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A wealth of genome and transcriptome data obtained using new generation sequencing (NGS) technologies 
for whole organisms could not answer many questions in oncology, immunology, physiology, neurobiology, 
zoology and other fields of science and medicine. Since the cell is the basis for the living of all unicellular and 
multicellular organisms, it is necessary to study the biological processes at its level. This understanding gave 
impetus to the development of a new direction – the creation of technologies that allow working with individual 
cells (single-cell technology). The rapid development of not only instruments, but also various advanced 
protocols for working with single cells is due to the relevance of these studies in many fields of science and 
medicine. Studying the features of various stages of ontogenesis, identifying patterns of cell differentiation and 
subsequent tissue development, conducting genomic and transcriptome analyses in various areas of medicine 
(especially in demand in immunology and oncology), identifying cell types and states, patterns of biochemical 
and physiological processes using single cell technologies, allows the comprehensive research to be conducted 
at a new level. The first RNA-sequencing technologies of individual cell transcriptomes (scRNA-seq) captured no 
more than one hundred cells at a time, which was insufficient due to the detection of high cell heterogeneity, 
existence of the minor cell types (which were not detected by morphology) and complex regulatory pathways. 
The unique techniques for isolating, capturing and sequencing transcripts of tens of thousands of cells at a 
time are evolving now. However, new technologies have certain differences both at the sample preparation 
stage and during the bioinformatics analysis. In the paper we consider the most effective methods of multiple 
parallel scRNA-seq using the example of 10XGenomics, as well as the specifics of such an experiment, further 
bioinformatics analysis of the data, future outlook and applications of new high-performance technologies.
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Огромное количество полногеномных и транскриптомных данных, полученных с помощью современ-
ных технологий секвенирования нового поколения для целых организмов, не смогло дать ответы на 
многие вопросы в онкологии, иммунологии, физиологии, нейробиологии, зоологии и других областях 
науки и медицины. Так как основой всех одноклеточных и многоклеточных организмов является клетка, 
то необходимо изучение биологических процессов на ее уровне. Это понимание дало толчок развитию 
нового направления и появлению технологий, позволяющих работать с единичными клетками (техноло-
гии single-cell). Быстрое развитие не только приборной базы, но и различных усовершенствованных про-
токолов для работы с единичными клетками обусловлено актуальностью этих исследований во многих 
областях науки и медицины. Изучение особенностей различных этапов онтогенеза, определение зако-
номерностей дифференциации клеток и последующего развития тканей, проведение геномного и транс-
криптомного анализов в различных областях медицины (особенно востребовано в иммунологии, онко-
логии), классификация типов и состояний клеток, закономерностей биохимических и физиологических 
процессов с применением технологий single- cell позволяют проводить комплексные исследования на 
новом уровне. Разработанные первые платформы для осуществления секвенирования транскриптомов 
отдельных клеток (scRNA-seq) проводили изоляцию не более ста клеток единовременно, что оказалось 
недостаточным в связи с выявленной высокой гетерогенностью клеток, обнаруженными минорными ти-
пами клеток, которые не детектировались по морфологическим признакам, и сложными регуляторными 
путями в организме. В настоящее время появились методики изоляции, захвата и секвенирования транс-
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Fig. 1. The overview of the development of single-cell technologies.

криптомов (scRNA-seq) десятков тысяч клеток едино временно. Однако новые технологии имеют опреде-
ленные отличия как на этапе пробоподготовки, так и во время проведения биоинформатического ана-
лиза. В работе рассмотрены наиболее эффективные методы множественного параллельного scRNA-seq 
на примере современной платформы для изоляции и баркодирования клеток 10ХGenomics, а также 
особенности проведения такого эксперимента, дальнейший биоинформатический анализ полученных 
данных, перспективы использования и области применения новых высокопроизводительных техно-
логий.
Ключевые слова: scRNA-seq; транскриптомика; Chromium 10XGenomics; секвенирование; единичные 
клетки.

