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ABSTRACT: The blood system is often represented as a tree-like structure with stem cells that give rise to mature blood cell types 
through a series of demarcated steps. Although this representation has served as a model of hierarchical tissue organization 
for decades, single-cell technologies are shedding new light on the abundance of cell type intermediates and the molecular 
mechanisms that ensure balanced replenishment of differentiated cells. In this Brief Review, we exemplify new insights into 
blood cell differentiation generated by single-cell RNA sequencing, summarize considerations for the application of this 
technology, and highlight innovations that are leading the way to understand hematopoiesis at the resolution of single cells.

GRAPHIC ABSTRACT: A graphic abstract is available for this article.
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REVISION OF THE HEMATOPOIETIC 
HIERARCHY
The blood system has long served as a model for hier-
archical tissue organization. In 1909, the idea was intro-
duced that a common stem cell could generate all blood 
cell types.1 In the 1960s, irradiation of mouse bone mar-
row cells was used to introduce unique chromosomal 
markers, followed by transplantation and clonal analy-
sis of spleen colony-forming units. These experimental 
advances enabled the identification of progenitor cells 
with the capacity for limited self-renewal, proliferation, 
and differentiation into multiple lineages.2 Over the next 
decades, refinement of assays and the introduction of 
technologies such as flow cytometry delineated how 
hematopoietic stem cells undergo a series of differ-
entiation steps to give rise to mature cell types of the 
megakaryocyte/erythroid, myeloid, and lymphoid lin-
eages (Figure [A]). A limited number of phenotypically 
defined cell types with predictable lineage potential 
were considered to represent relatively homogeneous 

molecular states.3,4 This orderly model allowed increas-
ingly detailed descriptions of the factors that regulate 
hematopoietic differentiation.

Over the past decade, single-cell technologies such as 
single-cell RNA sequencing (scRNA-seq) have developed 
at a fast pace.5 The blood is an attractive system to study 
because it is readily available as a single-cell suspension 
and because there are well-established molecular markers 
and functionally validated cell types. Considering all this prior 
knowledge, it may come as a surprise that scRNA-seq is 
significantly revising our fundamental understanding of the 
blood system. Rather than an orderly hierarchy of a defined 
set of cell types, scRNA-seq studies consistently recover 
more continuous differentiation trajectories (Figure [B]).6–8 It 
is important to keep in mind that these 2-dimensional repre-
sentations are the result of measuring thousands of genes, 
representing a multitude of regulatory processes. Although 
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the reduction of all these processes to a few dimensions 
results in a continuous trajectory, not all individual regula-
tory mechanisms are marked by gradual change.9,10 For 
example, some cell states can be resolved by a molecular 
switch, like Irf8 and Gfi1 that compete in a bipotential state 
to direct myeloid fate decisions.11 Other consequential deci-
sion points are irreversible, such as enucleation during ery-
throid differentiation or DNA recombination during B- and 
T-cell differentiation. Considering such variety in processes 
that control cellular differentiation, the gradual commitment 
trajectories detected by scRNA-seq should be viewed as a 
compendium of molecular mechanisms that each contrib-
ute to cell state changes in unique ways.

Increasingly, single-cell analysis is not used in isola-
tion but as a complementary tool. Its combination with 
orthogonal models and assays often reveals previ-
ously unappreciated complexity in the maintenance of 
immune cell homeostasis.12 One example is that lineage 
differentiation does not just consist of branching points 
that lead to further diversification. In fact, separate 
differentiation trajectories can converge to replenish 
similar mature cell types, as shown in the myeloid lin-
eage.13–15 A second example is a deeper understanding 
of progenitor cells. Single-cell analyses of classically 
defined megakaryocyte-erythroid progenitors showed 
that this population contains bipotent and unipo-
tent progenitors and that cell fate is regulated by cell 
cycle duration, reminiscent of myeloid-lymphoid fate 
choices.16–19 In addition to the stepwise differentiation 
through megakaryocyte-erythrocyte progenitor stages, 
single-cell analyses have strengthened evidence that 
megakaryocytes can also branch directly from stem 
cells.20–23 A third area where single-cell analyses will 
have high impact is the deconvolution of macrophages. 
These cells can originate from embryonic precursors 
or from adult bone marrow stem cells and reside in 
various tissues with concomitant environmental interac-
tions. scRNA-seq has been used to characterize macro-
phages from the aorta, adipose tissue, liver, kidney, and 
airways.24–29 With integrative studies, a more complete 
picture of macrophage biology will start to emerge.30 A 
refined understanding of differentiation trajectories and 
cellular heterogeneity will inform strategies to modulate 
specific cell states in health and disease.

