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Animal development is one of the greatest sources of wonders in science. Development of 

multicellular organism is characterized by the differentiation of a fertilized egg into diverse cell 

types of the body in a programed temporal spatial order. The process of development includes 

fertilization, cleavage, gastrulation, organogenesis, metamorphosis, regeneration, and 

senescence. Characterizing cell differentiation in each step, by resolving the cell state diversity 

and cell fate dynamics, is the key to fully understanding developmental process. The expression 

levels of mRNA species are readily linked to cellular function, and therefore profiling the 

transcriptome of individual cells has emerged as a powerful strategy for resolving cell state 

heterogeneity. However, current methods for single cell RNA sequencing all rely on the isolation 

of individual cells within physical compartments and thus have problems such as low 

throughput, high cost, and information lost from other molecular layers. During the three and 
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half years of my graduate study, I developed four novel high-throughput single cell genomic 

techniques to get over these limitations and applied them to profiling cell state heterogeneity and 

dynamics in development at single cell resolution. 

 

To resolve cellular state heterogeneity, I developed a combinatorial indexing strategy to profile 

the transcriptome across tens of thousands of single cells (sci-RNA-seq: Single cell 

Combinatorial Indexing RNA sequencing), and applied sci-RNA-seq to generate the first 

catalog of single cell transcriptomes at the scale of whole organism Caenorhabditis elegans 

(Cao. J., Jonathan. P., et al, Comprehensive single-cell transcriptional profiling of a multicellular 

organism, Science, 2017). I profiled over 50,000 cells from the nematode C. elegans at the L2 

stage, which is over 50-fold “shotgun cellular coverage” of its somatic cell composition. This is 

the first study to show that single cell transcriptome alone is sufficient to separate all major cell 

types from whole animal. Cell type specific genes for 27 distinct cell types are identified, 

including for some fine-grained cell types that are present in only one or two cells per individual. 

Given that C.elegans is the only organism with a fully mapped cellular lineage, these data 

represent a rich resource for future research aimed at defining cell types and states. The dataset 

will advance our understanding of developmental biology, and constitute a major step towards a 

comprehensive, single-cell molecular atlas of a whole animal. 

 

To further characterize cellular state across multiple molecular layers, I developed sci-CAR, the 

first high throughput single cell genomic approach that can jointly profile epigenome (chromatin 

accessibility) and transcriptome in each of 1000s of single cells (Cao. J. et al, Joint profiling of 

chromatin accessibility and gene expression in thousands of single cells, Science, 2018). I 

applied sci-CAR to 11,233 cells from whole mouse kidney and linked cis-regulatory sites to their 
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putative target genes based on the covariance of chromatin accessibility and transcription at the 

single-cell level. To the best of our knowledge, this represents the first joint profiling of the 

epigenome and transcriptome in individual cells at the scale and complexity of a whole 

mammalian organ. 

 

One critical challenge in development is to characterize the cell differentiation path for all major 

cell types forming our body. During mammalian organogenesis, the cells of the three germ layers 

transform into an embryo that includes most major internal and external organs. The key 

regulators of developmental defects can be studied during this critical window, but conventional 

approaches lack the throughput and resolution to obtain a global view of the molecular states and 

trajectories of a rapidly diversifying and expanding number of cell types. To investigate cell state 

dynamics in this critical window, I developed another single cell transcriptome profiling 

technique (sci-RNA-seq3), the first single cell RNA-seq technique capable of profiling millions 

of single cells in a single experiment, with over one hundred times higher throughput and lower 

cost compared with conventional approaches. I applied sci-RNA-seq3 to profiling ~ 2 million 

cells derived from 61 mouse embryos staged between 9.5 and 13.5 days of gestation (Cao. J., 

Spielmann. M., et al, The single-cell transcriptional landscape of mammalian organogenesis, 

Nature, 2018). This is by far the most comprehensive cell atlas of mammalian development 

as well as the largest single cell RNA-seq data set in the world. By unsupervised clustering 

analysis, I characterized hundreds of expanding, contracting and transient cell types, many of 

which are only detected because of the depth of cellular coverage obtained here, and defined the 

corresponding sets of cell type-specific marker genes, several of which are validated by whole 

mount in situ hybridization. With a new single cell RNA-seq analysis package Monocle 3, I 

further delineated and annotated 56 single cell developmental trajectories of mouse 
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organogenesis, spanning all major systems such as central nervous system and reproductive 

system. The dynamics of cell proliferation and key gene regulators within each cell lineage are 

further identified. These data comprise a foundational resource for single cell genomic field and 

mammalian developmental biology. 

 

To further characterizing the mechanism regulating cell state dynamics, I developed sci-fate, the 

first strategy to recover whole transcriptome temporal dynamics across thousands of single cells 

(Cao. J., et al, Characterizing single cell temporal dynamics with sci-fate, manuscript in 

preparation, 2019). I applied sci-fate to a model system of cortisol response and developed a 

computation strategy to identify key driving transcription factors regulating cell state changes. 

Based on the data, I built a cell state transition network for future cell state prediction, and 

illustrate key factors regulating cell state transition dynamics. This is the first study to 

quantitatively characterize cell state dynamics at whole transcriptome level and constitutes a 

major step to fully understanding mechanisms in cell fate determination. 
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Introduction 

“As an embryo, you had to build yourself from a single cell. You had to respire before you had 

lungs, digest before you had a gut, build bones when you were pulpy, and form orderly arrays of 

neurons before you knew how to think. One of the critical differences between you and a 

machine is that a machine is never required to function until after it is built.(1)”  

 

Animal development is one of the greatest sources of wonders in science. Development of 

multicellular development is characterized by the differentiation of a fertilized egg into diverse 

cell types of the body in a programed temporal spatial order. The process of development include 

fertilization, cleavage, gastrulation, organogenesis, metamorphosis, regeneration, and senescence 

(1). Characterizing cell differentiation in each step, by resolving the cell state diversity and cell 

fates via which hundreds of different cell types are generated, is the key to fully solve the 

mysteries of development. 

 

Characterizing cell state diversity by single cell genomics 

 

Since the first discovery of cell more than three hundred years ago(2), biologist have sought to 

characterize and classify cell states in development, driven by the advances of technology. The 

invention of light microscope techniques enables cell state separation by morphology and the 

classification of distinct neuron types from the brain in 1887(3).  The advent of fluorescent 

microscopy(4) and fluorescence-activated cell sorting techniques(5), together with the advances 

in fluorescent labeling techniques for protein and nucleic acids, remarkably improves our ability 

to separate distinct cell types based on selected molecular features. These efforts altogether 
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reveal an impressive cell state diversity in development, especially in the immune and neuron 

system. 

 

Despite of these achievement, however, our understanding of cell diversity is still limited. Each 

cell can be characterized by the state of millions of chromatin accessible sites, tens of thousands 

of genes, and even more dynamically regulated proteome and metabolome. Characterizing cell 

states by morphology only or several ad hoc protein markers can be highly biased, depending on 

the pre-selected panel of gene features. In addition, cell state separation by different criteria 

(morphology or functions) can give non-related or even controversial results.  

 

The key to resolve the above limitations lies in the advent of genomic profiling techniques. Due 

to the invention of the first next generation sequencing platform in 2005(6–9), together with 

molecular techniques to convert diverse cellular features into DNA sequence(10–14), genomic 

sequencing has been widely applied to comprehensively profiling the bulk biological information 

flow along central dogma, including genomic DNA, epigenome, transcriptome and proteome. 

Historically, these bulk -omics techniques require input with hundreds to millions of cells, thus 

only capture ensemble averages of cell states. This gap is quickly filled by the development of 

single cell genomic techniques, allowing high-throughput and less biased molecular surveys at 

individual cell level.  

 

The first single cell genomic approach for deciphering cellular heterogeneity is single cell RNA-

seq demonstrated in 2009 (15), shortly after the first application of RNA-seq to bulk samples in 

2006(16, 17). Initial single cell RNA-seq techniques mostly isolate single cells by manual 

picking, or by flow-sorting to microwell plate(18, 19), followed by bulk RNA-seq procedures 
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including first strand cDNA generation by reverse transcription, double strand DNA synthesis, 

fragmentation and PCR amplification. Even with robotic systems to automate the process, these 

single cell RNA-seq approaches by isolation of individual cells within physical compartments 

are normally limited in throughput (100s of cells per experiment) and high cost. During the 

following several years, multiple droplet-based scRNA-seq techniques are developed to further 

improve the throughput and reduce the cost(20–22), by capturing individuals cells in nanolitre-

sized droplets loaded with reagents for indexed reverse transcription, followed by pooling 

thousands of droplets containing cells for further amplification and sequencing.  

 

The developments of high-throughput single cell RNA-seq techniques lead to the generation of 

vast amounts of data. Meanwhile, many computation methods and tools have been developed to 

apply the data in answering biological questions(23). Generally, there are four major steps for 

processing single cell RNA-seq data sets: 1) Gene quantification: reads are aligned to the 

genome or transcriptome and single cell gene expressions are quantified, similarly with bulk 

RNA-seq. Cells with poor quality metrics (e.g. high proportion of reads mapping to 

mitochondrial genes or low number of detected genes) are filtered out. 2) Cell level analysis: 

dimensionality reduction techniques such as Principal Component Analysis (PCA)(23, 24), 

Multidimensional Scaling (MDS)(25) and t-Distributed Stochastic Neighbor Embedding (t-

SNE)(26) are used to visualize the data. Different cell groups are identified based on clustering 

techniques such as K-medoids method(27) or local density (27, 28). Alternatively, trajectory 

analysis is also used as dimension reduction techniques to analyze cell differentiation process. 

For example, Monocle, the first package for trajectory analysis, infer the developmental 

pseudotime and branches in cell differentiation, and order cells by the distance to the start cell 

based on tree-embedding strategy(29, 30). 3)Gene level analysis: differentially expressed genes 
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across different clusters or pseudotime can be identified by significant testing, such as fitting a 

generalized linear model (GLM) for each gene followed by Wald (31) or likelihood ratio 

test(32). Furthermore, gene regulatory networks can be inferred based on gene-to-gene 

expression correlations by graphical LASSO (GLASSO) (33). 4) Multi-omics analysis: 

combined with other -omics data set, single cell RNA-seq can be applied to tackle novel 

questions: combining cell type specific markers recovered from single cell RNA-seq and 

immunohistochemistry (IHC) database (e.g. The Human Protein Atlas (34)) enable us to pinpoint 

the location of different cell types in tissues. Combining transcriptome and cell lineage 

information improve our understanding of gene expression regulation in development(35).  

Integrating cell type specific gene expression and disease specific genes (GWAS genes) help 

infer the cell origin of diseases (36). Other routes of analysis may depend on more specific 

biological questions. 

 

The proliferation of scRNA-seq techniques accompanied a variety of single cell genomic 

approaches to profile the other molecular layers in individual cells, including single cell 

measurement of genome sequence(37, 38), histone modification(39), chromatin accessibility(40, 

41), chromosome conformation(42, 43), DNA methylation(44, 45), and lineage history 

information(46, 47). More recently, single-cell multimodal measurements are developed to 

associate multiple molecular features in a single cell. For example, the transcriptome can be 

simultaneously measured together with other cellular features, including genomic DNA(48), 

DNA methylation(49–51), chromatin accessibility(52), surface protein(53, 54) or lineage 

history(35), so that the association of variation between different molecular layers can be 

assessed. The multimodal measurement can be further expanded to link single cell transcriptome 

with multiplexed perturbation conditions by CRISPR-Cas9 (55)(56). 
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Single cell genomics has been widely used in characterizing cell state diversity and discovery of 

novel cell types across model systems. The first single cell transcriptome atlas of whole 

multicellular organism (c.elegans) was published in 2017(57), followed by profiling of more 

complex model systems including drosophila embryo(58), zebrafish embryo(59, 60), Xenopus 

embryos(61) and Planarians(62). The application of single cell genomics in mammalian system 

is limited to major organs initially, such as lung epithelium (63), intestinal epithelium(64),  

kidney(36), liver(65), and nervous system(66, 67). This limitation is quickly resolved by the 

advent of more advanced single cell profiling techniques, featured by broad atlas study across 

major mouse organs with single cell transcriptome (68, 69) as well as by single cell epigenome 

profiling (70).  

 

Characterizing cell fate by single cell genomics 

 

Another amazing feature of multicellular organism development is the reproducibility of the cell 

state diversification process, with associated cell state dynamics in both space and time. For 

example, in the development of C.elegans, the outcome of every cell division is largely 

predictable based on their relative location(71). This reproducibility suggests the existence of 

one (or multiple) underlying trajectory, or cell fate, for each final cell state, programmed by gene 

regulatory networks (72). Characterizing the cell state transition path, or cell fate, as well as the 

internal molecular driving force, is the core in understanding development and applications such 

as cell engineer.  
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Classically, cell fate is regarded as a smooth and continuous process, represented by 

Waddington’s epigenetic landscape(73). In this assumption, a cell, like a pebble, rolls down from 

the top of a hill and follows existing paths to its final state. Once cells determine its direction, its 

future fate is modeled as a smooth process down the trail. Based on this assumption, computation 

methods (74, 75) are developed to order cells into a smooth transcriptome trajectory, or 

pseudotime trajectory, generally regarded as cell state transition path, by single cell 

transcriptome similarity. From the ordered trajectory, starting and end states of cells, as well as 

intermediate cell states and branching points can be identified. Moreover, key gene factors 

underlying cell state progression and differentiation can be inferred from the expression 

dynamics along the trajectory, revealing the mechanism in cell state regulation. 

 

Single cell genomics, together with pseudotime ordering techniques, has been widely applied to 

reconstructing developmental cell state dynamics. For example, the initial pseudotime 

analysis(74) recovered the development path for myoblast development, validated by the 

expression dynamics of known gene markers, and identified novel gene regulators. The similar 

strategy is then applied to other in vitro cell differentiation process such as the development of 

human definitive endoderm cells(76), and mesodermal lineage cell differentiation(77). With 

more advanced cell ordering techniques(78–81) as well as the advent of single cell RNA-seq 

techniques with higher throughput and reduced cost, single cell genomics is used to infer the cell 

state transition trajectories of all major cellular lineages during in-vivo development, including 

zebrafish embryo(59, 60), Xenopus embryos(61) and Planarians(62), and reveals a global view 

of the dynamic molecular progress underway in the diverse, rapidly changing cell populations 

during embryo development. Additionally, cell fate characterization is not limited in single cell 

RNA-seq. For example single cell chromatin accessibility profiling (scATAC-seq) has been 
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applied to characterize cell state dynamics in myoblast differentiation(82) and drosophila embryo 

development(83). 

 

Limitation of current single cell genomic approaches 

 

Despite of the enormous power of single cell genomics in characterizing cell state diversity and 

deciphering cell fates in development, it has several key limitations: first, most single cell RNA-

seq methods rely on the isolation of individual cells within physical compartments. 

Consequently, preparing single cell RNA-seq libraries with these methods can be low throughput 

(100s - 1000s of cells), and expensive, the cost scaling linearly with the numbers of cells 

processed, thus limited in profiling complex developmental system, especially in mammalian 

development with millions of cells in each individual. Second, although methods are developed 

to characterize cell state by genome-wide measurement of transcriptome and epigenome (e.g. 

chromatin accessibility, methylation) at single cell resolution, however, nearly all such methods 

assay just one aspect of cellular biology, limiting our ability to understand how these aspects fit 

together to govern gene regulation. Third, almost all current single cell genomic approaches only 

profile a “snapshot” of cell state. The pseudo-trajectory result can be very different depending on 

the input gene modules and algorithms for ordering. With temporal information lost during 

sample preparation, single cell genomics is inefficient to determine the quantitative features in 

cell fate transition, such as state transition speed and transition probability, which are critical for 

future cell state prediction and cell engineer.  

 

Organization of Thesis 
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In the thesis, I describe the development as well as application of novel high throughput single 

cell genomic approaches to resolve the above limitations, and to better understand cell state 

diversity and cell fate dynamics in the development of model systems.  

 

The first chapter describes a new strategy to profile the transcriptomes of single cells (sci-RNA-

seq: Single cell Combinatorial Indexing RNA sequencing) (J.C., J. P., et al, Science, 2017). sci-

RNA-seq enables the profiling of tens-of-thousands of single cell transcriptome per experiment 

with low cost ($0.03-$0.20 per cell) and is readily compatible with cell fixation or nuclei. I 

applied sci-RNA-seq to profile nearly 50,000 cells from the nematode Caenorhabditis elegans at 

the L2 stage, which is over 50-fold “shotgun cellular coverage” of its somatic cell composition. 

From these data, we defined consensus expression profiles for 27 main cell types, and recovered 

rare neuronal cell types corresponding to as few as one or two cells in the L2 worm.  

 

The second chapter describes a new approach to jointly profile chromatin accessibility and 

mRNA in each of thousands of single cells (sci-CAR, J.C. et al, Science, 2018). As a proof-of-

concept, I applied sci-CAR to jointly profile chromatin accessibility and transcription in 11,233 

cells from the mouse kidney. I also demonstrated how these data can be used to link cis-

regulatory sites to their target genes based on the covariance of chromatin accessibility and 

transcription across large numbers of single cells. 

 

The third chapter describes the development of a novel high throughput single cell RNA-seq 

technique (sci-RNA-seq3), the first techniques for profiling millions of cells in a single 

experiment.  I applied sci-RNA-seq3 to investigate the transcriptional landscape of mammalian 

organogenesis, profiled ~2 million cells derived from 61 mouse embryos staged between 9.5 and 
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13.5 days of gestation. Hundreds of expanding, contracting and transient cell types are identified, 

together with transcriptome developmental trajectories to all major cell types. We have also used 

these data to explore the dynamics of proliferation and gene expression within cell types over 

time, including focused analyses of the apical ectodermal ridge, limb mesenchyme and skeletal 

muscle. 

 

The fourth chapter describes the first strategy to characterize cell state transition dynamics on 

whole transcriptome level. The strategy depends on sci-fate, a novel combinatorial indexing 

based high throughput single cell RNA-seq technique, capable of profiling both whole and newly 

synthesised transcriptome in thousands of cells. I further developed a computation pipeline to 

estimate newly synthesised RNA capture rate and gene degradation rate from sci-fate data, and 

inferred differential trajectories at single cell level. As a proof of concept, I applied sci-fate to a 

model system of cortisol response, and characterized over 6,000 single cell state transition 

events, consistent with known cell cycle dynamics upon glucocorticoid receptor activation. From 

the analysis, I showed the cell state transition direction and probabilities are regulated by inter-

state distances and state instability landscape. 

 

The final chapter of this thesis discuss key conclusions from this work and future directions. 
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Abstract: To resolve cellular heterogeneity, we developed a combinatorial indexing strategy to 

profile the transcriptomes of single cells or nuclei (sci-RNA-seq: Single cell Combinatorial 

Indexing RNA sequencing). We applied sci-RNA-seq to profile nearly 50,000 cells from the 

nematode Caenorhabditis elegans at the L2 stage, which is over 50-fold “shotgun cellular 

coverage” of its somatic cell composition. From these data, we define consensus expression 

profiles for 27 cell types, and recover rare neuronal cell types corresponding to as few as one or 

two cells in the L2 worm. We integrate these profiles with whole animal ChIP sequencing data to 

deconvolve the cell type specific effects of transcription factors. These data generated by sci-

RNA-seq constitute a powerful resource for nematode biology, and foreshadow similar atlases 

for other organisms. 

One Sentence Summary: We applied single cell combinatorial indexing RNA-seq to 

achieve >50-fold “shotgun cellular coverage” of the somatic cell composition of L2 C. elegans. 

 

Introduction:  

Individual cells are the natural unit of form and function in biological systems. However, 

conventional methods for profiling the molecular content of biological samples mask cellular 

heterogeneity, likely present even in ostensibly homogenous tissues (1). Recently, profiling the 

transcriptome of individual cells has emerged as a powerful strategy for resolving such 

heterogeneity. The expression levels of mRNA species are linked to cellular function, and 

therefore can be used to classify cell types (2–10) and to order cell states (11). Although methods 
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for single cell RNA-seq have proliferated, they rely on the isolation of individual cells within 

physical compartments (12–20). Consequently, preparing single cell RNA-seq libraries with 

these methods can be expensive, the cost scaling linearly with the numbers of cells processed 

(21, 22).  

We recently developed combinatorial indexing, a method using split-pool barcoding of 

nucleic acids to uniquely label a large number of single molecules or single cells. Single 

molecule combinatorial indexing can be used for haplotype-resolved genome sequencing and de 

novo genome assembly (23, 24), while single cell combinatorial indexing (“sci”) can be used to 

profile chromatin accessibility (sci-ATAC-seq) (25), genome sequence (sci-DNA-seq) (26), 

genome-wide chromosome conformation (sci-Hi-C) (27), and DNA methylation (sci-MET) (28) 

in large numbers of single cells. 

Here we developed a combinatorial indexing method to uniquely label the transcriptomes 

of large numbers of single cells or nuclei (sci-RNA-seq). We then applied sci-RNA-seq to deeply 

profile single cell transcriptomes in the nematode C. elegans at the L2 stage. C. elegans is the 

only multicellular organism for which all cells and cell types are defined, as is its entire 

developmental lineage (29, 30). However, despite its modest cell count (e.g. 762 somatic cells 

per L2 larva), our knowledge of the molecular state of each cell and cell type remains 

fragmentary. We therefore saw an opportunity to generate a powerful resource for nematode 

biologists as well as for the single cell genomics community. 

 

Results: 

Overview of sci-RNA-seq 
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In its current form, sci-RNA-seq relies on the following steps (Fig. 1A): 1) Cells are fixed 

and permeabilized with methanol (alternatively, cells are lysed and nuclei recovered), and then 

split across 96- or 384-well plates. 2) A first molecular index is introduced to the mRNA of cells 

within each well with in situ reverse transcription (RT) incorporating a barcode-bearing, well-

specific polyT primer containing unique molecular identifiers (UMI). 3) All cells are pooled and 

redistributed by fluorescence activated cell sorting (FACS) to 96- or 384-well plates in limiting 

numbers (e.g. 10-100 per well). Cells are gated on the basis of DAPI (4',6-diamidino-2-

phenylindole) staining to discriminate single cells from doublets during sorting. 4) Second strand 

synthesis, transposition with Tn5 transposase, lysis, and PCR amplification are performed. The 

PCR primers target the barcoded polyT primer on one end, and the Tn5 adaptor insertion on the 

other end, such that resulting PCR amplicons preferentially capture the 3’ ends of transcripts. 

These primers introduce a second barcode, specific to each well of the PCR plate. 5) Amplicons 

are pooled and subjected to massively parallel sequencing, resulting in 3’-tag digital gene 

expression profiles, with each read associated with two barcodes corresponding to the first and 

second rounds of cellular indexing (Fig. 1B). In a variant of the method described below, we 

introduce a third round of cellular indexing during Tn5 transposition of double-stranded cDNA. 

The majority of cells pass through a unique combination of wells, resulting in a unique 

combination of barcodes for each cell that tags its transcripts. The rate of two or more cells 

receiving the same combination of barcodes can be tuned by adjusting how many cells are 

distributed to the second set of wells (25). Increasing the number of barcodes used during each 

round of indexing leads boosts the number of cells that can be profiled while reducing the 

effective cost per cell (fig. S1). Additional levels of indexing can potentially offer even greater 

complexity and lower costs. Multiple samples (e.g. different cell populations, tissues, 
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individuals, time-points, perturbations, replicates, etc.) can be concurrently processed within one 

experiment, using different subsets of wells for each sample during the first round of indexing. 

Scalability of sci-RNA-seq 

We tested 262 sci-RNA-seq conditions with mammalian cells, optimizing the protocol 

and reaction conditions. We demonstrate scalability with 384 x 384 well sci-RNA-seq. During 

the first round of indexing, half of 384 wells contained pure populations of either human 

(HEK293T or HeLa S3) or mouse (NIH/3T3) cells, and the other half mixed human and mouse 

cells. After barcoded RT, cells were pooled and then sorted to a new 384 well plate for the 

second round of barcoding and deep sequencing of pooled PCR amplicons. We recovered 15,997 

single cell transcriptomes and readily assigned cells as human or mouse (Fig. 1C). 

Optimization of sci-RNA-seq and application to nuclei 

We performed optimized 96 x 96 well sci-RNA-seq on five cell populations, each present 

in distinct subsets of wells during the first round of barcoding: HEK293T cells (8 wells); HeLa 

S3 cells (8 wells); an intraspecies mixture of HEK293T and HeLa S3 cells (32 wells); and 

interspecies mixtures of HEK293T and NIH/3T3 cells (24 wells) or nuclei (24 wells). We deeply 

sequenced the resulting library (~250,000 reads per cell; ~210,000 reads per nucleus; ~88% 

duplication rate), profiling 744 single cell and 175 single nucleus transcriptomes.  

Transcriptomes in the 24 wells containing an interspecies mixture of human and mouse 

cells overwhelmingly mapped to the genome of one species or the other (289 of 294 cells), with 

only 5 ‘collisions’ (where collisions likely represent coincidental passage through the same wells 

by two or more cells) (Fig. 1D). Excluding collisions, we observed an average of 24,454 UMIs 

(5,604 genes) per human cell and 17,665 UMIs (4,065 genes) per mouse cell, with 1.9% and 

3.3% of reads per cell mapping to the incorrect species.  
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Transcriptomes originating in the 24 wells containing an interspecies mixture of human 

and mouse nuclei also overwhelmingly mapped to the genome of one species or the other (172 of 

175 nuclei), with only 3 collisions (fig. S2A). Excluding collisions, we observed an average of 

32,951 UMIs (5,737 genes) per human nucleus and 20,123 UMIs (4,107 genes) per mouse 

nucleus (fig. S2B-C), with 2.2% and 1.9% of reads per cell mapping to the incorrect species. The 

greater UMI counts in nuclei are potentially due to the higher amounts of mRNA in cells 

resulting in a reduced RT efficiency per molecule. Consistent with this, optimizing the number of 

cells per RT reaction increased UMI counts per cell (31). 

Estimates of gene expression from the aggregated transcriptomes of nuclei versus cells 

were well correlated (Pearson: 0.96 for HEK293T, 0.97 for NIH/3T3; Fig. 1E, fig. S2D). From 

cells, 81% of reads mapped to the expected strand of genic regions (47% exonic, 34% intronic), 

and 19% to intergenic regions or the unexpected strand of genic regions. From nuclei, 84% of 

reads mapped to the expected strand of genic regions (35% exonic, 49% intronic) and 16% to 

intergenic regions or the unexpected strand of genic regions, similar to previous studies (32). 

Whereas exonic reads show an expected enrichment at the 3’ ends of gene bodies, intronic reads 

do not, and may be the result of poly(dT) priming from poly(dA) tracts in heterogeneous nuclear 

RNA (fig. S3).  

Transcriptomes originating in the 48 wells containing pure or an intraspecies mixture of 

HEK293T and HeLa S3 cells were readily separated into two clusters by t-stochastic neighbor 

embedding (t-SNE) (Figs. 1F and S4). Estimates of gene expression from the aggregated 

transcriptomes of all identified HEK293T cells versus a related bulk RNA-seq workflow (Tn5-

RNA-seq (33)) without methanol fixation were well correlated (Pearson: 0.94, Fig. 1G). 

Robustness of sci-RNA-seq 
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After optimizing the number of cells per RT reaction, we fixed a mixture of HEK293T 

and NIH/3T3 cells, and performed 16 x 84 well sci-RNA-seq (31). We recovered 185 human 

cells and 109 mouse cells with 22 collisions (Fig. 2A). At ~240,000 reads per cell (73% 

duplication rate), we observed an average of 49,043 UMIs (7,563 genes) per human cell and 

36,737 UMIs (6,263 genes) per mouse cell (Fig. 2B, fig. S5A), with 0.9% and 1.2% of reads per 

cell mapping to the incorrect species. Although this and the previous experiment were performed 

two months apart on independently grown and fixed cells, the aggregated transcriptomes were 

well correlated (Pearson: 0.98 for HEK293T, 0.98 for NIH/3T3; Figs. 2C and S5B). 

We stored a portion of the methanol-fixed mixture of HEK293T and NIH/3T3 cells at -

80C for 4 days and repeated sci-RNA-seq. At ~200,000 reads per cell (73% duplication rate), we 

observed an average of 30,024 UMIs (5,965 genes) per human cell and 21,393 UMIs (4,503 

genes) per mouse cell, with comparable purity (fig. S5C). The aggregated transcriptomes of the 

fixed-fresh vs. fixed-frozen cells were well correlated (Pearson: 0.99 for HEK293T cells, 0.98 

for NIH/3T3 cells; Figs. 2D and S5D). 

sci-RNA-seq with three levels of indexing 

Two-level combinatorial indexing enables routine profiling of ~104 single cells per 

experiment. We tested an additional level of indexing during Tn5 transposition of double-

stranded cDNA (25). We performed 16 x 6 x 16 well sci-RNA-seq on mixed HEK293T and 

NIH/3T3 cells after methanol fixation. After RT with 16 barcodes and second strand synthesis, 

cells were pooled and distributed to 6 wells for tagmentation with indexed Tn5 (6 barcodes), then 

pooled again and sorted to 16 wells for PCR with indexed primers. At ~20,000 reads per cell 

(51% duplication rate), we recovered 119 human and 62 mouse cells with 5 collisions (fig. S6A). 

The aggregated transcriptomes of three-level vs. two-level sci-RNA-seq were well correlated 

(Pearson: 0.96 for HEK293T, 0.94 for NIH/3T3; fig. S6B-C). Downsampling to 15,000 reads per 
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cell, three-level indexing recovered fewer UMIs per cell than two-level indexing (3-level: on 

average, 6,033 for HEK293T, 3,640 for NIH/3T3; 2-level: 9,942 for HEK293T, 8,611 for 

NIH/3T3; fig. S6D-G), possibly due to lower efficiency of indexed vs. unindexed Tn5. This 

limitation notwithstanding, three-level combinatorial indexing has the potential to enable routine 

profiling of >106 single cells per experiment (fig. S6H; (31)).  

Single cell RNA profiling of C. elegans 

We next applied sci-RNA-seq to C. elegans. Of note, the cells in C. elegans larvae are 

much smaller, more variably sized, and have lower mRNA content than the mammalian cell lines 

on which we optimized the protocol. We pooled ~150,000 larvae synchronized at the L2 stage 

and dissociated them into single-cell suspensions. We then performed in situ RT across six 96-

well plates (576 first-round barcodes), each well containing ~1,000 C. elegans cells and also 

~1,000 human cells (HEK293T) as internal controls. After pooling all cells, we sorted the 

mixture of C. elegans and HEK293T cells to 10 new 96-well plates for PCR barcoding (960 

second-round barcodes), gating on DNA content to distinguish between C. elegans and 

HEK293T cells. This sorting resulted in 96% of wells harboring only C. elegans cells (140 each), 

and 4% of wells harboring a mix of C. elegans and HEK293T cells (140 C. elegans and 10 

HEK293T each). 

This experiment yielded 42,035 C. elegans single-cell transcriptomes (UMI counts per 

cell for protein-coding genes ≥ 100). 94% of reads mapped to the expected strand of genic 

regions (92% exonic, 2% intronic). At a sequencing depth of ~20,000 reads per cell and a 

duplication rate of 80%, we identified a median of 575 UMIs mapping to protein-coding genes 

per cell (mean 1,121 UMIs and 431 genes per cell) (fig. S7A). Importantly, control wells 

containing both C. elegans and HEK293T cells demonstrated clear separation between species 

(fig. S7B), with 3.1% and 0.2% of reads per cell mapping to the incorrect species, respectively. 
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Identifying cell types 

Semi-supervised clustering analysis segregated the cells into 29 distinct groups, the 

largest containing 13,205 (31.4%) and the smallest only 131 (0.3%) cells (Fig. 3A). Somatic cell 

types comprised 37,734 cells. We identified genes that were expressed specifically in a single 

cluster, and by comparing those genes to expression patterns reported in the literature, assigned 

the clusters to cell types (figs. S15-S23). Twenty-six cell types were represented in the 29 

clusters: 19 represented exactly one literature-defined cell type, 7 contained multiple distinct cell 

types, 2 contained cells of a specific cell type but had abnormally low UMI counts, and 1 could 

not be readily assigned. Neurons, which were present in 7 clusters in the global analysis, were 

independently reclustered, initially revealing 10 major neuronal subtypes. 

Intestine cells were not represented in any cluster. Intestine cells comprise 2.5% of the 

somatic cells but are polyploid in C. elegans larvae (34) and also autofluorescent in the DAPI 

channel used to measure DNA content (35). We speculated they may have been excluded by how 

we gated on DNA content. We therefore performed a second 384 x 144 well C. elegans 

experiment, collecting all cells including polyploid cells on the basis of DAPI fluorescence (96 

wells), or gating to enrich for polyploid cells (48 wells). Intestine cells were present (as 

compared with their absence in the previous experiment) and 2-fold enriched in wells gated for 

polyploidy. This experiment yielded 7,325 cells (UMI counts per cell for protein-coding genes ≥ 

200), of which 6,335 were somatic and 511 intestine cells (fig. S8A). 

Gene expression patterns in hypodermal cells suggested that the worm cells from the 

second C. elegans experiment were more tightly synchronized, overlapping but not identical in 

developmental timing to the first experiment (fig. S8B-F). C. elegans larvae feature pervasive 

oscillations in gene expression within each larval stage (36), making it difficult to distinguish 

biological variation from batch effects. However, the aggregated transcriptomes of human 
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HEK293T cells from these same experiments were well correlated (Pearson: 0.97) and not 

readily separated by tSNE (fig. S9). This suggests that the variation observed is primarily due to 

differences in the developmental timing or preparation of the C. elegans larvae and cells, rather 

than technical variation in the sci-RNA-seq protocol. Regardless of its source, to minimize 

confounding by this variation, we only included the intestine cells from the second C. elegans 

experiment in subsequent analyses, with all other cell types being represented by the first 

experiment only. 

The global and neuron-specific clustering analyses from the first C. elegans experiment, 

supplemented with intestine cells from the second experiment, allowed us to construct aggregate 

expression profiles for 27 cell types (Tables S2-S4; a 28th cell type, dopaminergic neurons, is 

excluded due to small cell numbers). These profiles are available online via GExplore 

(http://genome.sfu.ca/gexplore/gexplore_search_tissues.html; fig. S14). Comparing the observed 

proportions of each cell type to their known frequencies in L2 larvae showed that sci-RNA-seq 

captured many cell types at or near expected frequencies (Fig. 3B; 15/28 types had abundance ≥ 

50%, and 27/28 had abundance ≥ 20%, of expectation). 

Transcriptional programs can be readily distinguished within single cell transcriptome 

datasets at shallow sequencing depths (37). Thus, despite being able to distinguish many distinct 

cell types in the worm, our molecular definition for each would be incomplete. However, we 

observed that half of all C. elegans protein-coding genes were expressed in at least 100 cells in 

the full dataset, and 66% of protein-coding genes in at least 20 cells. This compares favorably 

with the estimates of expressed genes at the L2 stage from whole animal RNA-seq (69%) (38). 

The “whole worm” expression profile derived by aggregating all sci-RNA-seq reads correlated 

well with whole animal bulk RNA-seq (38) for L2 C. elegans (Fig. 3C; Spearman: 0.796 with 

cells from the first experiment only, 0.824 including intestine cells from the second experiment). 
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Furthermore, 3,925 genes were enriched in a single tissue (differential expression at least five-

fold greater than the 2nd-highest expressing tissue; Fig. 3D), and 1,939 genes were enriched for 

expression in a single cell type (Fig. 3E). Thus, despite the fact that sci-RNA-seq captures a 

minority of transcripts in each cell, our ‘oversampling’ of the cellular composition of the 

organism enables us to construct representative expression profiles for individual cell types (Fig. 

3F). 

Neuronal cell types 

Because the transcripts of tissue or cell type clusters suggested subclasses within groups 

(Fig. 4A), we examined expression within several tissues in more detail. We confirmed and 

extended findings that anterior and posterior body wall muscle have distinct expression patterns 

(fig. S10A-B, (39)), and also observed distinct expression patterns for posterior vs. other 

intestine cells (fig. S10C-D) and amphid vs. phasmid sheath cells (fig. S10E-F). But gene 

expression patterns were particularly diverse in neuronal cell types.  

By morphological criteria, the 302 neurons of worm are classified into 118 distinct types 

(40) and from the database of reporter transgene expression patterns, most of these are postulated 

to have unique molecular signatures (41). Our initial re-clustering of neuronal cells divided them 

into 10 broad classes (Fig. 4A). Most classes of neurons were represented by several small but 

highly distinct clusters in the t-SNE plot. Further analysis of cluster-specific gene expression 

showed that many clusters corresponded to highly specific subsets of neurons in the L2 worm 

(Fig. 4B). Three clusters corresponded to sets of four neurons in an individual worm, 8 clusters 

corresponded to a single pair of neurons (AFD, ASG, ASK, AWA, BAG, CAN, RIA, and RIC), 

and 3 clusters corresponded to exactly one neuron (ASEL, ASER, and DVA). Hierarchical 

clustering analysis showed that of the most of 917 genes highly enriched in neurons, compared to 

other tissues, were expressed in only a minority of neuronal clusters (Fig. 4C). 73% of neuron-
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enriched genes had no more than 10 neuron clusters (out of 40 total) in which they were 

expressed at ≥ 10% of the level of the highest-expressed cluster. 155 genes were highly enriched 

in a single neuron cluster relative to all others (Fig. 4D). 

Expression of marker genes, such as gcy-3 and gcy-6, were key in identifying two 

neuronal clusters as left ASE (ASEL) and right ASE (ASER) gustatory neurons, respectively 

(Fig. 4E). These neurons have asymmetry in gene expression (42), and we observe 44 genes to 

be differentially expressed (Fig. 4F, fold difference > 3, FDR < 5%). mRNA from these neurons 

has previously been profiled with co-immunoprecipitation of RNA and a transgenic poly(A)-

binding protein expressed specifically in ASEL or ASER, followed by microarray analysis (43). 

The differentially expressed genes we observe are consistent with this study (fig. S11), 

highlighting the ability of sci-RNA-seq to facilitate the analysis of cell types as rare as a single 

cell per individual.  

Two neuronal clusters correspond to sister cells, the AWA and ASG neurons, (Fig. 4G), 

which arise from the same parental cell in the last round of C. elegans embryonic cell divisions. 

Their differentiation has previously been used as a model for the study of the regulation of cell 

fate decisions (44). In our data, 136 genes were differentially expressed between these two cell 

types (Fig. 4H, fold difference > 3, FDR < 5%). The divergent transcriptomes of the AWA and 

ASG neurons, along with the left and right ASE neurons, highlight the potential of cells that are 

extremely closely related in morphology and developmental lineage to feature distinct programs 

of gene regulation.  

Integration with transcription factor binding sites 

We hypothesized that correlating transcription factor (TF) binding patterns—profiled in 

ChIP-seq experiments from the modENCODE (45) and modERN (46) consortia—with cell type 
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gene expression profiles could give insights into the regulatory programs underlying the gene 

expression profiles. For each of 27 cell types, we constructed regularized regression models to 

predict each gene’s expression as a function of the TF ChIP peaks present in its promoter (Fig. 

5). We restricted a cell type’s model to those TFs that were detectably expressed within it (>10 

transcripts per million (TPM)), increasing the proportion of TF-to-cell-type associations that are 

likely to reflect causal gene regulation. Our regression analysis predicted gene expression by 

selecting numerous regulators critical for development or proper function-specific cell types, 

including hlh-1 and unc-120 in body wall muscle (47), pha-4 in pharyngeal cell types (48), hlh-8 

(CeTwist) in sex myoblasts (49), blmp-1 and nhr-25 in hypodermis (50, 51), elt-2 in the intestine 

(52), and xnd-1 in the germline (53, 54). 

The regression identified several putative novel regulators of cell-type specific 

expression. For example, fkh-8, which is expressed specifically in ciliated sensory neurons (our 

data and reporter construct from (55)) was predictive of their gene expression program (fig. S12). 

The uncharacterized TF F49E8.2 is expressed specifically in the germline and associated with 

germline gene expression (fig. S12). F49E8.2 is an ortholog of the human gene “E2F-associated 

phosphoprotein” (EAPP) (56), and F49E8.2 ChIP-seq peaks co-localize with germline-specific 

EFL-1 peaks (ortholog of E2F, data from (57)) more often than could be expected due to chance 

(fig. S13ab, χ2-test, p = 2.8 x 10-21), suggesting that these proteins may physically interact. The 

hypodermis-associated TFs blmp-1 and nhr-25 were also associated with gene expression in 

socket cells, excretory cells, and rectal cells. nhr-25 is expressed 4.5-fold higher in socket cells 

than in seam cells (560 vs. 124 TPM) and 8.7-fold more than in the non-seam hypodermis (560 

vs. 64 TPM), suggesting a role in glial development. 

