

consisting of the expected value of the target's current expression given the target’s immediate                           

past expression (y­axis) and regulator’s expression with a time lag (x­axis). Each column                           

represents the relationship for the target's expression at the previous time point to the current                             

state (memory of the history or “auto­regulation”) given a fixed regulator value, while for each                             

row, the information transfer from the regulator to its targets given the previous target state.  

4.10.7.3 Visualizing combinatorial gene regulation 

It is of great interest to understand the combinatorial gene regulation as it often determines how                               

cells make decisions to choose a particular cell fate or adapt to external stimuli (Qiu, Ding, and                               

Shi 2012d; Alon 2007) . In order to visualize two­input combinatorial regulation, Scribe provides                         

a third visualization tool. This visualization is a heatmap consisting of the expected value of the                               

target's current expression given knowledge of both of the regulators' expressions with a time lag                             

(x/y­axis). For both of the causality and the combinatorial logic visualizations, the corresponding                         

expected value is calculated through a local average with a Gaussian kernel.  

We noticed that gene regulation  directly affects the rate of the target gene which then                             

results in gene expression changes. For example, if a gene is negatively regulated by gene  .                                 
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We may define the rate function of as  . Therefore, visualizing the                         

expected rate of a target at its current state given knowledge of both the regulators' expression                               

with the a time lag (x/y­axis) allows better intuition of regulations (see  supplementary figure                           

3B ). Although we won’t have accurate estimates of the rate of gene expression with                           

pseudotime­series data, the RNA­velocity method can be used to obtain those estimates.  

We also noted that combinatorial gene regulation visualization is especially useful to help                         

us visually identify potential direct/indirect regulators. For example, if we have a regulatory                         

pathway  , we will see that the expected gene expression of is only dependent on                               

the direct regulator instead of the indirect regulator from the visualization ( Figure 2D ). That                               

is, combinatorial gene regulation visualization indeed provides visual intuitions for the                     

conditional RDI (in the above case, the row corresponds to while the                         

column   ).  

 4.10.8 Causal network inference: an RDI­based algorithm 

Causal inference in Scribe is based on RDI, which is an extension of directed information under                               

the assumption that the underlying processes can be described by a first­order Markov model.                           

The method we implemented basically tries to calculate the RDI value for each pair of genes                               

conditioned over the top genes (default is 0 or no conditioning and 1 for cases where we                                     

used conditioning) which are candidates of being regulators of the gene   . 

  To reach this goal, it first calculates all the pairwise  unconditioned RDI values, for all the                               

potential delays specified by the user in vector (by default, it is a vector includes 5, 10, 20, 25).                                       
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Then for each pair  , it treats the delay corresponding to the largest RDI value as the “ true”                                   

delay of effect , i.e. the actual time delay by which the effect of appears in  . Having identified                                     

the “true” delays, the method then re­calculates the pairwise RDI values for each pair of genes                               

, this time conditioned over the top ( can be specified by the user) genes with the                                   

highest incoming RDI values to associated with their corresponding true delays, treating them                           

as the potential regulators of   .  

The algorithm of causal inference in Scribe is as follows: 

Input: gene expression time­series (either based on pseudotime­series, “RNA­velocity” or                   

living imaging data, among others)    for each gene   

Output:  A matrix of pairwise causality scores 

Parameters:    : vector of delays,   : number of conditioning genes 

 

Pseudocode:  

1. For each pair of genes   : 

    ­ For all delays   : Calculate   

    ­ Set   

 

2. For each gene   : 

    ­ For all   : sort    values descendingly 
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­ According to the sorting above, take the nodes with the highest incoming RDI                                 

values to and store them in a set as  . Store their corresponding delays in a set                                     

. 

 

3. For each pair of genes   : 

­ If  , remove from  . Otherwise, remove the node with the lowest                             

 from   . 

 

4. Output   

 

The estimation of the mutual information is inspired by Kraskov’s method  (Kraskov, Stögbauer,                         

and Grassberger 2004) , which builds on counting nearest­neighbor points. In the R                       

implementation of Scribe, nearest­neighbor points are identified with a modified RANN package                       

while in the python implementation, it relies on the sklearn module.  