TECHNOLOGICAL INNOVATIONS
A large variety of scRNA-seq technologies have been 
developed that differ in critical ways. First, plate-based 
methods in which cells are separated by flow cytom-
etry before processing include MARS-Seq, CEL-Seq, 
and Smart-Seq.31–33 The high sensitivity and full-length 
coverage of current plate-based methods enable robust 
detection of genes with low expression levels, splice 
variants, and allele-specific expression. Second, high-
throughput droplet- or nanowell-based approaches have 
enabled thousands of cells to be analyzed in a single 
experiment. Drop-Seq and InDrop capture cells and bar-
coded beads in droplets, which allows for the genera-
tion of barcoded cDNA for thousands of cells in a single 
tube.34,35 Using similar chemistry but without droplets, 
Seq-Well captures cells and beads into nanowells on 
90 000-well plates that are handled without specialized 
equipment.36 In the commercial space, 10× Genom-
ics provides a popular platform that has made droplet-
based scRNA-seq accessible to the wider research 
community.37 These methods yield 3′-biased reads and 
fewer transcripts per cell compared with plate-based 
methods, although recent improvements have increased 
the sensitivity.38 The analysis of large cell numbers is 
advantageous for complex tissues and identification of 
rare populations. Third, combinatorial indexing provides 
another approach to high-throughput scRNA-seq.39 This 
split-pool barcoding strategy has been applied to whole 
organisms due to its advantages in terms of throughput, 
cost, and broad cell type compatibility. Since extracted 
nuclei are used as a starting material, single-cell combi-
natorial-indexing RNA-seq (sci-RNA-seq3) is less sensi-
tive to differences in cell size, stickiness, and mechanical 
sensitivity and only captures nuclear mRNAs. With this 
variety of available technologies and the use of carefully 
considered experimental designs,40–42 scRNA-seq can 
be applied to a range of biological questions.

An area of development is simultaneous acquisition 
of several layers of information (modalities) from the 
same single cell. First, simultaneous mRNA and pro-
tein capture can resolve situations where transcript 
levels do not correlate with protein levels. Plate-based 
scRNA-seq methods allow for the quantification of 
proteins using indexed sorting, but droplet methods 
cannot be combined with flow cytometry. To enable 

Nonstandard Abbreviations and Acronyms

ATAC-seq	� assay for transposase-accessible 
chromatin using sequencing

t-SNE	� t-distributed stochastic neighbor 
embedding

UMAP	� uniform manifold approximation and 
projection

Highlights

•	 The hematopoietic hierarchy is being redrawn by 
single-cell sequencing.

•	 Technological developments have made single-cell 
assays widely available.

•	 Computational analysis is often rate limiting to gen-
erate new biological insight.
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high-throughput scRNA-seq with detection of protein 
levels, CITE-seq uses oligonucleotide-labeled anti-
bodies.43 This approach was used to describe cellular 
heterogeneity in mixed-phenotype acute leukemia,44 
and commercial kits are currently available. Second, to 
combine RNA-seq with the detection of genetic vari-
ants such as somatic mutations, specific sites can be 
enriched with high sensitivity using TARGET-seq (com-
patible with Smart-Seq) or with high throughput using 
Genotyping of Transcriptomes (compatible with 10×). 
These approaches have been primarily applied to link 
leukemia-associated mutations to gene expression 
changes.45–48 Third, several strategies have been devel-
oped to combine RNA-seq with lineage tracing, which 
provides insight into clonal relationships between cells. 
Applications range from tracking stem cell progeny 