Introduction
The improvements in new generation sequencing tech- 
nology in conjunction with the technology of multiple paral-
lel capture and analysis of single cells raised to a new level 
of research in many fields of biology, biotechnology and 
medicine (Junker, Oudenaarden, 2014). A brief history of the 
development of single-cell biology is presented in the Fig. 1. 
The main areas of the application of innovative methods 
are neurobiology, immunology, embryology and oncology. 
The first experiments on the analysis of the transcriptome 
of single neurons were carried out using microarrays in 
2003. Isolation of neurons were captured using laser capture 
microdissection instrument and data analysis revealed the 
unexpectedly high cellular heterogeneity (Kamme et al., 
2003). The sequencing of the neuron transcriptome began 
to actively develop (Moroz et al., 2006; Tang et al., 2009) 
and at the same time microfluidic technology that allow 
the analysis of up to 100 cells simultaneously appeared 
(Marcus et al., 2006). In parallel convergence of qPCR and 
single-cell methods are implemented (Subkhankulova et al., 

2008). The first whole genomic sequencing of tumor cells 
identified unexpectedly abundant subpopulation of ‘pseudo-
diploid’ cells which do not metastasize (Navin et al., 2011). 
In the past five years, a new trend of “epigenomics” has 
been developed, connected with the study of various RNA 
and DNA modifications using sequencing. Modern single-
cell technology allows to characterize the methylation, 
chromosome organization, intra- and interdomain contacts, 
chromatin mobility, specific sites of histone modifications 
in single-cell resolution (Goldberg et al., 2007; Nagano et 
al., 2013; Rotem et al., 2015). 

The need for an analysis of a huge number of cells in 
parallel has led to the development of high-throughput tech-
nologies aimed at increasing the sensitivity and accuracy of 
sequencing by using different protocols and developing plat-
forms for capturing single cells with high efficiency. From 
2003 to 2016, the number of captured cells simultaneously 
increased from a few to hundreds of thousands.

Analysis of the transcriptome, proteome and epigenome at 
the single-cell resolution allows to understand the formation, 
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development, organization and interaction of various cells 
and tissues, explore the problems of stress and adaptations 
(Frieda et al., 2017), identify the types and states of cells, 
establish patterns of their differentiation in the ontogeny 
(Nowogrodzki, 2017; Mi et al., 2018), study various disea-
ses in immunology, oncology, neurobiology and other 
fields of medicine (Leung et al., 2017), answer questions of 
evolution, speciation and formation of global biodiversity 
(Moroz, 2018).

In this article we briefly review some of the latest and 
most efficient commercial available platforms for single 
cell collection. The capturing and specific protocols for 
single-cell RNA-sequencing (scRNA-seq) as well as the 
bioinformatics analysis and application of single-cell tech-
nologies are considered.

Applications of single-cell RNA-seq technologies
The main areas and approaches for scRNA-seq data in 
various fields of biology and medicine are presented in the 
Fig. 2. Bioinformatics pipelines for scRNA-seq data allow 

to analyze different regulatory networks based on gene 
expression of different genes for all single cell (Janes et 
al., 2010; Shalek et al., 2013; Trapnel et al., 2014; Treutlein 
et al., 2014). Also, the new single-cell technology focuses 
in identification of cell-types and cell-stages (Jaitin et al., 
2014), revealing rare genes and cell populations, which can 
be discarded from analysis of bulk transcriptome as minor 
fractions (Gerber et al., 2016), point mutations (Gawad et 
al., 2016; Ludwig et al., 2019). 

Today, due to the expression profiles of thousands of 
genes in hundreds of thousands of individual cells, unique 
cell-types and cell-states have been identified, new signaling 
pathways have been uncovered (Saliba et al., 2014; Grun et 
al., 2015; Okaty et al., 2015; Zeisel et al., 2015; Poulin et 
al., 2016; Tirosh et al., 2016; Callaway, 2017; Lavin et al., 
2017). The whole-organism tissue maps at the single-cell 
level are now constructed (Segal et al., 2004; Pijuan-Sala 
et al., 2019; Taylor et al., 2019), cell lineages reveal high 
heterogeneity (Mahata et al., 2014; Wang, Song, 2017).