To calculate the causal network with uRDI, we apply the same algorithm as above but                             

simply replace RDI with uRDI. In addition to what required in RDI, uRDI also needs to estimate                                 

the actual distribution,  , which relies on kernel density estimation (KDE). We use                         

standard Gaussian kernels from R or python in the Scribe package to calculate KDE. 
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4.10.9 Assessing temporal causal gene regulation  

Gene regulation is dynamic and the timing of maximal regulation (regulation peak) between                         

gene pairs varies dramatically. Scribe provides a convenient interface to estimate the temporal                         

causal regulation based on a moving window across the time series, that is, we calculate the                               

causality within a time interval, for example, every 50 time­points in time­series data. This                           

method helps to identify the period of the strongest gene regulation which may have important                             

clinical application as it suggests a window for genetic inference. 

4.10.10 Inferring and visualizing transcriptomic gene regulatory network  

Scribe can estimate a causal network from a set of known TFs (and among the TFs) to a set of                                       

target of interest (select through, for example, the BEAM test), or estimate the pairwise causality                             

among all the genes in a set of genes of interest. For the first scenario, Scribe estimates causality                                   

between all pairs of TFs and the causality from each TF to each putative target; for the second                                   

scenario, Scribe estimates causality for any pair of genes in both directions. In order to retrieve                               

significant causal edges while removing promiscuous edges and reconstruct a sparse causal                       

regulatory network that satisfies known properties of biology networks, Scribe relies on a                         

modified CLR method ( Context Likelihood Relatedness ) and the novel directed network                     

regularization inspired by some biological assumptions (see section  Network sparsifer  below). 

In order to facilitate the visualization of complex networks, Scribe provides a variety of                           

approaches to visualize the RDI network either through a heatmap, a hierarchical layout, an arc                             
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diagram or a hive plot, implemented based on igraph, netbiov, ggraph, arcdiagram as well as the                               

HiveR R packages. 

In addition to the core causality detection feature based on (uniformalized) restricted                       

direction information, Scribe also supports various methods for inferring the regulatory                     

relationships including mutual information, Granger causality and CCM implemented based on                     

parmigene ,  vars and the  rEDM packages, respectively. We also provide a python package for                           

most of estimation methods, although without extensive support for visualization.  

4.10.11 Parameters of RDI 

 

Parameter  Type  Effect of tuning parameters 

d  Vector of   

positive 

integers 

Default: 5, 20, 40 

The vector of potential delays, for which the corresponding                 

RDI values are calculated. 

Setting this argument too small may limit the ability of Scribe                     

to detect causal relationships, while setting it too large can                   

result in discovery of incorrect or indirect causal relationships,                 

resulting in false delays and conditioning. 

L  Non­negativ Default: 0 
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e Integer  The number of the top incoming node(s) to the target,                   

excluding the source, over which RDI is conditioned. 0                 

corresponds to no conditioning (Plain pair­wise RDI). 

Conditioning over more nodes approaches the theoretical             

prerequisite of conditioning over all genes, excluding the               

source and target, needed for inferring the true causal network,                   

however it imposes more computational burden and             

undesirably reduces the accuracy of the RDI estimator with                 

fixed number of samples N, as it exponentially increases the                   

dimension of the state space used to calculate the k­nearest                   

neighbors. 

k  Positive 

Integer 

Default: 5 

The number of the nearest neighbors in kNN estimator for the                     

conditional mutual information. The parameter should be set               

in such a way so the neighborhood captures adequate number                   

of samples for a good estimate of the probability                 

corresponding to each sample. 

Uniformizati

on 

Boolean  Default: False 

If True, uRDI instead of RDI will be used. While imposing                     

higher computational burden over the same data than RDI,                 
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uRDI is expected to improve the causal inference in the cases                     

with highly­biased sampling distributions. 