during native hematopoiesis to identifying clones that 
develop resistance to cancer therapy.49–52 Additional 
developments include combined RNA-seq and ATAC-
seq (assay for transposase-accessible chromatin using 
sequencing),53–56 RNA-seq with tissue localization,57,58 
and single-cell DNA-sequencing combined with sur-
face protein expression.59 While this list is by no means 
exhaustive, it demonstrates that the field is rapidly mov-
ing toward multiomic strategies to comprehensively 
map tissue heterogeneity.

COMPUTATIONAL CHALLENGES
Typically, analysis of a single sample yields hundreds to 
thousands of cells with thousands of sequencing reads 
per cell. An initial goal of the analysis is to detect what 

Figure. Different approaches to describe the hematopoietic hierarchy.
A, Hematopoietic cell types can be separated, for example, using flow cytometry to sort based on surface markers. In vitro differentiation 
and transplantation inform the lineage potential of single cells or sorted populations. These assays played a major role in establishing the 
hierarchical relationships between cell types. B, Molecular characterization of individual cells provides an additional method to study cellular 
heterogeneity. Computational analysis of these datasets indicates that cell types are more heterogeneous and that differentiation trajectories 
are more gradual than appreciated previously. B/NK indicates B/natural killer cell progenitor; CMP, common myeloid progenitor; DC, dendritic 
cell; ETP, early T-cell progenitor; GMP, granulocyte/macrophage progenitor; HSC, hematopoietic stem cell; MEP, megakaryocyte/erythroid 
progenitor; MLP, multilymphoid progenitor; MPP, multipotent progenitor; Prog, progenitor; RNA-seq, RNA sequencing. A, Hierarchy derived 
from Doulatov et al.4 B, K nearest neighbor graph derived from van Galen et al.47
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genes were expressed in every individual cell (Figure 
[B]). This requires a number of computational steps, 
including demultiplexing of reads, alignment to a refer-
ence genome, and grouping reads by cell barcodes. For-
tunately, several software tools are available to facilitate 
these procedures, such as zUMIs, Alevin, and 10× Cell-
Ranger.60,61 These programs allow bioinformaticians to 
generate a count matrix containing the number of tran-
scripts that were detected per gene in each cell.

After the generation of a count matrix, the great-
est challenge is to interpret the data in a biologically 
meaningful way. The following procedures will start to 
acquaint the user with the data. High-quality cells can be 
selected on the basis of a minimum number of detected 
transcripts (ranging from 200 to 5000) and a maximum 
fraction of mitochondrial transcripts, which correlates 
with cell death. Additional strategies to clean up the data 
include subtraction of contaminating transcripts62,63 and 
the removal of doublets or multiple cells that were cap-
tured together. To remove doublets, agreement between 
tools such as DoubletDecon, DoubletFinder, and Scrublet 
can prevent the erroneous classification of doublets as a 
new rare cell type.64–66 The next steps will start to reveal 
structure in gene expression profiles. Transcript counts 
are normalized to a total of 10 000 per cell, and the data 
are log-transformed. To simplify the analysis, only genes 
with high variability between cells are selected. To reduce 
the noise associated with each individual gene, linear 
dimension reduction by principal component analysis 
identifies sets of correlated genes that are the primary 
source of heterogeneity in the data. At this point, data-
sets from different technologies or donors can be com-
bined to minimize technical differences and facilitate the 
identification of biological differences between samples. 
Various approaches are available, including Harmony, 
Seurat integration, and batch-balanced k nearest neigh-
bors.67–70 Next, nonlinear dimensionality reduction gener-
ates a 2-dimensional representation of the data, wherein 
transcriptionally similar cells are placed close together 
(Figure [B]). This step is often performed by generating a 
k nearest neighbor graph, t-SNE (t-distributed stochas-
tic neighbor embedding), or UMAP (uniform manifold 
approximation and projection).71,72 Effectively, the expres-
sion of thousands of genes has now been reduced to 
x and y coordinates. This intuitive visualization enables 
superimposition of gene expression or other cell-specific 
features, which is helpful to begin to interpret the data. All 
the steps in this section are facilitated by freely available 
software packages such as Seurat, Scanpy, Monocle, or 
CellHarmony.39,69,73,74 Still, these analyses require exper-
tise in R and Python programming languages, biological 
insight, dedication, and time. In combination with deeper 
analyses and orthogonal validation, biological meaning 
can now start to be uncovered.