The combination of various molecular methods with 
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Fig. 2. The main applications of scRNA-seq data analyses. 



Новейшие технологии высокопроизводительного 
секвенирования транскриптома отдельных клеток

Е.А. Водясова, Э.С. Челебиева 
О.Н. Кулешова

2019
23 • 5

511актуальные технологии / mainstream technologies

scRNA-seq technology now are leading the experiments to 
the fundamentally new level. So, to study the cell-states and 
cells differentiation during ontogenesis, it is possible to use 
the CRISPR-Cas9 system for barcoding by the introduction 
of specific mutations into the genome or various fluorescent 
labels (Adamson et al., 2016; Jaitin et al., 2016; McKenna et 
al., 2016; Kalhor et al., 2017). It has been shown that long 
non-coding RNAs, even in several copies in a cell, may 
have important regulatory functions (Derrien et al., 2012). 
The capturing of thousands of cells and high-throughput 
sequencing with the detection of chromosome organization 
in the three-dimensional space (Hi-C) (Belton et al., 2012) 
shown, that chromosomal compartments, contact insulation, 
topological-associated domains (TADs) or long-range loops 
are governed by distinct cell-cycle dynamics (Nagano et al., 
2017; Stevens et al., 2017).

Platform for single-cell collection
The essential requirement in studying the transcriptome of 
individual cells is the dissociation and capture of each cell 
of high quality and preparation for sequencing (barcoding 
of all transcripts for each cell). In order to pool, amplify and 
sequence cDNA in a single run and then assign each read 
to its original cell at the bioinformatics analysis step, it 
is necessary to incorporate a unique cellular identifier. 
Today, single-cell isolation platforms are represented by 
commercial models that differ in performance: Puncher 
Platform Vycap, CellRaft AIR System, PEPArray Sys-
tem, Fluidigm C1, Wafergen ICELL8, BioRad Illumina 
ddSEQ, Dolomite Bio Nadia и RNA-Seq System, Tapestri 
Platform MissionBio, 1CellBio InDrop, BD Rhapsody, 
Chromium 10ХGenomics (Kolodziejczyk et al., 2015; 
Valihrach et al., 2018).

Single-cell isolation approaches can be divided into 
low-throughput (capture from 10 to 100 cells) and high-
throughput (capture from 100 to > 10,000 cells) (Wang, 
Navin, 2015; Poulin et al., 2016). The first group includes 
serial dilution (Ham, 1965), mechanical micromanipulation 
(Brehm-Stecher et al., 2004), micropipetting, laser capture 
microdissection (LCM); the second group: fluorescence 
activated cell sorting (FACS), microfluidics, microdroplets 
(Navin et al., 2011; Landry et al., 2013; Mazutis et al., 2013). 
We consider here highly efficient cell capture platforms them 
in more detail as the most popular. FACS is method based 
on the size, granularity and fluorescent properties of cells, 
which allows to isolate hundreds of thousands of cells per 
minute, so it is as efficient as economical. However, the 
use of fluorescent dye can negatively affect cell viability 
(Lindström et al., 2010).

The methods for cell isolation based on microfluidics and 
microdroplets technologies are actively developing and used 
in the analysis of not only the transcriptome, but also the 
whole-genome of individual cells, as well as epigenomics 
sequencing (Zheng et al., 2017). These integrated systems 
allow to manipulate small volumes (10–9–10–18 l), isolate 
DNA and output accurate results with high resolution (Whi-
tesides et al., 2006; Salafi et al., 2016). Today there are a lot 

of high-throughput commercial platforms for cell isolation 
based on microfluidics technology, which not only capture 
cells but also provide further biochemical reactions (Poulin 
et al., 2016; Valihrach et al., 2018).

