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Single-cell RNA sequencing (scRNA-seq) is a promising

approach to study the transcriptomes of individual cells in the

brain and the central nervous system (CNS). This technology

acts as a bridge between neuroscience, computational biology,

and systems biology, enabling an unbiased and novel

understanding of the cellular composition of the brain and CNS.

Gene expression at the single cell resolution is often noisy,

sparse, and high-dimensional, creating challenges for

computational analysis of such data. In this review, we

overview fundamental sample preparation and data analysis

processes of scRNA-seq and provide a comparative

perspective for analyzing and visualizing these data.
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Introduction
High-throughput single-cell transcriptomics has provided

unprecedented insights into cellular diversity of tissues

across diverse organisms. Transcriptomic studies using

bulk tissue assume and represent all the cells as a homo-

geneous material, thereby ignoring the stochasticity of

gene expression [1–3]. Single-cell transcriptomics, how-

ever, is able to address questions related to the stochastic

nature of gene expression.

In this review, we will focus on a number of technical

aspects of single-cell transcriptomic profiling, such as

various methods of single-cell isolation and library prep-

aration, and the incorporation of spatial information with

single-cell gene expression profiling. We will also high-

light commonalities and differences between single-cell
www.sciencedirect.com 
and single-nuclei RNA-seq. Overall, we will highlight

some of the outstanding questions in the field and provide

some useful resources for the design and implementation

of single-cell or single-nuclei RNA-seq studies.

Single-cell isolation and library preparation
Methods to isolate single cells for RNA sequencing vary in

the number of cells they isolate (high-throughput or low-

throughput) and how they select cells (biased or unbiased)

[4,5]. Droplet-based technologies are currently commonly

used as a high-throughput, unbiased solution [6]. The three

most widely employed platforms are 10X Genomics Chro-

mium, DropSeq, and inDrop [7��,8�,9,10]. Each of these

approaches uses microfluidics to tag individual cells with

single beads containing a unique barcode. Each mRNA

transcript is also linked with a unique molecular identifier

(UMI). This approach results in a matrix containing the

absolute number of counts for each transcript in each cell.

Each platform has its strength and weaknesses: 10X Geno-

mics Chromium is the most sensitive for detecting the

greatest number of transcripts, although it can be cost-

prohibitive for large numbers of samples; DropSeq gener-

ally is more affordable, but with the tradeoff of slight

sensitivity losses by counting fewer transcripts; inDrop

may be ideal to detect genes expressed at low levels

because of its customizable parameters [7��].

Two distinct approaches for generating single-cell

sequencing libraries are full-length and tag-based

approaches are [11–13]. Full-length methods provide

reads that are derived from across the entire length of

genes, improving overall sensitivity. However, full-length

library preparations tend to show a bias for longer genes

because counts are often missed for shorter genes [14].

Tag-based methods incorporate UMIs, allowing for the

identification and quantification of individual transcripts.

These tags are added to either the 30 or 50 end of

transcripts and therefore introduce a read bias to the

end that receives the tag, although there is no length

bias [14]. While full-length methods achieve more com-

prehensive read coverage, tag-based methods have

become dominant for quantification purposes, especially

for larger numbers of cells [11–13]. Figure 1 summarizes a

generalized single-cell transcriptomic experiment.

Single-cell versus single nuclei
CNS cell types can be morphologically complex, making

the isolation of intact cells challenging [15,16,17��,18].
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Figure 1
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Schematic diagram of a single-cell transcriptomic experiment.

(a) Single-cell gene expression profiling can be carried out from any

tissue from humans or model systems. (b) The human brain, as an

example, is composed of diverse types of cells, each of which

contains gene expression patterns that can be resolved into clusters

of cells of similar types. (c) A generalized scRNA-seq pipeline from

source tissue to sequencing.
Thus, unbiased neuronal profiling requires the prepa-

ration of RNA-seq libraries from freshly harvested,

viable, and intact neurons. Most of the single-cell

isolation or preparation methods applied to brain tissue

make use of harsh enzymatic dissociation steps which

can harm neurons and impair neuronal profiling

[17��,19,20]. Several studies have indicated that some

cell types are underrepresented or overrepresented in

the final datasets due to artificial filtering from

dissociation steps [21,22].
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Similar issues arise for other tissues in the body where