Clustering cells is required for many downstream 
analyses, such as differential gene expression analysis 

between cell types, developmental stages, or perturba-
tions. The goal of clustering is to group cells with similar 
gene expression patterns and inferred similar functional 
properties together.75 The aforementioned packages 
include clustering algorithms, such as optimized graph-
based methods to partition cells into interconnected 
communities.76 The annotation of clusters can be fairly 
straightforward for distinct cell types that express canon-
ical markers such as T cells and B cells or challenging 
for similar cell types such as progenitor or T-cell subsets. 
The automation of cluster annotation could substantially 
facilitate data analysis, but a comprehensive and widely 
accepted cell type atlas to use as a reference is currently 
lacking for most tissues.77 When a reference dataset is 
available, automated cell type annotation can reveal gene 
expression differences between normal and perturbed 
tissues that are not compromised by developmental state 
heterogeneity or contaminating cell types. For example, 
(1) in acute myeloid leukemia patient samples, we used a 
Random Forest algorithm to classify malignant cell states 
by their similarity to annotated cell types from healthy 
donors,47 (2) in pluripotent stem cell–derived cultures, 
Artificial Neural Networks identified hematopoietic stem 
cell–like cells similar to human fetal liver hematopoietic 
stem cells,78 and (3) using a community clustering strat-
egy, alignment of Gfi1 mutant cells to wild-type controls 
showed that Gfi1-target genes are altered sequentially, 
as cells traverse successive differentiation states.79 Ana-
lytical innovations such as cellular trajectory analysis and 
inference of dynamic information using splice variants 
(RNA velocity) continue to expand the scope of single-
cell genomics.80,81 Ultimately, it is up to the researcher 
analyzing the data to apply these tools appropriately and 
to develop creative approaches to derive new insights.

OUTLOOK
Single-cell genomics opens up avenues to study com-
plex tissues and to discover molecular mechanisms at 
a new level of resolution. Using these technologies, we 
learned that blood cell types are more diverse than pre-
viously appreciated and that differentiation is best rep-
resented as a continuous trajectory rather than discrete 
steps. Single-cell analysis has been used to identify rare 
cell types in heterogeneous populations, such as hema-
topoietic stem cell–like cells in pluripotent stem cell–
derived cultures. It also enables comparisons between 
control and perturbed cells across stages of differentia-
tion. For example, single-cell sequencing has been used 
to study deregulation in malignant cell types compared 
with healthy controls without being obscured by cell type 
heterogeneity. Extensive efforts in technology develop-
ment have resulted in robust scRNA-seq protocols that 
are accessible for widespread adoption, whereas mul-
tiomic strategies like combined DNA and RNA analysis 
are at the leading edge. Computational tools allow us to 
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structure the data and generate intuitive visualizations. 
Creative data analysis is generally the greatest chal-
lenge and essential to derive biological insight. Software 
packages that perform complex tasks like dimensionality 
reduction and clustering are making computational anal-
ysis more accessible. Further standardization of proce-
dures such as cell type annotation is imminent. Together 
with initiatives like the Human Cell Atlas, these innova-
tions will accelerate our progress toward a comprehen-
sive understanding of biological systems.
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