A droplet-based system became breakthrough in single-
cell RNA sequencing and now we can label all mRNA 
molecules with barcode sequence shared for the same cell. 
It gives the ability to analyze huge number of cells in par-
allel and check the cell origination for each mRNA. Such 
approach is implemented in the next devices: Drop-Seq 
(Macosco et al., 2015), InDrop (Klein et al., 2015) and 
Chromium 10XGenomics (Kolodziejczyk et al., 2015). It is 
based on technology that separates high molecular weight 
DNA fragments or whole single cells into emulsifications 
containing beads with attached adapters and unique barcodes 
(Coombe, 2016). As a result, we obtain a suspension of gel 
beads (GEM – Gel bead in EMulsion), in each of which 
there is one cell and all the necessary reagents for lysis, 
barcoding, reverse transcription and cDNA synthesis. The 
main advantage of these platforms is the high efficiency 
of the capture and preparation of single cells for further 
sequencing. One of the leaders in this area is Chromium 
10XGenomics, which allows you to simultaneously capture 
up to 80,000 + cells, while the number of cells analyzed 
from other high-performance platforms ranges from 10,000 
to 48,000 cells (Valihrach et al., 2018).

Single-сell mRNA sequencing  
with high-throughput platforms 
The study of single cell transcriptome consists of experimen-
tal and bioinformatics parts (Kumar et al., 2017; Li et al., 
2017). Before starting an experiment, it is necessary to have 
a reference genome or bulk transcriptome for mapping of 
scRNA-seq data (Gawad et al., 2014). As mentioned above, 
the most productive platform is Chromium™ 10XGenom-
ics. The features of the scRNA-seq experiment based on it 
in comparison with other methods for studying individual 
cells are discussed below. 

Cell isolation and scRNA methods
The main challenge of sample preparation is to obtain 
a suspension of viable non-aggregated cells (cell disso-
ciation). It is necessary to determine the concentration of 
cells, since a successful capture requires a certain number 
of them depending on the chosen method of cell isolation: 
from ten cells (micropipetting, cytoplasmic aspiration, laser 
microdissection) to thousands of cells (devices based on 
FACS technology, microfluidics and microdroplets) (Der 
et al., 2017). In the case of working with high-throughput 
devices (for example, Chromium 10XGenomics), the cell 
concentration should be about 1,000,000 cells/ml (Der et 
al., 2017). When working with animals or tissues contain-
ing the number of cells less than the required, you need to 
increase the number of specimen per sample. All stages of 
cell dissociation are carried out in a minimum volume of 
solution (from 50 to 1000 μl) to increase the concentration 
and reduce cell loss.
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Single-cell RNA sequencing protocol may be divided 
into three stages: reverse transcription, cDNA amplifica-
tion (WTA – full-transcriptome amplification) and library 
preparation. Despite the undesirability of cDNA amplifica-
tion (due to the possibility of polymerase errors or the loss 
of rare transcripts), this step is necessary to construct a 
cDNA library, because the amount of total RNA in the cell 
is about 10 pg, which is not enough for single cell transcrip-
tomic sequencing (Wang, Song, 2017). Protocols for reverse 
transcription and cDNA amplification depends on the task 
and platform for cell isolation (Haque et al., 2017; Kumar 
et al., 2017; Ziegenhain et al., 2017).

Today, three approaches are known. The first is oligo-
dT-anchor approach (or Tang’s method). It uses oligo-dT- 
primers conjugated to adapter sequence for reverse transcrip-
tion and selective amplification of polyadenylated mRNA 
by PCR (Tang et al., 2009). However, this protocol leads 
to missing proximal splicing event due to the generation of 
3′-end skew bias during reverse-transcription. 