Discussion 
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Our method for single cell RNA-seq combinatorial indexing of cells or nuclei can be applied to 

profile the transcriptomes of tens-of-thousands of single cells per experiment through a library 

construction completed by a single individual in two days at a cost of $0.03-$0.20 per cell. sci-

RNA-seq is compatible with cell fixation, which can minimize perturbations to cell state or RNA 

integrity before or during processing and facilitates the concurrent processing of multiple 

samples within a single experiment, potentially reducing batch effects relative to platforms 

requiring serial processing, an area of concern for the single cell RNA-seq field (58). Given that 

the second barcode is introduced after flow sorting, it is also possible to associate wells on the 

PCR plate with FACS-defined subpopulations. sci-RNA-seq is also compatible nuclei, which 

may be important for tissues for which unbiased cell disaggregation protocols are not well 

established (possibly most tissues).  Lastly, sci-RNA-seq is scalable. We demonstrate up to 576 x 

960 indexing, which enabled the generation of ~4 x 104 single cell transcriptomes in one 

experiment. However, processing of more cells with sub-linear cost scaling is possible by using 

more barcoded RT and PCR primers (e.g. 1,536 x 1,536 combinatorial indexing) and/or 

introducing additional rounds of indexing. With 384 x 384 x 384 combinatorial indexing, one 

can hypothetically profile the transcriptomes of over 10 million cells per experiment.  

With sci-RNA-seq we generated a catalog of single cell transcriptomes with over 50-fold 

“shotgun cellular coverage” of the L2 C. elegans soma. We detect 18 non-neuronal cell types 

and a multitude of neuronal cell types, which we grouped into either 10 broad classes or 40 fine-

grained clusters from an unsupervised analysis, highlighting the potential of an organism’s gene 

regulatory programs to be enacted at a fine-grained level. We anticipate these data will be a rich 

resource for nematode biology – a starting point for an atlas that leverages Sulston’s lineage map 

to define the molecular state of every cell throughout the life cycle of C. elegans. Furthermore, 

as illustrated by our experience with intestinal cells, the greater knowledge of “ground truth” for 
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C. elegans may further the refinement of experimental and computational methods for 

recovering and distinguishing cell types and states. 

sci-RNA-seq expands the repertoire of single cell molecular phenotypes that can be 

resolved by combinatorial indexing (25–28). Provided that multiple aspects of cellular biology 

can be concurrently barcoded, combinatorial indexing may also facilitate the scalable generation 

of ‘joint’ single cell molecular profiles (e.g. RNA-seq and ATAC-seq from each of many single 

cells). We also envision that large-scale, integrated profiling of the molecular states and lineage 

histories (59) of single cells in other organisms will begin to give shape to “global views” of 

their developmental biology. 
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Fig. 1. sci-RNA-seq enables multiplex single cell transcriptome profiling. (A) Schematic of 

sci-RNA-seq workflow. (B) Schematic of sci-RNA-seq library amplicons. Index2 and read1 

covers the i5 index, UMI and RT barcode. Index1 and read2 covers the i7 index and cDNA 

fragment. (C) Scatter plot of unique human and mouse UMI counts from 384 x 384 sci-RNA-seq. 

Blue: inferred mouse cells (n = 5953). Red: inferred human cells (n = 3967). Grey: collisions (n = 

884). (D) Scatter plot of unique human and mouse cell UMI counts from 96 x 96 sci-RNA-seq 

with optimized protocol. Blue: inferred mouse cells (n = 129). Red: inferred human cells (n = 160). 

Grey: collisions (n = 5). In (C) and (D), only cells originating from wells containing mixed human 

and mouse cells are shown. (E) Correlation between gene expression measurements in aggregated 

sci-RNA-seq profiles of NIH/3T3 cells (n = 238) vs. nuclei (n = 124). (F) tSNE plot of cells 

originating in wells containing HEK293T (red) (n = 60), HeLa S3 (blue) (n = 69) or a mixture 

(grey) (n = 321). (G) Correlation between gene expression measurements from aggregated sci-

RNA-seq data vs. bulk RNA-seq data from a related protocol (33). (E) and (G) include linear 

regression (red) and y=x (black) lines. 
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Fig. 2. sci-RNA-seq shows robust gene expression measurements. (A) Scatter plot of unique 

human and mouse UMI counts from a 16 x 84 sci-RNA-seq experiment on mixed HEK293T and 

NIH/3T3 cells. Blue: inferred mouse cells (n = 109). Red: inferred human cells (n = 168). Grey: 

collisions (n = 19). (B) Boxplots showing number of UMIs detected per cell. (C) Correlation 

between gene expression measurements in aggregated sci-RNA-seq profiles from experiments 

performed two months apart on independently grown and fixed cells. (D) Correlation between 

gene expression measurements in aggregated sci-RNA-seq profiles of fixed-fresh vs. fixed-

frozen cells. (C) and (D) include linear regression (red) and y=x (black) lines. 
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Fig. 3. A single sci-RNA-seq experiment highlights the single cell transcriptomes 

comprising the C. elegans larva. (A) t-SNE visualization of the high-level cell types identified. 

(B) Bar plot showing the proportion of somatic cells profiled in the first sci-RNA-seq C. elegans 

experiment that could be identified as belonging to each cell type (red) compared to the 

proportion of cells from that type present in an L2 C. elegans individual (blue). (C) Scatter plots 

showing the log-scaled transcripts per million (TPM) of genes in the aggregation of all sci-RNA-

seq reads (x axis) or in bulk RNA-seq (y axis; geometric mean of 3 experiments). Top plot 

includes only the first sci-RNA-seq experiment. Bottom plot also includes intestine cells from 

the second sci-RNA-seq experiment. (D) Number of genes that are enriched at least 5-fold in a 

specific tissue relative to the 2nd-highest-expressing tissue, excluding genes for which the 

differential expression between the 1st and 2nd-highest expressing tissues is not significant (q-

value > 0.05). (E) Same as (D) except comparing cell types instead of tissues. (F) Heatmap 

showing the relative expression of genes in consensus transcriptomes for each cell type estimated 

by sci-RNA-seq. Genes are included if they have a size-factor-normalized mean expression 

of >0.05 in at least one cell type (8,613 genes in total). The raw expression data (UMI count 

matrix) is log-transformed, column centered and scaled (using the R function scale), and the 

resulting values are clamped to the interval [-2, 2]. 
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Fig. 4. sci-RNA-seq reveals the transcriptomes of fine-grained anatomical classes of C. 

elegans neurons. (A) t-SNE visualization of high-level neuronal subtypes. Cells identified as 

neurons from the t-SNE clustering shown in Fig. 3A were re-clustered with t-SNE. (B) Clusters 

in the neuron t-SNE that can be identified as corresponding to one, two, or four specific neurons 
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in an individual C. elegans larva. The number of neurons of each type are shown in parentheses. 

(C) Heatmap showing the relative expression of neuron-enriched genes across 40 neuron clusters 

identified by t-SNE and density peak clustering. Genes are included if their expression in the 

aggregate transcriptome of all neurons in our data is >5-fold higher than their expression in any 

other tissue, excluding cases where the differential expression is not significant (q-value > 0.05). 

(D) Distribution for each neuron cluster of the number of genes that are expressed >5-fold higher 

in that cluster than in the 2nd-highest expressing neuron cluster (q-value for differential 

expression < 0.05). (E) Cartoon illustrating the position of the left and right ASE neurons (pink) 

relative to the pharynx (green); reproduced with permission from www.wormatlas.org (60). (F) 

Volcano plot showing differentially expressed genes between the left and right ASE neurons. 

Points in red correspond to genes that are differentially expressed (q-value < 0.05) with a > 3-

fold difference between the higher- and lower-expressing neuron(s). (G) The left AWA and ASG 

neurons arise from the embryonic cell AB plaapapa; the right AWA and ASG neurons arise from 
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AB praapapa. (H) Volcano plot showing differentially expressed genes between the AWA and 

ASG neurons.  
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Fig. 5. Cell type specific expression profiles from sci-RNA-seq enable the deconvolution of 

whole-animal transcription factor ChIP-seq data. For each of 27 cell types, a regularized 

regression model was fit to predict log-transformed gene expression levels in that cell type on the 

basis of ChIP-seq peaks in gene promoters (31). The ChIP-seq data was generated by the 

modENCODE (61) and modERN consortia (46), profiling transcription factor binding in whole 

C. elegans animals. “EM” next to a TF label indicates the ChIP-seq data for the TF is from an 

embryonic stage, while “PE” indicates the data is from a post-embryonic stage. Colors in the 

heatmap show the extent to which having a ChIP-seq peak for a given TF in a gene promoter 

correlates with increased expression in a given cell type. Peaks in “HOT regions” (31) are 

excluded. Grey cells in the heatmap correspond to cases where a TF is not expressed in a cell 

type (< 10 TPM), in which case ChIP-seq data for that TF is not considered by the regression 

model. 
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Supplementary Materials: 

Materials and Methods 

Figures S1-S24 

Supplementary Materials: 

Materials and Methods:  

Mammalian cell culture 

All mammalian cells were cultured at 37°C with 5% CO2, and were maintained in high 

glucose DMEM (Gibco cat. no. 11965) supplemented with 10% FBS and 1X Pen/Strep (Gibco 

cat. no. 15140122; 100U/ml penicillin, 100µg/ml streptomycin). Cells were trypsinized with 

0.25% typsin-EDTA (Gibco cat. no. 25200-056) and split 1:10 three times a week. 

 

Generation of whole C. elegans cell suspensions  

A C. elegans strain (RW12139 stIs11435(unc-120::H1-Wcherry;unc-119(+));unc-

119(tm4063)) carrying an integrated Punc-120::mCherry gene in a wild type background was 

used in all experiments. A synchronized L2 population was obtained by two cycles of bleaching 

gravid adults to isolate fertilized eggs allowing the eggs to hatch in the absence of food to 

generate a population of starved L1 animals. Around 150,000 L1 larvae were plated on each 100 

mm petri plate seeded with NA22 bacteria and incubated at 24°C for 15 hr to produce early L2 

larvae. Dissociated cells were recovered following a published protocol (62) with modification. 

Specifically, L2 stage worms were collected by adding 10 ml sterile ddH2O to each plate. The 

collected L2s were pelleted by centrifugation at 1300 g for 1 min. The larval pellet was washed 

five times with sterile ddH2O to remove bacteria. The resulting pellet was transferred to a 1.6 ml 
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microcentrifuge tube. Around 40 µl of the final compact pellet was used for each cell 

dissociation experiment. The worm pellet was treated with 250 µl of SDS-DTT solution (20 nM 

HEPES pH8, 0.25% SDS, 200 mM DTT, 3% sucrose) for 4 min. Immediately after SDS-DTT 

treatment, egg buffer (118 mM NaCl. 48 mM KCl. 3 mM CaCl2. 3 mM MgCl2. 5 mM HEPES 

(pH 7.2) was added to the SDS-DTT treated worms. Worms were pelleted at 500 g for 1 min, 

then washed 5 times with egg buffer). Pelleted SDS-DTT treated worms were digested with 200 

µl of 15 mg/ml pronase (Sigma-Aldrich, St. Louis, MO) for 20 min. The treated worms were 

broken up to release cells by aspirating up and down through 21G1 ¼ needle. When sufficient 

single cells were observed the reaction was stopped by adding 900 µl L-15 medium containing 

10% fetal bovine serum. Cells were separated from worm debris by centrifuging the pronase-

treated worms at 150 g for 5 min at 4°C. The supernatant was transferred to 1.6 ml 

microcentrifuge tube and centrifuged at 500 g for 5 min at 4°C. The cell pellet was washed twice 

with egg-buffer containing 1% BSA.  

Sample processing 

All cell lines were trypsinized, spun down at 300xg for 5 min (4°C) and washed once in 

1X PBS. C. elegans cells were dissociated as described above. 

For sci-RNA-seq on whole cells, 5M cells were fixed in 5 mL ice-cold 100% methanol at 

-20°C for 10 min, washed twice with 1 ml ice-cold 1X PBS containing 1% diethyl pyrocarbonate 

(0.1% for C. elegans cells) (DEPC; Sigma-Aldrich), washed three times with 1 mL ice-cold PBS 

containing 1% SUPERase In RNase Inhibitor (20 U/µL, Ambion) and 1% BSA (20 mg/ml, 

NEB). Cells were resuspended in wash buffer at a final concentration of 5000 cells/ul. For all 

washes, cells were pelleted through centrifugation at 300xg for 3 min, at 4°C.  
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For sci-RNA-seq on nuclei, 5M cells were combined and lysed using 1 mL ice-cold lysis 

buffer (10 mM Tris-HCl, pH 7.4, 10 mM NaCl, 3 mM MgCl2 and 0.1% IGEPAL CA-630 from 

(63)), modified to also include 1% SUPERase In and 1% BSA). The isolated nuclei were then 

pelleted, washed twice with 1 mL ice-cold 1X PBS containing 1% DEPC, twice with 500 µL 

cold lysis buffer, once with 500 µL cold lysis buffer without IGEPAL CA-630, and then 

resuspended in lysis buffer without IGEPAL CA-630 at a final concentration of 5000 nuclei/µL. 

For all washes, nuclei were pelleted through centrifugation at 300xg for 3 min. at 4°C).  

For cell-mixing experiments, trypsinized cells were counted and the appropriate number 

of cells from each cell line were combined prior to fixation or lysis. Fixed cells or nuclei were 

then distributed into 96- or 384-well plates. For each well, 1,000-10,000 cells or nuclei (2 µL) 

were mixed with 1 µl of 25 µM anchored oligo-dT primer (5′-

ACGACGCTCTTCCGATCTNNNNNNNN[10bp 

index]TTTTTTTTTTTTTTTTTTTTTTTTTTTTTTVN-3′, where “N” is any base and “V” is 

either “A”, “C” or “G”; IDT) and 0.25 µL 10 mM dNTP mix (Thermo), denatured at 55°C for 5 

min and immediately placed on ice. 1.75 µL of first-strand reaction mix, containing 1 µL 5X 

Superscript IV First-Strand Buffer (Invitrogen), 0.25 µl 100 mM DTT (Invitrogen), 0.25 µl 

SuperScript IV reverse transcriptase (200 U/μl, Invitrogen), 0.25 μL RNaseOUT Recombinant 

Ribonuclease Inhibitor (Invitrogen), was then added to each well. Of note, the RT efficiency was 

affected by the number of cells (or nuclei) per reaction and too many cells (>4,000) per reaction 

resulted in lower reaction efficiency and higher impurity. For optimized efficiency, we use 2,000 

mammalian cells or 5,000 mammalian nuclei per well for RT reaction. Reverse transcription was 

carried out by incubating plates at 55°C for 10 min, and was stopped by adding 5 μl 2X stop 

solution (40 mM EDTA, 1 mM spermidine) to each well. All cells (or nuclei) were then pooled, 

stained with 4',6-diamidino-2-phenylindole (DAPI, Invitrogen) at a final concentration of 3 μM, 



 58 

and sorted at varying numbers of cells/nuclei per well (depending on experiment) into 5 uL 

buffer EB using a FACSAria III cell sorter (BD). Cells are gated based on DAPI stain such that 

singlets are discriminated from doublets and sorted into the each well. 0.5 μl mRNA Second 

Strand Synthesis buffer (NEB) and 0.25 μl mRNA Second Strand Synthesis enzyme (NEB) were 

then added to each well, and second strand synthesis was carried out at 16°C for 150 min. The 

reaction was then terminated by incubation at 75°C for 20 min. 

Tagmentation was carried out on double-stranded cDNA using the Nextera DNA Sample 

Preparation kit (Illumina). Each well was mixed with 5 ng Human Genomic DNA (Promega), as 

carrier to avoid over-tagmentation and reduce losses during purification, 5 μL Nextera TD buffer 

(Illumina) and 0.5 μL TDE1 enyzme (Illumina), and then incubated at 55°C for 5 min to carry 

out tagmentation. Note that because the PCR primers used to amplify libraries are specific to the 

RT products, tagmented carrier genomic DNA are not appreciably amplified or sequenced. The 

reaction was then stopped by adding 12 μL DNA binding buffer (Zymo) and incubating at room 

temperature for 5 min. Each well was then purified using 36 uL AMPure XP beads (Beckman 

Coulter), eluted in 16 μL of buffer EB (Qiagen), then transferred to a fresh multi-well plate. 

For PCR reactions, each well was mixed with 2μL of 10 μM P5 primer (5′-

AATGATACGGCGACCACCGAGATCTACAC[i5]ACACTCTTTCCCTACACGACGCTCTT

CCGATCT-3′; IDT), 2 μL of 10 μM P7 primer (5′-

CAAGCAGAAGACGGCATACGAGAT[i7]GTCTCGTGGGCTCGG-3′; IDT), and 20 μL 

NEBNext High-Fidelity 2X PCR Master Mix (NEB). Amplification was carried out using the 

following program: 72°C for 5 min, 98°C for 30 sec, 18-22 cycles of (98°C for 10 sec, 66°C for 

30 sec, 72°C for 1 min) and a final 72°C for 5 min. After PCR, samples were pooled and purified 

using 0.8 volumes of AMPure XP beads. Library concentrations were determined by Qubit 

(Invitrogen) and the libraries were visualized by electrophoresis on a 6% TBE-PAGE 
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gel. Libraries were sequenced on the NextSeq 500 platform (Illumina) using a V2 75 cycle kit 

(Read 1: 18 cycles, Read 2: 52 cycles, Index 1: 10 cycles, Index 2: 10 cycles). 

sci-RNA-seq with three-level indexing 

Cells were harvested and processed for reverse transcription following the same procedure as 

sci-RNA-seq with two-level indexing. After reverse transcription, each well was mixed with 0.66 

μL second strand synthesis buffer (NEB), 0.33 μL second strand synthesis enzyme (NEB), and 

incubated at 16°C for 2 hours. Cells from all wells were pooled and distributed to a new 96 well 

plate (4.5 μL per well). 5 μL Nextera TD buffer (Illumina) and 0.5 μL indexed TDE1 enzyme 

(Illumina) were added to each well. Tagmentation was performed at 55°C for 10 min and 

stopped by adding 5 μl 2X stop solution (40 mM EDTA, 1 mM spermidine) to each well. All 

cells (or nuclei) were then pooled, stained with 4',6-diamidino-2-phenylindole (DAPI, 

Invitrogen) at a final concentration of 3 μM, and sorted at varying numbers of cells/nuclei per 

well (depending on experiment) into 5 μL buffer (4.6 μL EB buffer, 0.2 μL 1% SDS, 0.2 μL 

BSA (NEB)) using a FACSAria III cell sorter (BD). Cells are gated based on DAPI stain such 

that singlets are discriminated from doublets and sorted into the each well. After sorting, each 

well was mixed with 1 μL of 10 μM P7 primer (5′-

CAAGCAGAAGACGGCATACGAGAT[i7]GTCTCGTGGGCTCGG-3′, IDT) and incubated at 

55°C for 15 min. Then each well was added with 1 μL 10% Tween-20, 1 μL nuclease-free water, 

1μL of 10 μM indexed P5 primer (5′-

AATGATACGGCGACCACCGAGATCTACAC[i5]ACACTCTTTCCCTACACGACGCTCTT

CCGATCT-3′; IDT), and 10 μL NEBNext High-Fidelity 2X PCR Master Mix (NEB). 

Amplification program and following steps were the same with sci-RNA-seq with two-level 

indexing. 

Read alignments and construction of gene expression matrix 
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Base calls were converted to fastq format and demultiplexed using Illumina’s bcl2fastq/ 

2.16.0.10 tolerating one mismatched base in barcodes (edit distance (ED) < 2). Data were 

processed with GNU Parallel (64). Demultiplexed reads were then adaptor clipped using 

trim_galore/0.4.1 with default settings. Trimmed reads were mapped to the human reference 

genome (hg19), mouse reference genome (mm10), C.elegans reference genome (PRJNA13758) 

or a chimeric reference genome of hg19, mm10 and PRJNA13758, using STAR/v 2.5.2b (65) 

with default settings and gene annotations (GENCODE V19 for human; GENCODE VM11 for 

mouse, WormBase PRJNA13758.WS253.canonical_gene set for C.elegans). Uniquely mapping 

reads were extracted, and duplicates were removed using the unique molecular identifier (UMI) 

sequence (ED < 2, including insertions and deletions), reverse transcription (RT) index, and read 

2 end-coordinate (i.e. reads with identical UMI, RT index, and tagmentation site were considered 

duplicates). Finally, mapped reads were split into constituent cellular indices by further 

demultiplexing reads using the RT index (ED < 2, including insertions and deletions). For 

mixed-species experiment, the percentage of uniquely mapping reads for genomes of each 

species was calculated. Cells with over 85% of UMIs assigned to one species were regarded as 

species-specific cells, with the remaining cells classified as mixed cells or “collisions”. The 

collision rate was calculated as twice the ratio of mixed cells (as we are blind to collisions 

involving cells of the same species). For gene body coverage analysis of exonic reads, the split 

human and mouse single cell SAM files were concatenated and exonic reads were selected and 

analyzed using RSEQC/2.6.1, using BED annotation files downloaded from the UCSC Golden 

Path. For read position analysis for intronic reads, the split human and mouse single cell SAM 

files were concatenated and intronic reads were selected; the fractional position of each intronic 

read along the genomic distance between the TSS and transcript terminus was calculated, and 

these values used to generate a density plot.  
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To generate digital expression matrices, we calculated the number of strand-specific 

UMIs for each cell mapping to the exonic and intronic regions of each gene with python HTseq 

package (66). Generally, fewer than 3% of total UMIs strand-specifically mapped to multiple 

genes. For multi-mapped reads, reads were assigned to the closest gene, except in cases where 

another intersected gene fell within 100 bp to the end of the closest gene, in which case the read 

was discarded. For most analyses we included both expected-strand intronic and exonic UMIs in 

per-gene single-cell expression matrices. 

For sci-RNA-seq with three-level indexing, reads were analyzed with the same 

procedure, except that RT index was combined with Tn5 index, and thus the mapped reads were 

split into constituent cellular indices by demultiplexing reads using both the RT index and Tn5 

index (ED < 2, including insertions and deletions). 

t-SNE visualization of HEK293T cells and HeLa S3 cells 

We visualized the clustering of sci-RNA-seq data from populations of pure HEK293T, 

pure HeLa S3 and mixed HEK293T + HeLa S3 cells using t-Distributed Stochastic Neighbor 

Embedding (t-SNE). Cells with more than 100,000 UMIs were discarded. The top 3,000 genes 

with the highest variance in the digital gene expression matrix for these cells were first given as 

input to Principal Components Analysis (PCA). The top 10 principal components were then used 

as the input to t-SNE, resulting in the two-dimensional embedding of the data shown in Fig. 1F. 

The process was repeated using only intronic reads (fig. S4C). For this analysis, the top 2,000 

(instead of 3,000) highly variable genes were used as input to PCA; all other parameters 

remained unchanged. 

Genotyping of single HeLa cells by 3’ tag sequences 
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HeLa S3 cell identity was verified on the basis of homozygous alleles not present in the 

hg19 assembly, using a callset derived from (67). Single-cell BAM files (with cellular indices 

encoded in the “read_id” field) were concatenated, and then processed as follows using a python 

wrapper of the samtools API (i.e. pysam). For each homozygous alternate SNV overlapping with 

a GENCODE V19 defined gene (n = 865,417) in the HeLa S3 variant callset, we computed the 

fraction of matching (i.e. HeLa S3 specific) alleles, and computed this value for all cells where at 

least 1 read containing a polymorphic site. We then re-plotted in R the tSNE visualization shown 

in fig. S4B, now colored by the relative fraction of homozygous alternate alleles called for each 

cell. 

Comparing sci-RNA-seq and bulk RNA-seq data for HEK293T cells 

To compare aggregated sci-RNA-seq single cell transcriptomes with bulk RNA-seq, we 

performed bulk RNA-seq using a modified protocol (33). In brief, 500 ng total RNA extracted 

from three biological replicate HEK293T samples (extraction using RNeasy kit (Qiagen)) with 

the RNeasy kit (Qiagen) were used for reverse transcription following the standard SuperScript 

II protocol. 500 ng total RNA (in 9 μL water) was mixed with 2 µL 25 uM oligo-dT(VN) (5′-

ACGACGCTCTTCCGATCTNNNNNNNN[10bp 

index]TTTTTTTTTTTTTTTTTTTTTTTTTTTTTTVN-3′, where “N” is any base and “V” is 

either “A”, “C” or “G”; IDT) and 1 μL 10 mM dNTPs, then incubated at 65°C for 5 min 

Following incubation, 8 μL reaction mix (4 μL 5X Superscript II First-Strand Buffer, 2 μl 100 

mM DTT, 1 μl SuperScript II reverse transcriptase, 1 μL RnaseOUT) was added. Reactions were 

incubated at 42°C for 50 min and terminated at 70°C for 15 min. For second strand synthesis, 2 

μL RT product was mixed with 6.5 μL water, 1 μL mRNA Second Strand Synthesis buffer 

(NEB) and 0.25 μl mRNA Second Strand Synthesis enzyme (NEB). Second strand synthesis was 

carried out at 16°C for 150 min, followed by 75°C for 20 min. Tagmentation was carried out by 
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adding 10 μL Nextera TD buffer, 1 μL Nextera Tn5 enyzme and incubating at 55°C for 5 min. 

Tagmented cDNA was purified using a Clean & ConcentratorTM-100 kit (Zymo) and eluted in 16 

uL buffer EB. PCR, purification, and quantification were then performed as detailed above.  

For comparing single cell RNA-seq and bulk RNA-seq, single cell gene counts of exonic 

reads and intronic reads were added for the same gene from sci-RNA-seq of pure HEK293T cells 

as well as HEK293T cells identified from HEK293T and NIH/3T3 mixed cells. Counts for bulk 

RNA-seq of HEK293T cells were extracted based on the RT barcode and aggregated separately, 

again adding exonic and intronic read counts per gene. Transcript counts were converted to 

transcripts per million (TPM) and then transformed to log(TPM + 1). Pearson correlation 

coefficients were calculated between the aggregated sci-RNA-seq and bulk RNA-seq data using 

R. 

Analysis of C. elegans whole-organism sci-RNA-seq experiments 

Both C. elegans sci-RNA-seq experiments were processed identically except as noted. A 

digital gene expression matrix was constructed from the raw sequencing data as described above. 

Cells with UMI count for protein-coding genes < 100 (experiment 1) or < 200 (experiment 2; 

higher threshold to compensate for slightly more leakage between cells) were excluded from the 

analysis. The dimensionality of this matrix was reduced first with PCA (40 components) and 

then with t-SNE, giving a two-dimensional representation of the data. This t-SNE was performed 

using the implementation in Monocle version 2.3.5 (68). Similar to the approach in (69), cells in 

this two-dimensional representation were clustered using the density peak algorithm (70) as 

implemented in Monocle 2.3.5. Genes specific to each cluster were identified and compared to 

microscopy-based expression profiles reported in the literature (fig. S15-23), allowing the 

distinct cell types represented in each cluster to be identified. Based on these results, in 

experiment 1, we manually merged two clusters that both corresponded to body wall muscle, and 
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manually split two clusters that included hypodermis, somatic gonad cells, and glia. Seven 

clusters exclusively contained neurons. We identified neuronal subtypes applying PCA, t-SNE, 

and density peak clustering to this subset of cells using the same approach as for the global 

cluster analysis. 

In addition to neurons, body wall and intestinal/rectal muscle cells, pharyngeal cells, 

hypodermal cells, glial cells, intestinal cells (from experiment 2), gonad cells, and coelomocytes 

were each independently sub-clustered. Clusters from these iterative t-SNE analyses that featured 

expression of marker genes from multiple tissues were identified as likely doublets. These cells, 

which comprised ~2.5% of the total, were excluded from all downstream analyses. 

Consensus expression profiles for each cell type except intestine were constructed by first 

dividing each column in the gene-by-cell digital gene expression matrix for experiment 1 by the 

cell's size factor and then for each cell type, taking the mean of the normalized UMI counts for 

the subset of cells assigned to that cell type. These mean normalized UMI counts were then re-

scaled to transcripts per million. Cells that had a UMI count of less than one quarter of the 

median for their assigned cell type were excluded from the consensus expression profiles. The 

intestine consensus expression profile was generated in the same manner, but used cells from 

experiment 2 instead of experiment 1. 

95% confidence intervals for the mean expression of each gene in each cell type were 

estimated using a normal approximation to the negative binomial distribution. For each cell type, 

the expression of a given gene was assumed to follow a negative binomial distribution, with a 

mean μ and dispersion parameter α estimated using Monocle’s estimateDispersions function 

(using only cells of that particular cell type). The variance of this random variable is equal to μ + 

μ2α. By the central limit theorem, the values of the estimate for the mean will asymptotically 

approach a distribution N(μ, (μ + μ2α) / n), where n is the number of cells of the cell type in 
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question. Confidence intervals for the true value of μ are computed based on this normal 

approximation. 

 Genes with expression patterns highly enriched in a single tissue were identified as 

follows. For each gene (excluding those expressed in fewer than 10 cells), the tissue in which it 

is expressed highest and the tissue in which it is expressed second-highest (relative to other 

tissues) are enumerated. The gene is considered enriched in the highest expressing tissue if it is 

both expressed at a >5-fold greater level than in the second-highest expressing tissue and the 

differential expression of this gene between the highest and second-highest expressing tissues is 

non-zero at a false detection rate of < 5%. The differential expression tests are performed with 

the differentialGeneTest function of Monocle 2 (68). The false detection rates are computed 

based on the tests for all genes, not just the genes with a given highest/second-highest expressing 

tissue. Genes with expression patterns enriched in a single cell type or a single neuron cluster 

were identified using the same method (i.e. comparing the highest and second-highest expressing 

cell type instead of tissue). 

 Differential expression tests for analyses presented in Fig. 4F,H and fig. S10B,D,F were 

also conducted using the differentialGeneTest function of Monocle 2, excluding genes expressed 

in fewer than 10 cells total among the cell types being compared (e.g. when comparing the ASEL 

vs. ASER neurons, genes are considered if they are expressed in at least 10 ASEL/R cells).  

Integration of sci-RNA-seq expression profiles and modENCODE (61)/modERN (46) ChIP-seq 

data 

Transcription factor (TF) ChIP-seq datasets were downloaded from the ENCODE data 

portal. The ChIP-seq data included experiments conducted on whole embryos or whole larvae at 

different developmental stages. ChIP peaks for the same TF were merged if they overlapped and 
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were either both from an embryonic stage experiment or both from a post-embryonic stage 

experiment. If a TF had both embryonic and post-embryonic data available, only the post-

embryonic data was used. 

 A ChIP-seq peak was considered to be associated with a gene if: 1) the peak summit was 

within 2 kb of the canonical transcription start site (TSS) for the gene, 2) the distance from the 

peak summit to the second closest TSS (regardless of strand) was at least 50% greater than the 

distance to the closest TSS, and 3) the peak overlapped peaks for < 20% of assayed TFs from the 

same broad developmental stage (embryonic or post-embryonic). This excludes so-called “HOT 

regions” which are likely to reflect either non-sequence-specific TF binding or an artifact of the 

ChIP-seq assay (71). 

 Each gene-associated ChIP-seq peak is assigned a score equal to 0.2 minus the proportion 

of assayed TFs from the same broad developmental stage (embryonic or post-embryonic) that 

have peaks which overlap the peak in question. This serves to further down-weight peaks in 

marginally HOT regions. Each gene is assigned a score for each TF that is equal to the maximum 

peak score of all peaks for the TF that are assigned to the gene (or zero, if no such peaks exist). 

These scores are referred to as “TF association scores” below. 

 For each of the 27 cell types with sci-RNA-seq consensus expression profiles, a 

regression model was constructed to predict the expression levels of genes in the given cell type 

based on the TF association scores for each individual gene. The response in these models was 

log2(transcripts per million + 1) for each gene. The features are the TF association scores for 

each gene; however, only scores for TFs that are expressed with at least 10 transcripts per 

million in the cell type in question are included as features. The models are fit using elastic net 

regularization as implemented in the R package glmnet. Model coefficients shown in Fig. 5 are 

from models fit with the largest regularization parameter that gives a mean squared error (MSE) 
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less than 1 standard error from the MSE of a model with the optimal regularization parameter, as 

inferred by cross validation (“lambda.1se”). 

 To identify pairs of TFs that have co-localized binding patterns more often than could be 

expected by chance (fig. S13), peaks were first clustered by recursively merging those with 

summits within 150 bp of each other. This analysis was limited to TFs with ChIP-seq data from 

post-embryonic worms, and also included germline-specific ChIP-seq for EFL-1 and DPL-1 

produced by (57). Peak clusters that contained peaks for >20% of the TFs (“HOT regions”) were 

excluded from further analysis. Peak clusters were associated with genes using the same criteria 

as used for individual peaks (described above, treating the midpoint of the cluster’s genomic 

interval as the “summit” of the cluster). Peak clusters that could not be associated with a gene 

were excluded from further analysis. From the remaining peak clusters, a matrix was constructed 

where the rows are identifiers for each peak cluster and the columns are binary variables with 

value 1 if the cluster includes at least one peak for a given TF, 0 otherwise.  

 This matrix was used as input to the Graphical LASSO (72), an algorithm which provides 

robust estimates of partial correlations between a set of random variables given a limited number 

of observations and under the assumption that most variables are conditionally independent from 

another. In this context, the partial correlation between two columns of the input matrix is equal 

to the correlation of the events “>0 peaks for TF 1 are present in this peak cluster” and “>0 peaks 

for TF 2 are present in this peak cluster”, conditioned on the presence or absence of peaks for all 

other TFs. The Graphical LASSO was applied to either the full matrix (fig. S13D) or the subset 

of rows in the matrix that corresponded to peak clusters in the promoters of gonad-enriched 

genes (fig. S13A) or neuron-enriched genes (fig. S13C). From the partial correlations outputted 

by each Graphical LASSO, we constructed a network where the nodes are TFs (columns in the 
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matrix) and undirected edges connect each pair of TFs for which the partial correlation in either 

direction (TF 1 → TF 2 or TF 2 → TF 1) is > 0.01. 

 The Graphical LASSO model requires a regularization parameter to be set by the user, 

with increasing values. We set this parameter to the smallest value that satisfied the requirement 

that the probability that a non-zero partial correlation in the output is in fact zero in the “true” 

model—the false detection rate—is less than 5%. To find a mapping between regularization 

parameter values and the false detection rate, we constructed a null model by shuffling the values 

of the input matrix in a manner that preserves both row and column sums, using the CurveBall 

algorithm (73). In a shuffled matrix, all non-zero partial correlations reported by the Graphical 

LASSO are false detections. We therefore estimate the false detection rate of a given 

regularization parameter value to be equal to the mean number of non-zero partial correlations 

reported by the Graphical LASSO for shuffled matrices (averaging over 50 shuffles) divided by 

the number of non-zero partial correlations reported by the Graphical LASSO on the unshuffled 

input data. 

Cost estimation 

Using the 576 x 960 sci-RNA-seq experiment as an example, reagent costs are largely 

enzyme-driven and include SuperScript IV reverse transcriptase ($934), second strand synthesis 

mix ($750), Nextera Tn5 enzyme ($5,000), NEBnext master mix ($1,150), FACS sorting ($250) 

and other reagents and plates ($250). If we sort 60 cells per well (assuming recovery rate is 

100%) for 960 wells (5% collision rate), then the reagent cost of library preparation is around 

$0.14 per cell (expected yield of around 55,000 cells). However, it is worth noting that simply 

increasing the number of cells sorted per well decreases costs (e.g. sorting 150 cells to each well 

would yield around 140,000 cells at a cost of $0.05 per cell), but also results in an increased 

collision rate (12%). Alternatively, by increasing to 1,536 barcodes during the first (RT-based) 
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round of indexing, we can sort up to 320 cells per well at a 10% collision rate, thereby reducing 

the cost per cell to less than $0.025 per cell. Straightforward reductions in reaction volumes 

and/or in-house enzyme production at all steps may also lead to further reductions in costs, as 

would additional rounds of molecular indexing. For example, with 384 x 384 x 384 

combinatorial indexing, we can potentially uniquely barcode the transcriptomes of around 12 

million cells at a 10% collision rate, corresponding to >200-fold increase in detection capacity 

relative to the 576 x 960 experiment, without much increase in reagent costs.   



 70 

Supplementary Figures 

 

Fig. S1 

Combinatorial indexing with increasing numbers of reverse transcription (RT) barcodes 

enables sublinear scaling of cost per cell. Plot assumes two-level indexing and estimates how 

detection capacity (i.e. the number of cells detected in a sci-RNA-seq experiment, red) and cost 

per cell (blue) vary as a function of the number of RT barcodes used, assuming a collision rate of 

5%. 
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Fig. S2 

sci-RNA-seq is compatible with isolated nuclei as starting material. (A) Scatter plot of unique 

human and mouse nuclei UMI counts from a 96 x 96 sci-RNA-seq experiment. This experiment 

included different cell populations, but only cells originating from a mixture of human (HEK293T) 

and mouse (NIH/3T3) nuclei are plotted here. Inferred mouse cells (n = 124) are colored in blue; 

inferred human cells (n = 48) are colored in red, and “collisions” (n = 3) are colored in grey. (B to 

C) Boxplots showing the number of UMIs (B) and genes (C) detected per cell in nuclear sci-RNA-

seq experiments. (D) Correlation between gene expression measurements in aggregated sci-RNA-

seq profiles of HEK293T cells (n = 328) vs. HEK293T nuclei (n = 48), together with a linear 

regression line (red) and y=x line (black). 
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Fig. S3 

Positional bias of exonic and intronic sci-RNA-seq reads. (A) Density plot showing that as 

expected, sci-RNA-seq reads mapping to exons are strongly biased to originate near the 3’ ends 

of transcripts (intronic regions excluded from percentile scaling). (B) Density plot showing that 

in contrast, sci-RNA-seq reads mapping to introns do not exhibit 3’ bias (intronic regions 

included in percentile scaling). Y-axis is scaled to the ratio of max. 
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Fig. S4 

Quality control for sci-RNA-seq on mixed populations of HeLa S3 and HEK293T cells. (A) 

Correlation between gene expression measurements in aggregated sci-RNA-seq profiles of HeLa 

S3 vs. HEK293T cells, together with a linear regression line (red) and y=x line (black). (B) tSNE 

plot (as in Fig. 1F), with cells colored by fraction of reads harboring HeLa S3 specific SNVs 

(single nucleotide variants) relative to hg19 assembly. (C) tSNE using digital gene expression 

matrices constructed from only intronic reads. Cells are colored by the population from which 

they derived, with pure HEK293T in red, pure HeLa S3 in blue, and mixed cells in grey. 
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Fig. S5 

sci-RNA-seq shows robust gene expression measurements. (A) Boxplots showing the number 

of genes detected per cell in a 16 x 84 well sci-RNA-seq experiment. (B) Correlation between 

gene expression measurements in aggregated sci-RNA-seq profiles of NIH/3T3 cells from two 

sci-RNA-seq experiments, performed two months apart and on independently grown and fixed 

cells, together with a linear regression line (red) and y=x line (black). (C) Scatter plot of unique 

human and mouse UMI counts from a 16 x 84 sci-RNA-seq experiment on mixed HEK293T and 
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NIH/3T3 cells after methanol fixation and freezing at -80°C for 4 days. Inferred mouse cells (n = 

90) are colored in blue; inferred human cells (n = 89) are colored in red, and “collisions” (n = 6) 

are colored in grey. (D) Correlation between gene expression measurements in aggregated sci-

RNA-seq profiles of fixed-fresh vs. fixed-frozen NIH/3T3 cells, together with a linear regression 

line (red) and y=x line (black). 