 

 

Algorithm complexity  

 

Algorithm  Methodology  Parameters  Complexity 

N:  the number of samples; 

d: the dimension of the         

manifolds (default 2);  

k: the number of nearest         

neighbors 

L: number of   

I: the dimension of the         

features data 
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CCM  Determining the   

causality from X to Y         

based on how well       

one can reconstruct     

the cross­mapped   

estimate of X from       

the nearest neighbors     

determined on Y     

space  

E:  The number of       

lags embedded in     

the shadow   

manifold 

Tau:  The time lag       

between each   

consecutive pair of     

time samples   

(default: 1) 

O(2Nd+2kN)+O(N) 

Granger 

Causality 

Determining the   

causality from X to Y         

based on how much       

the past samples of X         

contribute in linearly     

estimating the current     

state of Y, compared       

to when the Y is         

estimated based   

merely upon its own       

past 

Maxlag:  The   

number of lags of       

past sample   

included in   

estimating the   

current state of Y 

O(l^2 N + l^3 + l^2 N + l N) 
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RDI  Determining the   

causality from X to Y         

based on the amount       

of mutual   

information between   

the past of X and the           

current state of Y       

conditoned over the     

past of (potentially)     

all other variables     

than X 

k:  The number of       

neighbors for kNN     

estimation of   

mutual information 

Delays:  The lags for       

which the mutual     

information from   

the lagged source to       

the current state of       

target is estimated. 

L:  The number of       

the conditioning   

nodes other than X       

and Y 

O(dN logN +kN) + O(N) 

uRDI  Same as RDI method,       

but including the     

replacement of the     

empirical distribution   

of the past samples       

with a uniform     

distribution 

All Parameters   

from RDI plus: 

BW:  The bandwidth     

of the kernel     

estimator  

O(dN logN +kN) + 

+ (complexity of kde) + O(N) 
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4.10.12 Limitation of pseudotime based causality inference 

Although pseudotime provides us a general trend of the gene expression dynamics, it has some                             

inherent limitations which restrict its performance and accuracy in causal inference. Firstly, the                         

information fluctuation doesn’t necessarily transfer from one cell to another nearby cell in                         

pseudotime trajectory as they are different cells. Secondly, the pseudotime is often arbitrary as it                             

is purely based on the distance between cells in the gene expression space. Scribe can avoid                               

these limitations by taking advantage of the old idea of exploiting detection afforded by                           

microarray of unspliced mRNAs as surrogate for ongoing or recent transcription, and hence to                           

derive an approximation of the first time­derivative of transcript abundance ­ this old idea has                             

been re­used in the recent analysis framework “RNA velocity” (La Manno et al. 2017) to measure                             

the information transfer based on current expression state and predicted future expression from                         

the same cell. As reported the time delay between the current transcript abundance and predicted                             

transcript abundance is close to a particular physical time (for example, 2 hours in reference  (La                               

Manno et al. 2017) ). Meanwhile, real­time confocal imaging data for about 200 transcription                         

factors’ expression dynamics over the entire C. elegans embryogenesis (La Manno et al. 2017; J.                           

I. Murray et al. 2012) also provides us a great resource of real­time series data for each gene in                                     

each  C. elegans  cell.   

4.10.12  Network sparsifier: CLR and directed graph regularization  

In theory, Scribe can remove potential indirect causal gene regulation from one gene to                             

another gene by conditioning on all other genes in the transcriptome excepting  . However,                             
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this is impractical as it requires infinite samples and causes enormous computational burden.                         

Therefore, we seek for alternative approaches based on statistical significance and reasonable                       

assumptions of biological structures to remove potential indirect edges. The first method we                         

applied is the CLR or  Context Likelihood Relatedness . After computing the causality score with                           

RDI (uRDI) between all gene­pairs, CLR calculates a normalized score based on the z­score (or                             

0 if the z­score is less than 0) from all the input edges to the potential target and all the output                                         

edges from the potential regulator of the gene pair. This normalized score is used as a statistical                                 

likelihood of each causal edge regarding its network context. More formally, denoting the                         

asymmetric matrix corresponds to all raw causality scores calculated with Scribe, with                           

being the causality score from gene to gene  , we can calculate the z­score based on all                                     

gene  ’s output causality scores and all gene  ’s input causality scores. The normalized score                               

of   ,    is defined as:  

  .  