Later, the approach that allows to construct a full-length 
cDNA was developed – it is called template switching 
cDNA synthesis (Ramsköld et al., 2012). The main benefit 
is in ability to detect alternatively spliced exons and allele-
specific expression (ASE) (Kolodziejczyk et al., 2015). This 
approach is used in such protocols as STRT (Islam et al., 
2014), SMART-seq и SMART-seq2 (Ramcköld et al., 2012; 
Deng et al., 2014). The key features of these protocols is 
the exponential increase in the number of transcripts during 
the amplification, that leads to bias and loosing of minor 
expressed genes. In vitro transcription (IVT) is the alterna-
tive approach with linear amplification which incorporated 
to a such protocols as CEL-Seq (Hashimshony et al., 2012) 
and MARS-Seq (Jaitin et al., 2014).

Finally, the third approach based on using a 6–10 bp 
unique molecular identifier (UMI) with anchored oligo-
dT- primer for barcoding each molecule. This labeling 
technology is presented in CEL-Seq (Hashimshony et al., 
2012) and CEL-Seq2 (Hashimshony et al., 2016), Drop-Seq 
(Macosco et al., 2015), MARS-Seq (Jaitin et al., 2014), 
SCRB-seq (Soumillon et al., 2014), STRT (Islam et al., 
2014), In-Drop (Klein et al., 2015). Quartz-Seq2 (Sassagawa 
et al., 2018), the one of the latest protocols with UMI, allows 
to pool cDNA of up to 1536 cells into one mixture and the 
UMI conversion efficiency is 35 % in contrast with 22 % 
for the other scRNA-seq method. It gives the opportunity 
to effectively convert initial reads to UMI counts and detect 
more genes.

The modern tools for isolation and capturing hundreds 
of thousands of cells require an improvement in the label-
ing of mRNA molecules. The most innovative barcoding 
strategy in microfluidic and microdroplet technology is 
the use of as UMI as an additional cellular barcode placed 
in each drop with individual cells and other reagents. The 
cellular barcode (about 14 bp oligonucleotide) is an iden-
tifier of all nucleotide sequences from different cell. The 
advantage of such double barcoding is the high accuracy and 
the ability to assign each mRNA to its original cell (Islam et 

al., 2014). The sequencing protocol STAMPs (Single-cell 
Transcriptomes Attached to Microparticles) was designed 
for platform Drop-Seq and protocol Cell-Seq for platform 
InDrop (Wang, Song, 2017). 

The most high-throughput commercial platform for cell 
isolation Chromium 10XGenomics integrated the new 
barcoding technology GemCode. After isolation of cells, 
each long molecule is labeled with oligonucleotide, which 
consists of sequencing adapters and primers, a unique mo-
lecular identifier with anchored oligo-dT and a barcode to 
index GEMs, before library preparation (Eisenstein, 2015; 
Coombe et al., 2016). The double barcoding leads to reduc-
ing technical noise during the analyzing of thousands of 
different cells in parallel. It is especially important when 
working with complex tissues on a single-cell resolution 
and you need to get detailed information about cell-to-cell 
variability. This makes it possible to determine gene expres-
sion profiles, alternative splicing and cellular heterogeneity 
(Zheng et al., 2017).

Also, it is known various adapters for small RNA sequenc-
ing library preparation: for example, a pre-adenylated 3′-end 
adapter containing a 5′,5′-adenyl pyrophosphoryl moiety 
(Hafner et al., 2008; Chen et al., 2012).

cDNA preparation is followed by sequencing. The choice 
of sequencing technology should be directly dependent on 
the goals. The different lengths of the reads (from fifty to 
several thousand nucleotides), accuracy, efficiency should 
be considered before choosing a sequencing method (Liu 
et al., 2012).

Computational analyses
The development of high-throughput cell isolation plat-
forms, capturing hundreds of thousands of cells, requires 
new bioinformatics approaches to analyze so massive and 
complex single-cell transcriptomic data sets. It should be 
noted that in the analysis of scRNA-seq it is not always 
possible to use traditional computational tools for the bulk-
transcriptome. In the sections below, we discuss the chal-
lenges single-cell transcriptomics and possible solutions.