 

Fig. S6 
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Representative result from sci-RNA-seq with 3-level indexing. (A) Scatter plot of unique 

human and mouse UMI counts from a 16 x 6 x 16 sci-RNA-seq experiment on mixed HEK293T 

and NIH/3T3 cells. Inferred mouse cells (n = 62) are colored in blue; inferred human cells (n = 

119) are colored in red, and “collisions” (n = 5) are colored in grey. (B) Correlation between 

gene expression measurements in aggregated sci-RNA-seq profiles of HEK293T cells with 2-

level vs. 3-level indexing, together with a linear regression line (red) and y=x line (black). (C) 

Correlation between gene expression measurements in aggregated sci-RNA-seq profiles of 

NIH/3T3 cells in sci-RNA-seq with 2-level vs. 3-level indexing, together with a linear regression 

line (red) and y=x line (black). (D to E) Boxplots showing the number of UMIs detected per 

HEK293T cell (D) and NIH/3T3 cell (E) in sci-RNA-seq with 2-level or 3-level indexing, 

sampling 15,000 total reads per cell. (F to G) Boxplots showing the number of genes detected 

per HEK293T cell (F) and NIH/3T3 cell (G) in sci-RNA-seq with 2-level or 3-level indexing, 

sampling 15,000 total reads per cell. (H) Plot illustrating how estimated detection capacity (i.e. 

the number of cells detected in a sci-RNA-seq experiment, red) varies as a function of number of 

rounds of indexing used, assuming a collision rate of 10% and 384 indexes at each level.  
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Fig. S7 

Quality control metrics for C. elegans sci-RNA-seq experiments. (A) Distribution of number 

of protein-coding genes and UMI counts (mapping to protein-coding genes) detected per C. 

elegans cell. (B) Scatter plot of unique UMI counts per cell from a sci-RNA-seq experiment 

performed on mixture of HEK293T (human) and C. elegans cells. 
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Fig. S8 

A second C. elegans sci-RNA-seq experiment recovers intestine cells. (A) t-SNE visualization 

of cells from the second C. elegans experiment, which included all cells (96 wells) or only cells 

with high DAPI stain (48 wells). 511 intestine cells were successfully recovered. (B) Expression 

of the cuticle collagens dpy-5, sqt-1, and col-12 in cells from experiments 1 and 2. t-SNE 
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coordinates for cells are the same as in Fig. 3A (for experiment 1) and (A) (for experiment 2), 

but only hypodermal cells are shown. dpy-5 and sqt-1 are expressed during the synthesis of new 

cuticle preceding each larval molt, while col-12 is expressed during molting and ecdysis (74). 

(C) Expression of the signaling gene qua-1, the protease inhibitor mlt-11, and the collagen col-

103, in experiments 1 and 2. qua-1 and mlt-11 are expressed at the initiation of new cuticle 

synthesis (75). col-103 is expressed in the intermolt, after ecdysis but before new cuticle 

synthesis begins (36). Taken together with (B), the expression patterns suggest that the worms in 

experiment 1 spanned a range of developmental sub-stages from late L2 to around the L3 molt, 

while worms from experiment 2 had greater synchrony and were mostly from the early L2 stage. 

(D) Phase of the molting-cycle associated gene expression oscillations of selected genes, as 

reported by (36). The values are modulo 360, i.e. 360 is the same as 0 and equidistant from 90 

and 270. (E to F) t-SNE visualizations of cells from both C. elegans experiments processed 

together. 

 

 

Fig. S9 
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Evaluation of technical variance between the two C. elegans experiments. (A) Correlation 

between gene expression measurements in aggregated sci-RNA-seq profiles of HEK293T cells 

spiked in with in the first C. elegans experiment (n = 32) vs. the second experiment (n = 111), 

together with a linear regression line (red) and y=x line (black). (B) t-SNE clustering of HEK293T 

cells recovered from the two experiments. Cells are colored by the experiment from which they 

derived. 

 



 81 

 



 82 

Fig. S10 

sci-RNA-seq reveals genes differentially expressed between anterior and posterior cells for 

three cell types. (A) Expression of anterior/posterior marker genes in body wall muscle cells. 

Cell t-SNE coordinates are the same as in Fig. 3A, except only BWM cells are shown. tni-3 (red) 

is specific to the head (39), while cwn-1 (green) and egl-20 (blue) are specific to the posterior 

and tail respectively (76). (B) Volcano plot showing genes differentially expressed between 

anterior [tni-3(+)] and posterior [cwn-1(+) or egl-20(+)] body wall muscle. -log10 q-values (y-

axis) are capped at 100. Genes with differential expression q-value < 0.05 are colored red if the 

fold difference in expression is >3, blue otherwise. (C) Expression of posterior marker genes in 

intestine cells. Cell t-SNE coordinates are the same as in fig. S10A, except only intestine cells 

are shown. pbo-4 and nob-1 are specific to the posterior (77, 78). (D) Volcano plot showing 

genes differentially expressed between posterior [pbo-4(+) or nob-1(+)] intestine and other 

intestine. Colors are the same as in (B). (E) Expression of amphid/phasmid (anterior/posterior) 

marker genes in amphid/phasmid sheath cells. Cell t-SNE coordinates are the same as in Fig. 3A, 

except only amphid/phasmid sheath cells are shown. fig-1 is expressed in both amphid and 

phasmid sheath cells, while vap-1 is specific to the amphid sheath cells. (79, 80). (F) Volcano 

plot showing genes differentially expressed between amphid [vap-1(+)] and phasmid [fig-1(+) 

vap-1(-)] sheath cells. Colors are the same as in (B). 
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Fig. S11 

sci-RNA-seq expression profiles for the ASEL and ASER neurons are consistent with 

reporter gene assays for asymmetric gene expression. Points represent genes which were 

tested for asymmetric expression between the ASEL and ASER neurons in promoter-fusion 

reporter gene assays, as reported by (43). Point colors show the expression bias observed in the 

reporter gene assay for a given gene. The x-axis and y-axis show the log-transformed, size-factor 

normalized mean number of unique molecular identifiers observed for a given gene per ASEL 

and ASER cell respectively in the sci-RNA-seq data. 
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Fig. S12 

Transcription factor ChIP-seq peaks predict cell type enriched gene expression. For many 

TF-to-cell-type associations, the presence of a ChIP-seq peak for the TF in the promoter of a 

given gene substantially increases the likelihood of the associated cell type being the cell type in 

which the gene is most highly expressed. Red bars show this probability for genes with at least 

one peak for the listed TF in their promoter; blue bars show the probability for genes with no 
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peak for the TF in their promoter. Numbers next to the red bars show the ratio of the 

probabilities for genes with >0 vs. 0 peaks for the TF in their promoter. The associations here are 

selected examples, each having a positive coefficient in Fig 5. A “PE” following a TF name 

indicates that the ChIP-seq dataset(s) for that TF are from post-embryonic worms; “EM” 

indicates that they are from embryos. “HOT region” peaks, defined as those which overlap 

peaks >20% of all TFs assayed in the same broad developmental stage (embryonic or post-

embryonic), are excluded from the analysis.  
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Fig. S13 

Transcription factor ChIP-seq peaks have distinct co-localization patterns in the promoters 

of genes with tissue-enriched expression patterns. (A, C and D) A Graphical LASSO model 

(Methods) is used to find pairs of transcription factors which have overlapping ChIP-seq peaks 

more often than could be expected by chance, in the context of (A) the promoters of genes with 

gonad-enriched expression (>5-fold greater in gonad than in any other tissue), (C) the promoters 

of genes with neuron-enriched expression, or (D) the promoters of all genes. All TF ChIP-seq in 

this analysis is from post-embryonic stages. EFL-1 (GS) and DPL-1 (GS) refer to peaks from 
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germline-specific ChIP-seq datasets from (57). EFL-1, DPL-1, LIN-9, LIN-37, and LIN-54 are 

members of the DRM complex (C. elegans ortholog of the mammalian DREAM complex), 

which activates a subset of genes in the germline while repressing them in soma (57, 81–83). (B) 

The observed proportion of germline-enriched genes (those with germline expression >5-fold 

higher than in any other cell type) that have peaks for both listed TFs in their promoter (in red), 

compared to the proportion that would be expected if the TF binding patterns were independent 

conditional on being in a germline-enriched gene promoter (in blue). The numbers above each 

red bar is the ratio of observed / expected. The conditioning of these statistics on the context of 

being in a germline-enriched gene promoter rules out the possibility that the co-localizations 

observed in (A) are simply due to each TF independently being associated with germline-specific 

genes. 
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Fig. S14 

Example of “gene expression report” image, with full set hosted on GExplore. For a given 

gene, mean expression values are shown for each of 27 cell types. Black bars indicate the 95% 

confidence interval. All gene profiles are viewable at: 

http://genome.sfu.ca/gexplore/gexplore_search_tissues.html. 
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Fig. S15 

Expression patterns of marker genes for body wall muscle, intestinal/rectal muscle, and 

pharynx. (A) mup-2 (troponin T) and myo-3 (myosin heavy chain A) expression identifies body 

wall muscle and intestinal/rectal muscle cells (84). The cluster to the left of the large muscle 
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cluster are low UMI-count cells that we believe to be damaged body wall muscle cells. They 

were excluded from downstream analysis. (B) exp-1 and glb-26 expression distinguishes 

intestinal/rectal muscle cells from body wall muscle (85, 86). (C) phat-2 and phat-4 expression 

identifies pharyngeal gland cells (87). (D) pha-4 expression identifies a cluster (top right) of non-

gland pharyngeal cells (48). The small pha-4(+) cluster on the left are distal tip cells (see fig. 

S18B). (E) myo-1 and myo-2 expression identifies pharyngeal muscle cells (88). For the purpose 

of constructing consensus expression profiles, cells in this t-SNE cluster were considered 

pharyngeal muscle if they expressed at least two of myo-1, myo-2, myo-5, tnt-4, mlc-1 or mlc-2. 

(F) ajm-1, nas-1, and nas-15 expression identifies non-muscle epithelial cells in the pharyngeal 

t-SNE cluster. ajm-1 is expressed in all epithelial cells, while nas-1 and nas-15 are specific to the 

pharynx (89, 90). For the purpose of constructing consensus expression profiles, cells in the 

pharyngeal muscle/epithelial t-SNE cluster were considered to be epithelial if they do not 

express any of the markers listed in (E) and expressed at least one of ajm-1, sma-1, nas-1, nas-

15, or ifa-1. 
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Fig. S16 

Expression patterns for marker genes for hypodermis and the rectum. (A) grd-10 and grd-

13 expression identifies seam cells (91). (B) bah-1 expression identifies additional seam cells 

(92) and shows that the t-SNE cluster with grd-10/13 expression is likely to be entirely seam 
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cells. This cluster also expresses seam cell specific transcription factors including ceh-18 and 

nhr-73. (C to D) grd-1 and grd-12 expression identifies rectal cells. grd-1 is expressed in the 

rectal gland cells (93), while grd-12 is expressed in the B and Y rectal epithelial cells (91) (D) is 

a zoomed-in view of the hypodermal cell clusters in (C). E) Expression of the cuticle collagen 

genes sqt-1, dpy-5, col-12 identify hypodermal cells (94), including two clusters of non-seam 

hypodermal cells. We were unable to clearly identify the anatomical differences between the 

cells in the two non-seam hypodermal clusters. F) Expression of mup-4 is exclusive to non-seam 

hypodermis and glia, consistent with previous reports of its expression in the circumferential 

rings of the cuticle (95).  
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Fig. S17 

Expression patterns of marker genes for neurons, glia, and excretory cells. (A) Expression 

of egl-21, egl-3, ida-1, and sbt-1 identifies neuronal cells (96–99). (B) The canal associated 

neurons do not express the marker genes listed in (A), but are identified by their expression of 
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acy-2 and ace-3 (100, 101). (C) Expression of vap-1 and fig-1 identifies the amphid and phasmid 

sheath cells (79). (D) Expression of grl-1 and ram-5 identifies socket cells (91, 102). Expression 

of kcc-3 outside the amphid/phasmid sheath cell cluster identifies additional sheath cells (103). 

For the purpose of constructing consensus expression profiles, cells in the non-amphid/phasmid-

sheath glial t-SNE clusters were considered to be socket cells if they were not identified to be 

excretory cells, expressed at least one of grl-1, grd-15, daf-6, or ram-5, and did not express kcc-

3. (E) Expression of ifa-4 and grl-2 identifies excretory cells (91, 104). (F) ifa-4(+) and grl-2(+) 

cells cluster together in a t-SNE of only cells from the glial/excretory cell clusters. We suspect 

that the ifa-4(+) cluster at the top corresponds to the excretory canal cell, while the grl-2(+) 

cluster corresponds to the excretory duct, pore, and/or gland cells. 
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Fig. S18 

Expression of marker genes for the germline, somatic gonad, and other sex-related tissues. 

(A) Expression of glh-1 and pgl-1 identifies germline cells (105, 106). (B) Co-expression of mig-

6 and nid-1 identifies the distal tip cells of the somatic gonad (small purple cluster on the lower 
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left; (107, 108)). (C) Co-expression of at least two of lin-12, dgn-1, inx-9, and cle-1 identifies the 

somatic gonad precursor cells (109–112). (D) Expression of egl-15 identifies sex myoblasts 

(113). (E) Expression of osm-11 and let-23 identifies vulval precursor cells (114, 115).  
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Fig. S19 

Expression of marker genes for the intestine and coelomocytes. (A) Expression of asp-1 and 

nep-17 identifies intestine cells from the second C. elegans experiment. (116, 117). (B) 

Expression of cup-4 and lgc-26 identifies coelomocytes (118). 
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Fig. S20 

Expression patterns of marker genes for touch receptor neurons and interneuron subtypes. 

t-SNE plots shown are from a clustering of just neuronal cells (identified in fig. S17A,B). (A) 
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Expression of mec-17 and mec-7 identifies touch receptor neurons (119). (B) Expression of acy-2 

and ace-3 identifies canal associated neurons (100, 101). The canal associated neurons are also 

the only neuron class that expresses mig-6 (120). (C) flp-1 expression identifies interneurons of 

the anatomical classes AVK, AVA, AVE, RIG, RMG, AIY, AIA (121). flp-1 has also been 

reported to be expressed in the M5 pharyngeal motor neuron. (D) glr-3 is expressed exclusively 

in the RIA interneurons (122). (E) Among neurons, tbh-1 is expressed exclusively in the RIC 

interneurons (123). (F) nlp-12 expression identifies the DVA tail interneuron (124).  
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Fig. S21 

Expression of marker genes for cholinergic, GABAergic, dopaminergic, and pharyngeal 

neurons. t-SNE plots shown are from a clustering of just neuronal cells (identified in fig. 

S17A,B). (A) Expression of cho-1, cha-1, and unc-17 identifies cholinergic neurons (125). For 

the purpose of constructing consensus expression profiles, neuronal cells were identified as 

cholinergic if they were not part of a t-SNE cluster identified as any other neuronal subtype and 

they expressed at least one of cho-1, cha-1, unc-17, acr-15, or acr-18. (B) unc-25 expression 

identifies GABAergic neurons (126). (C) Expression of dat-1 and cat-2 identifies dopaminergic 

neurons (127, 128). (D) While no single marker is both highly expressed and specific to 

pharyngeal neurons, the expression patterns of flr-2, ser-7, eya-1, and pha-4 together identify 

two clusters as highly likely to correspond to pharyngeal neurons (48, 129–131). 
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Fig. S22 

Expression patterns of marker genes for the AWA, ASG, ASE, AFD, and ASK neurons. t-

SNE plots shown are from a clustering of just neuronal cells (identified in fig. S17A,B). (A) odr-

10 expression identifies the AWA neurons (132). (B) gcy-15 expression identifies the ASG 
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neurons (133). capa-1 has also been reported to be expressed in two specific but unidentified pairs 

of neurons in the head (134); in our data it is expressed predominantly in the same cluster as gcy-

15. (C) Expression of gcy-3 and gcy-5 identifies the ASER neuron, while expression of gcy-6 and 

gcy-7 identifies the ASEL neuron (42, 43). (D) gcy-8 expression identifies the AFD neurons (135). 

(E) Co-expression of snet-1 and zig-4 identifies the ASK neurons (136, 137). 
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Fig. S23 

Expression patterns of marker genes for ASI/ASJ, AWB/AWC, BAG, URX, SDQ, and other 

ciliated sensory neurons. t-SNE plots shown are from a clustering of just neuronal cells 

(identified in fig. S17A,B). (A) Expression of ins-6 and daf-28 identifies a neuron cluster that 
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consists of the ASI and ASJ neurons (138, 139). (B) Based on reported expression patterns, a 

neuron cluster that expresses daf-11 but not ins-6 or snet-1 can only correspond to the AWB and/or 

AWC neurons (136, 138, 140). (C) Beyond those identified in fig. S22, and (A) of this figure, 

three additional neuron clusters express R102.2. Based on the expression patterns reported by (141), 

these clusters correspond to the ciliated sensory neurons classes ADF, ASH, PHA, and/or PHB. 

We could not precisely identify them however. For the purpose of constructing consensus 

expression profiles, neuronal cells were considered ciliated sensory neurons if they either were 

part of a cluster that was identified as a ciliated sensory neuron class or were part of a cluster that 

could not be conclusively identified but expressed high levels of R102.2, dyf-2, che-3, or nphp-4. 

(D) flp-17 expression identifies the BAG neurons (121). (E) Expression of gcy-32 and gcy-37 

identifies a neuron cluster that consists of the URX, AQR, and PQR neurons (142, 143). (F) 

Among neurons, gcy-35 is expressed in the URX, AQR, PQR, SDQ, ALN, PLN O2-sensory 

neurons, as well as the AVM and BDU neurons (143). mec-1 was reported to be expressed in the 

touch receptor neurons, SDQ/ALN/PLN O2-sensory neurons, and PVT neurons (144). lad-2 was 

reported to be expressed in the SDQ/ALN/PLN O2-sensory neurons and some sublateral motor 

neurons (145). Based on these expression patterns, a neuron cluster enriched for expression of all 

three of these genes is likely to correspond to the SDQ/ALN/PLN O2-sensory neurons. 
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Fig. S24 

Recovery rates of neuron types in sci-RNA-seq. The observed number of cells identified in 

sci-RNA-seq for a given neuron type (y axis) is compared to the number of neurons of that type 

in an individual L2 hermaphrodite C. elegans (x-axis). The plot includes all specific neuron types 

that we were able to identify, excluding cholinergic neurons, which were not limited to distinct t-

SNE clusters and therefore may be under-counted as we only considered a cell cholinergic if we 

observed expression of at least one cholinergic marker gene (see Fig. S21). The neuron types 

included in the plot are: ASEL, ASER, DVA, AFD, ASG, ASK, AWA, BAG, CAN, RIA, RIC, 

ASI/ASJ, AWB/AWC, URX/AQR/PQR, SDQ/ALN/PLN, touch receptor neurons 

(ALM/PLM/AVM/PVM), dopaminergic neurons (CEP/ADE/PDE), flp-1(+) neurons (excluding 

the pharyngeal neuron M5), pharyngeal neurons, and GABAergic neurons. 
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Abstract:  

Although we can increasingly measure transcription, chromatin, methylation, etc. at single 

cell resolution, most assays survey only one aspect of cellular biology. Here we describe sci-CAR, 

a combinatorial indexing-based co-assay that jointly profiles chromatin accessibility and mRNA 

in each of thousands of single cells. As a proof-of-concept, we apply sci-CAR to 4,825 cells 

comprising a time-series of dexamethasone treatment, as well as to 11,296 cells from the adult 

mouse kidney. With the resulting data, we compare the pseudotemporal dynamics of chromatin 

accessibility and gene expression, reconstruct the chromatin accessibility profiles of cell types 

defined by RNA profiles, and link cis-regulatory sites to their target genes on the basis of the 

covariance of chromatin accessibility and transcription across large numbers of single cells. 

One Sentence Summary:  

We developed and applied sci-CAR to jointly profile the epigenome and transcriptome of 

thousands of single cells in systems including cortisol response and whole mouse kidney. 

 

Introduction:  

The concurrent profiling of multiple classes of molecules, e.g. RNA and DNA, within 

single cells has the potential to reveal causal regulatory relationships and to enrich the utility of 

organism-scale single cell atlases. However, to date, nucleic acid ‘co-assays’ rely on physically 

isolating each cell, limiting their throughput to a few cells per study (Fig. S1A) (1–6).  

Result: 

Single-cell combinatorial indexing (“sci”) methods use split-pool barcoding to uniquely 

label the nucleic acid contents of single cells or nuclei (7–13). Here we describe sci-CAR, which 

jointly profiles single cell chromatin accessibility and mRNA in a scalable fashion. Sci-CAR 



 124 

effectively combines sci-ATAC-seq and sci-RNA-seq into a single protocol (Fig. 1): (i) Nuclei are 

extracted, with or without fixation, and distributed to wells. (ii) A first RNA-seq ‘index’ is 

introduced by in situ reverse transcription (RT) with a poly(T) primer bearing a well-specific 

barcode and a unique molecular identifier (UMI). (iii) A first ATAC-seq index is introduced by in 

situ tagmentation with Tn5 transposase bearing a well-specific barcode. (iv) All nuclei are pooled 

and redistributed by FACS to multiple plates. (v) After second-strand synthesis of cDNA, nuclei 

in each well are lysed, and the lysate split to RNA and ATAC-dedicated portions. (vi) To provide 

a second priming site for amplification of 3’ cDNA tags, the RNA-dedicated lysate is subjected to 

transposition with unindexed Tn5 transposase. 3’ cDNA tags are amplified with primers 

corresponding to the Tn5 adaptor and RT primer. These primers also bear a well-specific barcode 

that is the second RNA-seq index. (vii) The ATAC-seq-dedicated lysate is amplified with primers 

specific to the barcoded Tn5 adaptors from step iii. These primers also bear a well-specific barcode 

that is the second ATAC-seq index. (viii) Amplicons from RNA-seq and ATAC-seq-dedicated 

lysates are respectively pooled and sequenced. Each sequence read is associated with two barcodes 

corresponding to each round of indexing. As with other sci- protocols, most nuclei pass through a 

unique combination of wells, receiving a unique combination of barcodes that can be used to group 

reads derived from the same cell. Because the barcodes introduced to RNA-seq and ATAC-seq 

libraries correspond to specific wells, we can link the mRNA and chromatin accessibility profiles 

of individual cells. 

 We applied sci-CAR to a cell culture model of cortisol response, wherein dexamethasone 

(DEX), a synthetic mimic of cortisol, activates glucocorticoid receptor (GR), which binds to 

thousands of locations across the genome, altering the expression of hundreds of genes (14–17). 

We collected lung adenocarcinoma-derived A549 cells after 0, 1 or 3 hrs of 100 nM DEX treatment, 

and performed a 96 x 576 well sci-CAR experiment. The three timepoints were each represented 
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in 24 wells during the first round of indexing, while the remaining 24 wells contained a mixture 

of HEK293T (human) and NIH3T3 (mouse) cells (Fig. S1B). 

We obtained sci-RNA-seq profiles for 6,093 cells (median 3,809 UMIs) and sci-ATAC-

seq profiles for 6,085 cells (median 1,456 unique reads) (Fig. S1C-E). For both data types, reads 

assigned to the same cell overwhelmingly mapped to one species (Fig. S1F-G). We obtained 

roughly equivalent UMIs per cell from ‘RNA-only’ plates processed in parallel, albeit at a lower 

sequencing depth per cell. Aggregated transcriptomes of co-assayed vs. RNA-only plates were 

well-correlated (r = 0.97-0.98; Fig. S2). In contrast, although co-assayed vs. ‘ATAC-only plates’ 

were comparable in quality and well-correlated in aggregate (Fig. S3), ATAC-only plates had ~10-

fold higher complexity. The lower efficiency of the co-assay for ATAC is likely explained by 

factors including buffer modifications and our use of only half the lysate. 

There were 4,825 cells (70% of either set) for which we recovered both transcriptome and 

chromatin accessibility data. To confirm that paired profiles truly derived from the same cells, we 

asked whether cells from mixed human-mouse wells were consistently assigned as human or 

mouse. Indeed, 1,423/1,425 (99%) of co-assayed cells from those wells were assigned the same 

species label from both sci-RNA-seq and sci-ATAC-seq profiles (Fig. 2A).  

We next examined the time course of GR activation. DEX treatment of A549 cells 

increased both transcription and promoter accessibility of markers of GR activation, including 

NFKBIA, SCNN1A, CKB, PER1 and CDH16 (14, 16) (Fig. S4A-B). Unsupervised clustering or t-

SNE visualization of either sci-RNA-seq or sci-ATAC-seq profiles readily separated clusters 

corresponding to untreated and DEX-treated cells (Fig. 2B-C). Reassuringly, cells from co-assay 

plates and single-assay plates of either type were intermixed (Figs. S4C).  
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88% and 93% of co-assayed cells in clusters 1 and 2 of sci-ATAC-seq data were found in 

corresponding sci-RNA-seq clusters (Fig. S4D-E). Cells with concordant vs. discordant 

assignments did not significantly differ in read depth (P-value > 0.1, Welch two-sample t-test), but 

notably fell on the border between clusters 1 and 2 in either t-SNE (Figs. 2D, S4F). While most 

discordant cells (70%) were from 0 hrs, the remainder tended to derive from 1 hrs rather than 3 

hrs (5% of 1 hr vs. 1% of 3 hr cells, P-value = 2.2e-16, Fisher's Exact Test). Although we cannot 

rule out that this is due to imperfect clustering, these discordantly assigned cells potentially reflect 

transitional states in GR activation. 

Differential expression (DE) analysis of sci-RNA-seq data revealed significant changes in 

2,613 genes (5% FDR). For comparison, a similar analysis with bulk RNA-seq data of DEX 

treatment in A549 cells at 0 vs. 3 hrs (18) identified 870 DE genes, 536 of which were also DE 

here. Log2 fold changes were well-correlated between the datasets for DE genes (r = 0.86, Fig. 

S4G). 

Differential accessibility (DA) analysis of sci-ATAC-seq profiles identified significant 

changes at 4,763 sites (5% FDR). For comparison, a similar analysis of bulk DNase-seq data from 

DEX-treated A549 cells at 0 vs. 3 hrs (18) identified 672 DA sites, 544 of were also DA here. Log2 

fold changes were well-correlated between the datasets for DA sites (rho = 0.68, Fig. S4H).  

Of our DA sites, 701 (15%) were promoters, of which 175 overlapped with DE transcripts. 

Transcripts for genes with DA promoters that were not DE were detected in significantly fewer 

cells than genes with DA promoters that were DE (median 10% vs. 25%, P-value < 5e-5, unpaired 

two sample permutation test based on 20,000 simulations), suggesting we may be insufficiently 

powered to detect DE at many genes with DA promoters. For the 175 genes that are both DA and 

DE, the log2 fold changes were modestly correlated (rho = 0.63, Fig. S4I), with 130/175 (74%) 

exhibiting directional concordance (exact two-sided binomial test, P-value = 9e-11).  
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We ordered cells along a pseudotime trajectory with Monocle (19) based on the top 1,000 

DE genes (Fig. S5A). Cells were ordered consistently with the time course (Fig. 2E). Of note, the 

aforementioned cells from 1 hrs whose cluster assignments were discordant (Figs. 2D, S4F) 

occurred significantly earlier in pseudotime than cells with concordant assignments (P-value = 3e-

5, Wilcoxon rank sum test, Fig. S5B). Of the 2,613 DE genes, 979 (37%) increased and 1,111 

(43%) decreased in expression along pseudotime, while 523 (20%) exhibited transient changes 

(Fig. S5C-D, Tables S2, S4). We exploited the co-assay to examine the dynamics of chromatin 

accessibility across RNA-defined pseudotime, identifying opening (47%), closing (32%) and 

transient (21%) DA sites (Fig. S5E, Tables S3, S5). There were eleven genes that showed 

significant changes in both gene expression and promoter accessibility along pseudotime (5% FDR 

for both), with well-correlated dynamics (Figs. 2F, S5F-H).  

We converted the (cell x site) matrix to a (cell x transcription factor (TF) motif) matrix, 

simply by counting occurrences of each motif in all accessible sites for each cell (20). The motifs 

of 91/399 (23%) of expressed TFs were DA across the treatment conditions (5% FDR) (Tables 

S6-S7). Where ChIP-seq data was available for the same time course (18), we observed consistent 

dynamics of increasing motif-associated accessibility (Fig. S6A) and TF binding to accessible sites 

(Fig. S6B). Motif accessibility dynamics across expression-defined pseudotime are summarized 

in Fig. S6C. The motif of the canonical glucocorticoid receptor NR3C1 was the most activated, 

even though its expression decreased (Figs. 2G), consistent with its activation by recruitment from 

the cytosol rather than by increased expression. In contrast, KLF9 is a direct target of GR activation 

via a feed forward loop (21). Consistent with this, we observe that both its expression and its motif 

accessibility increase along pseudotime (Fig. 2G, Fig. S6D-E).  

Single-cell RNA sequencing studies have recently characterized the transcriptomes of 

diverse cell types represented in the mammalian kidney (22–24). However, little is known about 
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the epigenetic landscapes that underlie these cell type-specific gene expression programs. To 

investigate this, we isolated and fixed nuclei from whole kidneys of two 8-week male mice (Fig. 

S7A). From one sci-CAR experiment, we obtained sci-RNA-seq profiles for 13,893 nuclei (median 

1,011 UMIs; Fig. S7B) and sci-ATAC-seq profiles for 13,395 nuclei (median 7,987 unique reads; 

Fig. S7C). There were 11,296 cells for which we recovered both transcriptome and chromatin 

accessibility profiles. 

We compared sci-CAR transcriptomes with a recently published single cell RNA-seq 

dataset of the same tissue generated by Drop-seq (24). After correcting for gene length biases 

(Drop-seq is biased towards shorter transcripts, and sci-RNA-seq towards longer transcripts) 

aggregated transcriptomes were reasonably well correlated (r = 0.73, Fig. S7D). Semi-supervised 

clustering of 10,727 sci-CAR transcriptomes (>500 UMIs) identified 14 groups, ranging in size 

from 74 (0.7%) to 2,358 (22.0%) cells (Figs. 3A, S7E-F). Established markers identified nearly 

all cell types (Fig. S8A-B). The expression profiles of proximal tubule cells separate them into 

three subtypes including S1/S2 cells (Slc5a12+, Gatm+, Alpl+, Slc34a1+), S3 type 1 cells 

(Slc34a1+, Atp11a+), and S3 type 2 cells (Atp11a+, Rnf24+) (Fig. S8C) (25, 26). The smallest 

cluster is positive for cell cycle progression markers (Mki67 and Cenpp), and may represent an 

actively proliferating subpopulation (Fig. S8D) (25, 26). Cell type proportions were well-

correlated between replicate kidneys, with the exception of paranephric body adipocytes (1.2% vs. 

0.4%), likely due to technical variation in kidney dissection as these reside superficial to the renal 

fascia (Fig. S7E). 

We identified 8,774 genes that were DE across the 14 cell types (5% FDR), including 1,771 

with >2-fold greater expression in the highest vs. second highest cell type (Fig. S9A-B, Tables S8, 

S9). New marker genes were identified, such as Daam2 for renal pericytes and Calcr for collecting 

duct intercalated cell B (Fig. S9C-D) (25, 26). We examined expression of solute carrier 
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transporters (SLCs), as these correspond to a principal function of the kidney. 208/345 (60%) of 

these were DE in subsets of renal tubule cell types, many corresponding to known and potentially 

novel reabsorption specificities (Figs. 3B, S9E).  

We compared aggregated sci-CAR chromatin accessibility profiles with published bulk 

ATAC-seq data on adult mouse kidney (18), and found them to be reasonably well correlated (r = 

0.75; Fig. S10A-B). Across all genes, aggregate promoter accessibility correlated with aggregate 

gene expression (rho = 0.26; Fig. S10C). Nonetheless, a significant challenge for single cell 

ATAC-seq data, relative to single cell RNA-seq data, is the sparsity of the resulting matrices (8). 

Thus, our initial efforts to cluster co-assayed cells based solely on their ATAC-seq profiles failed 

to discover the expected diversity of cell types. We therefore sought to leverage the co-assay aspect 

of these data to recover the chromatin landscapes of individual cell types. 

As a first approach, we simply annotated cell types from transcriptional profiles for ~96% 

of the 11,296 cells that were successfully co-assayed. We then aggregated ATAC-seq signal for 

each cell type separately, followed by peak calling (27). As a second approach, we also developed 

an algorithm to combine the ATAC-seq profiles of cells with highly similar RNA-seq profiles 

prior to clustering (Fig. S7A). For cells from each RNA-seq-defined cell type, we identified 

subsets of cells with highly similar expression profiles (a mean of 50 cells assigned to each of 222 

‘pseudo-cells’). We then aggregated the ATAC-seq profiles of each pseudo-cell, and performed t-

SNE on these. In contrast with single-cell ATAC-seq data, pseudo-cell chromatin accessibility 

profiles corresponding to the same cell types clustered together (Fig. 3C). Overall, these analyses 

illustrate how co-assay data can be leveraged to overcome the relative sparsity of single cell 

ATAC-seq data and define chromatin accessibility profiles even for closely related cell types. 

We identified 22,026 DA sites across the 14 mouse kidney cell types, including 2,096 

promoters and 19,930 distal sites (5% FDR; Figs. 3D, S10D-E; Tables S11, S12). In some cases, 
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DA at a gene’s promoter was concordant with DE (Fig. S11A-B), but this was the exception rather 

than the rule. Out of 2,096 genes with a DA promoter in at least one cell type, 132 genes were also 

DE (1% FDR) with a >2-fold difference between the first and second ranked cell type. Although 

promoter accessibility and expression of these genes across cell types are positively correlated 

(median rho = 0.17), the majority (112/132 or 85%) exhibited maximal promoter accessibility and 

gene expression in different cell types (Fig. S11C). The relatively weaker correlation compared 

with what we observed in the A549 dexamethasone time series (rho = 0.63; Fig. S4I) is potentially 

a consequence of the fact that in the A549 cells, we were comparing changes in promoter 

accessibility vs. expression, whereas here we are comparing absolute enrichment of accessibility 

at promoters vs. expression. 

We sought to link distal cis-regulatory elements to their target genes based on the 

covariance of chromatin accessibility and gene expression across large numbers of co-assayed 

cells. As the sparsity of our single cell profiles makes this challenging, we worked with the 

aforedescribed 222 pseudo-cells (Fig. S12A). For each gene, we computed correlations between 

its expression and the adjusted accessibility of all sites within 100 kilobases (kb) of its 

transcriptional start site (TSS) using LASSO (least absolute shrinkage and selection operator).  

Within the top 2,000 DE genes (ranked by q-value), we linked 1,260 distal sites to 321 

genes (median 3 sites per gene, out of median 19 sites within 100 kb of TSS tested; Fig. S12BC). 

44% of sites were linked to the nearest TSS, and 21% to the second nearest TSS (Fig. S12D). 

Distal site-gene linkages were significantly closer than all possible pairs tested (mean 41 kb for 

links vs. 48 kb for all pairs tested; P-value < 5e-5, unpaired permutation test based on 20,000 

simulations; Fig. S12E).  

To evaluate the possibility that the links were artifacts of regularized regression, we 

permuted the sample IDs of the chromatin accessibility matrix and performed the same analysis. 
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After this permutation, only 4 links were identified (Fig. S12B). To control for correlations 

between closely located accessible sites in the genome, we separately permuted the peak IDs. This 

yielded 216 links, or just 17% as many links as without permutation (Fig. S12B). 

The 321 genes with linked distal sites were specifically expressed in a variety of cell types 

(Fig. S12F). For example, the link with the highest correlation is between distal convoluted tubule 

cell marker gene Slc12a3 and a site 36 kb downstream of its TSS and overlapping its last exon 

(Fig. S13). The accessibility of this linked site was modestly more specific to distal convoluted 

tubule cells than the Slc12a3 promoter. In contrast, the accessible site closest to the Slc12a3 

promoter (only 216 bp away) was not linked to the Slc12a3 promoter by our approach, nor is its 

accessibility specific to distal convoluted tubule cells. Similarly, a marker gene for Loop of Henle 

cells, Slc12a1, is linked to two distal sites (Fig. S14), both of which exhibit accessibility specific 

to Loop of Henle cells. In contrast, the nearest accessible site (9 kb from the TSS), which was not 

linked, does not exhibit this specificity. 

Links between distal cis-regulatory elements and their target genes can be useful for 

explaining differential expression across cell types. For example, the cell type-specific expression 

of Slc6a18, a marker gene for type 2 proximal tubule S3 cells, is not mirrored by cell type-specific 

promoter accessibility (Fig. S11C). However, from our covariance approach, its TSS is linked to 

a site 16 kb away whose accessibility is correlated with Slc6a18 expression (Fig. 4A). To quantify 

the utility of the links between distal cis-regulatory elements and their target genes identified from 

sci-CAR data, we constructed a linear regression model to predict gene expression differences 

based on chromatin accessibility at promoters only vs. promoters together with linked distal sites. 

Including linked distal sites improved predictions by four-fold (P-value < 5e-5, paired permutation 

test based on 20,000 simulations; Fig. 4B).  
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Our analyses illustrate the advantages of a single cell co-assay over assays that solely 

profile transcription or chromatin accessibility. Sci-CAR is compatible with fresh or fixed nuclei, 

and like other sci-seq techniques, can encode multiple samples per experiment. Its throughput can 

potentially be increased by additional rounds of split-pool indexing (13). With 384 x 384 x 384 

sci-CAR, one could potentially co-assay millions of single cells per experiment. A limitation of 

sci-CAR is the sparsity of the resulting data, particularly with respect to chromatin accessibility. 

This can potentially be overcome in the future through protocol optimizations, particularly of 

crosslinking conditions. A second limitation is that although we were able to link distal elements 

and target genes on the basis of covariance of accessibility and expression, these data remain 

correlative and involve a minority of DE genes and DA elements.  

Notwithstanding these limitations, sci-CAR expands the potential of combinatorial 

indexing for scalably profiling single cell molecular phenotypes, and may be particularly useful in 

the context of organism-scale single cell atlases. With further development, we anticipate that 

additional DNA/RNA co-assays may be realized by simply integrating other sci-seq protocols 

together with sci-RNA-seq (e.g. methylation + transcripts; chromosome conformation + transcripts; 

DNA sequence + transcripts) (8–13). A longer-term goal is to adapt single cell combinatorial 

indexing to span the Central Dogma, such that aspects of DNA, RNA and protein species can be 

concurrently assayed from each of many single cells.  
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FIGURES  

 

 

Fig. 1. sci-CAR workflow. Key steps outlined in text. RNA-seq: index2 and read1 cover the i5 

index, UMI and RT barcode; index1 and read2 cover the i7 index and cDNA fragment. ATAC-

seq: read1 and read2 cover genomic DNA sequence. Index 1 and index 2 cover the Tn5 and PCR 

barcodes. 
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Fig. 2. Joint profiling of chromatin accessibility and transcription in dexamethasone treated 

A549 cells. (A) Scatter plot showing the proportion of human reads, out of all reads mapping 

uniquely to the human or mouse reference genomes, for cells in which both RNA-seq profiles and 

ATAC-seq profiles were obtained. Only HEK293T (human) and NIH/3T3 (mouse) cells are 

plotted. (B) t-SNE visualization of A549 cells (RNA-seq) including cells from both sci-CAR and 

sci-RNA-seq-only plates, colored by DEX treatment time (left) or unsupervised clustering id 

(right). (C) t-SNE visualization of A549 cells (ATAC-seq) including cells from both sci-CAR and 

sci-ATAC-seq-only plates, colored by DEX treatment time (left) or unsupervised clustering id 

(right). (D) t-SNE visualization of A549 cells (ATAC-seq) with linked RNA-seq profiles. If the 

cell is in cluster 1 (or cluster 2) in both RNA-seq and ATAC-seq, then it is labeled as “Match”, 

otherwise it is labeled “Discordant”. (E) Distribution of cells from different DEX treatment 
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timepoints in gene expression pseudotime inferred by trajectory analysis. (F) Smoothed line plot 

showing scaled (with the R function scale) gene expression and promoter accessibility of CKB and 

ZSWIM6 across pseudotime. Unscaled, unsmoothed data shown in Fig. S5F-G. (G) Smoothed line 

plot showing the scaled mRNA level and activity change of transcription factors NR3C1 and KLF9 

across pseudotime. Unscaled, unsmoothed data shown in Fig. S6D-E. 

 

 

Fig. 3. sci-CAR enables joint profiling of chromatin accessibility and transcription in mouse 

kidney. (A) t-SNE visualization of mouse kidney nuclei (RNA-seq). Cell types are assigned based 

on established marker genes. (B) Heatmap showing the relative expression of genes from the solute 

carrier group of membrane transport proteins in consensus transcriptomes of each cell type 
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estimated by RNA-seq data from the co-assay. The raw expression data (UMI count matrix) was 

log-transformed, column centered and scaled (using the R function scale), and the resulting values 

clamped to [-2, 2]. (C) t-SNE visualization of mouse kidney nuclei (ATAC-seq) after aggregating 

cells with highly similar transcriptomes (‘pseudocells’), colored by cell types identified from 

RNA-seq. (D) Heatmap showing the relative chromatin accessibility of cell type-specific sites for 

each cell type estimated by ATAC-seq data from the co-assay. The raw aggregated ATAC-seq 

data (read count matrix) was normalized first by the total number of reads for each cell type then 

by the maximum accessibility score across all cell types. 
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Fig. 4. Linking cis-regulatory elements to regulated genes based on covariance in single cell 

co-assay data. (A) Top: genome browser plot showing links between accessible distal regulatory 

sites and the gene Slc6a18. The height corresponds to the correlation coefficient. Bottom: barplots 

showing the average expression, promoter accessibility and linked site accessibility for cell type-

specific marker gene Slc6a18 across different cell types. Gene expression values for each cell were 

calculated by dividing the raw UMI count by cell-specific size factors. Site accessibilities for each 

cell were calculated by dividing the raw read count by cell-specific size factors. Error bars 

represent standard errors of the means. (B) Two linear regression models were built to predict gene 

expression differences between cell types. The first model predicts changes on the basis of 

promoter accessibility alone. The second model predicts changes based on the chromatin 

accessibility of the promoter and distal sites that are linked to it. The boxplot shows the cross-

validated r-squared calculated for each gene from the two models. 
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Supplementary Materials: 

Materials and Methods: 

Mammalian cell culture 

All mammalian cells were cultured at 37°C with 5% CO2, and were maintained in high glucose 

DMEM (Gibco cat. no. 11965) for HEK293T and NIH/3T3 cells or DMEM/F12 medium for A549 

cells, both supplemented with 10% FBS and 1X Pen/Strep (Gibco cat. no. 15140122; 100U/ml 

penicillin, 100 µg/ml streptomycin). Cells were trypsinized with 0.25% typsin-EDTA (Gibco cat. 

no. 25200-056) and split 1:10 three times per week. 