some cell types are more susceptible to the tissue disso-

ciation process, such as the heart [23]. Additionally,

isolating intact cells from post-mortem frozen tissue is

challenging because cell membranes are easily damaged

from mechanical and physical stress during the freeze–

thaw process [23,24]. The isolation of nuclei offers an

advantage over cells because nuclei are more resistant to

mechanical and physical stress during freeze–thaw. As an

alternative approach to scRNA-seq, single-nuclei RNA

sequencing (snRNA-seq) has been successfully imple-

mented to study cellular composition in post-mortem

human brain [16,18,19,25], mouse hippocampus [26],

and other tissues. Several studies have compared the

matched single-cells versus single-nuclei, for example,

in mouse 3T3 cells [19] and in mouse somatosensory

cortex [17��,20]. snRNA-seq data have a high degree of

similarity with whole-cell transcriptomes in terms of the

number of detected genes and resolved cell types

[17��,20], although snRNA-seq datasets showed a higher

proportion of intronic reads than scRNA-seq, and the

detection of more short-length genes [17��,20]. An impor-

tant aspect of snRNA-seq is ensuring that reads that map

both to either exons or introns are included, as counting

intronic reads is required for high resolution cell type

identification from snRNA-seq data [20,27].

Some methods also attempt to cause less damage to cells

during dissociation. These approaches are particularly

relevant to the expression of immediate early genes,

for which transcription changes quickly in response to

stimuli. For example, Act-seq minimizes cellular distur-

bances during isolation and preparation by using the

application of actinomyocin D during dissociation to

inhibit rapid transcriptional changes [28].

Performance evaluation of a single-cell RNA-
seq experiment
The technical performance of scRNA-seq data should be

evaluated for each experiment, including sensitivity,

accuracy, and precision [27,29�,30]. Sensitivity refers to

the lowest number of transcripts that can be reproducibly

detected. This measurement is highly dependent on the

depth of sequencing. It is crucial to understand this aspect

of the dataset, as it directly estimates the proportion of

RNA being measured in a single cell. Accuracy refers to

the degree of agreement between the expression mea-

surements and the actual transcript abundance [27,29�].
Accuracy can be affected by the factors specific to the

protocol being used, such as exponential PCR amplifica-

tion or sequencing bias [29�]. Precision is considered

inversely proportional to the technical noise in the

RNA-seq measurements. Technical noise is often con-

sidered as a coefficient of variation across replicate mea-

surements. Precision currently remains the largest

limitation for current scRNA-seq and snRNA-seq
www.sciencedirect.com
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protocols because the generated data are generally sparse

and may contain many zeroes [27,29�].

Data preprocessing
Raw sequencing data, usually in the form of binary base

calls (BCL files), are first de-multiplexed using oligonu-

cleotide index sequences (such as chromium i7 index sets

used during 10X Genomics library preparation) to gener-

ate FASTQ files. FASTQ files then undergo quality

control (QC) to identify and remove low quality bases

and sequencing adapters from the reads. Following filter-

ing, reads are aligned to a reference genome. Uniquely

mapped reads are then assigned to genes using reference

annotation followed by counting the number of reads per

gene per cell. This count matrix is then used to distin-

guish real cells from doublets and empty beads. The

filtered count matrix ultimately enables downstream pro-

cessing such as normalization, clustering, cell-type

identification, and pseudo-time analysis.

Considering the limitations of using Cell Ranger pipelines,

an alternative strategy that is more customizable is to use a

combination of tools such as FastQC [FastQC, Babraham

Bioinformatics, URL: https://www.bioinformatics.

babraham.ac.uk/projects/fastqc], UMI tools [31], STAR

[32], featureCounts [33], HTSeq [34], Samtools [35], and

zUMIs [36], and others. There are several customized

pipelines [Analysis of single cell RNA-seq data, URL:

http://hemberg-lab.github.io/scRNA.seq.course; Custom

pipeline to preprocess the raw sequencing data for a single

cell/nuclei transcriptomic profiling, URL: https://github.

com/konopkalab/Pipeline-SingleCellRNASeq] available

publicly (Figure 2) which take advantage of the above-

mentioned tools to pre-process the data.

Clustering and visualization of cellular
clusters
Interpreting single-cell transcriptomic data requires a few

additional steps after the raw count matrix is ready, which

are discussed in publicly available user tutorials for R-

packages and python-based tools [10,37–40]. It remains

fundamentally unclear how to ideally cluster and visual-

ize heterogeneous cellular population into groups of

homogeneous so-called ‘cell types’.

Dimensionality reduction is used in scRNA-seq data

processing to allow for downstream analyses such as

clustering, visualization, and further interpretation. Com-

mon algorithms for this include principle component

analysis (PCA) [41], multi-dimensional scaling (MDS)

[42], Sammon mapping [43], t-distributed stochastic

neighbor embedding (t-SNE) [44–47], and Isomap [48].