A single scRNA-seq experiment is able to provide infor-
mation about the profiling of all RNAs present in each of 
hundreds of thousands of cells, which leads to generation of 
massive volume of data and technical difficulties in analyz-
ing them. The alignment and counting of reads is performed 
independently per cell, which requires more challenging 
parallelism and, accordingly, more computational power 
(Tokunaga et al., 2014; Yu, Lin, 2016).

scRNA-seq allows you to analyze the expression profiles 
for each individual cell. This led to the emergence of three 
main areas of application single-cell transcriptomics (see 
Fig. 2): identification of cell populations (cell-types and cell-
states), the cell hierarchy reconstruction (cell differentiation 
during embryogenesis or cell responses to various stimulus) 
and inferring regulatory networks (based on gene expres-
sion) (Stegle et al., 2015). Each of these tasks is reduced 
to the following stages of bioinformatics analysis: quality 
control of reads, filtering, alignment and mapping to the 
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reference genome/transcript, formation of a matrix of read 
counts, dimension reduction, normalization, searching for 
external factors introducing an error in the analysis, clus-
tering cells, searching for marker and high variable genes, 
analysis of differential expression and transcript isoforms, 

search for correlations in the expression of various genes 
(Stegle et al., 2015; Hwang et al., 2018). It is possible to 
use standard programs and approaches developed for bulk 
transcriptome for some goals. 
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Fig. 3. The process of single-cell RNA-seq experiment using the powerful platform for capturing cell Chromium 10XGenomics.
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Before interpretation of single cell expression profiles, it 
is necessary to incorporate technical variability estimates. 
The confounding factors can be divided into two categories: 
technical noise (for example, different cell capture efficiency, 
duplicated reads, dropout – missed transcript during the re-
verse-transcription step, batch effect – systematic differences 
arising as a result of sample preparation) and biological 
factors (stochastic gene expression, cell cycle, environment 
condition) (Stegle et al., 2015; Andrews, Hemberg, 2018; 
Hwang et al., 2018).

A specific feature of the protocols for capturing cells is the 
probability that two cells fall into one drop, GEM (1–10 % 
depending on the type of platform used), which leads to the 
appearance of doublets during the transcriptomic sequencing 
and an error during cell-types identification (Segerstolpe 
et al., 2016). On the other hand, the degradation of mRNA 
during cell/tissues dissociation or bad-quality lysis also can 
result in wrong classification (Brennecke et al., 2013; Hwang 
et al., 2018). So, such clusters of cells must be excluded from 
analysis during transcript quantification and quality control. 
The most effective is the use of protocols in conjunction with 
the unique molecular identifiers (UMI) (Hashimshony et al., 
2012; Macosco et al., 2015) and exogenous RNA spike-ins 
at known concentrations and sequence which are added to 
each cell extract in RNA sequencing experiment (Jiang et al., 
2011). It is exploited to estimate of absolute transcript counts 
from observed read count and normalize gene expression 
levels (Stegle et al., 2015). Also, you can identify confound-
ers and technical variability in order to reduce errors during 
comparing expression profiles by increasing the number of 
biological replicates.

Using the endogenous mRNA allows to estimate the total 
mRNA content of each cell during normalization (Stegle et 
al., 2015). The most commonly used approaches for normal-
ization include RPKM (Mortazavi et al., 2008), FPKM, TPM 
(Li et al., 2010). TMM and DESeq are alternative scaling 
factors (Robinson, Oshlack, 2010; Li et al., 2012). At the 
same time, normalization methods were developed for data 
scRNA-seq (Lun et al., 2016; Bacher et al., 2017).