Mouse tissues 

All animal experiments were approved by the University of Washington, Institutional Animal Care 

and Use Committee. Two sacrificed mice (male, wild type, B6 background, 8 weeks) were 

purchased from the preclinical research and translational services core at the University of 

Washington. Kidney tissues were dissected and flash frozen in liquid nitrogen separately. 

Sample processing for cultured cells 

A549 cells were treated with 100 nM DEX for 1 hrs or 3 hrs before harvest. Control cells were 

treated with same volume of EtOH. All cell lines (A549, HEK293T and NIH/3T3 cells) were 
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trypsinized, spun down at 300xg for 5 min (4°C) and washed once in 1X ice-cold PBS. 5M cells 

were combined and lysed using 1 mL ice-cold cell lysis buffer (10 mM Tris-HCl, pH 7.4, 10 mM 

NaCl, 3 mM MgCl2 and 0.1% IGEPAL CA-630 from (28), modified to also include 1% 

SUPERase In RNase inhibitor and 1% BSA). The isolated nuclei were then pelleted, washed twice 

with 500 µL cold lysis buffer without IGEPAL CA-630, and resuspended in lysis buffer without 

IGEPAL CA-630 at a final concentration of 5,000 nuclei/µL. For all washes, nuclei were pelleted 

by centrifugation at 500xg for 5 min (4°C). Nuclei were then distributed into one 96-well plate. 

For each well, 5,000 nuclei (2 µL) were mixed with 1 µl of 25 µM anchored oligo-dT primer (5′-

ACGACGCTCTTCCGATCTNNNNNNNN[10bp 

index]TTTTTTTTTTTTTTTTTTTTTTTTTTTTTTVN-3′, where “N” is any base and “V” is 

either “A”, “C” or “G”; IDT) and 0.25 µL 10 mM dNTP mix (Thermo), denatured at 55°C for 5 

min and immediately placed on ice. 1.75 µL of first-strand reaction mix, containing 1 µL 5X 

Superscript IV First-Strand Buffer (Invitrogen), 0.25 µl 100 mM DTT (Invitrogen), 0.25 µl 

SuperScript IV reverse transcriptase (200 U/μl, Invitrogen), 0.25 μL RNaseOUT Recombinant 

Ribonuclease Inhibitor (Invitrogen), was then added to each well. Reverse transcription was 

carried out by incubating plates at the following temperature gradient: 4°C 2 minutes, 10°C 2 

minutes, 20°C 2 minutes, 30°C 2 minutes, 40°C 2 minutes, 50°C 2 minutes and 55°C 10 minutes. 

3 μL cell lysis buffer without IGEPAL CA-630, 10 μL Nextera TD buffer (Illumina) and 1 to 2 μL 

indexed TDE1 enzyme (Illumina) were added to each well. Tagmentation was performed at 55°C 

for 30 min and stopped by adding 20 μl 2X stop solution (40 mM EDTA, 1 mM spermidine) to 

each well. All cells (or nuclei) were then pooled, stained with 4',6-diamidino-2-phenylindole 

(DAPI, Invitrogen) at a final concentration of 3 μM, and sorted at 25 nuclei per well into 5 μL EB 

buffer. Cells were gated based on DAPI stain such that singlets were discriminated from doublets 

and sorted into each well. 0.66 μl mRNA Second Strand Synthesis buffer (NEB) and 0.34 μl 
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mRNA Second Strand Synthesis enzyme (NEB) were then added to each well, and second strand 

synthesis was carried out at 16°C for 180 min. The reaction was stopped by adding 6 μL DNA 

binding buffer (Zymo) and incubating at room temperature for 5 min. Each well was then purified 

using 24 uL AMPure XP beads (Beckman Coulter), eluted in 12.5 μL of buffer EB (Qiagen). 

Eluted product was split (6 μL each) and transferred to two new 96-well plates. 

For one plate (RNA-seq dedicated portion), each well was mixed with 5 μL Nextera TD buffer 

(Illumina) and 1 μL i7 only TDE1 enzyme (25 nM, Illumina), and then incubated at 55°C for 5 

min to carry out tagmentation. After tagmentation, each well was mixed with 0.4 μL 1% SDS, 0.4 

μL BSA (NEB), and 2 μL of 10 μM P7 primer (5′-

CAAGCAGAAGACGGCATACGAGAT[i7]GTCTCGTGGGCTCGG-3′, IDT), and incubated at 

55°C for 15 min. Then, to each well, we added 2 μL 10% Tween-20, 1.2 μL nuclease-free water, 

2μL of 10 μM indexed P5 primer (5′-

AATGATACGGCGACCACCGAGATCTACAC[i5]ACACTCTTTCCCTACACGACGCTCTT

CCGATCT-3′; IDT), and 20 μL NEBNext High-Fidelity 2X PCR Master Mix (NEB). 

Amplification was carried out using the following program: 72°C for 5 min, 98°C for 30 sec, 18-

22 cycles of (98°C for 10 sec, 66°C for 30 sec, 72°C for 1 min) and a final 72°C for 5 min. For the 

‘sci-RNA-seq only’ branch of the workflow, after second strand synthesis, instead of cell lysis and 

AMPure bead purification, all cells were used for tagmentation and the subsequent PCR reaction, 

using the same procedure as the co-assay. After PCR, samples were pooled and purified using 0.8 

volumes of AMPure XP beads. Library concentrations were determined by Qubit (Invitrogen) and 

the libraries were visualized by electrophoresis on a 6% TBE-PAGE gel. All RNA-seq libraries 

were sequenced on the NextSeq 500 platform (Illumina) using a V2 75 cycle kit (Read 1: 18 cycles, 

Read 2: 52 cycles, Index 1: 10 cycles, Index 2: 10 cycles). The co-assay RNA-seq library was 
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sequenced to saturation (~100,000 reads per cell) and the sci-RNA-seq library was sequenced to 

~16,000 reads per cell. 

For the other plate (ATAC-seq dedicated portion), each well was mixed with 1 μL of 10 μM 

indexed P5 primer (5′- 

AATGATACGGCGACCACCGAGATCTACAC[i5]TCGTCGGCAGCGTC-3′; IDT), 1 μL of 10 

μM P7 primer (5′-CAAGCAGAAGACGGCATACGAGAT[i7]GTCTCGTGGGCTCGG-3′, 

IDT), 2 μL nuclease-free water, and 10 μL NEBNext High-Fidelity 2X PCR Master Mix (NEB). 

Amplification was carried out using the following program: 72°C for 3 min, 98°C for 30 sec, 18-

22 cycles of (98°C for 10 sec, 63°C for 30 sec, 72°C for 1 min) and a final 72°C for 5 min. For the 

‘sci-ATAC-seq only’ branch of the workflow, sorted cells were processed similarly to the 

published method (29) with minor modifications: each well was mixed with 7 μL buffer EB 

(Qiagen), 0.4 μL 1% SDS, 0.4 μL BSA (NEB), and 2 μL of 10 μM P7 primer (5′-

CAAGCAGAAGACGGCATACGAGAT[i7]GTCTCGTGGGCTCGG-3′, IDT), and incubated at 

55°C for 15 min. Then, to each well, we added 2 μL 10% Tween-20, 1.2 μL nuclease-free water, 

2 μL of 10 μM indexed P5 primer (5′- 

AATGATACGGCGACCACCGAGATCTACAC[i5]TCGTCGGCAGCGTC-3′; ID), and 20 μL 

NEBNext High-Fidelity 2X PCR Master Mix (NEB). The amplification procedure was the same 

for ‘ATAC-seq only’ and for co-assay plates. After PCR, all samples were pooled and purified 

using 1 volume of AMPure XP beads. Amplified libraries were then gel extracted to remove 

amplicons shorter than 200 bp, presumably primer dimers. Library concentrations were determined 

by Qubit (Invitrogen) and the libraries were visualized by electrophoresis on a 6% TBE-PAGE gel. 

Libraries were sequenced on a NextSeq 500 platform (Illumina) using a mid-output 300 cycle kit 

and a custom recipe (paired end 51 bp reads with index reads that covered both the Tn5 barcode 
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and the library amplification barcode) and custom primers as previously described in (29). ATAC-

seq libraries was sequenced to ~55,000 reads per cell. 

Mouse kidney nuclei extraction and fixation 

Mouse kidney was minced to small pieces by blade in cell lysis buffer and transferred to the top 

of a 40 um cell strainer (Falcon). Kidney tissues were homogenized with the rubber tip of a syringe 

plunger (5 ml, BD) in 4ml cell lysis buffer. The filtered nuclei were then transferred to a new 15 

ml tube (Falcon) and pelleted by centrifuge at 500xg for 5 min at 4°C and washed once with 1 ml 

ice-cold cell lysis buffer. The nuclei were fixed in 4 ml ice cold 4% paraformaldehyde (EMS) for 

15 min on ice. After fixation, the nuclei were washed twice in 1 ml nuclei wash buffer (cell lysis 

buffer without IGEPAL), and re-suspended in 500 ul nuclei wash buffer. The samples were split 

to 5 tubes with 100 ul in each tube and flash frozen in liquid nitrogen. 

Sample processing with fixed nuclei 

Fixed nuclei (by paraformaldehyde) were processed via similar steps to the cultured cells with 

minor modifications: Thawed nuclei were permeabilized with 0.2% tritonX-100 for 3 minutes on 

ice, then washed twice with nuclei wash buffer. After sorting, each well was mixed with 6 μL EB 

buffer, 0.5 μL 1% SDS, 0.5 μL protease K (Qiagen), and incubated at 65°C for 16 hours to reverse 

crosslinking. 2 μL 10% tween-20 was added to each well, and then 6 μL of mix was transferred to 

a fresh 96-well plate for ATAC-seq library preparation: each well was mixed with 2 μL of 10 μM 

indexed P5 primer (5′- 

AATGATACGGCGACCACCGAGATCTACAC[i5]TCGTCGGCAGCGTC-3′; IDT), 2 μL of 10 

μM P7 primer (5′-CAAGCAGAAGACGGCATACGAGAT[i7]GTCTCGTGGGCTCGG-3′, 

IDT), 8 μL nuclease-free water, 1 μL 10% tween-20, 1 μL BSA (NEB) and 20 μL NEBNext High-
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Fidelity 2X PCR Master Mix (NEB). The amplification program and subsequent steps for ATAC-

seq were the same as with fresh nuclei. 

The cell lysate for RNA-seq library preparation was purified using 2 volumes of AMPure XP beads 

and eluted in 5 μL elution buffer. 0.66 μl mRNA Second Strand Synthesis buffer (NEB) and 0.34 

μl mRNA Second Strand Synthesis enzyme (NEB) were then added to each well, and second strand 

synthesis was carried out at 16°C for 180 min. Tagmentation and following steps were the same 

as with fresh nuclei. 

Read alignments and downstream processing 

Read alignment and gene count matrix generation for the single cell RNA-seq aspect of the co-

assay was performed using the pipeline that we developed for sci-RNA-seq (13) with minor 

modifications. Reads were first mapped to a reference genome with STAR/v2.5.2b (30), with gene 

annotations from GENCODE V19 for human, and GENCODE VM11 for mouse. For experiments 

with A594, HEK293T and NIH/3T3 cells, we used an index combining chromosomes from both 

human (hg19) and mouse (mm10). For the mouse kidney experiment, we used mouse genome 

build mm10.  

For the mixed-species experiments (HEK293T, NIH/3T3, A549 cells), the number of UMIs and 

the percentage of mapping reads for genomes of each species was calculated based on uniquely 

mapped reads after removing duplicates. Cells with over 80% of UMIs assigned to one species 

were regarded as species-specific cells, with the remaining cells classified as mixed cells or 

“collisions”. Barcodes with more than 1,000 UMIs were deemed to correspond to cells, while those 

with fewer than 1,000 were excluded from further analysis. We recovered transcriptomes from 

4,277 A549 cells, 812 HEK293T cells, 868 NIH3T3 cells, and 136 human-mouse ‘collisions’, i.e. 

transcriptomes that derive from multiple cells that traversed through the same combination of wells. 
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For comparison, we obtained a median of 3,331 UMIs (1,524 genes) per A549 cell from a ‘sci-

RNA-seq only’ version of the workflow performed in parallel, albeit at a much lower sequencing 

depth per cell.  

For the mouse kidney experiment, the number of UMIs was calculated based on number of reads 

strand-specifically mapped to gene exons or introns after removing duplicates. In total, we 

obtained sci-RNA-seq profiles for 13,893 cells (min. 200 UMIs per cell). 

To process reads from single cell ATAC-seq, base calls were first converted to fastq format using 

Illumina’s bcl2fastq/2.16.0.10. Reads were demultiplexed according to PCR barcodes using a 

custom python script that tolerated one mismatched base in the barcode. The indexed Tn5 barcode 

for each reads was corrected to its nearest barcode (edit distance (ED) < 2) and reads with 

uncorrected barcodes (ED > 2) were removed. Demultiplexed reads were then adaptor-clipped 

using trim_galore/0.4.1 with default settings. Trimmed reads were mapped to a chimeric reference 

genome of human (hg19) and mouse for ATAC-seq from A594, HEK293T and NIH/3T3 cells, 

and mouse (mm10) only for ATAC-seq from mouse kidney experiment with STAR/v2.5.2b (30). 

Mapped reads were split into constituent cellular indices by further demultiplexing reads using the 

Tn5 index (ED < 2, including insertions and deletions). Duplicates for each cell were removed by 

samtools/v1.3 (31).  

For the mixed-species experiment, ATAC barcodes with more than 200 unique reads were 

identified as real cells, and those with fewer than that discarded. Cells with over 80% of unique 

reads assigned to one species were regarded as species-specific cells, with the remaining cells 

classified as mixed cells or “collisions”. The 6,085 cells for which we recovered chromatin 

accessibility profiles included 4,258 A549 cells, 868 HEK293T cells, 877 NIH3T3 cells, and 82 

human-mouse collisions. Identified HEK293T and NIH3T3 cells from RNA-seq and ATAC-seq 
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were extracted, and cells with linked profiles were used to calculate the ratio of co-assay cells 

assigned with the same species label. Excluding clear interspecies collisions, we obtained a median 

of 1,307 unique reads per HEK293T cell, 1,065 unique reads per NIH3T3 cell, and 1,566 unique 

reads per A549 cell, on par with results from the original sci-ATAC-seq protocol (8). The sci-

ATAC-seq data exhibited higher ‘species purity’ than the sci-RNA-seq data, with a median of 0.5% 

(HEK293T), 1.0% (NIH3T3) and 0.4% (A549) of reads mapping to the incorrect species. The 

aggregate fragment length distribution exhibited the nucleosome periodicity characteristic of 

ATAC-seq data (Fig. S3BC). When sci-RNA/ATAC-seq data are compared to data from a ‘sci-

ATAC-seq only’ version of the workflow performed in parallel, a similar proportion of reads 

mapped to accessible sites (Fig. S3A), but with a substantially lower library complexity for the 

joint protocol (sci-ATAC-seq only: median 13,144 unique reads per cell, sci-ATAC-seq in sci-

CAR: median of 1,456 unique reads per cell). In the mouse kidney experiment, we obtained sci-

ATAC-seq profiles for 13,395 nuclei (min. 300 unique reads intersecting with accessible sites per 

cell). 

Analysis of sci-RNA-seq data from the A549 experiment 

A digital gene expression matrix was constructed from the raw sequencing data as described above. 

Cells from both ‘sci-RNA-seq only’ and co-assay plates were combined. Cells with fewer than 

500 UMIs or more than 9,100 UMIs were discarded. The dimensionality of the the data was 

reduced with t-SNE (initialized by projecting each cell onto the top 10 principal components), 

followed by unsupervised clustering via the densityPeak algorithm implemented in Monocle 2.6.3 

(19).  

To calculate the change in each gene’s expression between cells from different treatment 

conditions, its UMI count in each cell was first divided by that cell’s library size factor (as 
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computed by Monocle). Mean (size-factor-normalized) expression and standard error was 

calculated across all cells in each treatment condition.  

Cells were organized into pseudotemporal trajectories according to their RNA-seq profiles using 

Monocle 2.6.3 (19). Briefly, differentially expressed genes across three treatment conditions were 

identified with the differentialGeneTest() function of Monocle 2 (19). As cells with low RNA-seq 

signal showed higher noise in trajectory analysis, cells with low numbers of genes detected (<= 

1000 genes) were filtered out. After ranking genes by significance (as reported by 

differentialGeneTest), the top 1,000 most significant genes were used to construct the pseudotime 

trajectory (19), with log-transformed total UMI counts per cell as a covariate in the tree 

construction. Each cell was assigned a pseudotime value based on its position along the trajectory 

tree. Smoothed gene expression kinetics were visualized using the plot_genes_in_pseudotime 

function in Monocle 2 (19). Cells in the trajectory were grouped in the same method as (32). 

Briefly, cells were grouped first at similar positions in pseudotime by k-means clustering along 

the pseudotime axis (k = 10). These clusters were subdivided into groups containing at least 50 

and no more than 100 cells. We then aggregated the transcriptome, chromatin accessibility and 

transcription factor activity profiles of cells within each group. The gene expression (chromatin 

accessibility or TF activity) along pseudotime was calculated in the same approach as (32). Briefly, 

genes passing significant test (5% FDR) across different treatment conditions were selected and a 

natural spline was used to fit the gene expression along pseudotime, with mean_number_genes 

included as a covariate. The gene expression for each gene was subtracted by the lowest expression 

and then divided by the highest expression. Genes with max expression within the earliest 25% of 

pseudotime were labeled as activated genes. Genes with max expression in the last 25% of 

pseudotime were labeled as repressed genes. Other genes were labeled as transient genes.  

Analysis of sci-ATAC-seq data from the A549 experiment 
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Single cell ATAC-seq profiles were generated as described above. To define peaks of accessibility 

across all sites, we used MACS/v2.1.1(27). ATAC-seq reads of cells from different treatment 

conditions were aggregated and peaks were called on each group separately. These peaks were 

then merged with bedtools (33), together with gene promoter regions (annotated transcription start 

site (TSS) in GENCODE V19 for human and GENCODE VM11 for mouse minus 500 base pairs 

in strand specific manner). Each read alignment was extended by 50 bp upstream and downstream 

from the insertion site of tagmentation. Cells were determined to be accessible at a given peak if a 

read from a cell overlapped with the peak. The peak count matrix was generated by custom python 

script with the HTseq package (34).  

Dimensionality reduction and t-SNE analysis for ATAC-seq data from A549 cells was performed 

similarly to (32) with minor modifications. Briefly, A549 cells from both ATAC-seq only and co-

assay were combined and the peak count matrix was binarized. Low signal cells (peak count < 300) 

were filtered out. Peaks within 1 kb were merged and reads in merged peaks were aggregated to 

generate a matrix with merged peaks. The dimension of the data was reduced with t-SNE 

(initialized using the top 15 PCs). Cells were then clustered using the unsupervised densityPeak 

algorithm implemented in Monocle 2.6.3 (19). Differentially accessible peak across different 

treatment conditions in A549 cells were calculated by likelihood ratio test similar to (32).  

To calculate the change in chromatin accessibility between cells from different treatment 

conditions, a site’s accessibility in each cell was calculated by dividing the cell’s raw read count 

by cell specific size factor estimated by estimateSizeFactors function in Monocle 2 (19). Mean 

chromatin accessibility and standard error were calculated based on all cells in each treatment 

condition.  
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Chromatin accessibility changes along pseudotime were calculated similarly with gene expression. 

Briefly, cells with linked transcriptome and chromatin accessibility profiles were selected, and 

assigned with the same pseudotime and sub-group identified in trajectory analysis of RNA-seq. 

ATAC-seq profiles (after merging nearby peaks) from cells were aggregated for each sub-group. 

Sites detected in more than 5 cells and significant accessible sites across different treatment 

conditions were selected. A natural spline was used to fit the site accessibility along pseudotime, 

with mean number of peaks detected per cell as a covariate. The chromatin accessibility for each 

site was subtracted by the lowest accessibility and then divided by the highest signal. Sites with 

max accessibility within 20% to 80% of pseudotime were labeled as transient sites. For the 

remaining sites, the sites with higher average accessibility in the earliest 20% vs. the latest 20% of 

pseudotime were labeled as opening sites. Otherwise, they were labeled as closing sites.  

To select the differentially accessible promoters along pseudotime, we first selected the genes that 

were differentially expressed (5% FDR, likelihood ratio test) across pseudotime, and then fitted a 

negative-binomial regression model to promoter accessibility of selected genes, with the number 

of peaks detected per cell as a covariate. Differential accessible scores (p-value) for selected genes 

were calculated with the likelihood ratio test by comparing two models with or without pseudotime 

included as covariate. P-values were converted to q-values by the Benjamini-Hochberg procedure 

after filtering out lowly accessible sites (based on max accessibility level across cells) with R 

package genefilter (35). Chromatin accessibility along pseudotime was smoothed by 

genSmoothCurves function in monocle2 (19) with pseudotime and the number of peaks included 

as covariates. 

Transcription factor analysis in the A549 experiment  
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For estimating transcription factor activity in single cells, we started with the binarized cell by site 

matrix and the list of significantly differentially accessible sites (𝑞𝑣𝑎𝑙𝑢𝑒	 ≤ 0.05, 4763 sites) in 

different DEX treatments. Then for each site 𝑖 in each condition 𝑘, we calculated the following 

𝑆score: 

 

in which 𝑛01 is the number of cells in condition 𝑘 in which site 𝑖 was observed accessible. Basically, 

the S score shows the maximum |𝑙𝑜𝑔2|fold change of a site in each condition compared with the 

rest of the conditions. We kept the sites with 𝑆 ≥ 1to restrict the motif analysis only to significant 

sites where the number of cells with that site accessible changed with at least with 2 fold. This 

resulted in 1,696 sites that were used for estimating transcription factor activity in single cells.  

We scanned 250 bps around the midpoint of the sites for occurance of motifs in CIS-BP database 

using FIMO (36, 37). We kept the motifs with 𝑝𝑣𝑎𝑙𝑢𝑒	 < 	1𝑒 − 4	 and formed a binary matrix of 

sites by motifs based on presence or absence of a motif in each site. The cell by motif matrix (M) 

was generated using a matrix multiplication between matrices of cell by sites (C) and sites by 

motifs (S): 

𝑀 = 	𝐶	 ⨯ 	𝑆 

Cell-motif matrix was further normalized by each cell’s size factor to correct for their difference 

in read depth. Cells with less than 1,000 counts were removed. Differential tests to identify TFs 

with significant changes across different treatment conditions were performed by a likelihood ratio 

test similar to the gene differential test in Monocle 2 (19), with cell type specific size factor 
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estimated by estimateSizeFactors function in Monocle 2 (19) as a covariate. TF activity along 

pseudotime was calculated similarly to the chromatin accessibility analysis described above. 

We downloaded ChIP-Seq data for A549 cell line for the same treatment conditions from 

ENCODE database (data released between year 2016 and 2018) (18). The datasets with genome 

version GRCh38 were lifted over to hg19 genome. These included the 15 tested TF targets in over 

32 experiments. We next intersected the 1,696 significantly accessible sites with 𝑆 ≥ 1 with sites 

that were present in at least one of the ChIP-Seq experiment. We made a binary matrix of 

accessible sites occupied by TF targets and then performed a matrix multiplication between the 

accessibility matrix (cells by sites) and occupancy matrix (sites by TF targets). The cells by TF 

target matrix was normalized by each cell’s size factor.  

Analysis of sci-RNA-seq data from the mouse kidney experiment 

A digital gene expression matrix was constructed from the raw sequencing data as described above. 

Cells with less than 500 UMIs were discarded. Genes expressed in less than 10 cells were filtered 

out. Downstream analyses were performed with Monocle 2 (19) and the python package scanpy 

(38). Briefly, the dimensionality of the data was reduced by PCA (30 components) first and then 

with t-SNE, followed by louvain clustering performed on the 30 principal components. After 

unsupervised clustering analysis, the intercalated cells cluster were separated to two cell clusters 

corresponding to intercalated cell type A and type B, based on marker gene expression in t-SNE. 

Two cell clusters, both identified as Loop of Henle cells, as well as two other cell clusters, both 

identified as endothelial cells, were merged. Three small clusters were merged to proximal tubule 

S3 type 1 cells, as they were highly correlated with one other (spearman correlations of aggregated 

transcriptome > 0.98) and enriched in proximal tubule S3 gene markers. To calculate the gene 

expression change between different cell types, the gene expression of each cell was calculated by 
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dividing the raw UMI count by cell specific size factor estimated by estimateSizeFactors function 

in Monocle2 (19). Mean expression and standard error was calculated across all cells in each cell 

type. Differentially expressed gene across different cell types were identified similarly as in A549 

cell experiment. Consensus expression profiles for each cell type were constructed as in (13). To 

identify cell type specific gene marker, we first selected gene that were differentially expressed 

across different cell types (5% FDR, likelihood ratio test), then selected genes that has maximum 

expression in each cell type with at least 2-fold increases compared to other cell type with the 

second maximum expression.  

Analysis of sci-ATAC-seq data from the mouse kidney experiment 

Kidney cell ATAC profiles were analyzed by the same procedures used to analyze the A549 data, 

with minor modifications. Each cell identified in ATAC-seq was assigned to a cell type based on 

their linked RNA-seq profile, where available. Reads of cells from each cell type were aggregated 

and peaks were called separately. The peaks for each cell type were merged to form a single catalog 

of sites used to analyze all cells in downstream steps. To ensure all genes were represented in the 

catalog, this catalog was augmented with peaks corresponding to the promoter regions of each 

gene (gene start site annotated in GENCODE VM11 minus 200 base pairs in strand-specific 

manner). Each read was resized by extending 100 bp upstream and downstream from its start site. 

Cells were determined to be accessible at a given peak if the read from the cell overlapped with 

the peak. The peak count matrix was generated as for the A549 experiment. As the ATAC-seq data 

for mouse kidney is very sparse, we developed an approach to enrich ATAC-seq signal by 

aggregating cells with similar transcriptomes: for each cell type identified by RNA-seq, we 

performed dimensionality reduction on transcriptome by t-SNE (on the top 10 principal 

components) and sub-clustering by k-means clustering on t-SNE coordinates. The k is selected 

based on the number of cells in each cell type so that the average cell number per sub-clusteris 50. 
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k is set to 2 for cell types with less than 100 cells. After aggregating, we obtained a total of 222 

pseudo-cells with at least 2 pseudo-cells from each cell type. 

t-SNE visualization for ATAC-seq data was done in Monocle 2 (19). Briefly, sites accessible in 

fewer than 5 pseudo-cells were filtered out. The top 12 principal components were used as input 

to t-SNE, resulting in the two-dimensional embedding of the data.  

To identify regulatory elements that were accessible in individual kidney cell types, as measured 

by the ATAC-seq portion of the coassay, we used a logistic regression framework to test whether 

cells of a given type were more likely to have Tn5 insertions at a given site relative all other cells 

in the dataset. We used the differential test implemented in the Monocle 2 (19) using the 

"binomialff" family with the following model:  

logit(pi,j) = μi + αj + βj + εi.  

where p is the probability that the ith site is accessible in the jth cell, μ is the total proportion of 

cells that are accessible at the ith site, α indicates the membership of the jth cell in the cluster being 

tested, β is the log10(total number of sites observed as accessible for the jth cell), and ε is an error 

term for the ith site. We used a likelihood ratio test framework (as implemented in Monocle 2) to 

determine if the full model (including cell cluster membership) provided a significantly better fit 

of the data than a model that only accounts for the intercept and the log10(number of sites observed 

in each cell). This was carried out using the function differentialGeneTest in Monocle 2 with a 

fullModelFormula of "~α+β" and a reducedModelFormula of "~β", where α and β correspond to 

columns for the terms defined above as included in the pData table of the CellDataSet object. Note 

that we also modified this function to return the coefficient of the group membership term as an 

estimate of effect size. For each cell type, significant score (p-value) was calculated for each sites 

comparing the cell type to other cells. To increase the power to identify cell type specific accessible 
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sites, we filtered out low accessible sites in the target cells type before Benjamini-Hochberg 

correction with R package genefilter (35). Cell type specific sites for each cell type were identified 

as sites with false discovery rate of 5%. 

To calculate the chromatin accessibility change across different cell types, the site accessibility of 

each cell was calculated by dividing the raw read count by cell specific size factor estimated by 

estimateSizeFactors function in Monocle 2 (19). Mean chromatin accessibility and standard error 

were calculated based on all cells in each cell type.  

Analysis for linking cis-regulatory elements to regulated genes in the mouse kidney experiment 

We aimed to identify links between chromatin accessible sites and regulated genes based on their 

covariance. To reduce measurement noise, which was driven largely by read depth per cell, we 

applied the same approach used for the ATAC-seq analysis mentioned above, constructing pseudo-

cells by aggregating the RNA-seq and ATAC-seq profile of highly similar cells. After aggregating, 

we obtained a total of 222 pseudo-cells with at least 2 pseudo-cells from each cell types. Accessible 

sites detected in less than 5% of pseudo-cells were removed. The aggregated RNA-seq and ATAC-

seq read counts per cell was normalized by cell-specific library size factors computed separately 

for each layer by estimateSizeFactorsForMatrix() function in DESeq2 (39), log transformed, 

centered, then scaled by scale() function in R. For each gene of the top 2,000 most significantly 

differentially expressed protein coding genes across different cell types in the mouse kidney, a 

LASSO regression model was constructed with package glmnet (40) to predict theexpression 

levels based on the normalized chromatin accessibility of its promoter or promoter plus nearby 

accessible sites (less than 100 kb from the gene start site or end site) by fitting the following model: 

𝐺0 = 𝛽B 	+ 𝛽D𝑃0 	+ 𝛽F𝐷0		 
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where 𝐺0 is the adjusted gene expression value for gene i. It is calculated by aggregating RNA-seq 

count for all cells (𝑔H,J,K...L) within the same “pseudo-cell”, normalized by cell specific size factor 

(𝑆𝐺0) estimate by estimateSizeFactorsForMatrix function in DESeq2 (39) and log transformed: 

 

As 𝐺0 is created by summing counts across many cells (median of 47 cells, median of 4 counts for 

the top 2,000 DE genes across all pseudo-cells), it can reasonably be approximated by Gaussian 

distribution based on central limit theorem. To simplify downstream comparison between genes, 

we standardize the response Gi prior to fitting the model for each gene i with the scale() function 

in R. 

Similar with 𝐺0, 𝑃0 and 𝐷0 are the summed ATAC-seq read counts for promoter accessibility (𝑃0) 

and nearby (within 100 kb) accessible sites (𝐷0) of gene i: they are calculated by aggregating 

ATAC-seq counts for all cells (𝑝H,J,K...L) within the same “pseudo-cell”. For genes with multiple 

promoters, ATAC-seq read counts for all possible promoters are added together. Then they are 

normalized by cell specific size factor (𝑆𝑃0 ) estimated with the estimateSizeFactorsForMatrix 

function in DESeq2 (39), and log transformed: 

 

Prior to fitting, Pi and Di are are standardized with the scale() function in R. 
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Our approach aims to identify sites that may regulate each gene, by finding the subset that can be 

used to predict its expression in a regression model. However, a site with accessibility correlated 

with a gene’s expression does not guarantee it is regulating that gene. In particular, sites with 

accessibility that is inversely correlated with expression are unlikely to be genuine enhancers. We 

aimed to enrich links with bona fide enhancers by excluding those sites from the model that were 

not sufficiently correlated with its expression. We determined this threshold through a 

permutation-based procedure detailed below. 

Specifically, we permuted the cell id or peak id of ATAC-seq matrix and redid the same analysis. 

Under the permutation, glmnet reported some links between sites and genes, but the magnitude of 

the coefficients attached to these links was small and often negative, likely reflecting minute 

amounts of covariance not ablated by the permutation procedure, e.g. if gene A is specifically 

expressed in cell type 1 and site B is specifically accessible in cell type 2. Although negative 

correlations between a site’s accessibility and a gene’s expression could reflect the activity of a 

transcriptional repressor, we felt that the more likely explanation for negative links reported by 

glmnet was mutually exclusive patterns of cell-type specific expression and accessibility. We thus 

used the permutation procedure to define a minimum threshold of correlation (r = 0.04) between a 

site and a gene when deciding whether to exclude the site prior to running the LASSO. If one site 

was linked to multiple genes, only the link with the highest correlation coefficient was preserved.  

To quantify the predictive power of identified cis-regulatory and gene links, we constructed a 

linear regression model fitted with promoter accessibility or promoter accessibility plus linked 

distal sites accessibility to predict the expression of regulated genes across “pseudo-cells” (z score). 

Predicted gene expression was calculated based on ten-fold cross validation and r squared was 

measured to compare the prediction accuracy of two models. 
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Supplementary Figures 

 

 

Fig. S1. sci-CAR links gene expression and chromatin accessibility information at the single 

cell level. (A) Comparison of throughput demonstrated in this study vs. other recent nucleic acid 

co-assay studies. (B) Layout of 96-well plate from first round of indexing of sci-CAR of human-

mouse cell mixtures and dexamethasone-treated A549 cells. (C, D) Boxplots showing the number 

of UMIs (C) and genes (D) detected per cell in single cell RNA-seq profiles from sci-CAR 

experiment. (E) Boxplot showing the number of unique reads per cell in single cell ATAC-seq 

profiles sci-CAR experiment. (F) Scatter plot of unique human and mouse UMI counts (RNA-seq) 

from 96 x 576 sci-CAR. Only cells with both RNA-seq and ATAC-seq profiles are plotted, colored 
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by the ratio of human-to-mouse reads in linked ATAC-seq data. (G) Scatter plot of unique human 

and mouse reads (ATAC-seq) from 96 x 576 sci-CAR. Only cells with both RNA-seq and ATAC-

seq profiles are plotted, colored by the ratio of human-to-mouse reads in linked RNA-seq data. 

 

Fig. S2. Quality control of sci-CAR single cell transcriptomes. (A, B) Correlation between gene 

expression measurements in aggregated profiles of HEK293T nuclei (A) and NIH/3T3 nuclei (B) 

from sci-CAR vs. sci-RNA-seq from (13), together with a linear regression line (red) and y=x line 

(black). (C-E) Correlation between gene expression measurements of A549 cells from no DEX 

treatment (C), 1 hour DEX treatment (D) and 3 hour DEX treatment (E) in sci-CAR vs. sci-RNA-

seq-only plates of the same experiment, together with a linear regression line (red) and y=x line 

(black). 
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Fig. S3. Quality control of sci-CAR single cell chromatin accessibility profiles. (A) Box plot 

showing the proportion of unique ATAC reads intersecting with accessible sites in A549 nuclei 

from sci-CAR vs. sci-ATAC-seq-only plates. (B-D) Fragment length distribution in ATAC-seq 

from sci-CAR of human cells (B) or mouse cells (C), or human cells from sci-ATAC-seq-only 

plates (D). (E-H) Correlation between aggregated ATAC-seq signal (RPM, reads per million) of 

A549 cells (all treatment conditions (E), DEX 0 hour treatment (F), 1 hour treatment (G) and 3 

hour treatment (H) from sci-CAR vs. sci-ATAC-seq-only plates, together with a linear regression 
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line (dark blue). The peak reference is based on all available ATAC-seq data from all timepoints 

for this experiment, and all peaks are plotted in each scatter plot. 

 

Fig. S4. sci-CAR profiles single cell expression and chromatin accessibility in dexamethasone 

treated A549 cells. (A) Bar plot showing the average expression of five known targets of GR 

upregulation across different timepoints of DEX treatment of A549 cells (normalized to 0 hr 

group). The gene expression profiles of each cell was calculated by dividing the raw UMI counts 

by a cell-specific size factor. Error bars represent standard errors of the means calculated based on 

all cells in each group. (B) Bar plot showing the average promoter accessibility of five known 

targets of GR upregulation across different timepoints of DEX treatment of A549 cells (normalized 



 162 

to 0 hrs group). Error bars represent standard errors of the means calculated based on all cells in 

each group. (C) t-SNE visualization of A549 cells (left: RNA-seq; right: ATAC-seq) including 

cells from both sci-CAR and sci-RNA-seq only (left) or sci-ATAC-seq-only (right) plates, colored 

by experiment. (D) t-SNE visualization of A549 cells (ATAC-seq) with linked RNA-seq profiles, 

colored by cluster id identified from RNA-seq data. (E) Bar plot showing the number of cells in 

ATAC-seq cluster 1 or cluster 2 whose linked transcriptome is assigned to RNA-seq cluster 1 or 

cluster 2. (F) t-SNE visualization of A549 cells (RNA-seq) with linked ATAC-seq profiles. If the 

cell is in cluster 1 (or cluster 2) in both RNA-seq and ATAC-seq, then it is labeled as “Match”, 

otherwise it is labeled as “Discordant”. (G) Scatter plot showing the correlation between log 

transformed fold change (between 3 hour DEX treatment and 0 hour DEX treatment) of bulk RNA-

seq (from ENCODE) and aggregated single cell RNA-seq across 870 DE genes identified by bulk 

RNA-seq, together with the linear regression line (blue). (H) Scatter plot showing the correlation 

between log transformed fold change (between 3 hour DEX treatment and 0 hour DEX treatment) 

of bulk DNase-seq (from ENCODE) and aggregated single cell ATAC-seq (RPM, reads per 

million) across 672 DA sites identified from bulk DNase-seq data, together with the linear 

regression line (blue). The peak reference from sci-CAR was used in reanalyzing bulk DNase-seq 

data. (I) Scatter plot showing the correlation between log2 transformed fold change (between 3 

hour DEX treatment and 0 hour DEX treatment) of promoter accessibility and gene expression for 

175 genes that are both DA and DE, together with the linear regression line (blue).  
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Fig. S5. Pseudotime analyses of dexamethasone treated A549 cells. (A) The Monocle-based 

single cell pseudotime trajectory of sci-RNA-seq profiles from A549 cells, including cells from 
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both sci-CAR and sci-RNA-seq-only plates. (B) Boxplot showing the pseudo-time of cells from 

matched vs. discordant cells from the 1 hr DEX treatment group. If the cell is in cluster 1 (or cluster 

2) in both RNA-seq and ATAC-seq, then it is labeled as “Matched”, and otherwise as “Discordant”. 

(C) Relative expression of GR target gene markers in cells ordered by pseudotime. Black line 

indicates the pseudotime-dependent average from a smoothed binomial regression. The relative 

expression is calculated by first normalizing the read count by cell size factor estimated by 

estimateSizeFactors function in Monocle 2, and then log transformed after adding a pseudocount 

1. (D, E) Smoothed pseudotime-dependent gene expression (D) and chromatin accessibility (E) 

curves, generated by a negative binomial regression and scaled as a percent of maximum gene 

expression (D) or chromatin accessibility (E). Each row indicates a different gene (D) or DNA 

element (E). (F, G) Similar to Fig. 2F; bar plots showing unscaled aggregate gene expression in 

transcripts per million (F) and aggregate promoter accessibility in reads per million (G) of genes 

CKB and ZSWIM6, together with loess smoothed line. (H) Similar to Fig. 2F; smoothed 

pseudotime-dependent gene expression and promoter accessibility of genes with significant 

change (FDR 5%) in both gene expression and promoter accessibility along pseudotime.  
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Fig. S6. Analyses of single cell transcription factor activity change in dexamethasone treated 

A549 cells. (A, B) Dynamics of transcription factor activity during DEX treatment represented by 

(A) aggregate instances of motifs present in accessible sites and (B) accessible sites occupied by 

targeted transcription factors captured by publicly available ChIP-Seq data for this time course. 

(C) Similar to Fig. S5D and S5E; smoothed pseudotime-dependent transcription factor activity 

curves, scaled as percentage of maximum motif accessibility. (D, E) Similar to Fig. 2G; bar plots 
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showing unscaled aggregate gene expression in transcripts per million (D) and aggregate TF motif 

intersected reads per million (E) of gene NR3C1 and KLF9, together with loess smoothed line.  