Linear dimensionality reduction methods such as PCA

[41] often cannot represent high-dimensional data into

low-dimensional data. Among many non-linear methods,

t-SNE [44–47] is a very popular choice for cluster visuali-

zation. Though most of the single-cell RNA-seq studies
www.sciencedirect.com 
published to date rely on t-SNE [44–47] for visualization,

several limitations have now become apparent, for exam-

ple, when compared to a more recent method of visuali-

zation [49,50,51�]. Uniform manifold approximation and

projection (UMAP) is a novel algorithm for non-linear

dimensionality reduction based on Riemannian geometry

and algebraic topology [49]. UMAP offers promising

advantages over t-SNE for visualization of single-cell

RNA-seq data [51�]. Furthermore, UMAP also retains

and projects the information related to multi-branched

trajectories to facilitate pseudo-time analysis

[40,51�,52��]. In our unpublished dataset from mouse

striatal neurons, UMAP not only facilitated annotating

the cells more accurately, but also helped visualize the

clusters in accordance with their developmental trajecto-

ries (Figure 3).

Incorporating spatial information
A major drawback to scRNA-seq methods is the loss of

spatial information [53�,54–56]. The first attempts to

identify the spatial locations of genes identified via

scRNA-seq that were co-expressed in clusters involved

visually labeling individual gene markers through fluo-

rescence in situ hybridization (FISH). In single-molecule

fish (smFISH), multiple fluorescent probes are used to

characterize distinct cell groups based on the resulting

combinations [57]. However, this technique is limited by

the number of colors that can be visualized at once.

Sequential fluorescence in situ hybridization (seqFISH)

resolves this problem by sequentially labeling tissue for

different RNA markers [58–60]. Fluorescence is washed

out after each round of labeling, thereby binarily labelling

cell populations for the presence or absence of a particular

gene. A unique barcode is then assigned to each cell

population. Such combinatorial barcodes generated by

sequential labeling enable cell populations to be identi-

fied with much greater efficiency and robustness than

smFISH. The development of multiplexed error-robust

FISH (MERFISH) allows even more RNA species to be

labeled with a reduced error rate [61��,62–64].

Several other methods to observe spatial gene expression

also exist [65]. Transcriptomic scRNA-seq data can be

computationally integrated with spatial seqFISH infor-

mation [66]. Expansion microscopy, which physically

increases the space between molecules while preserving

spatial integrity, has been used in conjunction with the

fluorescent labelling of RNA molecules to visualize gene

expression [67,68]. osmFISH is a recently developed

method for labelling gene expression without the use

of barcodes, and a chief advantage of it is that the

detection of highly expressed genes does not obscure

the detection of lowly expressed genes [69]. Together,

these efforts to preserve the spatial locations of specific

cell types will offer invaluable insight into the organiza-

tion and functioning of diverse tissues.
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Figure 2
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General workflow of scRNA-seq data analysis.

(a) Raw BCL files containing reads are quality-filtered and de-multiplexed. These reads contain information for the cell barcode, a molecular

barcode or UMI, and the cDNA sequence. (b) Using UMI tools [31], one can distinguish real cells from potential background noise. UMI tools

estimate these cell barcodes from the data using the knee method. This whitelist of cell barcodes is then used to extract cDNA reads

corresponding to the estimated real cells. (c) The next step is to align the reads to the reference genome, for example using STAR, [32] and (d)

assign reads to the reference annotation gene model using a tool such as featureCounts [33]. (e) UMI tools can further collapse the read counts

corresponding to each gene in each cell, creating a raw digital expression count matrix. (f) Using the raw count table, clustering pipelines such as

Seurat [37,38] separate the cells into different clusters based on the cell types and (g) facilitate differential gene expression analysis between any

given clusters. One can additionally use tools like SCDE [78,79] which are designed specifically for single-cell transcriptional data to calculate

differential expression. (h) Additional analyses could include a pseudo-time trajectory of cells using tools such as Velocyto [52��] and Monocle [80]

and so on.
Application of single-cell transcriptomics in
neuroscience
Single-cell transcriptomics has uncovered novel cell-

types and elucidated neuronal and glial diversity within

various brain regions and across species [70–73]. This

technology has also enabled the molecular examination of

“cell states” as well as cell types [71,74]. Novel
Current Opinion in Biotechnology 2019, 58:129–136 
methodologies to implement single-cell transcriptomics

on both fixed and frozen postmortem human brain tissue

using nuclei are providing insight into human brain

evolution, development, and function [19]. The applica-

tion of single-cell transcriptomics within experimental

systems modelling human brain development or disease

states, such as human brain organoids [75] or animal
www.sciencedirect.com



Beyond bulk: a review of single cell transcriptomics methodologies and applications Kulkarni et al. 133

Figure 3
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Comparison of non-linear dimensionality reduction techniques.