The user can either use the normalized score or choose a threshold of the normalized scores and                                 

treat the edges above the threshold as significant or real regulation compared to the background                             

distribution of the causality scores. As discussed in the original study, CLR removes many of the                               

false regulations in the network by eliminating “promiscuous” cases, where one regulator weakly                         

co­varies with a large number of genes, or one gene weakly co­varies with many transcription                             

factors which may arise when the assayed conditions are inadequately or unevenly sampled. We                           

note that, however, the original CLR is only applied on a symmetric mutual information based                             

matrix while we are dealing with an asymmetric matrix of causality scores. After applying CLR,                             
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the network may be still dense and contain spurious edges. Previous studies have shown that the                               

biological networks have some special properties distinct from those of random networks; for                         

example, the network’s out­degree distribution is well approximated by a power law distribution                         

where its in­degree distribution is almost an exponential distribution. Based on those                       

assumptions, we proposed a  new regularization method for a directed graph.  

The goal of our method is to learn a sparse directed graph from a dense asymmetric                               

causality network (retrieved after applying CLR) satisfying two aforementioned properties. The                     

directed graph’s structure is represented by an indicator matrix denoted by  ,                       

where stands for the existence of edge to  , and otherwise . Since the entries are                                     

indicators, the in­degree and out­degree of each node in the network can be easily formulated.                             

Specifically, the out­degree of the  th node can be represented by and the                           

in­degree of the  th gene is correspondingly represented by  , where and are                             

the  th row and  th column of  , and counts the number of nonzero elements since                                 

. Given the asymmetric matrix of causality score with the  th entry as  ,                             

the following optimization problem is formulated to learn the structure of the network: 

 

where the feasible set of the network structure is 
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The intuition of the objective function comes directly from the above three assumptions: the first                             

term of the objective is to select the edge with large value of  ; the second term is the negative                                       

log likelihood of the power law distribution for the out­degree of each gene; the last term is the                                   

negative log likelihood of the exponential distribution for the in­degree of each gene. The budget                             

parameter is introduced to prevent trivial solutions, and a small positive value is used to                                 

prevent the numerical issue of log function. Parameter is the exponent of the power law                               

distribution and    is the parameter of the exponential distribution. 

4.10.13 Benchmark Scribe with alternative algorithms on inferring causal regulatory network 

We follow the same procedure as reported previously (Qiu, Ding, and Shi 2012d) to simulate the                             

differentiation of central nervous system, excepting to replace the correlated noise in the                         

previous study with independent additive noise for the purpose of simplicity. For creating  Fig                           

1C , we set the time step as 0.1, samples per simulation as 100, the total number of simulations as                                     

20. We then infer the causal network based on all the 2000 samples using CCM, GC and RDI or                                     

uRDI either without conditioning or conditioning on one gene that has the maximal input                           

causality other than the current regulator to the target. The time delay between regulator and                             

target used in all those algorithms is set to be 1. We compare the inferred network with the                                   

known network to calculate the AUC (area under the curve) and the result is repeated for 25                                 

times to ensure reliable conclusions. We also increase the standard deviation of the intrinsic noise                             

all the way from 0 to 0.2. ROC (Receiver Operating Characteristic) curve in  Fig 1B  is obtained                                 

similarly while setting the simulation based on a linear system where the transition matrix is                               

generated according to the network with non­zero coefficients randomly taken from a uniform                         
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distribution  . The A matrix is then normalized to to avoid                       

the divergence of the system. The intrinsic noise standard deviation (s.d) is set to be equal to                                 

0.01. All the genes are initialized with a random value  . To infer the causal network, we                                 

take 100 samples per simulation and perform the simulation five times, then apply Scribe, CCM,                             

and GC on those simulated data points.  