 

Fig. S7. Application of sci-CAR to the mouse kidney. (A) Layout of 96-well plate from first 

round of indexing of sci-CAR, followed by schematic of key analysis steps for RNA-seq informed 

clustering of ATAC-seq profiles via ‘pseudo-cells’. (B) Box plot showing the number of UMIs 

and genes detected per cell in mouse kidney nuclei by sci-CAR. (C) Box plot showing the number 

of ATAC-seq unique reads and reads intersected with accessible sites per cell in mouse kidney 

nuclei by sci-CAR. (D) Correlation between aggregated gene expression (log(TPM + 1)) 
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measurements of mouse kidney cells from Drop-seq vs. sci-CAR normalized by gene length, 

together with a linear regression line (blue). (E) Bar plot showing the number of cells of each cell 

type profiled by sci-CAR, colored by replicate id. (F) t-SNE visualization of mouse kidney nuclei 

(based on single RNA-seq profiles from sci-CAR), colored by replicate id. 
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Fig. S8. sci-CAR expression data identifies major cell types of mouse kidney. (A) Dot plot 

visualization of each cell type in RNA-seq. The size of the dot represents the percentage of cells 
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within a cell type expressing the gene (UMI count > 0) and the color indicates the average 

expression level. (B) t-SNE visualization of mouse kidney nuclei (RNA-seq aspect of sci-CAR 

data), colored by the single cell expression of gene markers. Expression value were calculated by 

dividing raw UMI count by cell specific size factors. (C, D) Left panels are the t-SNE visualization 

of mouse kidney nuclei (RNA-seq), colored by cell type specific gene markers for proximal tubule 

sub-types (C) and active proliferating sub-population (D). Right panels are the 

immunohistochemistry (IHC) data for kidney tissue from The Human Protein Atlas (25, 26, 41–

52). 
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Fig. S9. sci-CAR identified cell type specific genes markers of mouse kidney. (A) Heatmap 

showing the relative expression of genes in consensus transcriptomes of each cell type estimated 

by single cell RNA-seq data from sci-CAR. Genes are included if they have a size-factor-
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normalized mean expression of >0.05 in at least one cell type (7,893 genes in total). The raw 

expression data (UMI count matrix) is log-transformed, column centered and scaled (using the R 

function scale), and the resulting values are clamped to the interval [-2, 2]. (B) Number of genes 

that are enriched at least 2-fold in a specific cell type relative to the 2nd-highest-expressing cell 

type, excluding genes for which the differential expression all cell types is not significant (q-value > 

0.05). (C, D) Left panels are the t-SNE visualization of mouse kidney nuclei (RNA-seq), colored 

by cell type specific gene markers for renal pericytes (C) and collecting duct intercalated cell B 

(D). Right panels are the immunohistochemistry (IHC) data for kidney tissue from The Human 

Protein Atlas (25, 26, 41–52). (E) t-SNE visualization of mouse kidney nuclei (RNA-seq), colored 

by gene expression of cell type-specific transporters. The expression of cell type-specific 

transporters correlates with the reabsorption functions in different regions of kidney tubule.  
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Fig. S10. sci-CAR chromatin accessibility data identifies cell-type specific differentially 

accessible sites. (A) Aggregate single cell chromatin accessibility profiles from sci-CAR 

recapitulate bulk ATAC-seq profiles of the adult mouse kidney (18). 5M reads were sampled from 

each data set for density plot visualization with EpiGenome Browser (53). (B) Correlation between 

aggregated gene expression (log(RPM + 1)) measurements of mouse kidney cells from sci-CAR 

vs. published bulk ATAC-seq data on adult mouse kidney (18), together with a linear regression 
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line (blue). The peak reference (MACS2-called peaks and promoters of all genes) from sci-CAR 

was used in reanalyzing bulk ATAC-seq data. (C) Genes were divided into five equal groups based 

on aggregate promoter accessibility. Boxplot showing the aggregate expression (TPM, transcripts 

per million) of genes within each group. (D) Bar plot showing the number of enriched differentially 

accessible sites identified for different cell types in mouse kidney. (E) Coverage density plot of 

aggregated ATAC-seq profile for different cell types at the Slc12a3 locus. 5M reads were sampled 

from each data set for density plot visualization with EpiGenome Browser (53). Cell types with 

less than 5M reads are not shown.  
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Fig. S11. sci-CAR profiles promoter accessibility and gene expression across different cell 

types. (A-C) Left panels: bar plot showing the average expression of cell type specific marker 

genes Slc12a1 (A), Slc12a3 (B) and Slc6a18 (C) across different cell types in mouse kidney. The 
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gene expression of each cell was calculated by dividing the raw UMI count by cell specific size 

factor. Error bars represents standard errors of the means. Right panels: bar plots showing the 

average promoter accessibility of cell type specific marker genes Slc12a1 (A), Slc12a3 (B) and 

Slc6a18 (C) across different cell types in mouse kidney. The promoter accessibility of each cell 

was calculated by dividing the raw read count by cell specific size factor. Error bars represents 

standard errors of the means.  
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Fig. S12. sci-CAR links cis-regulatory elements and regulated genes. (A) Overview of 

analytical steps. (B) Bar plot showing the number of site-gene links identified from real data vs. 

after permuting cell id or peak id of ATAC-seq data. (C) Histogram of the number of accessible 

sites per gene that were linked (red) vs. tested (black), for genes with 1+ links only. (D) Histogram 

of the number of genes occurring in the genomic region between the cis-regulatory element and 

regulated gene comprising each link. (E) Histogram showing the distance distribution between 

sites and transcription start sites (TSS) for linked sites (red) vs. all sites within 100 kb (black). (F) 

Bar plot showing the number of genes (with linked sites identified) specific to each cell type. A 
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gene is specific to one cell type when it is differentially expressed across cell types (FDR < 1%) 

with highest expression in the cell type.  
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Fig. S13. Linked cis-regulatory elements and regulated genes show similar cell type 

specificities. (A) top: genome browser plot showing links between accessible distal regulatory 

sites and the gene Slc12a3. The height corresponds to the correlation coefficient. Bottom: Similar 

to Fig. 4A (bottom), barplots showing the average expression, promoter accessibility, linked site 

accessibility, and the accessible site nearest to the gene start site for cell type-specific marker gene 

Slc12a3 across different cell types. Gene expression values for each cell were calculated by 
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dividing the raw UMI count by cell-specific size factors. Site accessibilities for each cell were 

calculated by dividing the raw read count by cell-specific size factors. Error bars represent standard 

errors of the means. 

 

Fig. S14. Linked cis-regulatory elements and regulated genes show similar cell type 

specificities. (A) Similar to Fig. 4A (top), genome browser plot showing links between accessible 

distal regulatory sites and Slc12a1. The height corresponds to the correlation coefficient from the 

LASSO regression. (B) Similar to Fig. 4A (bottom), barplots showing the average expression, 

promoter accessibility and linked or unlinked site accessibilities for Slc12a1 across different cell 
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types. Gene expression values for each cell were calculated by dividing the raw UMI count by 

cell-specific size factors. Site accessibilities for each cell were calculated by dividing the raw read 

count by cell-specific size factors. Error bars represent standard errors of the means. 
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Abstract:  

Mammalian organogenesis is an astonishing process. Within a short window of time, the cells of 

the three germ layers transform into an embryo that includes most major internal and external 

organs. Here we set out to investigate the transcriptional dynamics of mouse organogenesis at 

single cell resolution. With sci-RNA-seq3, we profiled ~2 million cells, derived from 61 embryos 

staged between 9.5 and 13.5 days of gestation, in a single experiment. The resulting ‘mouse 

organogenesis cell atlas’ (MOCA) provides a global view of developmental processes during this 

critical window. We identify hundreds of cell types and 56 trajectories, many of which are detected 

only because of the depth of cellular coverage, and collectively define thousands of corresponding 

marker genes. With Monocle 3, we explore the dynamics of gene expression within cell types and 

trajectories over time, including focused analyses of the apical ectodermal ridge, limb 

mesenchyme and skeletal muscle.  

Introduction: 

Most studies of mammalian organogenesis rely on model organisms, and in particular, the 

mouse. Mice develop quickly, with just 21 days between fertilization and birth. The implantation 

of the blastocyst (E4.0) is followed by gastrulation and the formation of germ layers (E6.5-E7.5)(1, 

2). At the early-somite stages, the embryo transits from gastrulation to early organogenesis, 

forming the neural plate and heart tube (E8.0–E8.5). In the ensuing days (E9.5-E13.5), the embryo 

expands from hundreds-of-thousands to over ten million cells, and concurrently develops nearly 

all major organ systems. Unsurprisingly, these four days have been intensively studied. Indeed, 

most genes underlying major developmental defects can be studied in this window(3, 4). 
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The transcriptional profiling of single cells (scRNA-seq) represents a promising avenue for 

obtaining a global view of developmental processes(5–7). For example, scRNA-seq recently 

revealed remarkable heterogeneity in neurons and myocardiocytes during mouse development(8, 

9). However, although two scRNA-seq atlases of mouse were recently released(10, 11), they are 

mostly restricted to adult organs, and do not attempt to characterize the emergence and dynamics 

of cell types during development.  

Results: 

Single cell RNA-seq of 2 million cells 

Single cell combinatorial indexing (‘sci-’) is a methodological framework involving split-pool 

barcoding of cells or nuclei(12–19). We previously developed sci-RNA-seq and applied it to 

generate 50-fold shotgun coverage of the cellular content of L2 stage Caenorhabditis elegans(17). 

A conceptually identical method was recently termed Split-Seq(20). To increase the throughput, 

we explored >1,000 experimental conditions (Extended Data Fig. 1ab; Methods). The major 

improvements of the resulting method, sci-RNA-seq3, include: (i) Nuclei are extracted directly 

from fresh tissues without enzymatic treatment, then fixed and stored. (ii) For the third level of 

indexing(17), we switched from Tn5 tagmentation to hairpin ligation. (iii) Individual enzymatic 

reactions were optimized. (iv) FACS sorting was replaced by dilution, and sonication and filtration 

steps added to minimize aggregation. Even without automation, sci-RNA-seq3 library preparation 

can be completed through the intensive effort of a single individual in one week at a cost of less 

than $0.01 per cell.  

We collected 61 C57BL/6 mouse embryos at E9.5, E10.5, E11.5, E12.5 or E13.5, and snap 

froze them in liquid nitrogen. Nuclei from each embryo were isolated and deposited to different 

wells, such that the first index identified the originating embryo of any given cell. As a control, we 
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spiked a mixture of human HEK293T and mouse NIH/3T3 nuclei into two wells. The resulting 

sci-RNA-seq3 library was sequenced in a single Illumina NovaSeq run, yielding 11 billion reads 

(Fig. 1a; Extended Data Fig. 1cd).  

From one experiment, we recovered 2,058,652 cells from mouse embryos and 13,359 cells 

from HEK293T or NIH/3T3 cells (UMI (unique molecular identifier) count ≥ 200). 

Transcriptomes from human/mouse control wells were overwhelmingly species-coherent (3% 

collisions), with performance similar to previous experiments(17) (Extended Data Fig. 1e-i). A 

limitation is that only ~7% of cells entering the experiment were ultimately profiled, with losses 

largely consequent to filtration steps intended to remove aggregates of nuclei.  

We profiled a median of 35,272 cells per embryo (Fig. 1b; Extended Data Fig. 1j). Despite 

shallow sequencing (~5,000 raw reads per cell; 46% duplicate rate), we recovered a median of 671 

UMIs (519 genes) per cell (Extended Data Fig. 1k). 3.7-fold deeper sequencing of a subset of 

wells nearly doubled complexity (to a median of 1,142 UMIs per cell; 87% duplicate rate). As we 

are profiling RNA in nuclei, 59% of UMIs per cell strand-specifically mapped to introns, and 25% 

to exons. Our profiles may thus primarily reflect nascent transcription, temporally offset but also 

predictive(21) of the cellular transcriptome. Later stage embryos exhibited somewhat reduced 

UMI counts, possibly reflecting decreasing nuclear mRNA content (Extended Data Fig. 1l). We 

used Scrublet(22) to detect 4.3% likely doublet cells, corresponding to a doublet estimate of 10.3% 

including both within- and between-cluster doublets (Extended Data Fig. 1mn).  

Based on our rough estimates of the number of cells per embryo at each timepoint (Methods), 

our ‘shotgun cellular coverage’ of the mouse embryo is 0.8x at E9.5 (200K cells/embryo; 152K 

profiled across all replicates), 0.3x at E10.5 (1.1M cells/embryo; 378K profiled), 0.2x at E11.5 

(2.6M cells/embryo; 616K profiled), 0.08x at E12.5 (6M cells/embryo; 475K profiled), and 0.03x 
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at E13.5 (13M cells/embryo; 437K profiled). Thus, although we are not yet oversampling(17), our 

depth of profiling is equivalent to 3-80% of the cellular content of an individual mouse embryo.  

Embryos were readily identified as male (n = 31) or female (n = 30) (Extended Data Fig. 1op). 

Applying t-stochastic neighbor embedding (t-SNE) to “pseudo-bulk” profiles (aggregating the 

transcriptomes of each embryo’s cells) resulted in five tightly clustered groups corresponding to 

developmental stages (Extended Data Fig. 1q). We also ordered the mouse embryos along a 

pseudotime trajectory(23) (Fig. 1c). Two prominent gaps (E9.5-E10.5 and E11.5-E12.5) suggest 

particularly dramatic changes during these windows (Extended Data Fig. 1rs). In these pseudo-

bulk profiles, 12,236 genes were differentially expressed across developmental stages.  

 

Identification of cell types and subtypes 

We subjected the 2,058,652 single cell transcriptomes to Louvain clustering and t-SNE 

visualization (Fig. 2a). Reassuringly, cells from replicate embryos of the same developmental 

stage were similarly distributed, whereas cells from different stages were not (Extended Data 

Figs. 2a-f). Based on genes specific to each of 40 clusters, we manually annotated cell types. 

Merging two clusters both corresponding to the definitive erythroid lineage and discarding a 

putative doublet cluster (detected doublet rate of 52%) yielded 38 major cell types (Fig. 2b; 

Extended Data Fig. 2g). 

In general, highly specific marker genes made the annotation of these major cell types 

straightforward (Fig. 2b). For example, cluster 6 (epithelial cells) specifically expressed Epcam 

and Trp63(24)(25), while cluster 29 (hepatocytes) specifically expressed Afp and Alb(10). Smaller 

clusters were readily annotated as well. For example, cluster 36 (melanocytes) specifically 

expressed Tyr and Trpm1(26, 27), while cluster 37 (lens) specifically expressed Cryba2. Some 
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markers, although observed in a substantial proportion of cells in many clusters, were much more 

highly expressed in one cluster (e.g. Hbb-bh1 in primitive erythroid cells). For clusters 

corresponding to the embryonic mesenchyme and connective tissue, annotation was more 

challenging because fewer markers are known (e.g. Fndc3c1 in early mesenchyme; Extended 

Data Fig. 2h) 

17,789 of 26,183 genes (68%) were differentially expressed across the major cell types (5% 

FDR). Amongst these, we identified 2,863 cell type-specific marker genes (mean 75; those 

with >2-fold expression difference between first and second ranked cell type; a cutoff of >5-fold 

yielded 932 marker genes; Extended Data Fig. 2i). The vast majority of these markers are novel. 

For example, we detect the highest expression of sonic hedgehog (Shh)(28) in the notochord 

(cluster 30), together with Ntn1, Slit1, and Spon1, all known to be expressed in the cells of the 

notochord and floor plate during development(29–31). However, Tox2, Stxbp6, Schip1, Frmd4b, 

not previously been described as markers of the notochord, were also markers of cluster 30. Whole-

mount in situ hybridization (WISH) of Shh (known) and Tox2 (novel) confirmed both genes are 

expressed in notochord at E10.5 (Extended Data Fig. 2j). 

We observed marked changes in the proportions of cell types during organogenesis. While 

most major cell types proliferated exponentially, a few were transient and disappeared by E13.5 

(Extended Data Fig. 2kl). For example, at E9.5, we detect cells corresponding to the primitive 

erythroid lineage, originating from the yolk sack (cluster 26; marked by Hbb−bh1). However, the 

definitive erythroid lineage, originating from the fetal liver (cluster 22; marked by Hbb−bs), 

progressively displaces it to become the exclusive red cell lineage by E13.5 (Fig. 2a; Extended 

Data Fig. 2m).  
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The 38 major cell types are represented by a median of 47,073 cells, the largest containing 

144,648 cells (connective tissue progenitors), and the smallest only 1,000 cells (neutrophils). As 

additional heterogeneity was readily apparent, we adopted an iterative strategy, repeating Louvain 

clustering on each major cell type. After subclusters dominated by a few embryos were removed 

and highly similar subclusters merged (Methods), 655 subclusters were identified (Extended 

Data Fig. 3). As an operational definition specific to this manuscript, we refer to the 38 major 

clusters as cell types, and the 655 subclusters as subtypes. Notably, our sensitivity to detect cell 

types and subtypes in this study was dependent on the large number of cells profiled (Extended 

Data Fig. 4a-d).The 655 subtypes consist of a median of 1,869 cells, and range from 51 (a subtype 

of notochord) to 65,894 (a subtype of connective tissue progenitors) cells (Extended Data Fig. 

4e-g). 

We annotated 13% of subtypes as likely artifacts (>10% of cells in these subtypes are predicted 

doublets; Extended Data Fig. 4h). For the remaining 572 subtypes, we identified a median of 20 

subtype-specific markers (>2-fold expression difference between first and second ranked cell 

subtypes of the corresponding major cell type; Extended Data Fig. 4ij). Furthermore, most 

subtypes can be distinguished from all 571 other non-doublet subtypes based on marker gene sets 

and >4-fold expression differences (63% with 2 markers, 95% with 4 markers; Methods; 

Extended Data Fig. 4k).  

As there are presently no comparable single cell atlases of E9.5-E13.5, we compared MOCA 

subtypes to 130 fetal cell types (E14.5) of a recent mouse cell atlas (MCA)(10). With a new inter-

study cross-matching method, we matched 96 MCA cell types to 58 MOCA subtypes (Methods; 

Extended Data Fig. 5a-c). As expected, MOCA subtypes that failed to match MCA cell types 

tended to derive from earlier stages (e.g. neural tube) or were rare (e.g. lens), while MCA cell types 

that failed MOCA subtypes were mostly tissue-specific immune or epithelial cells, potentially 
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because they emerge after E13.5. Nonetheless, the atlases unquestionably inform one another, as 

the MCA’s anatomical resolution is useful for localizing MOCA subtypes, while MOCA’s 

developmental focus informs the embryonic origin of MCA cell types (Extended Data Fig. 5b). 

As an example of the former, a subcluster of endocrine epithelial cells in MOCA mapped to both 

the acinar and endocrine cells of the fetal stomach in the MCA. As an example of the latter, “cells 

in cell cycle” in the MCA’s fetal kidney mapped to a subtype of intermediate mesoderm in MOCA, 

plausibly corresponding to progenitors of the kidney. A similar analysis matched 48 cell types 

annotated in a recent mouse brain atlas (BCA)(32) to 68 MOCA subtypes with high specificity 

(Extended Data Fig. 5d).  

 

Characterization of the apical ectodermal ridge 

We annotated all subtypes of epithelium and endothelium (clusters 6 and 20, respectively; Fig. 

3a; Extended Data Fig. 6a-c). For example, epithelial subtype 6.8 was marked by Oc90, 

exclusively expressed in the epithelium of the otic vesicle(33); epithelial subtype 6.23 by Fgf8, 

Msx2, and Rspo2, known markers of the apical ectodermal ridge (AER)(34); and endothelial 

subtype 20.12 by Tbx20 and Tmem108, specific to endocardial cells and cardiac valve 

endothelium(35, 36). 

To investigate a subtype in more detail, we focused on the AER, a highly specialized 

epithelium involved in digit development(37). In addition to known markers for AER, subtype 

6.23 (1,237 cells; 0.06% of MOCA) was distinguished by expression of Fndc3a, Adamts3, 

Slc16a10, Snap91, and Pou6f2. WISH of Fgf8 (known), Fndc3a, Adamts3, and Snap91 (all novel) 

confirmed expression specific to the most distal tip of the limb bud representing the AER at E10.5 

or E11.5 (Fig. 3b-e). 
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We next examined the dynamics of AER proliferation and gene expression. Although detected 

at all timepoints and nearly all embryos, the estimated number of AER cells per embryo peaks 

between E10.5 and E11.5 (Fig. 3f), consistent with a previous report(38) and our validations (Fig. 

3c). We performed pseudotemporal ordering of AER cells, yielding a simple early-to-late 

trajectory and 710 differentially expressed genes (5% FDR; Fig. 3gh; Extended Data Fig. 6d). 

For example, Fgf8, Fgf9(39) and Rspo2(34) are preceded in their activation dynamics by Fndc3a. 

Genes whose expression significantly decreased include Mki67 and Igf2, which have roles in 

promoting cellular proliferation(40, 41). Pathway-level analyses also showed the downregulation 

of proliferative programs in this window (Extended Data Fig. 6ef). 

 

Reconstructing developmental trajectories 

We next sought to investigate the developmental trajectories that cell types traverse during 

mammalian organogenesis. Most contemporary algorithms for trajectory reconstruction assume a 

continuous manifold (whereas our data begin at E9.5, and therefore are missing at least some 

ancestral states) and do not allow for convergence of cell fates (whereas some cell types are known 

to derive from multiple transcriptionally distinct lineages). To overcome these limitations while 

also enabling scaling to millions of cells, we developed a new version of Monocle(42). Monocle 

3 first projects cells onto a low-dimensional space encoding transcriptional state using UMAP(43). 

It then groups mutually similar cells using the Louvain community detection algorithm, and 

merges adjacent groups into ‘supergroups’(44). Finally, it resolves the paths or trajectories that 

individual cells can take during development, identifying the locations of branches and 

convergences within each supergroup.  
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Subsequent to a focused application of Monocle 3 to cells corresponding to the limb bud 

mesenchyme (Supplementary Note 1; Extended Data Fig. 7; Supplementary Tables 7-9), we 

applied it to identify major developmental trajectories across the entire dataset. Monocle 3 

organized 1,524,792 high-quality cells (UMI > 400) into twelve groups. We merged two groups 

corresponding to sensory neurons, and another two corresponding to blood cells. Nearly all of the 

38 major cell types fall almost exclusively in one of the ten resulting trajectories (Fig. 4a-b; 

Extended Data Fig. 8ab). The two most complex structures are the neural tube/notochord 

trajectory, which includes the notochord, neural tube, progenitor and developing neuronal and 

glial cell types, and the mesenchymal trajectory, which includes all mesenchymal and muscle cell 

types. There are three neural crest trajectories, corresponding to sensory neurons, Schwann cell 

precursors and melanocytes. The hematopoietic trajectory includes megakaryocytes, erythrocytes 

and white blood cells, while the remaining four trajectories (endothelial, epithelial, hepatic, lens) 

each correspond to a single major cell type (Fig. 4b). The discontinuity between these ten major 

trajectories likely reflects the lack of representation of some intermediate or ancestral states, 

consequent to our study beginning at E9.5. Although the estimated number of cells per embryo in 

each trajectory increases exponentially, their proportions remain relatively stable, with the 

exception of hepatocytes, which markedly increase their contribution from 0.3% at E9.5 to 2.8% 

at E13.5 (Extended Data Fig. 8c).  

Unlike t-SNE, UMAP places related cell types near one another. For example, cell types found 

at later developmental timepoints such as inhibitory neurons are connected to early CNS precursors 

(radial glia) by a 'bridge' of neural progenitor cells; however, the same radial glial cells project in 

a different direction towards increasingly mature oligodendrocytes (Fig. 4a, left). Similarly, early 

mesenchymal cells radiate from a defined region into myocytes, limb mesenchyme, 

chondrocytes/osteoblasts and connective tissues (Fig. 4a, right).  
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After removing 12% of cells corresponding to doublet-annotated cells and/or subclusters, we 

iteratively reanalyzed the ten major trajectories (Fig. 5; Extended Data Fig. 9). For example, the 

epithelial trajectory breaks into several discontinuous subtrajectories, each emanating from a focal 

concentration of E9.5-derived cells and projecting in one or more directions, through cells 

corresponding to progressively later timepoints (Fig. 4c; Extended Data Fig. 8d). Notably, the 

AER subtrajectory projects out of surface ectoderm and then back into epidermis, consistent with 

its transitory nature. 

We mapped the 572 subtypes defined by t-SNE and Louvain clustering to the developmental 

subtrajectories defined by Monocle 3 (Extended Data Fig. 9). The vast majority of subtypes 

mapped to a single subtrajectory, often as temporally restricted subsetsWe annotated the 

subtrajectories on the basis of marker genes of subtypes mapping to them. The resulting 56 

developmental subtrajectories span all major systems including the CNS, PNS, respiratory, 

digestive, cardiovascular, immune, lymphatic, urinary, endocrine, integumentary, skeletal, 

muscular and reproductive systems (Fig. 5; Extended Data Fig. 10).  

In some cases, we observe a single, simple linear trajectory. However, we also observe many 

examples of branching trajectories, as well as of cell types that appear to be generated via multiple 

parallel paths. As an example of the latter, both CNS excitatory and inhibitory neurons appear to 

develop through multiple, convergent trajectories, possibly due to the maturation in multiple 

anatomical locations. Other subtrajectories exhibited even more complex features, including 

multiple starting and ending points within a continuous structure (e.g. intermediate mesoderm 

trajectory). 

Although Monocle 3 did not have access to these labels, the subtrajectories are highly 

consistent with developmental time (i.e. cells ordered from E9.5 to E13.5, Extended Data Fig. 9-

10). To orient subtrajectories, we identified one or several starting points as focal concentrations 
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of E9.5 cells, and then computed developmental pseudotime for cells present along various paths 

(Extended Data Fig. 11; Methods). We also annotated each subtype according to the 

subtrajectory to which it maps, as well as its relative temporal position within that subtrajectory 

(e.g. subtype 6.14 = “auditory epithelial trajectory.1-of-3”). These representations provide a 

starting point for more detailed explorations of the 572 subtypes and 56 subtrajectories. 

 

Reconstructing skeletal myogenesis  

To investigate a developmental process in greater detail, we focused on developing muscle, 

which is comprised of distinct mesodermal lineages that form prior to E9.5(45). We hypothesized 

that the myogenic trajectory would feature multiple entry points that feed cells into a common path 

corresponding to activation of the core gene expression program shared by myotubes.  

To test this, we in silico isolated myocytes and their putative 'ancestral' cells from the 

mesenchyme trajectory (Fig. 6a; Methods). Next, we used Monocle 3 to construct a myogenesis-

specific trajectory, which featured multiple focal concentrations of E9.5 cells, with cells from later 

stages distributed over several paths radiating outward (Fig. 6a). Pax3 and Pax7, which mark 

skeletal muscle progenitors, were expressed over a broad swath of the principal graph (Fig. 6b). 

Cells expressing Myf5 co-localized with a subset of Pax7+ cells, consistent with the role of Myf5 

in embryonic myogenesis(46). From this region of the trajectory, two parallel linear segments 

emanated, on which cells expressed either Myf5 or Myod. Both paths terminate with cells 

expressing Myog or Myh3, markers of myocytes and myotubes, respectively. The cells on the 

Myf5+ path, largely from early time points, also expressed higher levels of genes in the Robo/Slit 

signaling pathway, which has been implicated in driving “pioneer myoblasts” to form embryonic 

myofibers(47) (Extended Data Fig. 12). An additional path traversed by cells from E9.5, which 

expressed Lhx2, Tbx1, and Pitx2 but very low levels of Pax3, feeds into the trajectory just upstream 



 198 

of the Myf5 and Myod1 segments, and possibly corresponds to pharyngeal mesoderm(45). Overall, 

the trajectory is consistent with the view that different mesodermal lineages use distinct factors to 

converge on a core program of muscle genes (Fig. 6c). Globally, we detected 2,908 genes 

expressed in a trajectory-dependent manner (FDR < 0.05 and Moran’s I > 0.01) that grouped into 

14 distinct patterns (Extended Data Fig. 12). 

 

Discussion 

Here, to obtain a global view of mammalian organogenesis, we profiled the transcriptomes of 

~2 million cells from mouse embryos spanning E9.5 to E13.5. In the resulting atlas (MOCA), we 

identify over 500 subtypes of cells and 56 developmental subtrajectories, each distinguished by 

multiple marker genes and collectively spanning essentially every organ system. With sci-RNA-

seq3, we introduce a technical framework for individual labs to generate datasets corresponding 

to millions of single cells. With Monocle 3, we introduce a computational framework for trajectory 

inference that operates at this same scale. These data constitute a potentially foundational resource 

for the mammalian developmental biology field. MOCA and the underlying data are made freely 

available, together with a website to facilitate their further exploration 

(http://atlas.gs.washington.edu/mouse-rna/).  

MOCA has limitations. First, although not sequenced to saturation, the cell-by-gene matrix is 

sparse. Nonetheless, our results support the view that cell types are readily distinguishable despite 

hundreds rather than thousands of UMIs per cell(48). Of course, the tradeoff between breadth and 

depth depends on one’s goals. As an example supporting the ‘many cells, few UMIs per cell’ 

approach, consider primordial germ cells, which were readily identifiable despite their rarity 

(subtypes 16.13 and 6.27, which sum to 269/2,058,652 cells or 0.01% of MOCA). Nonetheless, 
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despite its unprecedented depth, our study does not exceed 1-fold coverage of the mouse embryo 

at any timepoint, and it is possible that we are missing extremely rare cell types.  

Second, although we are reasonably confident in our annotations, they should be regarded as 

preliminary. Mid-gestational mouse development has not previously been extensively studied at 

single cell resolution, and many published markers have limited specificity. Furthermore, because 

we studied disaggregated whole embryos, the assignment of anatomical specificity is challenging. 

We anticipate that the comprehensive annotation of MOCA will benefit from community input 

and domain expertise, and to that end created an interactive wiki 

(http://atlas.gs.washington.edu/mouse-rna/). Inevitably, however, additional experiments (e.g. in 

situ analyses of marker genes) will be necessary to resolve ambiguities. Importantly for future 

atlasing efforts, we found the annotation of temporally-resolved developmental trajectories to be 

much more straightforward than that of cell types.  

A long-standing dream, perhaps at last within sight from a technical perspective, is a 

comprehensive, spatiotemporally-resolved molecular atlas of mammalian development at single 

cell resolution. To this end, the mouse has several advantages, including its small size, the 

accessibility of early developmental timepoints, an inbred genetic background, and genetic 

manipulability. It also seems likely that ‘whole organism’ profiling of small mammals will be 

essential for identifying the inevitable gaps in any efforts to generate a comprehensive atlas of 

human cell types.  

Single cell atlases of the development of wild-type mice may also represent an important step 

towards understanding pleiotropic developmental disorders at the organismal scale, and for 

detailed investigations of subtle roles for genes and regulatory sequences in development. For 

example, many knockouts of both coding and conserved regulatory sequences do not show any 
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abnormalities with conventional phenotyping(49). We anticipate that ‘whole organism’ sc-RNA-

seq will empower reverse genetics, e.g. potentially enabling the discovery of subtle defects in the 

molecular programs or the relative proportions of specific cell types(50).  

 

Endnotes 

Supplementary Information is available in the online version of the paper. 
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Fig. 1. sci-RNA-seq3 enables profiling of 2,072,011 cells from 61 mouse embryos across 5 

developmental stages in a single experiment. (a) sci-RNA-seq3 workflow and experimental 

scheme. (b) Bar plot showing number of cells profiled from each of 61 mouse embryos. (c) 

Pseudotime trajectory of pseudobulk RNA-seq profiles of mouse embryos. 

 

 

Fig. 2. Identifying the major cell types of mouse organogenesis. (a) t-SNE visualization of 

2,026,641 mouse embryo cells, colored by cluster id from Louvain clustering (in Fig. 2b), and 

annotated based on marker genes. The same t-SNE is plotted below, showing only cells from each 

stage (cell numbers from left to right: n = 151,000 for E9.5; 370,279 for E10.5; 602,784 for E11.5; 

468,088 for E12.5; 434,490 for E13.5). Primitive erythroid (transient) and definitive erythroid 

(expanding) clusters are boxed. (b) Dot plot showing expression of one selected marker gene per 

cell type. The size of the dot encodes the % of cells within a cell type in which that marker was 

detected, and its color encodes the average expression level.  
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Fig. 3. Identification and characterization of epithelial cell subtypes and the limb apical 

ectodermal ridge (AER). (a) t-SNE visualization and marker-based annotation of epithelial cell 
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subtypes (74,651 cells). (b) t-SNE visualization of all epithelial cells colored by expression level 

of Fgf8. “High” indicates cells with UMI count for Fgf8 > 1. (c) In situ hybridization images of 

Fgf8 in embryos from E9.5 to E13.5. Arrow: site of gene expression. n = 5 (d, e) t-SNE 

visualization of all epithelial cells colored by expression level (d) and whole in situ hybridization 

images (e) of Fndc3a (top), Adamts3 (middle) and Snap91 (bottom). n = 5 “High” indicates cells 

with UMI count for Fndc3a > 3, Adamts3 > 1, Snap91 > 1. Arrow: site of gene expression. (f) Line 

plot showing the estimated relative cell numbers for epithelial cells and AER cells, calculated as 

in Extended Data Fig. 2m. Data points for individual embryos were ordered by development 

pseudotime and smoothed by loess method. (g) Pseudotime trajectory of AER single cell 

transcriptomes (cell number n = 1,237), colored by development stage. (h) Kinetics plot showing 

relative expression of AER marker genes across developmental pseudotime. 
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Fig. 4. Characterization of ten major developmental trajectories present during mouse 

organogenesis. (a) UMAP 3D visualization of our overall dataset; left: views from one direction; 

bottom: zoomed view of neural tube/notochord (top) and mesenchymal (bottom) trajectories, 

colored by development stage. PNS: peripheral nervous system. (b) Heatmap showing the 

proportion of cells from each of the 38 major cell types (rows) assigned to each of the 10 major 
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trajectories (columns; color key in left panel of a). (c) UMAP 3D visualization of epithelial 

subtrajectories colored by development stage (color key in right panel of a). 
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Fig. 5. UMAP visualization of individual major trajectories. After removing doublet-annotated 

cells and subclusters, we iteratively reanalyzed each of the ten major trajectories. Colored by 

subtrajectory name (main plots) or developmental stage (insets; colors as in Fig. 4c). Edges in the 

principal graphs that define trajectories reported by Monocle 3 are shown as light blue line 

segments. 

 

Fig. 6. Resolving cellular trajectories in myogenesis. Edges in the principal graphs that define 

trajectories reported by Monocle 3 are shown as light blue line segments. (a) Cells putatively 

involved in myogenesis were isolated from the mesenchymal cell trajectory in silico and then used 

to construct a myocyte subtrajectory. Principal graph nodes with more than 50% occupied by cells 

from cluster 13 were taken as “seed nodes” and then cells on any nodes within 20 edges of these 

seed nodes were selected for subtrajectory analysis. Cells in the myocyte subtrajectory (left) 

colored by developmental stage (right). (b) Cells in the myocyte trajectory, colored by their 

expression of selected transcriptional regulators of myogenesis. Cells with no detectable 

expression for a given gene are omitted from its plot. Values are log10-transformed, standardized 
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UMI counts. (c) Cells classified by developmental stage according to the markers shown in panel 

c (Dermomyotome: Pax3+, Pax7-; Muscle progenitors: Pax7+; Myoblasts: Myf5+ or Myod+ and 

Myog-; Myocytes: Myog+; Myotubes: Myh3+). 

 

METHODS 

Data reporting 

No statistical methods were used to predetermine sample size. Embryos used in experiment were 

randomized before sample preparation. Investigators were blinded to group allocation during data 

collection and analysis: embryo collection and sci-RNA-seq3 analysis were performed by two 

different researchers. 

Embryo dissection  

The C57BL/6 mice were obtained from The Jackson Laboratory (Bar Harbor, ME) and plug 

matings were set up. Noon on the day of the vaginal plug was considered as embryonic day (E) 

0.5. Dissections were done as previously described(52) and all embryos were immediately snap 

frozen in liquid nitrogen. Embryos were collected from at least three independent litters per 

development stage. All animal procedures were in accordance with institutional, state, and 

government regulations and approved by the Office of Animal Welfare (OAW) under the IACUC 

protocol 4378-01. 

 

Whole-mount in situ hybridization 

The mRNA expression in E9.5-E13.5 mouse embryos was assessed by whole mount in situ 

hybridisation (WISH) using a digoxigenin-labeled antisense riboprobe transcribed from a cloned 

gene specific probes (PCR DIG Probe Synthesis Kit, Roche). Whole embryos were fixed overnight 
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in 4% PFA/PBS. The embryos were washed in PBST (0.1% Tween), and dehydrated stepwise in 

25%, 50% and 75% methanol/PBST and finally stored at -20°C in 100% methanol. The WISH 

protocol was as follows: Day 1) Embryos were rehydrated on ice in reverse methanol/PBST steps, 

washed in PBST, bleached in 6% H2O2/PBST for 1 hour and washed in PBST. Embryos were then 

treated in 10 µg/ml Proteinase K/PBST for 3 minutes, incubated in glycine/PBST, washed in PBST 

and finally re-fixed for 20 minutes with 4% PFA/PBS, 0.2% glutaraldehyde and 0.1% Tween 20. 

After further washing steps with PBST, embryos were incubated at 68°C in L1 buffer (50% 

deionised formamide, 5x SSC, 1% SDS, 0.1% Tween 20 in DEPC; pH 4.5) for 10 minutes. Next, 

embryos were incubated for 2 hours at 68°C in hybridisation buffer 1 (L1 with 0.1% tRNA and 

0.05% heparin). Afterwards, embryos were incubated o.n. at 68°C in hybridisation buffer 2 

(hybridisation buffer 1 with 0.1% tRNA and 0.05% heparin and 1:500 DIG probe). Day 2) 

Removal of unbound probe was done through a series of washing steps 3x30 minutes each at 68°C: 

L1, L2 (50% deionised formamide, 2x SSC pH 4.5, 0.1% Tween 20 in DEPC; pH 4.5) and L3 (2x 

SSC pH 4.5, 0.1% Tween 20 in DEPC; pH 4.5). Subsequently, embryos were treated for 1 hour 

with RNase solution (0.1 M NaCl, 0.01 M Tris pH 7.5, 0.2% Tween 20, 100 µg/ml RNase A in 

H2O), followed by washing in TBST 1 (140mM NaCl, 2.7mM KCl, 25mM Tris-HCl, 1% Tween 

20; pH 7.5). Next, embryos were blocked for 2 hours at RT in blocking solution (TBST 1 with 2% 

calf-serum and 0.2% BSA), followed by incubation at 4°C o.n. in blocking solution containing 

1:5000 Anti-Digoxigenin-AP (catalog number: Roche-11093274910) . Day 3) Removal of 

unbound antibody was done through a series of washing steps 8x 30 min at RT with TBST 2 

(TBST with 0.1% Tween 20, and 0.05% levamisole/tetramisole) and left o.n. at 4°C. Day 4) 

Staining of the embryos was initiated by washing at RT with alkaline phosphatate buffer (0.02 M 

NaCl, 0.05 M MgCl2, 0.1% Tween 20, 0.1 M Tris-HCl, and 0.05% levamisole/tetramisole in H2O) 
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3x 20 minutes, followed by staining with BM Purple AP Substrate (Roche). The stained embryos 

were imaged using a Zeiss Discovery V.12 microscope and Leica DFC420 digital camera. 

 

Mammalian cell culture 

All mammalian cells were cultured at 37°C with 5% CO2, and were maintained in high glucose 

DMEM (Gibco cat. no. 11965) for HEK293T (from ATCC) and NIH/3T3 (a gift from T. Reh’s 

lab at the University of Washington) cells, both supplemented with 10% FBS and 1X Pen/Strep 

(Gibco cat. no. 15140122; 100U/ml penicillin, 100 µg/ml streptomycin). Cells were trypsinized 

with 0.25% typsin-EDTA (Gibco cat. no. 25200-056) and split 1:10 three times a week. 

  

Mouse embryo nuclei extraction and fixation 

Mouse embryos from different development stages were processed together to reduce batch effects. 