Using the same dataset of 62,778 mouse striatal neurons (unpublished dataset), plotting the cells using t-SNE embeddings (a) does not spatially

capture the trajectory of distinct cell types like (b) UMAP. Arrow shows the progression of neural progenitor clusters to fully mature spiny

projection neuron clusters that is visible in UMAP; however, no such trajectory can be visually discerned using t-SNE.
models [76��], can ultimately help illuminate conserved

and unique aspects of human brain development and

function.

Using scRNA-seq to study neurological disorders has

been a major technical advancement given the enormous

diversity of cell types within the brain. Single-cell tran-

scriptomics has helped to characterize Rett syndrome, an

X-linked neurodevelopmental disorder, where random X-

chromosome inactivation leads to a mixture of mutant and

normal cells within the same patient [76��]. A new meth-

odology that identifies single-cell single-nucleotide poly-

morphism sequencing (SNP-seq) could reliably detect

both mutant and normal cells in postmortem human brain

tissue [76��]. This single-cell transcriptomic tool could be

broadly applied to other X-linked neurodevelopmental

disorders, such as Fragile-X syndrome or X-linked intel-

lectual disability.

Studies using scRNA-seq in control vs. knockout studies

in mice have analyzed changes in cellular composition,

differentially expressed genes, and pseudo-time or

pseudo-differentiation tools at cellular resolution with

deletion or manipulation of a given gene [77��] (Figure 4).

Given the immense cellular heterogeneity of any given

brain region, single-cell transcriptomics allows for the

identification of cell-types particularly vulnerable in dis-

ease states and for addressing the question of why these
www.sciencedirect.com 
cell types are particularly vulnerable. Another benefit of

using single-cell transcriptomics within these compara-

tive approaches is the ability to examine both cell-auton-

omous and non-cell-autonomous changes. For example,

in studies using models to delete a specific gene in

distinct cell types, downstream analyses could examine

how disruption of one cell type alters the function or

number of other cell types.

Conclusions and future challenges
Currently, annotating clustered cells using a handful of

known marker genes or using enrichment for other pub-

lished dataset is a common approach, but this poses a real

issue to identify novel cell types hidden in the scRNA-seq

datasets. Machine learning approaches combined with

literature-based knowledge can potentially resolve this

problem. Many collaborative approaches across the globe,

such as the Human Cell Atlas [https://www.

humancellatlas.org], are creating an enormous catalog

to account for every single type of cell in human body.

As these data are rapidly increasing, the present challenge

is a careful curation, analysis, and annotation of these

datasets. Efforts are also needed to overcome the limita-

tions due to the sparse and noisy nature of the dataset, low

starting material, biases introduced due to amplification

and sequencing, technical variations, and cost. Neverthe-

less, single cell transcriptomics technology has great
Current Opinion in Biotechnology 2019, 58:129–136
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Figure 4

Sample preparation for comparative studies

Control

(a)

Experimental

Single cell/nuclei
dissociation

Cell-type 2 Cell-type 2

Clustering and visualization
Differential expression
across conditions(b)

(c)

Cell-type 1

Cell-type 5

Cell-type 5

Control Experimental LowN
o

rm
al

iz
ed

E
xp

re
ss

io
n HighGenex

Geney
Genez

Cell-type 4

Cell-type 3

Control Experimental

Genex
Geney
Genez

LowN
o

rm
al

iz
ed

E
xp

re
ss

io
n High

Component 1

Control

Control

 Experimental

Experimental
% cell-type composition

Cell-type 3
Cell-type 4
Cell-type 5

Cell-type 2
Cell-type 1

C
o

m
p

o
n

en
t 

2

Composition of cell-types
across conditions

Pseudo-time analysis

(d)

(e)

Pseudo-time

R
el

at
iv

e 
ex

p
re

ss
io

n

Current Opinion in Biotechnology

Example schematic of a comparative single-cell transcriptomic study.

(a)–(b) Control versus experimental cells can be clustered together and visualized using a dimensionality reduction tool. (c)–(d) Gene expression

differences within distinct cell types between control and experimental cells can be uncovered and cell-type composition within the tissue can be

compared across samples. (e) Other scRNA-seq tools, such as pseudo-time analyses, can be examined between control and experimental

systems.
potential to contribute to the fields of spatial transcrip-

tomics and personalized medicine.
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