To visualize the response, causality and combinatorial regulations as in  Fig 1, Fig SI2 , a                             

single simulation leading to the neuron fate is used. To create the response and the causality                               

visualization for the two­node motifs  (Qiu, Ding, and Shi 2012d) , the network motifs is firstly                             

converted into a set of SDE functions using similar formulations as that used in the above                               

simulation for neuronal differentiation. The expression dynamics is then simulated by setting the                         

initial expression for both genes as 0.01 and followed based on the set of SDE equations ( Fig                                 

SI2a ). We used similar procedures to simulate expression of genes under combinatorial                       

regulations with different logic gates and then create the combinatorial regulation visualizations                       

( Fig SI2b ).  

4.10.14 Practical suggestions on running Scribe  

Users can often simply run Scribe with default settings to visualize gene regulation and infer                             

causal regulatory network. By default, we scan a vector of time delays of 5, 20, 41 to infer causal                                     

network. We also set the default maximal number of genes used for conditioning to be 1 although                                 

most of the analysis in this work doesn’t use conditioning because it requires a lot of data sample                                   

and computation time. If the users have a better idea of the time delay between the regulator to                                   
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the target or enough data points, they may consider adapt the  delay argument or increase the                               

number of genes for conditioning when running Scribe for the causal network inference.  

The nonlinear interactions between the regulator (causal variable) and its targets (effect                       

variable) often prevents us to conclude a simple positive or negative regulation because the                           

regulator may appear to positively relate to the target at some time points but negatively to the                                 

target at some other time points  (Kraskov, Stögbauer, and Grassberger 2004; Sugihara et al.                           

2012) . The causal network we inferred with Scribe thus doesn’t include a sign. Sometime user                             

may want to assign the sign of the causal interaction simply based on the sign of correlation                                 

calculated between regulator to target.  

4.11 Details on analyzing datasets used in this study 

4.11.1 Infer causal network with pseudotime ordered scRNA­seq datasets.  

Lung data is processed as described previously  (Qiu, Mao, et al. 2017a) . Categorization of                           

pneumocyte specification markers into either early and late groups used for benchmarking is                         

based on references (Qiu, Mao, et al. 2017a; Treutlein et al. 2014) .  

LPS data is pre­processed as described previously  (Qiu, Hill, et al. 2017c) while the                           

trajectory is reconstructed with the new method of reversed graph embedding on the same set of                               

ordering gene used in the previous study. Only the path with wild­type cells is used for causal                                 

network inference. Regulators and targets, and the regulatory network used for benchmarking is                         

collected from references  (Qiu, Hill, et al. 2017c; Amit et al. 2009) and reference  (Garber et al.                                 

2012) , respectively.  
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Olsson data is processed as described previously. The master regulators, transcription                     

factors and downstream targets, and the regulatory network used for benchmarking are collected                         

from reference  (Qiu, Mao, et al. 2017a) and references  (Qiu, Mao, et al. 2017a; Su et al. 2017) ,                                   

respectively.  

Paul data is processed as described previously. Only the path leading to the erythrocytic                           

fate is used for reconstructing the causal regulatory network. The regulatory network responsible                         

for differentiation of erythrocyte cells used for benchmarking is collected from \cite{erythroid                       

lineage}.  

4.11.2 Infer causal network with RNA­velocity.  

The data of the chromaffin cell “RNA­velocity” analysis is retrieved from                     

( http://pklab.med.harvard.edu/velocyto/notebooks/R/chromaffin.nb.html ). We use the estimated         

exon expression to reconstruct the trajectory for the chromaffin cell commitment. Only cells on                           

the path from the Schwann cell progenitors to mature chromaffin cells are used to infer the                               

causal network. Two different formulations, (or  ), can be used to                       

infer causal networks with data from RNA­velocity. In this study, we mostly apply the first                             

formulation.  

4.11.3 Infer causal network with live­image data.  

Lineage­resolved live­imaging data for C. elegans  early embryogenesis is obtained from                     

Waterston lab. Raw fluorescence intensity signal is directly used for causal network inference.                         