Since, a huge amount of data is made during the single-cell 
transcriptomic sequencing for all genes in thousands of cells, 
creates difficulties in statistical analysis. Therefore, an im-
portant step in working with such data is the choice of a good 
dimension reduction strategy (Andrews, Hemberg, 2018). 
There are two main approaches: dimensionality reduction 
and removing uninformative genes. The first are: principal 
component analysis – PCA (Pierson, Yau, 2015); stochastic 
method – tSNE (Maaten, Hinton, 2008); diffusion maps – 
DM (Moon et al., 2018). To identify features of interest you 
may search highly variable genes (HGV), estimate dropout 
rate by Michaelis-Menten modeling of dropouts (M3Drop), 
analyze positive or negative correlation of gene expression 
cell-to-cell, use spike-in based methods (Andrews, Hemberg, 
2018). Some programs combine several methods that is 
more effective (for example, PAGODA) (Fan et al., 2016).

It is known that the bias during clustering cell and iden-
tification novel cell-types can be caused by the stage of cell 

cycle. Thus, the observed expression profile is different for 
G1 and G2 (Stegle et al., 2015).

The construction of regulatory networks and the recon-
struction of the cell hierarchy cannot be performed for bulk 
transcriptomic data. The algorithm is based on the ordering 
of transcriptional states of various cells, which are located on 
a trajectory (e. g. Monocle) that characterizes a developing 
biological process in the organism, for example, apoptosis 
(Haghverdi et al., 2016).

There are some software packages available for analyzing 
single cell transcriptomic data step by step (Valihrach et al., 
2018). So for Chromium 10XGenomics, the developer pro-
vides the CellRanger software pipeline (Zheng et al., 2017); 
for Drop-Seq, the developer does not propose software for 
primary analysis, but there are several third-party develop-
ments, for example, zUMIs (Parekh et al., 2018), scPipe 
(Tian et al., 2018), Dr.Seq2 (Zhao et al., 2017).

The most popular software packages for analysis of 
scRNA-seq data are Seurat (Butler et al., 2018) and Monocle 
(Qiu et al., 2017). Seurat is a software package that provides 
quality control, dimension reduction, analysis and estimation 
of genes expression. The software includes three compo-
nents: uncontrolled clustering and detection of cell types 
and states, spatial reconstruction of single cell data and in-
tegrated analysis of scRNA-seq by conditions, technologies 
and types. Monocle is a comprehensive software package 
that provides tools for analyzing experiments with single 
cell genes expression. However, these software packages do 
not scale for accessible large sets with numbers in excess of 
a million cells, combining data and comparative analyses. 
Scanpy is an alternative approach, which overcomes this 
limitation and provides similar analysis capabilities (Wolf 
et al., 2018).

The Fig. 3 illustrated single cell transcriptomic experi-
ment step by step using droplet-based commercial platform 
Chromium 10XGenomics.

Despite the rapid progress of single-cell technologies in 
recent years, experimental and computational tools may lead 
to errors during various stages of the scRNA-seq experiment 
(Fustin et al., 2013; Nikolenko et al., 2013; Schwartz et 
al., 2013; Gawad et al., 2014, 2016; Poulin et al., 2016). It 
must be taken into account in planning and computational 
analysis. 

Conclusion
Thus, the single cell transcriptomic sequencing reveals the 
differences in genes expression profiles not only in the cell of 
various tissues, but also during ontogenesis as well as under 
changing external conditions. Due to the cell resolution, 
the scRNA-seq technologies are currently actively used in 
various fields of biology and medicine. It is innovative for 
investigation of convergent evolution mechanisms, differ-
ent evolutionary origins and changes in cell lines of various 
taxonomic groups, identification of new cell-types and their 
functions. It is shown the need for complex researches, for 
example, whole organisms, tumors or tissues, which requires 
the development transcriptome sequencing technologies 
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for a huge number of cells in parallel. Nowadays the main 
criteria for the technology of scRNA-seq is the efficiency 
for capturing and barcoding cells. The most innovative and 
efficient for today is the commercial platform Chromium 
10XGenomics with integrated GemCode technology, which 
allows such an analysis to be carried out in parallel to up to 
eighty thousand cells.
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