Each mouse embryo was minced into small pieces by blade in 1 mL ice-cold cell lysis buffer (10 

mM Tris-HCl, pH 7.4, 10 mM NaCl, 3 mM MgCl2 and 0.1% IGEPAL CA-630 from(53), modified 

to also include 1% SUPERase In and 1% BSA) and transferred to the top of a 40 µm cell strainer 

(Falcon). Tissues were homogenized with the rubber tip of a syringe plunger (5 ml, BD) in 4 ml 

cell lysis buffer. The filtered nuclei were then transferred to a new 15 ml tube (Falcon) and pelleted 

by centrifuge at 500xg for 5 min and washed once with 1 ml cell lysis buffer. The nuclei were 

fixed in 4 ml ice cold 4% paraformaldehyde (EMS) for 15 min on ice. After fixation, the nuclei 

were washed twice in 1 ml nuclei wash buffer (cell lysis buffer without IGEPAL), and re-

suspended in 500 µl nuclei wash buffer. The samples were split to two tubes with 250 µl in each 

tube and flash frozen in liquid nitrogen. We estimated the nuclei extraction efficiency based on the 

extracted nuclei number vs. expected total nuclei number in each embryo. The estimated nuclei 

extraction efficiency ranged from 60% to 85%. 
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As a quality control, HEK293T and NIH/3T3 cells were trypsinized, spun down at 300xg for 5 

min (4°C) and washed once in 1X PBS. Equal numbers of HEK293T and NIH/3T3 cells were 

combined and lysed using 1 mL ice-cold cell lysis buffer followed by the same fixation and storage 

conditions as used for the mouse embryos. 

 

Mouse embryo cell counts  

3-5 embryos per developmental stage were microdissected in PBS at room temperature. Each 

mouse embryo was minced into small pieces by blade and a single cell suspension was obtained 

by incubating the tissue in 4 ml Trypsin-EDTA 0.05% (Gibco) at 37°C for 10 min vortexing every 

other minute. The cells of each embryo were diluted in 4 ml medium and transferred to the top of 

a 40µ m cell strainer (Falcon). Cell numbers was then determined by counting cells using a 

hemocytometer.  

 

 sci-RNA-seq3 library preparation and sequencing 

Thawed nuclei were permeabilized with 0.2% TritonX-100 (in nuclei wash buffer) for 3 min on 

ice, and briefly sonicated (Diagenode, 12 sec on low power mode) to reduce nuclei clumping. The 

nuclei were then washed once with nuclei wash buffer and filtered through 1 ml Flowmi cell 

strainer (Flowmi). Filtered nuclei were spun down at 500xg for 5 min and resuspended in nuclei 

wash buffer. 

 

Nuclei from each mouse embryo were then distributed into several individual wells in four 96-

well plates. The links between well id and mouse embryo were recorded for downstream data 

processing. For each well, 80,000 nuclei (16 µL) were mixed with 8 µl of 25 µM anchored oligo-
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dT primer (5′- /5Phos/CAGAGCNNNNNNNN[10bp 

barcode]TTTTTTTTTTTTTTTTTTTTTTTTTTTTTT-3′, where “N” is any base; IDT) and 2 µL 

10 mM dNTP mix (Thermo), denatured at 55°C for 5 min and immediately placed on ice. 14 µL 

of first-strand reaction mix, containing 8 µL 5X Superscript IV First-Strand Buffer (Invitrogen), 2 

µl 100 mM DTT (Invitrogen), 2 µl SuperScript IV reverse transcriptase (200 U/μl, Invitrogen), 2 

μL RNaseOUT Recombinant Ribonuclease Inhibitor (Invitrogen), was then added to each well. 

Reverse transcription was carried out by incubating plates by gradient temperature (4°C 2 minutes, 

10°C 2 minutes, 20°C 2 minutes, 30°C 2 minutes, 40°C 2 minutes, 50°C 2 minutes and 55°C 10 

minutes). 

 

After ligation reaction, 60 µL nuclei dilution buffer (10 mM Tris-HCl, pH 7.4, 10 mM NaCl, 3 

mM MgCl2 and 1% BSA) was added into each well. Nuclei from all wells were pooled together 

and spun down at 500xg for 10 min. Nuclei were then resuspended in nuclei wash buffer and 

redistributed into another four 96-well plates with each well including 4 µL T4 ligation buffer 

(NEB), 2 µL T4 DNA ligase (NEB), 4 µL Betaine solution (5M, Sigma-Aldrich), 6 µL nuclei in 

nuclei wash buffer, 8µL barcoded ligation adaptor (100 uM, 5’- GCTCTG[9 bp or 10 bp barcode 

A]/dideoxyU/ACGACGCTCTTCCGATCT[reverse complement of barcode A]-3’) and 16 µL 40% 

PEG 8000 (Sigma-Aldrich). The ligation reaction was done at 16°C for 3 hours. 

 

After RT reaction, 60 µL nuclei dilution buffer (10 mM Tris-HCl, pH 7.4, 10 mM NaCl, 3 mM 

MgCl2 and 1% BSA) was added into each well. Nuclei from all wells were pooled together and 

spun down at 600xg for 10min. Nuclei were washed once with nuclei wash buffer and filtered with 

1 ml Flowmi cell strainer (Flowmi) twice, counted and redistributed into eight 96-well plates with 

each well including 2,500 nuclei in 5 µL nuclei wash buffer and 5 µL elution buffer (Qiagen). 1.33 



 214 

μl mRNA Second Strand Synthesis buffer (NEB) and 0.66 μl mRNA Second Strand Synthesis 

enzyme (NEB) were then added to each well, and second strand synthesis was carried out at 16°C 

for 180 min. 

 

For tagmentation, each well was mixed with 11 μL Nextera TD buffer (Illumina) and 1 μL i7 only 

TDE1 enyzme (62.5 nM, Illumina), and then incubated at 55°C for 5 min to carry out tagmentation. 

The reaction was then stopped by adding 24 μL DNA binding buffer (Zymo) per well and 

incubating at room temperature for 5 min. Each well was then purified using 1.5x AMPure XP 

beads (Beckman Coulter). In the elution step, each well was added with 8 µL nuclease free water, 

1 µL 10X USER buffer (NEB), 1 µL USER enzyme (NEB) and incubated at 37°C for 15 min. 

Another 6.5 µL elution buffer was added into each well. The AMPure XP beads were removed by 

magnetic stand and the elution product was transferred into a new 96-well plate. 

 

For PCR amplification, each well (16 µL product) was mixed with 2 μL of 10 μM indexed P5 

primer (5′-

AATGATACGGCGACCACCGAGATCTACAC[i5]ACACTCTTTCCCTACACGACGCTCTT

CCGATCT-3′; IDT), 2 μL of 10 μM P7 primer (5′-

CAAGCAGAAGACGGCATACGAGAT[i7]GTCTCGTGGGCTCGG-3′, IDT), and 20 μL 

NEBNext High-Fidelity 2X PCR Master Mix (NEB). Amplification was carried out using the 

following program: 72°C for 5 min, 98°C for 30 sec, 12-14 cycles of (98°C for 10 sec, 66°C for 

30 sec, 72°C for 1 min) and a final 72°C for 5 min. 
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Of note, for a single experiment, we have 384 barcodes introduced at the reverse transcription step, 

384 barcodes introduced by hairpin ligation and 768 barcodes introduced by PCR. This 

corresponds to 384 * 384 * 768 = ~113 million possible combinations.  

 

After PCR, samples were pooled and purified using 0.8 volumes of AMPure XP beads. Library 

concentrations were determined by Qubit (Invitrogen) and the libraries were visualized by 

electrophoresis on a 6% TBE-PAGE gel. All libraries were sequenced on one NovaSeq platform 

(Illumina) (Read 1: 34 cycles, Read 2: 52 cycles, Index 1: 10 cycles, Index 2: 10 cycles). 

 

Processing of sequencing reads  

Base calls were converted to fastq format using Illumina’s bcl2fastq/v2.16 and demultiplexed 

based on PCR i5 and i7 barcodes using maximum likelihood demultiplexing package deML(54) 

with default settings. Downstream sequence processing and single cell digital expression matrix 

generation were similar to sci-RNA-seq(17) except that RT index was combined with hairpin 

adaptor index, and thus the mapped reads were split into constituent cellular indices by 

demultiplexing reads using both the RT index and ligation index (ED < 2, including insertions and 

deletions). Briefly, demultiplexed reads were filtered based on RT index and ligation index (ED < 

2, including insertions and deletions) and adaptor clipped using trim_galore/v0.4.1 with default 

settings. Trimmed reads were mapped to the mouse reference genome (mm10) for mouse embryo 

nuclei, or a chimeric reference genome of human hg19 and mouse mm10 for HEK293T and 

NIH/3T3 mixed nuclei, using STAR/v 2.5.2b(55) with default settings and gene annotations 

(GENCODE V19 for human; GENCODE VM11 for mouse). Uniquely mapping reads were 

extracted, and duplicates were removed using the unique molecular identifier (UMI) sequence, 

reverse transcription (RT) index, hairpin ligation adaptor index and read 2 end-coordinate (i.e. 
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reads with identical UMI, RT index, ligation adaptor index and tagmentation site were considered 

duplicates). Finally, mapped reads were split into constituent cellular indices by further 

demultiplexing reads using the RT index and ligation hairpin (ED < 2, including insertions and 

deletions). For mixed-species experiment, the percentage of uniquely mapping reads for genomes 

of each species was calculated. Cells with over 85% of UMIs assigned to one species were 

regarded as species-specific cells, with the remaining cells classified as mixed cells or “collisions”. 

To generate digital expression matrices, we calculated the number of strand-specific UMIs for 

each cell mapping to the exonic and intronic regions of each gene with python/v2.7.13 HTseq 

package(56). For multi-mapped reads, reads were assigned to the closest gene, except in cases 

where another intersected gene fell within 100 bp to the end of the closest gene, in which case the 

read was discarded. For most analyses we included both expected-strand intronic and exonic UMIs 

in per-gene single-cell expression matrices. 

 

Because of the marked increase in processing time that it would entail, we note that we did not 

perform a UMI error correction step. However, to confirm that our failure to do so would not 

inflate UMI counts, we compared results with vs. without UMI error correction (edit distance of 

1) for a subset of wells. Compared with skipping UMI error correction, 99.4% of reads remain 

after UMI error correction, which indicated to us that the error correction step only has minor 

impact on the estimated UMI counts per cell (less than 1%). This is likely due to the high quality 

of sequencing data that we obtained on the NovaSeq, the low number of PCR amplification steps, 

and the low duplication rate. We emphasize that groups implementing sci-RNA-seq3 should either 

perform UMI error correction or a similar data quality check. 

 

Whole mouse embryo analysis 
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After the single cell gene count matrix was generated, each cell was assigned to its original mouse 

embryo based on the RT barcode. Reads mapping to each embryo were aggregated to generate 

“bulk RNA-seq” for each embryo. For sex separation of embryos, we counted reads mapping to a 

female-specific non-coding RNA (Xist) or chrY genes (except Erdr1 which is in both chrX and 

chrY). Embryos were readily separated into females (more reads mapping to Xist than chrY genes) 

and males (more reads mapping to chrY genes than Xist). 

 

Pseudotemporal ordering of whole mouse embryos was done by Monocle 2(57). Briefly, an 

aggregated gene expression matrix was constructed as described above. Differentially expressed 

genes across different development conditions were identified with differentialGeneTest function 

of Monocle 2(57). The top 2,000 genes with the lowest q value were used to construct the 

pseudotime trajectory using Monocle 2(57). Each embryo was assigned a pseudotime value based 

on its position along the trajectory. 

 

Cell clustering, t-SNE visualization and marker gene identification 

A digital gene expression matrix was constructed from the raw sequencing data as described above. 

Cells with fewer than 200 UMIs or over 3,172 UMIs (two standard deviation above the mean UMI 

count) were discarded. Downstream analysis were performed with Monocle2/v2.6.0(57) and 

python package scanpy/v1.0(58). Briefly, gene count mapping to sex chromosomes were removed 

before clustering and dimensionality reduction. Preprocessing steps were similar to the approach 

used by ref (59). Briefly, genes with no count were filtered out and each cell was normalized by 

the total UMI count per cell. The top 2,000 genes with the highest variance were selected and the 

digital gene expression matrix was renormalized after gene filtering. The data was log transformed 

after adding a pseudocount, and scaled to unit variance and zero mean. The dimensionality of the 
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data was reduced by PCA (30 components) first and then with t-SNE, followed by Louvain 

clustering performed on the 30 principal components (resolution=1.5). For Louvain clustering, we 

first fitted the top 30 PCs to compute a neighborhood graph of observations with local 

neighborhood number of 15 by scanpy.api.pp.neighbors function in scanpy/v1.0(60). We then 

cluster the cells into sub-groups using the Louvain algorithm implemented as scanpy.api.tl.louvain 

function(60). For tSNE visualization, we directly fit the PCA matrix into scanpy.api.tl.tsne 

function(60) with perplexity of 30. 40 clusters were identified. We then sampled 1,000 cells from 

each cluster and differentially expressed genes across different clusters were identified with 

differentialGeneTest function of Monocle 2/v2.6.0(57). Genes specific to each cluster were 

identified similar as previously described(61). Clusters were assigned to known cell types based 

on cluster-specific markers. One cluster had abnormally high UMI counts but no strongly cluster-

specific genes, suggesting that it may be a technical artifact of cell doublets and therefore was 

removed. This was confirmed upon analysis for doublets with Scrublet (see next paragraph). 

Another two clusters both appeared to correspond to the definitive erythroid lineage and were 

merged. Consensus expression profiles for each cell type were constructed as previously 

described(61). Differentially expressed genes across cell types were identified with the 

differentialGeneTest() function of Monocle 2/v2.6.0(62). To identify cell type-specific gene 

markers, we selected genes that were differentially expressed across different cell types (FDR of 

5%, likelihood ratio test) and also with a >2-fold expression difference between first and second 

ranked cell types. 

 

For the detection of potential doublet cells, we first split the dataset of ~2 million cells into four 

equally sized subsets, and then applied the scrublet/v0.1 pipeline(63) to each subset with 

parameters (min_count = 3, min_cells = 3, vscore_percentile = 85, n_pc = 30, 
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expected_doublet_rate = 0.06, sim_doublet_ratio = 2, n_neighbors = 30, scaling_method = 'log') 

for doublet score calculation. Cells with doublet score over 0.25 are annotated as detected doublets. 

We detected 4.3% potential doublet cells in the whole data set, which corresponds to an overall 

estimated doublet rate of 10.3% (including both within- and between-cluster doublets). The 

aforementioned major cluster with abnormally high UMI counts but no strongly cluster-specific 

genes (see last paragraph) had a high detected doublet proportion (52%), confirming it as a doublet-

related artifact. For detection of doublet derived subclusters, we redid the above analysis on the 

whole dataset after removing the doublet-derived main cluster. Subclusters with detected doublet 

proportion of >10% were annotated as doublet derived subclusters. 

 

For subcluster identification, we selected high quality cells (UMI > 400) in each major cell type 

and applied PCA, t-SNE, Louvain clustering similarly to the major cluster analysis. Subclusters 

were filtered out if most cells (>50%) of the cluster derived from a single embryo. Highly similar 

subclusters were merged if their aggregated transcriptomes were highly correlated (Pearson 

correlation coefficient > 0.95) and the two clusters were close with each other in t-SNE space. 

Genes differentially expressed across subclusters were identified for each major cell type as 

described above. Subclusters with a detected doublet ratio (by Scrublet) over 10% are annotated 

as doublet-derived subclusters. 

 

To identify a distinguishing set of gene markers for each of the 572 subclusters (those of the 655 

with detected doublet cell ratio <= 10%), we used the following algorithm: 1) We selected genes 

detected in at least 5% of cells in the target subcluster; 2) From these, we identified genes with 

a >4-fold greater expression in the target cluster than all 571 other subclusters; 3) If there was no 

such gene, the algorithm tried to identify a gene (“marker A”) such that subclusters with low 
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expression of marker A (less than 25% of its expression in the target cluster) are readily 

distinguished from the target cluster based on this difference, and are therefore removed from the 

comparison set. Gene marker A is selected to maximize the number of subclusters removed from 

the comparison set. 4) To identify markers that separate the target cluster from the remaining 

subclusters, we repeat steps 2-3 until a marker with a >4-fold expression difference between the 

target cluster and all remaining subclusters is identified. The set of markers identified through this 

heuristic is sufficient to distinguish the target subcluster from all 571 other non-doublet subclusters 

on the basis of >4-fold expression differences.  

 

For identifying correlated cell types between two cell atlas datasets, we first aggregate the cell type 

specific UMI counts, normalized by the total count, multiplied by 100,000, and log transformed 

after adding a pseudo-count. We then applied non-negative least squares (NNLS) regression to 

predict the gene expression of target cell type (Ta) in dataset A with the gene expression of all cell 

types (Mb) in dataset B: 

Ta=β0a +β1aMb  

 

where Taand Mb represent filtered gene expression for target cell type from data set A and all cell 

types from data set B, respectively. To improve accuracy and specificity, we selected cell type-

specific genes for each target cell type by: 1) ranking genes based on the expression fold-change 

between the target cell type vs. the median expression across all cell types, and then selecting the 

top 200 genes. 2) ranking genes based on the expression fold-change between the target cell type 

vs. the cell type with maximum expression among all other cell types, and then selecting the top 

200 genes. 3) Merge the gene lists from step (1) and (2). β1ais the correlation coefficient computed 

by NNLS regression.  
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Similarly, we then switch the order of datasets A and B, and predict the gene expression of target 

cell type (Tb) in dataset B with the gene expression of all cell types (Ma) in dataset A: 

Tb=β0b +β1bMa  

 

Thus, each cell type a in dataset A and each cell type b in dataset B are linked by two correlation 

coefficients from the above analysis: βab for predicting cell type a using b, and βbafor predicting 

cell type b using a. We combine the two values by:  

β = 2 * (βab + 0.01) * (βba + 0.01)  

 

and find βreflects the matching of cell types between two data sets with high specificity (Extended 

Data Fig. 5a). For each cell type in dataset A, all cell types in dataset B are ranked by βand the 

top cell type (with β > 0.01) is identified as the matched cell type. For validation, we first applied 

cell type correlation analysis to independently generated and annotated analyses of the adult mouse 

kidney (sci-RNA-seq component of sci-CAR(19) vs. Microwell-seq(10)). We subsequently 

compared cell subclusters from this study (with detected doublet cell ratio <= 10%) to fetus-related 

cell types (those with annotations including the term “fetus”) from the Microwell-seq-based Mouse 

Cell Atlas (MCA)(10). A similar comparison was performed against cell types annotated in a 

recent mouse brain atlas (BCA)(32). 

 

For estimation of the number of cells of each cell type (or cell subtype), we first calculated the 

proportion of each cell type in individual embryos, and then multiplied the proportion by the 

estimated total cell number for each embryo (E9.5: 200,000, E10.5: 1,100,000; E11.5: 2,600,000; 

E12.5: 6,100,000; E13.5: 13,000,000). 
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Assuming that ~100 cells are required to detect a cell type and that the cell type in question is only 

present at one timepoint, we note that the power of this study would be limited to detecting cell 

types whose ‘population size’ per embryo is >125 cells at E9.5, >333 cells at E10.5, >500 cells at 

E11.5, >1,250 cells at E12.5, or >3,400 cells at E13.5. However, our power may be greater than 

that for cell types that are present across timepoints. For example, the primordial germ cell 

subcluster 16.13, which includes just 88 of 2,058,652 cells in the dataset, is contributed to by cells 

from all five timepoints. 

 

AER and limb mesenchyme pseudo-time analysis 

Pseudotemporal ordering of AER cells, forelimb or hindlimb was done with Monocle 2(57). 

Briefly, differentially expressed genes across five development stages were identified with the 

differentialGeneTest function of Monocle 2(57). The top 500 genes with the lowest q value were 

used to construct the pseudotime trajectory using Monocle 2(57), with UMI count per cell as a 

covariate in the tree construction. Each cell was assigned a pseudotime value based on its position 

along the trajectory. Smoothed gene marker expression change along pseudotime were generated 

by plot_genes_in_pseudotim function in Monocle 2(57). Cells in the trajectory were grouped in 

the same method as a previous study(64). Briefly, cells were grouped first at similar positions in 

pseudotime by k-means clustering along the pseudotime axis (k = 10). These clusters were 

subdivided into groups containing at least 50 and no more than 100 cells. We then aggregated the 

transcriptome profiles of cells within each group. The gene expression along pseudotime was 

calculated in the same approach as a previous study(64). Briefly, genes passing significant test 

(FDR of 5%) across different treatment conditions were selected and a natural spline was used to 

fit the gene expression along pseudotime, with mean_number_genes included as a covariate. The 
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gene expression for each gene was subtracted by the lowest expression and then divided by the 

highest expression. Genes with max expression within the early 20% of pseudotime were labeled 

as repressed genes. Genes with max expression in the last 20% of pseudotime were labeled as 

activated genes. Other genes were labeled as transient genes. Enriched reactome terms 

(Reactome_2016) and transcription factors (ChEA_2016) were identified using EnrichR/v1.0 

package(65). 

 

Trajectory inference with Monocle 3 

The Monocle 3 workflow consists of 3 core steps to organize cells into potentially discontinuous 

trajectories, followed by optional statistical tests to find genes that vary in expression over those 

trajectories. Monocle 3 also includes visualization tools to help explore trajectories in three 

dimensions. 

 

Dimensionality reduction with Uniform Manifold Approximation and Projection (UMAP) 

Monocle 3 first projects the data into a low-dimensional space, which facilitates learning a 

principal graph that describes how cells transit between transcriptomic states. Monocle 3 does so 

with UMAP/v0.3.2, a recently proposed algorithm based on Riemannian geometry and algebraic 

topology to perform dimension reduction and data visualization(66). Its visualization quality is 

competitive with the popular t-SNE (t-stochastic neighbor embedding) method used widely in 

single-cell transcriptomics. However, where t-SNE mainly aims to place highly similar cells in the 

same regions of a low-dimensional space, UMAP also preserves longer-range distance 

relationships. The UMAP algorithm itself is also more efficient (the algorithm complexity of 

UMAP is  vs.  for t-SNE). Briefly, UMAP first constructs a topological 

representation of the high dimensional data with local manifold approximations and patches 
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together their local fuzzy simplicial set representations. UMAP then optimizes the lower 

dimension embedding, minimizing the cross-entropy between the low dimensional representation 

and the high dimensional one.  

 

The computational efficiency of UMAP dramatically accelerated the analysis of the mouse embryo 

data. We found that UMAP finished processing two million cells dataset in around 3 CPU hours 

while t-SNE took more than 64 CPU hours. A few implementation details lead to the effectiveness 

of UMAP. Two major steps are involved in both the UMAP and t-SNE algorithms: first, the 

preprocessing step before UMAP is similar to Monocle 2. Briefly, genes expressed in fewer than 

10 cells (or fewer than 5 cells in datasets with fewer than 1,000 cells) were filtered out. The digital 

gene count matrix was first normalized by cell specific size factor estimated by 

“estimateSizeFactors” function in Monocle 3, log transformed after adding a pseudocount, and 

then scaled to unit variance and zero mean. The top 5,000 most highly dispersed genes (2,000 

genes for datasets with fewer than 5,000 cells, 300 genes for datasets with fewer than 1,000 cells) 

were selected. The matrix was then projected into 50 top PCs (30 top PCs for trajectory analysis 

of the ten supergroups, 10 top PCs for data sets with fewer than 5,000 cells, 5 top PCs for data sets 

with fewer than 1,000 cells) by partial SVD. Thus an intermediate structure from the high 

dimension space (here, we used the top 50 principal components constructed from the 5,000 most 

highly dispersed genes) is built and then a low dimensional embedding is found to represent the 

intermediate structure. For the second step, both methods used stochastic grid descent approach 

with differing loss functions to embed the data into low dimension space. While t-SNE needs a 

loss function for global normalization, UMAP uses a different objective function that avoids that 

need. This step essentially enables UMAP to scale linearly with the number of data samples.  
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Dimensionality reduction was implemented with the reduceDimension() function in Monocle 3. 

This function calls the UMAP/v0.3.2 python implementation (https://github.com/lmcinnes/umap) 

from Leland McInnes and John Healy through the reticulate/v1.10 package (https://cran.r-

project.org/web/packages/reticulate/index.html). To process all the cells together, we set UMAP 

parameters as follows: (n_neighbors = 50, min_dist = 0.01, cosine distance metric). To more finely 

resolve subtrajectories, we adjusted these as such: (n_neighbors = 15, min_dist = 0.1, cosine 

distance metric). 

 

Partitioning cells into discontinuous trajectories 

Recently, Wolf and colleagues proposed the idea to organize single-cell transcriptome data into a 

“partitioned approximate graph abstraction” (PAGA) that relates clusters of cells that might be 

developmentally related to one another. Briefly, their algorithm constructs a k-nearest neighbor 

graph on cells and then identifies “communities” of cell via the Louvain method, similar to 

previous methods for analyzing CyTOF or single-cell RNA-seq data(67). PAGA then constructs a 

graph in which the vertices are Louvain communities. Two vertices are linked with an edge in the 

PAGA graph when the cells in the respective communities are neighbors in the kNN graph more 

frequently than would be expected under a simple binomial model(68). Similar methods were also 

recently developed and applied in analyzing zebrafish and xenopus cell atlas datasets(5, 6).  

 

Monocle 3 draws from these ideas, first constructing a kNN graph (k=20) on cells in the UMAP 

space, then grouping them into Louvain communities, and testing each pair of communities for a 

significant number of links between their respective cells. Those communities that have more links 

than expected under the null hypothesis of spurious linkage (FDR < 1%) remain connected in the 

PAGA graph, and those links that fail this test are severed. The resulting PAGA graph will have 
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one or more components, each of which is passed to the next step (learning the principal graph) as 

a separate group of cells that will be organized in a trajectory. The PAGA algorithm essentially 

stops at this stage, presenting the PAGA graph as a kind of coarse-grained trajectory in each 

community reflects a different state cells can adopt as they develop. In contrast, as described in 

the next section, Monocle 3 uses the PAGA graph to constrain the space of principal graphs that 

can form the final trajectory. That is, Monocle 3 uses the coarse-grained PAGA graph to learn a 

fine-grained trajectory. 

 

Monocle 3’s implementation of the above procedures (in the partitionCells() function) scales to 

millions of cells. Briefly, it uses the clustering_louvain function from the igraph package to 

perform community detection. Next, the core PAGA calculations from Wolf et al. are computed 

via a series of sparse matrix operations. Let  be a (sparse) matrix representing the community 

membership of the cells. Each column of  represents a Louvain community and each row of  

corresponds to a particular cell.  if cell  belongs to Louvain community , otherwise 0. 

We can further obtain the adjacency matrix  of the kNN graph used to perform the louvain 

clustering where  if cell  connects to  in the kNN graph. Then the connection matrix 

 between each cluster is calculated as,  

  

Once  is constructed, we can then follow Supplemental Note 3.1 from ref. (68) to calculate the 

significance of the connection between each louvain clustering and consider any clusters with p-

value larger than 0.05 by default as not disconnected.  

 

Learning the principal graph  



 227 

Monocle 3 learns a principal graph (via the learnGraph() function) that resides in the same low-

dimensional space as the data to represent the possible paths cells can take as they develop. 

Monocle uses a principal graph embedding procedure that is based on the SimplePPT algorithm(69, 

70), with several key enhancements that accelerate graph embedding, support large datasets, allow 

for loops, and smooth the graph to eliminate noisy branches.  

 

The first enhancement is that Monocle 3 learns the principal graph in the (by default, 3 dimensional) 

UMAP space using a fast reduced-representation approach to avoid dealing directly with many 

thousands of cells. It first selects a set of “landmark” cells using by first running the kmeans() 

clustering algorithm in R with k equal to the value of the “ncenter” argument, which can be passed 

to learnGraph() by the user. The landmark cells are then selected by first mapping each cell to its 

nearest kmeans point, and then selecting the cell for each kmeans point with the highest local 

density. By default, Monocle 3 uses a data-dependent policy for adjusting ncenter 

automatically(62). Here, unless otherwise specified, we override the default policy and use ncenter 

= 2000 in the analyses of the embryo data. Monocle 3 will then learn a principal graph within these 

landmarks cells rather than the full dataset to accelerate the optimization. Running time and fine 

detail in the trajectory will depend on the number principal graph nodes; more nodes generally 

results in a more accurate tree but at increased running time.  

 

The second enhancement is a procedure to smooth and refine the principal graph to exclude small 

branches. In order to capture smaller fine details of a trajectory such as complex branching 

architecture, SimplePPT requires that the principal graph contain hundreds or even thousands of 

principal graph nodes. Consequently, the principal tree reported by SimplePPT often contains very 

small branches to which a very small percentage of cells project. Although SimplePPT does 
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provide tuning parameters that control graph smoothness to a certain extent, we have found that a 

simple heuristic pruning procedure is effective and easier for users to understand how to control. 

The procedure operates via a depth-first visitation of the graph nodes in the principal tree. At nodes 

with degree ≤ 2, no action is taken. For nodes with degree > 2, the diameter path for each subtree 

rooted at a neighbor not yet visited in the search is computed. If the path is less than a user-specified 

length (by default, 10 principal tree nodes), the whole subtree is pruned. 

 

The third major enhancement is that Monocle 3 can learn principal graphs with loops instead of 

requiring that the trajectory be a tree. This is achieved by augmenting the principal tree reported 

by SimplePPT with additional edges meant to close loops in the trajectory. The algorithm considers 

adding an edge between two leaf nodes  and  in the principal graph if the pair meet several 

criteria. The first criteria is that the geodesic distance between  and  along the principal tree 

should be at least a certain minimum distance (by default, ⅓ of the tree’s diameter path). That is, 

when the nodes are close in (euclidean) UMAP space, but distant in the graph, they ought to be 

linked. The second criteria is that they shouldn’t be linked if doing so would create an especially 

long edge. By default,  and  cannot not be farther apart in UMAP space than the longest edge in 

the principal tree. The third criteria is based on the same test of connectivity used when partitioning 

the cells: consider leaf nodes  and , which serve as proxies between two clusters of cells (those 

for which  and  are their nearest k-medioid). If cells near  have an unexpectedly high number 

of cells near  amongst their k nearest neighbors (p < 0.05 by default), then learnGraph() will link 

 and  in the principal graph, provided the other two criteria discussed above are also met. 

 

For analysis of the ten major trajectories, we used ncenter = 5,000 for neural tube/notochord 

trajectory, and ncenter = 2,000 for epithelial and mesenchymal trajectories. For the other 
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supergroups, we used ncenter = (number of cells) / 25 and minimal_branch_len = 20. For analysis 

of the 56 subtrajectories, we mostly used ncenter = (number of cells in the trajectory) / 30 [2,000 

maximum], and minimal_branch_len = 20. Each subtrajectory was manually checked and the 

parameters (ncenter and minimal_branch_len) for about a quarter of these were adjusted, mostly 

to further prune branches such that the principal graph follows cell transition path from early to 

late development stages. 

 

The principal graph offers users a means of selecting subsets of cells that lead to particular lineages 

for further analysis. For example, to isolate cells leading to the myocyte fate, we first quantified 

the fraction of cells at each principal graph node that were classified as myocytes (cluster 13). 

From all ‘majority myocyte’ nodes, we then used the principal graph’s edges to expand this set of 

nodes into wider 'neighborhood' of cells. 

 

Computing pseudotimes 

In order to calculate cell-wise pseudotime, we developed a projection strategy which is applicable 

to datasets with millions of cells. This strategy works by constructing a graph  on all cells using 

the principal graph as a guide, and then computing each cell’s pseudotime as its geodesic distance 

back to one or more user-selected “root” nodes in the trajectory. In more detail, we first map each 

cell to its nearest principal point based on euclidean distance in the UMAP space. Then, for each 

principal graph edge, retrieve all the cells that map to its endpoints  and . Next, orthogonally 

project each cells to the nearest point on the principal graph edge as previously described(71), so 

that each cell  can be ordered along the edge according to its projection . Without loss of 

generality, suppose this order is . We then add edges ( , ) and 
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( , ) to . If  and  are in the same louvain component or connected louvain components 

(as determined during partitionCells), we also add ( , ) to . Given  and a set of user-

specified principal graph nodes, we can then assign pseudotime values to all cells. Monocle 

provides several ways to specify these nodes, either by name (i.e. programmatically) or 

interactively. Each cell’s pseudotime is taken as the geodesic distance along  to the closest of 

these root nodes. 

 

For root node selection of the mesenchymal and neural tube/notochord trajectories, we first 

assigned each principal point to a subcluster with the maximum cell proportion. We then selected 

the subcluster with the earliest average developmental stage, and use the earliest principal point 

assigned to this sub-cluster as the root state for pseudotime computation. For the other major 

trajectories, we assigned root nodes to the earliest principal point in each subtrajectory (except in 

neural crest trajectory 2, where we assigned the root node to the earliest principal points in PNS 

glia precursor cell trajectory and Pdgfra-positive glia trajectory). Some cells from complex 

trajectories (mesenchymal trajectory, neural tube/notochord trajectory, epithelial trajectory and 

endothelial trajectory) show outlier pseudotime values (more than 3 standard deviation higher than 

the mean values). These extreme values are clipped to the max value after excluding the outliers. 

For root node selection of the 56 cell type specific trajectories, we first computed the average 

development stage for each principal point. As the root state features the earliest development 

stage, we compared the average development stage of each node and its k-nearest neighbors (k = 

10). We then manually checked each trajectory and selected root nodes from principal points with 

earlier development stage than all its nearby neighbours. 

 

Identifying genes with complex trajectory-dependent expression  
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In order to identify genes that vary in expression over a developmental trajectory, we borrow a 

statistical test commonly used in analyzing spatial data. Moran’s I statistic is a measure of multi-

directional and multi-dimensional spatial autocorrelation. The statistic encodes spatial 

relationships between data-points via a nearest neighbor graph, making it particularly well suited 

for analyzing large single-cell RNA-seq datasets. 

 

Moran’s I test(72) is defined as:  

 

where  is the number of cells indexed by  and ;  is the expression value of gene of interest; 

 ( ) is the mean of the gene expression for cell ’s (or ’s) nearest neighbors;  is a matrix of 

weights defined by a nearest neighbor graph with zero on the diagonal (i.e., ) and 

 where  is the number of nearest neighbors; and  is the sum of all .  

To identify the nearest neighbors used for creating the weight matrix , we first build a k (default 

to be 25) nearest neighbor graph (kNN) for all cells in the UMAP space. We also project each cell 

to its nearest node in the principal graph. Then we remove all edges from the kNN graph that 

connect cells that project onto principal graph nodes do not share an edge.  

In Monocle 3, we implemented the principalGraphTest() function to identify correlated genes on 

the complex trajectory embedded in the manifold which relies on modified versions of routines 

from spdep package for performing the Moran’s I test. 
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Reporting summary 

Further information on research design is available in the Nature Research Reporting Summary 

linked to this paper. 

Code availability 

Scripts for processing sci-RNA-seq3 sequencing were written in python and R with code available 

at https://github.com/JunyueC/sci-RNA-seq3_pipeline. Trajectory analysis was done with 

Monocle 3 with setup instructions and tutorial available at http://cole-trapnell-

lab.github.io/monocle-release/monocle3/.  

Data availability 

sci-RNA-seq3 protocol and all data are made freely available, including through a cell type wiki 

to facilitate their ongoing annotation by the research community 

(http://atlas.gs.washington.edu/mouse-rna/). The data generated by this study can be downloaded 

in raw and processed forms from the NCBI Gene Expression Omnibus (GSE119945). 

Supplementary Note 1 

We first sought to apply Monocle 3 to a single major cell type, cluster 25, whose 26,559 cells 

we annotate as limb bud mesenchyme on the basis of Hoxd13, Fgf10 and Lmx1b expression. 

Visualizing the trajectory of cells of this cluster illustrates the dramatic expansion of limb 

mesenchymal cells over developmental time, with the main outgrowth between E10.5 and E12.5 

(Extended Data Fig. 7a). Gene expression is highly dynamic during this expansion, with the 

levels of 4,763 protein-coding genes changing (FDR of 1%). The early stages of limb mesenchyme 

development are characterized by expression of some expected genes such as Tbx15(73), and 
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Gpc3(74) and the later stages by Msx1(75), Epha4(76) and Dach1(77) (Extended Data Fig. 7b), 

but the vast majority of dynamically expressed genes are novel. Transcription factors significantly 

upregulated during limb mesenchyme development included those with roles in chondrocyte 

differentiation (e.g. Sox9(78) and Yap1(79)), muscle differentiation (e.g. Tead4(80)), and wound 

healing and limb regeneration (e.g. Smarcd1(81)) (Extended Data Fig. 7c). 

Interestingly, forelimb and hindlimb cells were not obviously separated by unsupervised 

clustering (Extended Data Fig. 7d) or trajectory analysis (Extended Data Fig. 7e), but could be 

distinguished by the mutually exclusive expression of Tbx5 in forelimb (2,085 cells, 7.9% of all 

limb mesenchyme cells) and Pitx1 in hindlimb (1,885 cells, 7.1% of all limb mesenchyme cells) 

with only 22 cells expressing both markers (0.08% of all limb mesenchyme cells vs. ~0.6% 

expected if they were independent; Extended Data Fig. 7f)(82). 285 genes were differentially 

expressed between cells assigned to the forelimb and hindlimb in this way (Extended Data Fig. 

7g). Known marker genes such as Tbx4 and the genes of the Hoxc cluster (Hoxc4-10)(83) were 

upregulated in hindlimb cells as expected, but we also identified genes not previously shown to be 

differentially expressed. For example, we observed Epha3 and Hs3st3b1 to be 5-fold enriched in 

forelimb, and Pcdh17 and Igf1 to be 3-fold enriched in hindlimb. 

Although developmental time is a major axis of variation in the limb mesenchyme trajectory 

(Extended Data Fig. 7a), there is clearly additional structure. At least some of this appears to 

correspond to the two main spatial axes of limb development: the proximal-distal axis (the primary 

direction of outgrowth) and the anterior-posterior axis (corresponding to the five digits)(82). With 

Monocle 3, we applied Moran’s I test(72) to detect genes exhibiting autocorrelation across the 

limb mesenchyme trajectory (i.e. genes expressed in similar regions of the principal graph). We 

found, for example, that cells expressing Sox6 and Sox9 (proximal markers)(84, 85), Hoxd13 and 

Tfap2b (distal markers)(37), Pax9 and Alx4 (anterior markers), and Shh and Hand2 (posterior 
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markers), were differentially distributed across the trajectory (Extended Data Fig. 7h, Extended 

Data Fig. 7i). Whole-mount in situ hybridization of Hoxd13 (a known distal marker) and Cpa2 (a 

novel marker whose distribution in the Monocle 3 trajectory was similar to that of known distal 

markers), confirmed that both genes are expressed in the distal limb mesenchyme between E10.5 

and E13.5 (Extended Data Fig. 7j-l). Altogether, we identified 1,783 genes exhibiting variable 

expression across the limb mesenchymal trajectory (FDR of 1%; Moran’s I > 0.01). These genes 

clustered into eight patterns of expression, several of which matched the distributions of known 

markers for the proximal-distal and anterior-posterior axes (Extended Data Fig. 7m). These 

analyses illustrate how this single cell atlas of mouse organogenesis can be used to characterize 

the spatiotemporal dynamics of gene expression in specific systems. 