We note two caveats to analyzing the reporter data with Scribe. First, although the                           
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promoter­fusion data sheds light on the induction kinetics of the TF of interest, once the                             

fluorescent reporter is expressed it follows the trafficking and degradation kinetics of the histone                           

protein and not the TF. Second, the time series for each TF was captured in a different embryo,                                   

so this may introduce noise that obscures the regulator/target relationships between the TFs                         

although the  C. elegans development process is highly robust. Nevertheless, this data set                         

represents an unprecedented view of TF activity at high spatiotemporal resolution during the                         

early development of a complex organism ( Supplementary Figure 8 ). 
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Prospective  

The single­cell genomics field is still rapidly developing. Various new directions are emerging,                         

which leads to a multitude of computational or experimental challenges. Chief among them                         

includes: how to develop algorithms to analyze very large and complex datasets generated from                           

cell atlas projects; how to analyze datasets with spatial gene expression information; how to                           

analyze multi­omic dataset which may include data from, for example, transcriptome, chromatin                       

accessibility and proteomics at the same time; how to analyze perturb­seq like dataset to infer                             

causal gene regulatory networks directly from perturbation experiments; how to directly                     

experimentally track cell lineage and gene regulatory network hierarchy at the same time.                         

Therefore, moving forward, I would like to continue working on following directions.  

1. Cell atlas datasets analysis : Manipulating, visualizing and learning complex trajectories                   

and cell states for big cell atlas datasets. 

2. Causal network inference : Inferring causal gene regulatory networks with the emerging                     

technique of CRISPR­cas8 based genetic screening with single­cell genomics readout.  

3. Tracing lineage and regulatory hierarchy with molecular recorders : Integrating                 

CRISPR­cas9 based molecular recorders with single­cell genomics to understand the                   

intricate lineage hierarchy and regulatory complexity. 

Cell atlas datasets analysis 

Cell atlas projects have already generated an enormous amount of data and will generate                           

thousand times more datasets, thus they pose great computational challenges for data                       
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manipulation, visualization as well as analyzation. The first but also often neglected challenge in                           

this direction is the storage and memory burdens related to analyzing big single­cell genomics                           

datasets. To address this and many other emerging computational challenges, new toolkits can be                           

developed to handle cell atlas datasets with millions of cells through effective data storage and                             

downsampling techniques, followed by new dimension reduction and generalized trajectory                   

inference methods to understand the cellular heterogeneity and dynamics. For the data­storage,                       

the HDF5 file format will be applied by taking advantage of the sparsity of the scRNA­seq data.                                 

For data downsampling, two parallel strategies can be used. Firstly, the k­nearest neighbor graph                           

or kNN­graph (Naidan, Boytsov, and Nyberg 2015) can be applied to convolve gene expression                         

values to achieve hundreds­fold data compression (can also be used to identify cell groups with                             

Louvain clustering algorithm (Levine et al. 2015) ). Secondly, landmark­based approaches (Mao,                 

Zheng, et al. 2015) can be developed to identify a small subset of representatives while also                               

ensure comprehensive downsampling of the space of cellular heterogeneity. The downsampled                     

data can then be integrated seamlessly with downstream analysis of data visualization, clustering                         

as well trajectory inference. Newest algorithms with a limited assumption of continuity of gene                           

expression space have been developed and shown to be able to accurately learn a smooth                             

skeleton (L. Wang, Mao, and Tsang 2017) from the high dimension noisy data. Aided by the                             

smooth skeleton structure learning, a L1 graph method (Mao et al. 2016b) based on L1                           

regularization can be used to learn a general graph thus not limiting to the tree structure as other                                   

state­of­the­art single­cell analysis tools (Qiu, Mao, et al. 2017b; Haghverdi et al. 2016c; Setty et                           

al. 2016) , (Satija et al. 2015) ( Fig. 1 ). Importantly, after organizing the data into a graph of cell states or                                     

cell fate specification, improved differential gene expression tests will be developed to identify                         
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associated biomarkers or key transcription factors (Qiu, Hill, et al. 2017b) . In particular, method                         

from geostatistics, like Moran’s  I test may be applied to detect significant gene expression                           

changes on the low dimensional manifold without assuming any particular structure of the                         

manifold, therefore is generally applicable to various complex developmental structure and                     

potentially applied to any spatial transcriptomics like those measured by MERFISH, Seq­fish or                         

in­situ sequencing. Additional ideas include gene expression entropy (Teschendorff and Enver                   

2017) can be incorporated to automatically identify progenitors and terminal cell types as well as                             

the direction of cell fate specification on the reconstructed graph.  

Causal network inference 

In this thesis, I discussed approaches to infer the causal network based on quantifying the                             

information transfer involved in putative target’s time­delayed response to putative regulator’s                     

gene expression changes. The arrival of CRISPR­Cas9 based targeted mutagenesis for genetic                       

screening combined with single­cell genomics readout provides another alternative to directly                     

reconstruct the causal network by observing the gene expression changes after combinatorial                       

knockout of regulators (Dixit et al. 2016) (Adamson et al. 2016; Jaitin et al. 2016; Datlinger et al.                               

2017) . Methods include elastic net regression or RIDS (Robust IDentification of Sparse network                         

with perturbation expression) can be used to accurately identify the regulatory network.   

Tracing lineage and regulatory hierarchy with molecular recorders 

Although the computational algorithm of developmental trajectories reconstruction I discussed is                     

a powerful approach in mapping the detailed developmental dynamics, the destructive nature of                         
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single­cell genomics prevents longitudinal observations and thus the computational results are                     

nevertheless biased by the sampling procedure and is also compromised by the low capture                           

efficiency (especially for the lowly expressed key transcription factors in development process)                       

in the data collection procedure which we have limited control. It is therefore essential to                             

develop new technologies to directly map lineage relationship and resolve regulatory hierarchy                       

of key transcription factors.  

Another emerging theme in single­cell transcriptomics is the repurposing of                   

CRISPR­Cas9 system for recording molecular events as well as lineage relationships (McKenna                     

et al. 2016; Kalhor, Mali, and Church 2017; Junker et al. 2017; Perli, Cui, and Lu 2016; Shipman                                   

et al. 2016; Sheth et al. 2017) . A number of papers (McKenna et al. 2016; Kalhor, Mali, and                                 

Church 2017; Junker et al. 2017; Perli, Cui, and Lu 2016; Shipman et al. 2016; Sheth et al. 2017)                                     

recently reported such molecular recorders achieved by exploiting the versatile CRISPR­Cas9                     

system to map the zebrafish development lineage or to measure the concentration of metabolic                           

molecules.  

It is possible to use such a molecular recorder to record the lineage relationship, and more                               

importantly the timing of activity peak of master regulators during lineage specification, which                         

can for example address the controversy around the lineage relationship during                     

hematopoiesis (Pei et al. 2017; Velten et al. 2017; Perié et al. 2015) . A CRISPR­cas9 system can                               

be designed to record the activity peak timing of master regulators, including  Cebpa ,  Pu. 1 ,  Gata                               

1 ,  Eklf ,  Fli1 ,  etc . This system can be transfected into a small number of murine hematopoietic                               

stem cells which are then injected into total­body irradiated mice to repopulate the entire                           

hematopoietic system. The scRNA­seq will be applied to measure both the recording sequence                         
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(which directly records the gene regulatory hierarchy) as well as the whole transcriptome for the                             

repopulated blood cells. By the transcriptomes we can identify the corresponding cell types while                           

combining with recording sequence we will be able to also identify the gene regulatory hierarchy                             

and the lineage relationship at the same time. 

As the technologies continue to emerge and mature, I expect we will be able to visualize                               

the spatial distribution of transcriptome either through single­cell RNA­FISH (Fluorescence In                     

Situ Hybridization) or in­situ sequencing; to measure all RNAs and proteins as well as their                             

various modifications in single cells through native sequencing, for example nanopore or SMRT                         

(Single Molecule Real Time) sequencing; to track the transcriptome over time through novel live                           

imaging technologies. Those new technologies will produce new datasets and thus lead to novel                           

computational problems. It is imperative for us to work at the forefront of computational biology                             

and technology development to attack those emerging computational challenges by developing                     

novel state­of­the­art machine learning toolkits and aim toward the ultimate goal of                       

understanding the fundamental mechanism of developmental processes as well as the evolution                       

of development.  
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