 

Extended Data Figures 
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Extended Data Fig. 1. Performance and QC-related analyses for sci-RNA-seq3. (a) 

Comparison of fixation conditions in human HEK293T cells. Paraformaldehyde (PFA) fixed 

nuclei yielded the highest numbers of UMIs. Cell number n = 21 for fresh nuclei, 17 for frozen 

nuclei, 32 for PFA fixed cell, 31 for PFA fixed nuclei. (b) Tn5 transposomes loaded only with N7 

adaptor (cell number n = 13) increased UMI counts by over 50%, relative to the standard Nextera 

Tn5 (cell number n = 11), in human HEK293T cells. (c) Bar plot showing the number of RT wells 

used for each of 61 mouse embryos. (d) Histogram showing the distribution of raw sequencing 

reads from each PCR well in sci-RNA-seq3. (e) Scatter plot of mouse (NIH/3T3) vs. human 

(HEK293T) UMI counts per cell. (f-g) Box plot showing the number of UMIs and purity 

(proportion of reads mapping to the expected species) per cell from HEK293T (cell number n = 

7,943) and NIH/3T3 cells (cell number n = 10,914). At a sequencing depth of 23,207 reads per 

cell, we observed a median of 5,461 UMIs per HEK293T cell and 5,087 UMIs per NIH/3T3 cell, 

with 3.9% and 2.9% of reads per cell mapping to incorrect species, respectively. (h) Box plot 

comparing the number of UMIs per cell (downsampled to 20,000 raw reads per cell) for sci-RNA-

seq3 (cell number n = 689 for HEK293T and 997 for NIH/3T3) vs. sci-RNA-seq (cell number n = 

47 for HEK293T and 120 for NIH/3T3). (i) Correlation (Spearman’s correlation) between gene 

expression measurements in aggregated profiles of HEK293T from sci-RNA-seq3 nuclei vs. sci-

RNA-seq cells. (j) Scatter plot showing correlation between number of RT wells used and number 

of cells recovered per embryo. (k) Box plot showing the number of genes and UMIs detected per 

cell. (l) Box plot showing the number of UMIs detected per cell from embryos across five 

developmental stages. Cell number n = 152,120 for E9.5; 378,427 for E10.5; 615,908 for E11.5; 

475,047 for E12.5; 437,150 for E13.5. (m) Histogram showing the distribution of the cell doublet 

score for the actual mouse embryo data vs. doublets stimulated by Scrublet. (n) Scatter plot of the 

number of cells profiled per RT well and the detected doublet cell ratio. Blue line showing the 
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linear regression line. The detected doublet cell rate was modestly correlated with number of cells 

profiled per well during reverse transcription (Spearman’s rho: 0.35). (o) Scatter plot of unique 

reads aligning to Xist (female-specific) vs. chrY transcripts (male-specific) per mouse embryo. Sex 

assignments of individual embryos inferred from these data.  (p) Bar plot showing the number of 

male and female embryos profiled at each developmental stage. (q) t-SNE of the aggregated 

transcriptomes of single cells derived from each of 61 mouse embryos results in five tightly 

clustered groups perfectly matching their developmental stages (embryo number n = 61). (r) 

Pseudotime trajectory of pseudobulk RNA-seq profiles of mouse embryos (embryo number n = 

61); identical to Fig. 1f, but colored by pseudotime. (s) The 61 profiled embryos were ordered by 

pseudotime. The three earliest vs. three latest (in pseudotime) E10.5 embryos are shown in photos, 

and appear to potentially be morphologically distinct. Notably, the distinct coloring of E10.5 

embryos positioned earlier vs. later in developmental pseudotime is potentially due to different 

levels of hemoglobin. For all box plots: thick horizontal lines, medians; upper and lower box edges, 

first and third quartiles, respectively; whiskers, 1.5 times the interquartile range; circles, outliers. 
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Extended Data Fig. 2. Identifying the major cell types and cell composition dynamics during 

mouse organogenesis. (a-e) t-SNE visualization of mouse embryo cells from different 

developmental stages, as shown in lower portion of Fig. 2a, but sampling 10,000 cells per stage 
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and coloring by embryo ID: E9.5 (a), E10.5 (b), E11.5 (c), E12.5 (d), E13.5 (e). We consistently 

observe that cells derived from independent embryos at the same timepoint are similarly 

distributed. (f) The same t-SNE as Fig. 2a is shown, with subsets of cells highlighted. The first 

panel only shows cells from E9.5 embryos, and cells from subsequent developmental stages are 

progressively added. (g) Box plot showing the number of UMIs detected per cell for major cell 

types. Thick horizontal lines, medians; upper and lower box edges, first and third quartiles, 

respectively; whiskers, 1.5 times the interquartile range; circles, outliers. (h) t-SNE visualization 

of a randomly sampled 100,000 cells colored by expression level of Hbb-bh1 (top) or Fndc3c1 

(bottom). “High” indicates cells with UMI count for Hbb-bh1 > 3, Fndc3c1 > 1. (i) Bar plot 

showing the number of marker genes in each major cell type, defined as differentially expressed 

genes (5% FDR) with a >2-fold (green) or >5-fold (red) expression difference between first and 

second ranked cell types. (j) Left: t-SNE visualization of a randomly sampled 100,000 cells 

colored by expression level of Shh (top) or Tox2 (bottom). Right: whole mount in situ hybridization 

images of Shh (top) or Tox2 (bottom) in embryos. n = 5 “High” indicates cells with UMI count for 

Shh > 0, Tox2 > 1. Arrow: site of gene expression. (k) Bar plot showing the number of cells profiled 

for each cell type, split out by development stage. (l) Heatmap showing the estimated relative 

number of each cell type (rows) in 61 mouse embryos (columns). An estimate of the absolute cell 

number per cell type per embryo was calculated by multiplying the proportion that cell type 

contributed to a given embryo by the estimated total number of cells at that development stage. 

For presentation, these estimates are normalized in each row by the maximum estimated cell count 

for that cell type across all 61 embryos. Embryos are sorted left-to-right by developmental 

pseudotime. (m) Line plot showing the estimated relative cell numbers for primitive erythroid and 

definitive erythroid lineages, calculated as in panel b. Dashed lines show relative expression of 

marker genes for primitive erythroid (Hbb-bh1) and definitive erythroid (Hbb-bs) major cell types. 
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Data points for individual embryos were ordered by development pseudotime and smoothed by 

the loess method. 

 

Extended Data Fig. 3. Louvain clustering and t-SNE visualization of subclusters of the each 

of 38 major cell types. As cell type heterogeneity was readily apparent within many of the 38 

clusters shown in Fig. 2a, we adopted an iterative strategy, repeating Louvain clustering on each 

main cell type to identify subclusters. After subclusters dominated by one or two embryos were 

removed and highly similar subclusters merged, a total of 655 subclusters (also termed ‘subtypes’ 

to distinguish them from the 38 major cell types identified by the initial clustering).  
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Extended Data Fig. 4. Analysis of cell subtypes during mouse organogenesis. (a) t-SNE 

visualization of all cells (top plot, n = 2,026,641) and downsampled subset of high-quality cells 

(bottom plot, n = 50,000, UMI > 400), colored by Louvain cluster IDs from Fig. 2a. (b) t-SNE 

visualization of all endothelial cells (top plot, n = 35,878) and those from the downsampled subset 

(bottom plot, n = 1,173), colored by Louvain cluster ID computed based on the 35,878 endothelial 

cells. (c-d) t-SNE visualization of the downsampled subset of 50,000 cells (c), and 1,173 

endothelial cells (d), colored by Louvain cluster ID computed based on sampled cells only. The 

number of clusters and subclusters identified with the same parameters drops from 38 (a, bottom 

plot) to 27 (c) and 16 (b, bottom plot) to 12 (c), respectively. (e) Histogram showing the distribution 

of subclusters with respect to cell number (median 1,869; range 51-65,894). (f) Histogram showing 
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the distribution of subclusters with respect to the number of contributing embryos (>5 cells to 

qualify as a contributor). (g) Histogram showing the distribution of subclusters with respect to the 

ratio of cells derived from the most highly contributing embryo. (h) Histogram showing the 

distribution of subclusters with respect to the ratio of doublet cells detected by Scrublet. (i) 

Histogram showing the distribution of subclusters with respect to the number of marker genes (at 

least 2-fold (blue) or 5-fold (red) higher expression when compared with the second highest 

expressing cell subtype within the same main cluster; 5% FDR). 644 of 655 sub-clusters (98%) 

have at least one such gene marker with a 2-fold difference, and 441 of 655 (67%) have at least 

one such marker with a 5-fold difference. (j) t-SNE visualization of subcluster specific marker 

expression (as example, cell number n = 74,651): Calb1 (left), Nox3 (middle) and Tex14 (right) 

are gene markers for three endothelial subclusters. “High” indicates cells with UMI count for 

Calb1 > 0, Nox3 > 0, Tex14 >1. (k) Cumulative histogram showing how many subtypes (out of a 

total of 572 non-doublet-artifact subtypes) can be distinguished from all other subtypes on the 

basis of one or several markers and >4-fold expression differences (Methods).  
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Extended Data Fig. 5. Cell type correlation analysis between single cell mouse atlases. (a) 

Cell type correlation analysis (Methods) matched cell types between independently generated and 

annotated analyses of the adult mouse kidney (sci-RNA-seq component of sci-CAR(19) (rows) vs. 

Microwell-seq(10) (columns)). All cell types identified by sci-RNA-seq are shown, but we only 

show Microwell-seq cell types that are top matches for 1+ sci-RNA-seq cell types. Colors 

correspond to beta values, normalized by the maximum beta value per row. (b) Left: We compared 

our subtypes against 130 fetal cell types annotated in the MCA(10) with cell type correlation 

analysis, matching 96 MCA-defined cell types (rows) to 58 subtypes in our mouse embryo atlas 

(columns). Colors correspond to beta values, normalized by the maximum beta value per row. All 

MCA cell types with maximum beta of matched cell type > 0.01 are shown (rows; n = 96), as are 

mouse embryo atlas cell types that are top matches for 1+ displayed MCA cell types (columns; n 

= 58). Right: zoom-in to a subset of matches shown on the left. Cell types annotations are from 

MCA (rows) or our study (columns; major cell type annotation and sub-cluster id). (c) Box plot 

showing the ratio of cells from E13.5 for subclusters with (sub-cluster number n = 58) vs. without 

(sub-cluster number n = 514) a matched cell type in the MCA. Thick horizontal lines, medians; 

upper and lower box edges, first and third quartiles, respectively; whiskers, 1.5 times the 

interquartile range; circles, outliers. (d) Left: We compared our subtypes against 265 cell types 

annotated by a recent mouse brain cell atlas (BCA)(32) with cell type correlation analysis, 

matching 48 BCA-defined cell types (rows) to 68 subtypes in our data (columns). Colors 

correspond to beta values, normalized by the maximum beta value per row. All mouse embryo cell 

types with maximum beta of matched cell type > 0.01 are shown (column; n = 68), as are BCA 

cell types that are top matches for 1+ displayed mouse embryo cell types (rows; n = 48). Right: 

zoom-in to a subset of matches shown on the left. Cell types annotations are from BCA (rows) or 

our study (columns; major cell cluster and sub-cluster id).  
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Extended Data Fig. 6. Analysis of mouse epithelium, endothelium and limb apical ectodermal 

ridge cells. (a-b) Dot plot showing expression of one selected marker gene per epithelial (a) or 

endothelial (b) subtype. Doublet-derived subclusters (2/29 epithelial subtypes and 5/16 endothelial 

subtypes) are excluded from these plots, but are still shown in Fig. 3a and panel c, respectively. 

The size of the dot encodes the percentage of cells within a cell type, and its color encodes the 

average expression level. (c) t-SNE visualization and marker-based annotation of endothelial cell 

subtypes (n = 35,878). (d) Heatmap showing smoothed pseudotime-dependent differential gene 

expression (169 genes at FDR of 1%) in AER cells, generated by a spline fitting with generalized 

linear model (assuming gene expression following the negative binomial distribution) and scaled 

as a percent of maximum gene expression. Each row indicates a different gene, and these are split 

into subsets that are activated (top), repressed (middle) or exhibit transient dynamics (bottom) 

between E9.5 and E13.5. (e-f) Plots showing the -log10 transformed q value and Enrichr based 
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combined score of enriched Reactome terms (e) and transcription factors (f) for genes whose 

expression significantly decreases in AER development. The top enriched pathway terms 

(Reactome2016) for significantly decreasing genes include cell cycle progression (Mitotic Cell 

Cycle, qval = 0.0002, one-sided Fisher exact test with multiple comparisons adjusted) and glucose 

metabolism (Metabolism of carbohydrates, qval = 0.0002, one-sided Fisher exact test with multiple 

comparisons adjusted). The top enriched TFs with targets from decreasing genes include 

pluripotent factors such as Isl1 (qval < 1e-5), Pou5f1 (qval = 0.002, one-sided Fisher exact test 

with multiple comparisons adjusted) and Nanog (qval = 0.003, one-sided Fisher exact test with 

multiple comparisons adjusted).  
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Extended Data Fig. 7. Characterizing cellular trajectories during limb mesenchyme 

differentiation. (a) UMAP 3D visualization of limb mesenchymal cells colored by development 

stage (cell number n = 26,559, left and right represent views from two directions). (b) Heatmap 

showing top differentially expressed genes between different developmental stages for limb 
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mesenchyme cells. (c) Bar plot showing the -log10 transformed adjusted p value (one-sided Fisher 

exact test with multiple comparisons adjusted) of enriched transcription factors for significantly 

up-regulated genes during limb mesenchyme development. (d) t-SNE visualization of limb 

mesenchyme cells colored by forelimb (Tbx5 +, cell number n = 2,085) and hindlimb (Pitx1+, cell 

number n = 1,885). Cells with no expression or both expression in Tbx5 and Pitx1 are not shown. 

(e, h, i, k) Each panel illustrates a different marker gene. Colors indicate UMI counts that have 

been scaled for library size, log-transformed, and then mapped to Z-scores to enable comparison 

between genes. Cells with no expression of a given marker are excluded to prevent overplotting. 

(e) Hindlimb marker Pitx1 and forelimb marker Tbx5. (f) Scatter plot showing the normalized 

expression of Pitx1 and Tbx5 in limb mesenchyme cells. Only cells in which Pitx1 and/or Tbx5 

detected were shown. (g) Volcano plot showing the differentially expressed genes (FDR of 5%, 

one-sided likelihood ratio test with multiple comparisons adjusted, colored by red) between 

forelimb (cell number n = 2,085) and hindlimb (cell number n = 1,885). Top differentially 

expressed genes are labeled. X axis: log2 transformed fold change between forelimb and hindlimb 

for each gene. Y axis: -log10 transformed qval from differential gene expression test. (h) Same 

visualization as panel e, colored by normalized gene expression of proximal/chondrocyte (Sox6, 

Sox9), distal (Hoxd13, Tfap2b), anterior (Pax9, Alx4), or posterior (Hand2, Shh) markers. Only 

cells with the gene marker expressed are plotted. (i) Same visualization as panel e. First row: 

proximal limb markers Sox6 (which also marks chondrocytes) and Sox9. Second row: distal limb 

markers Hoxd13 and Tfap2b. Third row: Anterior limb markers(51) Pax9 and Alx4. Fourth row: 

posterior limb markers Shh and Hand2. (j) In situ hybridization images of Hoxd13 in E9.5 to E13.5 

embryos, n = 5. (k) Same visualization as panels e, colored by normalized gene expression of Cpa2. 

Only cells with positive UMI counts are shown. Values are log10-transformed, standardized UMI 

counts. Its expression pattern within this trajectory led us to predict that Cpa2 is a distal marker of 
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the developing limb mesenchyme, like Hoxd13. (l) In situ hybridization images of Cpa2 in E10.5 

and E11.5 embryos, n = 5. Arrow: site of gene expression. (m) Modules of spatially restricted 

genes in the limbs. A total of 1,783 genes were clustered via hierarchical clustering. The 

dendrogram was cut into 8 modules using the cutree function in R, and the aggregate expression 

of genes in each module was computed. Colors indicate aggregate UMI counts for each module 

that have been scaled for library size, log-transformed, and then mapped to Z-scores to enable 

comparison between modules. Cells with no expression of a given module are excluded to prevent 

overplotting. 
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Extended Data Fig. 8. Characterization of ten major developmental trajectories present 

during mouse organogenesis. (a) Heatmap showing the proportion of cells from each of the 38 

major cell types assigned to each of the twelve PAGA algorithm-identified groups. We merged 
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two groups corresponding to sensory neurons (12 & 3), and another two groups corresponding to 

blood cells (6 & 7), as each pair was closely located in UMAP space upon visual inspection, 

yielding the ten supergroups shown in a similar heatmap in Fig. 4b. (b) Same as Fig. 4a, but with 

colors corresponding to the 38 major cell clusters. (c) Area plot showing the estimated proportion 

(top) and estimated absolute number (bottom) of cells per embryo derived from each of the ten 

major cell trajectories from E9.5 to E13.5. Although the estimated number of cells per embryo in 

each of these supergroups increases exponentially, their proportions remain relatively stable, with 

the exception of hepatocytes which expand their contribution by nearly ten-fold during this 

developmental window (from 0.3% at E9.5 to 2.8% at E13.5). (d) UMAP 3D visualization of 

epithelial subtrajectories (as in Fig. 4c), colored as per the epithelial subtypes shown in Fig. 3a. 
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Extended Data Fig. 9. UMAP visualization of the ten major cell trajectories. We iteratively 

reanalyzed each of the ten major trajectories, nearly all of which further resolved into multiple 

subtrajectories. The ten major cell trajectories are visualized with UMAP (as in Fig. 5) but colored: 

as per the 38 major cell clusters (top left), sub-cluster id (top right), developmental stage (bottom 

left) and pseudotime (bottom right). The lines correspond to the principal graph learned by 

Monocle 3. These images are also available at http://atlas.gs.washington.edu/mouse-rna/3dplot/ as 

manipulatable 3D renderings. 
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Extended Data Fig. 10. UMAP visualization of the 56 subtrajectories, colored by 

development stage. We further iteratively reanalyzed and visualized with UMAP each of the 56 

subtrajectories. Although Monocle 3 did not have access to these labels, the subtrajectories are 

highly consistent with developmental time (i.e. cells ordered from E9.5 to E13.5). The lines 

correspond to the principal graph learned by Monocle 3.  
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Extended Data Fig. 11. UMAP visualization of the 56 subtrajectories, colored by inferred 

pseudotime. To orient each subtrajectory (same projections as Extended Data Fig. 10), we 

identified one or several starting points as focal concentrations of E9.5 cells, and then computed 

developmental pseudotime for cells present along various paths. The lines correspond to the 

principal graph learned by Monocle 3.  
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Extended Data Fig. 12. Gene dynamics in the myogenic trajectory. (a) Genes that are 

differentially expressed between the Myf5 path and the Myod path highlighted in Fig. 6. Cells 
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along each path were compared via Monocle’s differentialGeneTest function. Pseudotimes along 

each path were scaled from 0 to 100 independently. The “full model” formula was “~path * 

sm.ns(Pseudotime, df=3)”, while the “reduced model” was “~sm.ns(Pseudotime, df=3)”. 

Differentially expressed genes (FDR < 1%, one-sided likelihood ratio test with multiple 

comparisons adjusted) were clustered via Ward’s method and visualized as a heatmap via the 

pheatmap package. (b) Pseudotemporal kinetics for selected genes involved in Robo/Slit signaling. 

Red indicates cells on the Myod path, while blue corresponds to the Myf5 path. Next to the 

expression curves for each are shown the standardized expression scores for each gene on the 

original myogenic trajectory. Only cells with detectable expression are rendered to prevent 

overplotting. (c) Modules of genes differentially expressed over the myogenic trajectory. A total 

of 2,908 genes were clustered via hierarchical clustering. The dendrogram was cut into 14 modules 

using the cutree function in R, and the aggregate expression of genes in each module was computed. 

Colors indicate aggregate UMI counts for each module that have been scaled for library size, log-

transformed, and then mapped to Z-scores to enable comparison between modules. Cells with no 

expression of a given module are excluded to prevent overplotting. 
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Chapter 4: characterize cell state dynamics by sci-fate 

*Modified from a manuscript in preparation. 

Abstract: 

The beauty of development lies in the generation of diverse cell states in strictly organized 

temporal order. Despite of the proliferation in single cell genomic techniques, it has remained 

challenging to quantitatively determine cell state transition dynamics. Here we introduce sci-fate, 

a combinatorial indexing-based high throughput assay for profiling both whole and newly 

synthesised transcriptome in each of thousands of single cells. As a proof of concept, we applied 

sci-fate to a model system of cortisol response, and characterized over 6,000 single cell state 

transition events, consistent with known cell cycle dynamics upon glucocorticoid receptor 

activation. From the analysis, we showed the cell state transition direction and probabilities are 

regulated by inter-state distances and state instability landscape. The technique and computational 

approaches are readily applicable to other biological systems to quantitatively characterize cell 

state dynamics, and decipher the internal mechanism for cell fate determination. 

 

One sentence summary: 

We developed and applied sci-fate to construct >6,000 single cell whole transcriptome trajectories 

in a model system of cortisol response, and characterized the features regulating cell state transition 

dynamics. 

 

Introduction: 

Cell transits across functional and molecularly distinct state during multicellular organism 

development. Characterizing the cell state transition path, or cell fate, is the core in understanding 

development and applications such as cell engineer. While methods for single cell genomic 
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techniques have proliferated, they only capture a snapshot of cell state, thus cannot provide 

information on cell transition dynamics (1).  Although time-lapse microscopy based single cell 

tracing can be used to characterize cell state transitions (2, 3), they are limited in throughput and 

can only track the changes of several genes, and thus has low capacity to decipher complex systems. 

 

Here we describe a novel strategy to infer quantitative cell state transition dynamics at the level of 

whole transcriptome. This strategy depends on a new combinatorial indexing based single cell 

RNA-seq technique, sci-fate. By labeling newly synthesised mRNA with 4-thiouridine (4, 5) 

which will generate C > T point mutations during reverse transcription, sci-fate captures both 

whole transcriptome and newly synthesised transcriptome at single cell level, together with the 

degraded transcriptome information from its past state (past state memory). The past state memory 

of each cell is then corrected by mRNA degradation rate (memory correction technique), such that 

each cell can be characterized by transcriptome dynamics between two time points.  

 

To characterize cell state transition dynamics regulated by intrinsic and extrinsic factors, we 

applied sci-fate to a model system of cortisol response, in which cell fate was driven by two major 

forces: intrinsic cell cycle program and extrinsic drug induced glucocorticoid receptor (GR) 

activation. GR activation influences the activity of almost every cell in the body, and regulates 

genes controlling development, metabolism and immune response (6). With sci-fate, we profiled 

whole transcriptome dynamics for over 6,000 single cells. Based on the similarity between past 

and current transcriptome states, we built thousands of cell state transition trajectories spanning 

five time points, which can be clustered into three types of cell fates consistent with  known cell 

cycle progress patterns in GR activation. We further characterized cellular hidden states by 

functional TF modules activity, and inferred a cell transition network for cell state prediction. 
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Finally we showed the cell state transition direction and probability are regulated by transcriptome 

similarity and instability landscape of its nearby states. The theoretical, computational and 

experimental approaches developed here should be readily applicable to other biological systems 

in which cell transition dynamics are still unknown. 

Results: 

Overview of sci-fate 

sci-fate relies on the following steps (Fig. 1A): (i) cells were first incubated with 4-thiouridine 

(S4U), a widely used thymidine analog to label newly synthesised RNA(7–13). (ii) Cells are 

harvested, fixed by 4% paraformaldehyde, followed by thiol(SH)-linked alkylation reaction which 

covalently attaches a carboxyami-domethyl group to S4U by nucleophilic substitution(4). (iii) 

Cells were distributed in bulk to each well of 4x96 well plates. The first RNA-seq molecular index 

is introduced to the mRNA of cells in each well via in situ reverse transcription (RT) with a poly(T) 

primer bearing both a well-specific barcode and a degenerate unique molecular identifier (UMI). 

During cDNA synthesis, the mRNA labeled with modified S4U mimic thymine-to-cytosine (T > 

C) conversions and result in mutated first strand cDNA. (iv) Cells from all wells are pooled and 

then redistributed by fluorescence-activated cell sorting (FACS) to multiple 96-well plates. Cells 

are gated on DAPI (4’,6-diamidino-2-phenylindole) staining to discriminate single cell from 

doublets during sorting. Double-stranded cDNA is generated by RNA degradation and second-

strand synthesis, and is subjected to transposition with Tn5. cDNA is then amplified via the 

polymerase chain reaction (PCR) with a combination of primers recognizing the Tn5 adaptor on 

the 5’ end and the RT primer on the 3’ end. These primers also bear a well-specific barcode that 

introduces the second RNA-seq molecular index. (v) Amplicons from the PCR are pooled and 

subjected to massively parallel sequencing. As with other “sci-” protocols(14–21), most nuclei 

pass through a unique combination of wells and therefore each cell’s contents are marked by a 
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unique combination of barcodes that can be used to group reads that derive from the same cell. 

Newly synthesised mRNA out of the whole transcriptome is identified by background error 

corrected “T > C” conversions (Method).  

 

As quality control, we first tested the technique in a mixture of HEK293T (human) and NIH/3T3 

(mouse) cells under four conditions: with or without S4U labeling (200nM, 6 hrs), and with or 

without IAA treatment (Fig. S1A-D). With S4U labeling and IAA treatment (sci-fate condition), 

transcriptomes from human/mouse cells were overwhelmingly species-coherent (> 99% purity for 

both human and mouse cells, 2.6% collisions) with high ratio of T > C mutated reads detected (46% 

for human and 31% for mouse cells in sci-fate condition vs. 0.8% for human and 0.8% for mouse 

cells in no treatment condition). We obtained roughly equivalent cell purity across four conditions, 

albeit slightly lower UMIs detected in IAA treatment groups. Aggregated transcriptomes of sci-

fate vs. normal sci-RNA-seq were highly-correlated (Spearman’s correlation r = 0.99; Fig. S1EF), 

suggesting the short term labeling and conversion process have minimal effect on cell state. 

 

Joint profiling of total and newly synthesised transcriptome in dexamethasone treated A549 

cells 

We then applied sci-fate to a model of cortisol response, wherein dexamethasone (DEX), a 

synthetic mimic of cortisol, activates glucocorticoid receptor (GR), which binds to thousands of 

locations across the genome, and significantly alters cell state within a short term (22–25). We 

treated lung adenocarcinoma-derived A549 cells for 0, 2, 4, 6, 8 or 10 hrs with 100nM DEX. In 

each condition, cells were incubated with S4U (200nM) for the last two hours before harvest for 

384 x 192 well sci-fate (Fig. 1B). The six conditions were each represented in 64 wells during the 
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first round of indexing so that the treatment condition could be recovered based on the first index 

of each cell. 

 

After filtering out low quality cells, potential doublets and a small subgroup of differentiated cells 

(Method), we obtained single cell profiles for 6,680 cells (median of 26,176 mRNAs detected per 

cell) with a median of 20% labeled UMIs per cell (Fig. 1C, Fig. S2AB). The intronic reads shows 

significantly higher newly synthesised rate than exonic reads (65% in intronic reads vs. 13% in 

exonic reads, p-value < 2.2e-16, Wilcoxon signed rank test; Fig. 1D), consistent with the 

expectation that the intronic reads are enriched in newly synthesised transcriptome. 

 

We first asked if the whole transcriptome and newly synthesised transcriptome convey different 

information in cell state characterization. We aggregated the the whole transcriptome and newly 

synthesised transcriptome for each treatment conditions and checked their correlations. Different 

from the whole transcriptome, the newly synthesised transcriptome showed a sharp difference 

between no DEX treatment (0h) and treated groups (Fig. S2C). Consistent with this, dimension 

reduction with Uniform Manifold Approximation and Projection (UMAP)(26) on whole or newly 

synthesised transcriptome gives different results (Fig. 1E): whole transcriptome cannot separate 

no DEX treatment (0h) and early DEX treatment (2h) cells while newly synthesised transcriptome 

aggregates all DEX treated cells into a single group. Cell clusters identified by whole or newly 

synthesised transcriptome do not fully match with each other (Fig. 1F, Fig. S2DE). This is 

expected as the newly synthesised transcriptome directly reflects the gene promoter activity, or 

epigenetic response to external environment, while the whole transcriptome is mostly determined 

by the leftover mRNA from its past state. 
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To characterize cell states with joint information, we combined the top principal components (PCs) 

from whole and newly synthesised transcriptome for UMAP analysis. Joint information separates 

cells into no DEX treatment (0h), early treatment (2h) and late treatment (>2h) (Fig. 1E). 

Interestingly, two clusters (cluster 1 and 4) characterized by whole transcriptome were split into 

four separate groups by joint information (Fig. 1F). We checked the expression level and newly 

synthesis rate of cell cycle related gene markers (27) (Fig. 1G, Fig. S2FG): the newly separated 

clusters by joint information correspond to G2/M phase (high expression and high synthesis rate 

of G2/M markers) and early G0/G1 phase cells (high expression and low synthesis rate of G2/M 

markers). This suggests newly synthesised transcriptome convey different cell state information 

compared with the whole transcriptome, and joint information potentially enables higher 

resolution in cellular state characterization. 

 

Characterizing functional TF modules driving cell fate determination  

 

We next sought to characterize TF modules driving cell state transition. The links between 

transcription factors (TF) and their regulated genes were identified by two steps: for each gene, we 

computed correlations between mRNA synthesis rate during the last two hours and TF expression 

level across over 6,000 cells using LASSO (least absolute shrinkage and selection operator). These 

identified links were further filtered by either published CHIP-seq data(28) or motif enrichment 

analysis(29) (Method). In total we identified 986 links between 29 TFs and 532 genes (Fig. 2A), 

based on TF-gene covariance and validated by DNA binding data. To evaluate the possibility that 

the links were artifacts of regularized regression, we permuted the sample IDs of the TF expression 

matrix and performed the same analysis. No links were identified after this permutation.  
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TF modules driving GR response are identified, including known GR response effectors such as 

CEBPB(30) (Fig. S3AB), FOXO1(31), and JUNB(32) (Fig. 2A). We also found several novel GR 

response related TF modules including YOD1 and GTF2IRD1, with both upregulated expression 

and activity in DEX treated cells (Fig. S3CD). Main TF modules driving cell cycle progression 

are identified, and these include E2F1, E2F2, E2F7, BRCA1, and MYBL2 (33). Compared with 

total expression level, the new RNA synthesis rate of regulated genes by cell cycle TF modules 

displays higher correlation with the target TF expression (Fig. S3E). Additionally, we also found 

TF modules related with cell differentiation such as GATA3, mostly expressed in a group of 

quiescent population of cells (34), and TF modules related with oxidative stress response such as 

NRF1 (35) and NFE2L2 (NRF2) (36).  

 

We next characterized TF activity by aggregating the new RNA synthesis rate of genes within 

each TF module, and computed the absolute correlation coefficient between each TF pairs (Fig. 

S3F). Highly correlated TF activity suggests they may function in a linked process. Hierarchical 

clustering segregate these 29 TF modules into five major modules (Fig. S3F): the first module are 

all cell cycle related TF modules such as E2F1 and FOXM1 (33), and represents the driving force 

for cell cycle progression. The third module are all GR response related TF modules such as 

FOXO1, CEBPB, JUNB and RARB(30)(31)(32). The other TF module groups include three TFs 

(KLF6, TEAD1, and YOD1) co-regulated by both cell cycle and GR response (module 2), an 

internal differentiation pathway including GATA3 and AR (module 3),  and stress response related 

TFs such as NRF1 and NFE2L2 (module 5). 

 

To identify different cell cycle states, we first ordered cells by cell cycle linked TF module activity. 

Cells are ordered into a smooth trajectory of cell cycle, validated by the synthesis rate of known 
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cell cycle markers (27) (Fig. 2B). We observed a gap between G2/M phase and G0/G1 phase, 

consistent with the dramatic cell state change during cell division. By unsupervised clustering, we 

identified nine cell cycle states spanning G0/G1, S and G2/M cell cycle phases based on cell cycle 

marker expression (Fig. 2B). Cells can be ordered into another smooth trajectory by GR reponse 

linked TF modules. The trajectory correlates well with DEX treatment time and dynamics of 

known GR activation regulated TF activity (Fig. 2C). By unsupervised clustering analysis, we 

identified three cell clusters along GR response, corresponding to no/low/high GR response state 

(Fig. 2C). 

 

We next sought to quantitatively characterize hidden cell states in the system (Fig. S4A). Nine cell 

cycle states and three GR reponse states were identified in Fig. 2BC. All possible combinatorial 

states were identified, with the smallest group including 1.1% (74) of all cells (Fig. 2D). The 

observed cell state proportion is close to the expected proportion assuming independent assortment. 

This is consistent with the low correlation coefficient (Pearson’s correlation r = 0.004) between 

the activity of these two functional TF modules across over 6,000 cells. For comparison, by 

dimension reduction and clustering analysis on whole and newly synthesised transcriptome, we 

identified 6 main clusters (Fig. S4B). These main clusters can be readily defined by combined 

groups of these 27 cell states (Fig. 2E). 

 

Characterizing single cell transition trajectory and state transition network 

 

With both whole transcriptome and newly synthesised transcriptome characterized for each cell, 

we can infer the single cell transcriptome state before S4U labeling (Fig. 3A). The recovery of 

past cellular transcriptome depends on two parameters: the detection rate of newly synthesised 
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reads in sci-fate, and the degradation rate (or half time) of each mRNA (Method). Both two 

parameters can both be estimated from the same experiment in sci-fate. 

 

We first estimated the detection rate of sci-fate. We assume the mRNA half life is stable across 

different DEX treatmentment conditions. This assumption is further validated by self-consistency 

check later. Under this assumption, the partly degraded bulk transcriptome before the 2 hour S4U 

labeling should be the same between no DEX and 2 hour DEX treated cells. Thus their differences 

in whole transcriptome (bulk) should equal with their differences in the newly synthesised 

transcriptome (bulk) corrected by technique detection rate. As whole and newly synthesised 

transcriptome are both profiled in our experiment, we can directly compute the detection rate of 

sci-fate. The differences in newly synthesised mRNA correlates well with the differences in 

mRNA expression level (Pearson’s r = 0.93, Fig. S5A), suggesting the new RNA detection rate is 

rather stable across genes. We thus used the median of new RNA capture rate (82% ) for 

downstream analysis. 

 

We next computed the mRNA degradation rate in 2 hours. As A549 cell population can be 

regarded stable without external perturbation, for cells after 2 hour DEX treatment, its past state 

(before 2 hour S4U labeling) should be the same with the 0 hour DEX treated cells. Similarly, the 

past state (before S4U labeling) for T = 0/2/4/6/8/10 hour DEX treated cells should be similar to 

the profiled T = 0/0/2/4/6/8 hour cells. With whole transcriptome and newly synthesised 

transcriptome profiled for all treatment conditions, mRNA degradation rate across thousands of 

genes in each 2 hour time interval can be estimated. As a self-consistency check mentioned above, 

the gene degradation rates are highly correlated across different DEX treatment time (Fig. S5B). 

We then used the averaged gene degradation rate for downstream analysis. With both new mRNA 
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detection rate and gene degradation rate available, we estimated single cell past transcriptome state 

so that each cell can be characterized by transcriptome dynamics in a two-hour interval.  

 

To recover cell state dynamics for a longer interval (i.e. 10 hours), we developed a cell linkage 

pipeline to link parent and child cells in the same cell state transition trajectory (Fig. 3A): for each 

cell A (e.g. 2 hour DEX treated cells), we identified a cell B profiled in the earlier time point (e.g. 

no DEX treated cells) and B had its current state similar with A’s past state, based on  a recently 

developed alignment strategy to identify common cell states between two data sets  (27). B can be 

regarded as the parent state of A. Similarly, we also identified another cell C profiled in the later 

time point (e.g. 4 hour DEX treated cells) and C had its past state similar with A’s current state. 

Cell C can be regarded as the A’s future state. By extending the same strategy to all past and future 

state identified for each cell, we constructed 6,680 single cell transition trajectory across 10 hours 

and five time points (Fig. 3AB). Of note, this analysis is based on an assumption that the past and 

current state of each cell (except cells at the start and end time points) are comprehensively 

detected, which holds true in our data sets as over 6,000 cells are profiled (over 1,000 cells per 

condition), or a cell for less than one min during cell cycle. Multiple cells (>50) are profiled at 

each cell state, thus stochastic cell state transition process can also be captured.  

 

To validate the result, we applied dimension reduction and unsupervised clustering analysis to 

these 6,680 single cell trajectories, which grouped into three trajectory clusters. We checked the 

dynamics of cell states characterized in Fig. 3C. As expected, all three trajectories showed cell 

state transition from no GR response to low/high GR response states over time (Fig. 3D). We 

observed distinct cell cycle dynamics across these three trajectories(Fig. 3D): trajectory 1 showed 

decreased G2/M phase and consistently increased G0/G1 phase, and represented cell state 
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transition from G2/M and G1 intermediate states to G1 phase. Trajectory 2 showed cell state 

transition from S and G2/M intermediate states to G2/M phase. In the trajectory 3, we observed 

cell state transition from G1 and S intermediate phase to early S phase during early DEX treatment 

(0-2 hour), but the transition is inhibited in late DEX treatment conditions (>2 hour DEX 

treatment), suggesting long term DEX treatment results in G1 phase arrest. This is consistent with 

cell state proportion changes along treatment time and previous research (37, 38)(Fig. 3D). These 

suggests the single cell transition paths characterized by sci-fate can recover general cell state 

transition directions.  

 

With multiple cells (>70) profiled at each state, we computed the cell state transition probability 

across all 27 hidden states. Cell state transitions with low transition probabilities (< 0.1) are 

potentially due to rare events or noise, and thus filtered out. The cell state transition network can 

be defined by 27 cell states as nodes, and links showing the potential transition paths (Fig. 3E). 

The direction of cell cycle progression is readily characterized by at least three transition stages 

with irreversible transition directions along cell cycle (Fig. 3E). In late G1 phase and late G2/M 

phase, we also found several states showing reversible transitions dynamics, which potentially 

reflect two cell cycle checkpoints in G1/S and G2/M phases(33). As expected, cells on similar cell 

cycle but different GR responses states showed dramatically different transition dynamics, and 

cells with high GR response state tend to be arrested in G1 or G2/M phase. 

 

As a consistency check to validate whether the cell state transition network captures cell state 

transition dynamics, we evaluated if the transition probabilities can recover the real cell state 

distributions across different time points. Indeed, although cell state proportions are dynamically 

changed across 10 hours (Fig. 3F), the state transition network accurate predicts the 27 cell state 
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ratios across all five later time points from cell state proportion in 0 hour DEX treated cells (Fig. 

3G, Fig. S6A). We also computed the cell state transition network with only part of the data (0 

hour to 6 hour), which gave highly correlated transition probabilities with the full data, and 

accurately predict cell states at 10 hours (Fig. 3H, Fig. S6B).  

 

Characterizing factors regulating cell state transition directions  

 

To characterize the factors regulating cell state transition probability, we first calculated cell state 

distance, by the pearson’s distance of aggregated transcriptome (whole and newly synthesised) 

between each state pairs. As expected, cell state transition probability negatively correlates with 

transition distance (Spearman’s correlation coefficient = -0.38, Fig. 4A). We also computed state 

instability, defined by the proportion of cells moving out of the state within two hours (Fig. 4B). 

The state instability landscape matches well with cell transition directions (Fig. 4B): states in no 

GR response show higher instability compared with high GR response states. In high GR response 

states, cells at early G1 phase has the lowest instability, while cells at G1/S intermediate states 

showed a high unstable peak, consistent with the G1 phase arrest in late DEX treatment.  

 

The cell state proportion changes after 10 hours correlates well with cell state instability 

(Spearman’s correlation coefficient = -0.88, Fig. 4C), suggesting cell state dynamics are regulated 

by the cell state instability landscape. The state instability also correlates well with state transition 

probability entropy, which reflects the diversity of state transition targets (Pearson’s correlation r 

= 0.73, Fig. 4D). To validate whether the inter-state transition probability can be inferred by nearby 

state instability, we fit nearby state instability and distance into a neural network model, to predict 

state transition probability from each state to the other states. Combining both nearby state 
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instability and distances achieved more than ten folds higher performance in predicting inter-state 

transition probability, compared with using state distances alone (median cross validated r squared 

is 0.58 by using both information vs. 0.046 by using state distance only, p-value = 4.5e-10, two 

sided wilcoxon rank sum test, Fig. 4E), suggesting the cell state transition directions and 

probabilities are regulated by nearby state stability landscape. And cells prefer to moving to a more 

stable nearby state over just the nearest position. 

 

Discussion 

Here we developed the first strategy to characterize cell state transition dynamics on whole 

transcriptome level. The strategy depends on sci-fate, a novel combinatorial indexing based high 

throughput single cell RNA-seq technique, capable of profiling both whole and newly synthesised 

transcriptome in thousands of cells. Similar with other “sci-” techniques, sci-fate is readily scaled 

up to millions of cells(39), and potentially compatible with profiling both transcriptome and 

epigenome(40). This enables sci-fate to characterize cell state dynamics in a much complexed 

system (i.e. whole embryo development) where the real cell transition path to hundreds of cell 

types are still unknown. We further developed a computation pipeline to estimate newly 

synthesised RNA capture rate and gene degradation rate from sci-fate data (memory correction), 

and infer thousands of differential trajectories for each single cell, linked by shared past and current 

transcriptome state at each time point. 

 

To validate the techniques and examine how cell state dynamic are regulated by internal and 

external factors, we applied the strategy to a model system of cortisol response, in which cell fate 

were dynamically regulated by internal cell cycle and extrinsic drug induced GR activation. We 

showed the newly synthesised transcriptome directly links to the epigenome response to 
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environmental stimuli, and joint analysis of both whole and newly synthesised transcriptome 

enables higher resolution in cell state separation. By co-variance between TF expression and new 

RNA synthesis rate across thousands of cells, we identified up to one thousand links between TFs 

and regulated genes, validated by DNA binding data. We further identified 27 “hidden cell states” 

characterized by the combinatorial state of functional TF modules in cell cycle progression and 

GR response, compared with only 6 states by conventional clustering analysis.  

 

By memory correction and cell linkage analysis, we built over 6,000 single cell transition 

trajectories spanning 10 hours, with the main trajectories consistent with  known cell state 

dynamics in cell cycle and GR response. Cell state transition network are characterized by the 

transition probability across all cell states, validated by the recovery of 27 cell state dynamics 

across all five time points. Finally, we found the cell state transition probabilities are regulated by 

two key features of cell state transition network: inter-state distance and state instability landscape, 

both of which can be potentially estimated by conventional single cell RNA-seq techniques. 

 

While powerful, this strategy has several limitations. First, to faithfully build single cell trajectory, 

we need comprehensive cell state characterization at each time point. Also multiple observations 

for each states are needed to robustly estimate the transition probability. These limitations can be 

readily resolved by the combinatorial strategy of sci-fate, which is capable of profiling millions of 

cells in a single experiment. Another caveat is that most S4U labeling experiments are applied to 

in vitro systems. However, recent research has shown that S4U can stably label cell type specific 

RNA transcription in multiple mouse tissues (i.e. brain, intestine and adipose tissue)(41, 42), 

suggesting sci-fate, with further optimizations to enhance S4U incorporation and detection rate, 

can be applied to profile in vivo single cell transcriptome dynamics.  
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sci-fate opens a new avenue for applying “static” single cell genomic techniques to characterizing 

dynamic systems. Compared with traditional imaging based techniques, sci-fate profiles cell state 

dynamics at whole transcriptome level, and enables comprehensive cell state characterization 

without marker selection and discovery of key driving force in cell differentiation. Finally, we 

anticipate that sci-fate can be readily combined with alternative lineage tracing techniques(43–45), 

to decode the detailed cell state transition dynamics to every final cell state within hundreds of 

developmental lineages. 

 

Main figures 
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Fig. 1. Joint profiling of total and newly synthesised transcriptome by sci-fate. (A) sci-fate 

workflow with key steps outlined in text. (B) Experiment scheme. A549 cells were treated with 

dexamethasone time dependently. Cells from all treatment conditions were labeled with S4U two 

hours before harvest for sci-fate. (C) Violin plot showing the ratio of S4U labeled reads per cell in 

six treatment time. (D) Violin plot showing the ratio of S4U labeled reads in exonic and intronic 

reads. For all box plots: thick horizontal lines, medians; upper and lower box edges, first and third 

quartiles, respectively; whiskers, 1.5 times the interquartile range; circles, outliers. (E) UMAP 

visualization of A549 cells by whole transcriptome (left), newly synthesised transcriptome (middle) 
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and both (right). (F) Similar with (E), colored by cluster id identified by whole transcriptome. (G) 

UMAP visualization of A549 cells by joint information, colored by normalized expression of 

G2/M marker genes by RNA level (left) and newly synthesised RNA level (right). UMI counts for 

these genes are scaled by library size, log-transformed, aggregated and then mapped to Z-scores.  

 

Fig. 2. Characterizing TF modules driving cell state transition. (A) Identified links (blue) 

between transcription factors (orange) and regulated genes (grey). TF modules related with cell 

cycle progression or GR response are labeled. (B) UMAP visualization of A549 cells ordered by 

cell cycle TF modules, colored by newly synthesised mRNA of S phase and G2/M phase markers 

(top), three cell cycle phases (bottom left), and nine cell cycle states by unsupervised clustering 

analysis (bottom right). (C) UMAP visualization of A549 cells ordered by GR reponse TF modules, 
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colored by DEX treatment time (left), CEBPB and FOXO1 activity (middle) and cluster id from 

unsupervised clustering analysis (right). To calculate TF activity, newly synthesised UMI counts 

for these genes are scaled by library size, log-transformed, aggregated and then mapped to Z-scores. 

(D) A table showing the observed ratio (black) of cell state by the combinatorial state of cell cycle 

modules (x axis) and GR response modules (y axis). The red number is the expected ratio assuming 

independent assortment. (E) Heatmap showing the proportion of cell states defined by the 

combinatorial states of TF modules in each main clusters identified by clustering analysis based 

on joint whole and newly synthesised transcriptome. 
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Fig. 3. Characterizing >6,000 single cell state transition trajectories. (A) Scheme showing 

memory correction and cell linkage analysis to construct single cell transition trajectory with 

details outlined in text and method. (B) 3D plot of cells colored by DEX treatment time (also as z 

coordinates). The x and y coordinates correspond to the UMAP space by whole and newly 

synthesised transcriptome in Fig. 1E (left). Linked parent and child cells are connected with grey 

lines. (C) Similar with (B), except the x and y coordinates correspond to the UMAP space by single 

cell transcriptome dynamics across six time points. (D) Line plots showing the cell state dynamics 
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of different GR reponse states (top) and cell cycle states (bottom) in each cell trajectory clusters 

(left) or all cells (right) independent of cell linkage analysis. (E) Cell state transition network. The 

nodes are 27 cell states characterized in Fig. 2D and the links are identified transition paths 

between cell states. Links with low transition probabilities (< 0.1) are filtered out. Squares with 

dashed lines showing the example states with reversible transition dynamics. (F) Correlation plot 

showing the correlation of cell state proportions between treatment conditions. Positive 

correlations are displayed in blue and negative correlations in red color. The shape of the ellipse 

are correlated with the correlation coefficients (on the ellipse). (G) Scatter plot showing the 

correlation of cell state proportions between observed 10 hour DEX treatment groups and predicted 

cell state proportions. The prediction is based on the cell state transition probabilities and cell state 

proportion in no DEX treatment group. The blue line represent the linear regression line.  (H) 

Scatter plot showing the correlation of cell state transition probabilities calculated by full data (0-

10 hours) or part data (0-6 hours), along with the linear regression line. 
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Fig. 4. Cell state transition probabilities are regulated by nearby state stability landscape. 

(A) Scatter plot showing the relationship between transition distance (Pearson’s distance) and 

transition probability between cell states, together with the red LOESS smooth line by ggplot2 

(46). (B) 3D plot showing the instability landscape of cell states. X-axis represents GR response 

states (from no to low to high response state). Y-axis represent the cell cycle states ordered from 

G0/G1 to G2/M states. Z-axis represent the cell state instability, defined by the probability of cells 

within each cell state jumping to other states after 2 hours. (C)  Scatter plot showing the 

relationship between cell state instability and cell proportion change before and after 10 hour DEX 

treatment, together with the red LOESS smooth line by ggplot2 (46). (D) Scatter plot showing the 

correlation between state instability and state transition entropy with the linear regression line 

(blue). (E) Box plot showing the cross-validated r squared for predicting inter-state transition 

probability by transition distance only or combining transition distance and state instability 

landscape by densely connected neural network. 

 

Materials and Methods: 

Mammalian cell culture 

All mammalian cells were cultured at 37°C with 5% CO2, and were maintained in high glucose 

DMEM (Gibco cat. no. 11965) for HEK293T and NIH/3T3 cells or DMEM/F12 medium for A549 

cells, both supplemented with 10% FBS and 1X Pen/Strep (Gibco cat. no. 15140122; 100U/ml 

penicillin, 100 µg/ml streptomycin). Cells were trypsinized with 0.25% typsin-EDTA (Gibco cat. 

no. 25200-056) and split 1:10 three times per week. 

Sample processing for sci-fate 
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A549 cells were treated with 100 nM DEX for 0 hrs, 2 hrs, 4 hrs, 6 hrs, 8 hrs and 10 hrs. Cells in 

all treatment conditions were incubated with 200uM S4U for the last two hours before cell harvest. 

For HEK293T and NIH/3T3 cells, cells were incubated with 200uM S4U for 6 hours before cell 

harvest.  

All cell lines (A549, HEK293T and NIH/3T3 cells) were trypsinized, spun down at 300xg for 5 

min (4°C) and washed once in 1X ice-cold PBS. All cells were fixed with 4ml ice cold 4% 

paraformaldehyde (EMS) for 15 min on ice. After fixation, cells were pelleted at 500xg for 3 min 

(4°C) and washed once with 1ml PBSR (1 x PBS, pH 7.4, 1% BSA, 1% SuperRnaseIn, 1% 10mM 

DTT). After wash, cells were resuspended in PBSR at 10 million cells per ml, and flash frozen and 

stored in liquid nitrogen. Paraformaldehyde fixed cells were thawed on 37 degree water bath, spun 

down at 500xg for 5 min, and incubated with 500ul PBSR including 0.2% Triton X-100 for 3min 

on ice. Cells were pelleted and resuspended in 500ul nuclease free water including 1% 

SuperRnaseIn. 3ml 0.1N HCl were added into the cells for 5min incubation on ice (21). 3.5ml 

Tris-HCl (pH = 8.0) and 35ul 10% Triton X-100 were added into cells to neutralize HCl. Cells 

were pelleted and washed with 1ml PBSR. Cells were resuspended in 100ul PBSR. 100ul PBSR 

with fixed cells were incubated with mixture including 40ul Iodoacetamide (IAA, 100mM), 40ul 

sodium phosphate buffer (500mM, pH = 8.0), 200ul DMSO and 20ul H2O, at 50°C for 15min. 

The reaction was quenched by 8ul DTT (1M) and 8.5ml PBS(47). Cells were pelleted and 

resuspended in 100ul PBSI (1 x PBS, pH 7.4, 1% BSA, 1% SuperRnaseIn). For all later washes, 

nuclei were pelleted by centrifugation at 500xg for 5 min (4°C).  

The following steps are similar with sci-RNA-seq protocol with paraformaldehyde fixed nuclei 

(15, 16). Briefly, cells were distributed into four 96-well plates. For each well, 5,000 nuclei (2 µL) 

were mixed with 1 µl of 25 µM anchored oligo-dT primer (5′-

ACGACGCTCTTCCGATCTNNNNNNNN[10bp 
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index]TTTTTTTTTTTTTTTTTTTTTTTTTTTTTTVN-3′, where “N” is any base and “V” is 

either “A”, “C” or “G”; IDT) and 0.25 µL 10 mM dNTP mix (Thermo), denatured at 55°C for 5 

min and immediately placed on ice. 1.75 µL of first-strand reaction mix, containing 1 µL 5X 

Superscript IV First-Strand Buffer (Invitrogen), 0.25 µl 100 mM DTT (Invitrogen), 0.25 µl 

SuperScript IV reverse transcriptase (200 U/μl, Invitrogen), 0.25 μL RNaseOUT Recombinant 

Ribonuclease Inhibitor (Invitrogen), was then added to each well. Reverse transcription was 

carried out by incubating plates at the following temperature gradient: 4°C 2 minutes, 10°C 2 

minutes, 20°C 2 minutes, 30°C 2 minutes, 40°C 2 minutes, 50°C 2 minutes and 55°C 10 minutes. 

All cells (or nuclei) were then pooled, stained with 4',6-diamidino-2-phenylindole (DAPI, 

Invitrogen) at a final concentration of 3 μM, and sorted at 25 nuclei per well into 5 μL EB buffer. 

Cells were gated based on DAPI stain such that singlets were discriminated from doublets and 

sorted into each well. 0.66 μl mRNA Second Strand Synthesis buffer (NEB) and 0.34 μl mRNA 

Second Strand Synthesis enzyme (NEB) were then added to each well, and second strand synthesis 

was carried out at 16°C for 180 min. Each well was then mixed with 5 μL Nextera TD buffer 

(Illumina) and 1 μL i7 only TDE1 enzyme (25 nM, Illumina, diluted in Nextera TD buffer), and 

then incubated at 55°C for 5 min to carry out tagmentation. The reaction was stopped by adding 

10 μL DNA binding buffer (Zymo) and incubating at room temperature for 5 min. Each well was 

then purified using 30 uL AMPure XP beads (Beckman Coulter), eluted in 16 μL of buffer EB 

(Qiagen), then transferred to a fresh multi-well plate. 

For PCR reactions, each well was mixed with 2μL of 10 μM P5 primer (5′-

AATGATACGGCGACCACCGAGATCTACAC[i5]ACACTCTTTCCCTACACGACGCTCTT

CCGATCT-3′; IDT), 2 μL of 10 μM P7 primer (5′-

CAAGCAGAAGACGGCATACGAGAT[i7]GTCTCGTGGGCTCGG-3′; IDT), and 20 μL 

NEBNext High-Fidelity 2X PCR Master Mix (NEB). Amplification was carried out using the 
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following program: 72°C for 5 min, 98°C for 30 sec, 18-22 cycles of (98°C for 10 sec, 66°C for 

30 sec, 72°C for 1 min) and a final 72°C for 5 min. After PCR, samples were pooled and purified 

using 0.8 volumes of AMPure XP beads. Library concentrations were determined by Qubit 

(Invitrogen) and the libraries were visualized by electrophoresis on a 6% TBE-PAGE gel. Libraries 

were sequenced on the NextSeq 500 platform (Illumina) using a V2 150 cycle kit (Read 1: 18 

cycles, Read 2: 130 cycles, Index 1: 10 cycles, Index 2: 10 cycles). 

Read alignments and downstream processing 

Read alignment and gene count matrix generation for the single cell RNA-seq was performed using 

the pipeline that we developed for sci-RNA-seq (48) with minor modifications. Reads were first 

mapped to a reference genome with STAR/v2.5.2b (49), with gene annotations from GENCODE 

V19 for human, and GENCODE VM11 for mouse. For experiments with HEK293T and NIH/3T3 

cells, we used an index combining chromosomes from both human (hg19) and mouse (mm10). 

For the A549 experiment, we used human genome build hg19.  

The single cell sam files were first converted into alignment tsv file using sam2tsv function in 

jvarkit(50). Next, for each single cell alignment file, mutations matching the background SNPs 

were filtered out. For background SNP reference of A549 cells, we downloaded the paired-end 

bulk RNA-seq data for A549 cells from ENCODE (28) (sampled name: ENCFF542FVG, 

ENCFF538ZTA, ENCFF214JEZ, ENCFF629LOL, ENCFF149CJD, ENCFF006WNO, 

ENCFF828WTU, ENCFF380VGD).  Each paired-end fastq files were first adaptor-clipped using 

trim_galore/0.4.1(51) with default settings, aligned to human hg19 genome build with 

STAR/v2.5.2b (49). Unmapped and multiple mapped reads were removed by  samtools/v1.3 (52). 

Duplicated reads were filtered out by MarkDuplicates function in picard/1.105(53). De-duplicated 

reads from all samples were combined and sorted with samtools/v1.3 (52). Background SNPs were 

called by mpileup function in samtools/v1.3(52) and mpileup2snp function in VarScan/2.3.9(54). 
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For HEK293T and NIH/3T3 test experiment, background SNP reference was generated in a similar 

pipeline above, with the aggregated single cell sam data from control condition (no S4U labeling 

and no IAA treatment condition).  

For each single cell alignment file, all mutations with quality score <= 13 were removed. Mutations 

at the both ends of each reads were mostly due to sequencing errors, and thus also got filtered out. 

For each read, we checked if there are T > C mutations (for sense strand) or A > G mutations (for 

antisense strand), and labeled these mutated reads as newly synthesised reads.  

Each cell was characterized by two digital gene expression matrixes from the full sequencing data 

and newly synthesised RNA data as described above. Genes with expression in equal or less than 

5 cells were filtered out. Cells with fewer than 2000 UMIs or more than 80,000 UMIs were 

discarded. Cells with doublet score > 0.2 by doublet analysis pipeline Scrublet/0.2(55) were 

removed.  

The dimensionality of the data was first reduced with PCA (after selecting the top 2,000 genes 

with highest variance) on digital gene expression matrixes on either full gene expression data or 

the newly synthesised gene expression data by Monocle 3 (56, 57). The top 10 PCs were selected 

for dimension reduction analysis with uniform manifold approximation and projection 

(UMAP/0.3.2), a recently proposed algorithm based on Riemannian geometry and algebraic 

topology to perform dimension reduction and data visualization (26). For joint analysis, we 

combined top 10 PCs calculated on the whole transcriptome and top 10 PCs on the newly 

synthesised transcriptome for each single cell before dimension reduction with UMAP. Cell 

clusters were done via densityPeak algorithm implemented in Monocle 3 (56, 57). We first 

performed UMAP analysis on joint information of all processed cells, and identified an outlier 

cluster (724 out of 7,404 cells). These cells were marked by high level expression of GATA3, a 

marker of differentiated cells (34), and were filtered out before downstream analysis.  
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Analysis for linking transcription factor (TF) to regulated genes 

We aimed to identify links between TFs and regulated genes based on their covariance. Cells with 

more than 10,000 UMI detected, and genes with newly synthesis reads detected in more than 10% 

of all cells were selected. The full gene expression and newly synthesised gene count per cell were 

normalized by cell-specific library size factors computed on the full gene expression matrix by 

estimateSizeFactors in Monocle 3 (56, 57), log transformed, centered, then scaled by scale() 

function in R. For each gene detected, a LASSO regression model was constructed with package 

glmnet (58) to predict the normalized expression levels, based on the normalized expression of 

853 TFs annotated in the “motifAnnotations_hgnc” data from package RcisTarget(29), by fitting 

the following model: 

𝐺0 = 𝛽B 	+ 𝛽M𝑇0		 

where 𝐺0 is the adjusted gene expression value for gene i. It is calculated by the newly synthesised 

mRNA count for each cell, normalized by cell specific size factor ( 𝑆𝐺0 ) estimate by 

estimateSizeFactors in Monocle 3 (56, 57) on the full expression matrix of each cell, and log 

transformed: 

𝐺0 = 𝑙𝑛(
𝑔0
𝑆𝐺0

	+ 	0.1) 

To simplify downstream comparison between genes, we standardize the response Gi prior to fitting 

the model for each gene i with the scale() function in R.  

Similar with 𝐺0, 𝑇0is the adjusted TF expression value for each cell. It is calculated by the full TF 

expression count for each cell, normalized by cell specific size factor ( 𝑆𝐺0 ) estimate by 
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estimateSizeFactors in Monocle 3 (56, 57) on the full expression matrix of each cell, and log 

transformed: 

𝑇0 = 𝑙𝑛(
𝑡0
𝑆𝐺0

	+ 	0.1) 

Prior to fitting, Ti are are standardized with the scale() function in R. 

Our approach aims to TFs that may regulate each gene, by finding the subset that can be used to 

predict its expression in a regression model. However, a TF with expression correlated with a 

gene’s expression does not guarantee it is regulating that gene: if gene A is specifically expressed 

in cell state 1 and TF B is specifically expressed in cell type 2. Although negative correlations 

between a TF’s expression and a gene’s newly synthesis rate could reflect the activity of a 

transcriptional repressor, we felt that the more likely explanation for negative links reported by 

glmnet was mutually exclusive patterns of cell-state specific expression and TF activity. Thus 

during prediction, we excluded TFs with negative correlated expression with the gene’s synthesis 

rate and also low correlation coefficient (<= 0.03) links. We identified a total of 6,103 links 

between TFs and regulated genes. 

To identify putative direct-binding targets,, we intersected the links with TFs profiled in ENCODE 

Chip-seq experiment(28). Out of 1,086 links with TFs characterized in ENCODE, 807 links were 

validated by TF binding sites near gene promoters (59), a 4.3 folds enrichment in odd ratio (number 

of validated links over non-validated links) compared with background (odd ratio = 2.89 in links 

identified in LASSO regression vs. 0.67 in background, p-value < 2.2e-16, Fisher’s Exact test). 

Only gene sets with significantly enrichment of the correct TF Chip-seq binding sites are retained 

(Fish’s Exact test, False discovery rate of 5%), and pruned to remove indirect target genes without 

TF binding data support. 591 links were retained in this approach. 
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To expand the validated TF-gene links, we further applied package SCENIC(29), a pipeline to 

construct gene regulatory networks based on the enrichment of target TF motifs around genes’ 

promoters (10kb). Each co-expression module identified by LASSO regression was analyzed using 

cis-regulatory motif analysis using RcisTarget(29). Only modules with significant motif 

enrichment of the correct TF regulator were retained, and pruned to remove indirect target genes 

without motif support. We filtered the TF-gene links by three correlation coefficient threshold (0.3, 

0.4 and 0.5), and combined all links validated by RcisTarget(29). In total,  there were 509 links 

validated by motif analysis approach. Combining both approaches, we identified a total 986 TF-

gene regulatory links by the covariance between TF expression and gene synthesis rate, validated 

by DNA binding data or motif analysis. To evaluate the possibility that the links were artifacts of 

regularized regression, we permuted the sample IDs of the TF expression matrix and performed 

the same analysis. No links were identified after this permutation.  

Ordering cells by functional TF modules 

To calculate TF activity in each cell, newly synthesised UMI counts for genes within the target TF 

module were scaled by library size, log-transformed, aggregated and then mapped to Z-scores. As 

TFs with highly correlated or anti-correlated activity suggest they may function in linked 

biological process, we calculated the absolute Pearson’s correlation coefficient between each pair 

of TF activity, and based on this we clustered TFs by ward.d2 clustering method in package 

pheatmap/1.0.12(60). Five functional TF modules were identified and annotated based on their 

functions.  

To characterize cell states on the dimension of each functional TF modules, cells were ordered by 

the activity of cell cycle related TFs (TF module 1) or GR response related TFs (TF module 3) 

with UMAP (metric = “cosine”, n_neighbors = 30, min_dist = 0.01). The cell cycle progression 
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trajectory were validated by cell cycle gene markers in Seurat/2.3.4(27). Three cell cycle phases 

were identified by densityPeak algorithm implemented in Monocle 3 (56, 57), on the UMAP 

coordinates ordered by cell cycle TF modules. As each main cell cycle phase still showed variable 

TF activity and cell cycle marker expression, we segmented each phase to early/middle/late states 

by k-means clustering (k = 3), and recovered a total of nine cell cycle states. Three GR reponse 

states were identified by densityPeak algorithm implemented in Monocle 3 (56, 57).  

 

Past transcriptome state recovery from sci-fate 

To identify the past transcriptome state (the cell state before S4U labeling), we assume the mRNA 

half life is stable across different DEX treatmentment conditions. This assumption is further 

validated by self-consistency check later. Under this assumption, the partly degraded bulk 

transcriptome before the 2 hour S4U labeling should be the same between no DEX and 2 hour 

DEX treated cells. Thus their differences in whole transcriptome (bulk) should equal with their 

differences in the newly synthesised transcriptome (bulk) corrected by technique detection rate:  

𝐴BS	/	𝑆BS −	(𝑁BS	/	𝑆BS)	/𝛼 = 𝐴JS	/	𝑆JS −	(𝑁JS	/	𝑆JS)	/𝛼		 

 

𝐴BS	is the aggregated UMI count for all cells in no DEX treatment group; 𝑆BS	is the library size 

(total UMI count of cells) at no DEX treatment; 𝑁BS	is the aggregated newly synthesised UMI 

count for all cells in no DEX treatment group; 𝐴JS	is the aggregated UMI count for all cells in 2 

hour DEX treatment group; 𝑆JS	 is the library size (total UMI count of cells) in 2 hour DEX 

treatment group; 𝑁JS	is the aggregated newly synthesised UMI count for all cells in 2 hour DEX 

treatment group; 𝛼 is the detection rate for sci-fate. In theory, one detection rate can be calculated 

for each gene. However, for genes with minor differences of newly synthesis rate between two 
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conditions, the estimated 𝛼 is dominated by noise. We thus selected genes showing higher 

differences in normalized newly synthesis rate between two conditions: we first tested a series of 

threshold for gene filtering and calculated the 𝛼for each gene. We then plotted the relationship 

between threshold and the ratio of genes with out-range 𝛼 values (< 0 or > 1). We selected the 

threshold that was at the knee point of the plot with 186 genes selected. The differences in newly 

synthesised mRNA of these genes highly correlates with the differences in mRNA expression level 

(Pearson’s r = 0.93, Fig. S4A), suggesting the new RNA detection rate is rather stable across genes. 

There is a median of 82% newly synthesised RNA captured by sci-fate. 

We next computed the mRNA degradation rate across each 2 hours. As A549 cell population can 

be regarded stable without external perturbation, for 2 hour DEX treated cells, its past state (before 

2 hour S4U labeling) should be the same with the 0 hour DEX treated cells. Similarly, the past 

state (before S4U labeling) for T = 0/2/4/6/8/10 hour DEX treated cells should be similar to the 

profiled T = 0/0/2/4/6/8 hour cells: 

𝐴MH	/	𝑆MH −	(𝑁MH	/	𝑆MH)	/𝛼 = 𝐴MB	/	𝑆MB ∗ 𝛽	 

 

𝐴MH	 is the aggregated UMI count for all cells in t1; 𝑆MH	is  is the library size (the total UMI count 

of cells) at t1; 𝑁MH	 is the aggregated newly synthesised UMI count for all cells at t1; 𝛼is the 

estimated detection rate of sci-fate; 𝐴MB	is the aggregated UMI count for all cells in t0;  𝑆MB	 is is 

the library size (the total UMI count of cells) at t0; 𝛽 is 1 -  gene specific degradation rate between 

t0 and t1, and is related with the mRNA half life 𝛾 by: 

𝛽	 = 	1	 −	(1	/	2) (MH	Y	MB)	/	Z 
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The gene degradation rate 𝛽 can be calculated on each 2 hour interval of DEX treatment. As a self-

consistency check mentioned above, the gene degradation rates are highly correlated across 

different DEX treatment time (Fig. S4B). We then used the averaged gene degradation rate for 

downstream analysis. 

With the detection rate and gene degradation rate estimated, the past transcriptome state of each 

cell can be estimated by: 

𝑎MH −	𝑛MH		/𝛼 = 𝑎MB ∗ 𝛽	 

𝑎MH	is the single cell UMI count in t1;  𝑛MH	is the single cell newly synthesised UMI count at t1; 𝛼 

is the estimated detection rate of sci-fate; 𝛽is 1 - gene specific degradation rate between t0 and t1. 

𝑎MB	is the estimated single cell UMI count in a past time point t0, with all negative values converted 

to 0. 

Linkage analysis to build single cell state trajectory 

By linkage analysis, we aim to identify linked parent and child cells in the same cell trajectory. 

Technically, for cells at t1, we combines their past state transcriptome state (before S4U labeling, 

2 hours before t1 in our experiment) as one group 1, and the full transcriptome state of t0 (2 hours 

before t1) as another group 2. Assuming there is no apparent cell apoptosis, these two groups 

should have similar cell state distribution. We applied a manifold alignment strategy to identify 

common cell states between two data sets, based on common sources of variation(27). This 

analysis is based on another assumption that the past and current state of each cell (except cells at 

the start and end time points) are comprehensively detected, which holds true in our data sets as 

over 6,000 cells are profiled (over 1,000 cells per condition), or a cell for less than one min during 

cell cycle. As a result of the pipeline, cell states from t0 and past cell states from t1 are aligned in 

the same UMAP space. Violation of the assumptions above can be detected by outliers during 
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alignment of the two data sets.  For each cell A in t1, we selected its nearest neighbour in t0 as its 

parent state in the alignment UMAP space. Similarly, for each cell in t0, we selected its nearest 

neighbour in t1 as its child cell state. Of note, the link is not necessary to be bi-directional: the 

parent state of one cell may be linked to a different child cell. As the parent state and child state 

was identified for each cell (except the cells at 0 hour and 10 hour), we then identified the linked 

parent cell of each cell's parent, and similarly the linked child cell of each cell's child. Thus each 

single cell can be characterized by a single cell state transition path across all five time points 

spanning 10 hours. As multiple cells (>50) are profiled at each cell state, stochastic cell state 

transition process can also be captured.  

Dimension reduction and clustering analysis for single cell transcriptome dynamics 

For dimension reduction on single cell transcriptome dynamics, top 5 PCs for full transcriptome  

and top 5 PCs for newly synthesised transcriptome were selected for each state, and combined in 

temporal order along single cell state trajectory for UMAP analysis. Main cell trajectory types 

were identified by density peak clustering algorithm(61). 

With cell state proportion at the beginning time point (0 hour treatment) and cell state transition 

probabilities estimated from the data, we first predicted the cell state distribution after 2 hours, 

assuming the cell state transition process in DEX treatment is a cell-autonomous, time-independent, 

Markovian dynamics. Similarly, the cells state distribution at later time point can be calculated 

based on the predicted cell state distribution 2 hours before. 

Inter-state transition probability prediction by state instability 

Cell state instability is defined as the probability of each state moving to other states after 2 hours. 

To calculate cell state distance, we first sampled equal number (n = 50) of cells at each state, and 

aggregated the full transcriptome and newly synthesised transcriptome of all cells within the state. 
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Each cell state can be defined by the joint information combining the whole and newly synthesised 

transcriptome. The cell state distance is calculated as the Pearson's correlation coefficient of the 

joint information between two states. 

To predict inter-state transition probability, we constructed a 3 layer neural network (units number: 

128, 128, 26 with relu activation at each layer; loss function: cosine_proximity, batch size: 128, 

epochs: 80) with Keras/2.2.4(62). For input, we used state instability of current state, the 

normalized state instability of the other 26 states (scaled by the instability of current state), and 

transition distance (squared) from current state to the other 26 states (in the same order of states in 

state instability vector). To avoid over-fitting, we permuted the state orders in state instability 200 

times for each input, while still keeping the state order of state transition distance the same with 

the state instability. To evaluate the model performance, we apply leave-one-out validation by 

training the model on 26 states, and validate the model on the left state on predicting the state 

transition probabilities to all the other 26 states. For predicting the inter-state probability with state 

transition distance only, the same model is used for training and validation with all input state 

instabilities replaced with 1. 

Supplementary Figures 
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Fig. S1. Performance and QC-related analyses for sci-fate. (A) Scatter plot of mouse (NIH/3T3) 

vs. human (HEK293T) UMI counts per cell in the condition of sci-fate. (B-D) Boxplot showing 

the ratio of S4U labeled reads, number of UMIs, and purity (proportion of reads mapping to the 

expected species) per cell from HEK293T (cell number n = 932) and NIH/3T3 cells (cell number 

n = 438). For all box plots: thick horizontal lines, medians; upper and lower box edges, first and 

third quartiles, respectively; whiskers, 1.5 times the interquartile range; circles, outliers. (E-F) 

Correlation (Spearman’s correlation) between gene expression measurements in aggregated 

profiles of HEK293T (E) and NIH/3T3 cells (F) from sci-fate (y axis) vs. sci-RNA-seq cells (x 

axis). 
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Fig. S2. Performance of sci-fate on dexamethasone treated A549 cells. (A, B) Violin plot 

showing the number of UMIs (A) and genes (B) per cell in six treatment conditions. For all box 

plots: thick horizontal lines, medians; upper and lower box edges, first and third quartiles, 

respectively; whiskers, 1.5 times the interquartile range; circles, outliers. (C) Correlation plot 

showing the Pearson correlation coefficient between different treatment conditions for aggregated 

whole transcriptome (top right) and newly synthesised transcriptome (down left). (D) UMAP 

visualization of A549 cells by newly synthesised transcriptome, colored by cluster id identified by 

newly synthesised transcriptome. (E) heatmap showing the proportion of cells from each clusters 

defined by whole transcriptome, falling into each cell cluster by newly synthesised transcriptome. 
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(F-G) UMAP visualization of A549 cells by both total and newly synthesised transcriptome, 

colored by normalized expression of S phase marker genes by total RNA expression (F) and newly 

synthesised RNA (G). UMI counts for these genes are scaled for library size, log-transformed, 

aggregated and then mapped to Z-scores.  

 

 

Fig. S3. TF modules driving cell state transition in DEX treated A549 cells. (A) Identified gene 

targets (grey) of CEBPB (orange). Only links with regularized correlation coefficient from 
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LASSO > 0.6 are shown. (B) UMAP visualization of A549 cells by whole and newly synthesised 

transcriptome colored by CEBPB expression (left) and activity (right). (C) similar with (B), 

colored by the YOD1 expression (left), and YOD1 activity (right). (D) similar with (B), colored 

by the GTF2IRD1 expression (left), and GTF2IRD1 activity (right). (E) similar with (B), colored 

by the E2F1 expression (left), E2F1 activity (middle) and aggregated expression of whole 

transcriptome for E2F1 linked genes (right). (F) Heatmap showing the absolute value of Pearson’s 

correlation coefficient between TF modules. 29 TF modules were grouped into five groups by 

hierarchical clustering analysis.  

 

Fig. S4. cell states are characterized by combinatorial states of functional TF modules. (A) 

Scheme showing the strategy for characterizing cell states by combinatorial states of functional 

TF modules. (B) Umap visualization of all cells by both whole and newly synthesised 

transcriptome, colored with main cluster id identified by density peak clustering algorithm on the 

UMAP space. 
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Fig. S5. New RNA detection rate and RNA degradation rate estimation. (A) scatter plot 

showing the correlation between x axis: differences of normalized whole transcriptome between 

no DEX and 2 hour DEX treated cells, and y axis: differences of normalized newly synthesised 

transcriptome between no DEX and 2 hour DEX treated cells. Blue line is the linear regression 

line. Both whole transcriptome and newly synthesised transcriptome of each time point are 

normalized by the library size of whole transcriptome of the time point. (B) Correlation plot 

showing the correlation of estimated gene degradation rate between treatment conditions. Positive 

correlations are displayed in blue and negative correlations in red color. The shape of the ellipse 

are correlated with the correlation coefficients (on the ellipse). 
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Fig. S6. cell state transition network for cell state prediction. (A) Scatter plot showing the 

correlation between observed cell states at each treatment time and predicted cell state by cell state 

transition probabilities and cell state proportion in no DEX treatment group. The blue line represent 

linear regression line.  (B) Scatter plot showing the correlation of cell state proportions between 

observed 10 hour DEX treatment groups and predicted values. The predicted values is based on 

cell state transition probabilities estimated by part data (0-6 hours) and cell state proportion in no 

DEX treatment group. The blue line represent the linear regression line.  
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Chapter 5: Conclusion and perspectives 

In this thesis, I described the development of four novel single cell genomic techniques as well 

as the analysis framework to characterize cell state diversity and cell fate dynamics in whole 

organism development. 

 

Technique development remains the driving force for new biological discoveries. Here I showed 

the development of the first combinatorial indexing based single cell RNA-seq technique (sci-

RNA-seq, Chapter 1), to profile tens of thousands of cell states by whole transcriptome, and after 

thousands of optimization conditions tested, the first single cell RNA-seq technique which 

enables profiling of over 2 million cells in a single experiment (sci-RNA-seq3, Chapter 3). To 

associate transcriptome and epigenome for cell state characterization, I developed a new high-

throughput single cell assay (sci-CAR, Chapter 2) to profile both chromatin accessibility and 

gene expression across thousands of cells in a single experiment. To link cell state with temporal 

information, I developed a novel combinatorial indexing based high-throughput single cell RNA-

seq (sci-fate, Chapter 4), to assay both whole and newly synthesized transcriptome to recover 

single cell transcriptome dynamics across different time points. 

 

Accompany these techniques, the thesis also described new computation pipelines and analysis 

frameworks for cell state and fate analysis. These include downstream sequencing processing 

scripts for all techniques described above, as well as computation strategies to associate different 

molecular layers in multi-modal scRNA-seq analysis. For example, I developed a regression-

based strategy to link hundreds of distal cis-regulatory elements and their target genes by 

covariance between single cell chromatin accessibility and gene expression across thousands of 

cells (Chapter 2), and a novel strategy to link transcription factor and their regulated genes by 
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both DNA binding data and covariance between TF expression and gene synthesis rate from sci-

fate (Chapter 4). In chapter 3, I tested and compared different algorithms for processing extra-

large single cell data set with millions of cells, and described a full analysis pipeline from data 

filtering, pre-processing, dimension reduction, clustering, to trajectory inference and gene marker 

identification, for characterizing hundreds of cell states as well as tens of development 

trajectories in a single experiment (Chapter 3). 

 

More importantly, these molecular and computation techniques are developed to answer key 

biological questions: What is cell state? Traditionally, cell state, or cell type, are defined by the 

level of pre-selected gene markers and/or specific spatial locations. In this thesis, I showed major 

and rare cell types of whole organism can be comprehensively identified based on single cell 

transcriptome, by profiling nearly 50,000 cells from the nematode Caenorhabditis elegans at the 

L2 stage, which is over 50-fold “shotgun cellular coverage” of its somatic cell composition 

(Chapter 1). Furthermore, cell state can be determined by multiple molecular layers. For 

example, I characterized major cell types of whole mouse kidney, by profiling > 10,000 single 

cell chromatin accessibility and transcriptome, both showing highly correlated results in 

separating cell states (Chapter 2).  

 

The second part of this thesis focus on characterizing cell fate dynamics in development. 

Commonly, cell fate is regarded as a smooth and continuous process, represented by 

Waddington’s epigenetic landscape. Based on this assumption, I applied a novel high throughput 

single cell RNA-seq technique (sci-RNA-seq3) to profile over 2 million cells spanning the main 

mammalian organogenesis stages. With this data, I characterized > 500 cell states, delineated and 

annotated 56 single cell developmental trajectories of mouse organogenesis. We have also used 
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these data to explore the dynamics of proliferation and gene expression within cell types over 

time, including focused analyses of the apical ectodermal ridge, limb mesenchyme and skeletal 

muscle. These data are the largest dataset as far as we know, comprise a foundational resource 

for both the single cell genomics and mammalian developmental biology fields. 

 

Despite of its broad application, most current single cell genomic techniques only take a 

“snapshot” of cell state with temporal information lost during sample preparation. This would 

introduce a paradox: a cell growing in vivo, and another cell frozen in liquid nitrogen may have 

identical epigenome or transcriptome information, but they should be totally different from each 

other with distinct development potentials. This example can be further expanded to show the 

paucity of “static” single cell genomics in separating cells with similar molecular states but 

different environment stimuli and thus different development directions. To solve this problem, I 

developed a new single cell RNA-seq technique (sci-fate, Chapter 4) to characterize cell states 

by transcriptome dynamics at single cell level. Joint information including both whole and newly 

synthesized transcriptome identified new cell states compared with conventional single cell 

RNA-seq. Different from conventional views that cell state is determined by static -omics 

information, this research showed cell state can be defined by the transition probability 

distribution to its future states within a fixed short time (i.e. 2 hours). Two cells with similar 

potential to all possible future states can be regarded from the same cell state. This principle is 

rather straightforward in our normal life, e.g. the health status of one individual should not be 

determined by a single check on born, but the occurrence potential of different diseases in his 

future life, affected by genetic variants and environments. 

 

To further characterize the quantitative features of cell state dynamics, I developed a strategy to 
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recover single cell transcriptome dynamics across different temporal points. Instead of a smooth 

and continuous trajectory, cell fate can be characterized by a cell state transition network with 

nodes of cell states connected by edges representing inter-state transition probabilities. Future 

cell states can be accurately predicted based on cell state transition network with initial cell state 

known. With cell state transition probability across all cell states profiled by sci-fate, I further 

characterized two key factors regulating cell state transition directions: the first is inter-state 

transition distance, defined by the Pearson’s distance of transcriptome between two states. As 

expected, inter-state distance negatively regulates cell state transition probabilities. The second 

factor is state instability, defined by the probability of one state transiting to other states within a 

short time (i.e. 2 hours). Combining cell state instability and state distance greatly increases the 

prediction accuracy of inter-state transition probability, compared with state distance alone, 

suggesting nearby state instability is the key factor in cell fate determination. 

 

Currently we are at the starting line of a fascinating journey to fully solve all mysteries in 

developmental biology, with every cell state and every cellular development trajectory to be 

characterized by advanced single cell genomics. Moving forward, single cell genomic techniques 

will continue to grow and mature within the next few years, including higher efficiency to profile 

low signal cells, higher throughput to detect rare cell types, and the ability to profile new and 

more molecular layers within the same cell, to uncover the underlying causal relationship 

between molecular layers. Another next major focus would be to characterize spatiotemporal 

dynamics of single cells in vivo. Currently this can be partly achieved by combining single cell 

genomics with imaging-based approaches such as high throughput single molecular FISH and 

time-lapse imaging, or molecular tracing techniques, though more advanced techniques are still 

needed to fill this gap. Accompany the technique development, there is also a growing desire for 
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more advanced computation and statistic methods to incorporate information from different 

molecular layers, spatial information, and lineage history to fully characterize cell state diversity 

and more accurate cell fate trajectory recovery.  

 

The advancement of next generation sequencing techniques stimulates a revolutionary research 

area, genomics science. Similarly, the proliferation of single cell profiling techniques will lead to 

a new and even more exciting field: cell-omics. Different from conventional single cell genomics 

which aim to bridge genomics with cell phenotypes and dynamics, cell-omics would focus on the 

characterization and manipulation of cell function and interaction in higher order organizations 

such as tissues and organs, to link cell composition and structure with the whole organism 

phenotypes. One of the keys in cell-omics would be the generation of the first human cell 

reference within the next few years, including the description of all major cell states by single 

cell epigenome, transcriptome and proteome as well as their spatiotemporal dynamics. The rising 

of this new field will spur a wave of revolution in traditional biomedical areas such as pathology 

and system biology. Looking forward, with the development of more advanced cell-omic 

techniques to detect, engineer and manipulate every single cell in human body, we may have the 

ability to fulfill the ultimate goal in biomedical research, a dream we have pursued for the last 

thousands of years, a world free of any disease and aging. 
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