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Background:  Single-cell  RNA  sequencing  (scRNA-seq)  technology  is  now  becoming  a  widely  applied  method  of
transcriptome  exploration  that  helps  to  reveal  cell-type  composition  as  well  as  cell-state  heterogeneity  for  specific
biological  processes.  Distinct  sequencing  platforms and processing  pipelines  may contribute  to  various  results  even
for  the  same  sequencing  samples.  Therefore,  benchmarking  sequencing  platforms  and  processing  pipelines  was
considered as a necessary step to interpret scRNA-seq data. However, recent comparing efforts were constrained in
sequencing platforms or analyzing pipelines.  There is  still  a lack of knowledge of analyzing pipelines matched with
specific sequencing platforms in aspects of sensitivity, precision, and so on.
Methods: We downloaded public scRNA-seq data that was generated by two distinct sequencers, NovaSeq 6000 and
MGISEQ  2000.  Then  data  was  processed  through  the  Drop-seq-tools,  UMI-tools  and  Cell  Ranger  pipeline
respectively.  We  calculated  multiple  measurements  based  on  the  expression  profiles  of  the  six  platform-pipeline
combinations.
Results: We found that all three pipelines had comparable performance, the Cell Ranger pipeline achieved the best
performance in precision while UMI-tools prevailed in terms of sensitivity and marker calling.
Conclusions: Our work provided an insight into the selection of scRNA-seq data processing tools for two sequencing
platforms as well as a framework to evaluate platform-pipeline combinations.
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Author summary: We  proposed  that  evaluating  scRNA-seq  data  processing  pipelines  should  aim  at  comparing  the
sequencer-pipeline  combinations  rather  than  benchmarking  between  either  sequencers  or  pipelines.  We  compared
sequencer-pipeline combinations in aspect of gene detection, dropout rates, number of markers and cell types. Based on
results above we made recommendations for different purposes of research such as finding more marker genes or gaining
maximum precision.

 
 

 INTRODUCTION

Unlike  conventional  bulk  RNA sequencing  technology,
offering  average  expression  levels  of  a  heterogeneous

mixture  of  cells,  single-cell  RNA  sequencing  (scRNA-
seq) technology is  a cutting-edge approach that  enables
transcriptomic  profiling  at  single-cell  resolution  [1].
Through  transcripts  filtering,  dimensionality  reduction
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and  cell  clustering  of  scRNA-seq  data,  cells  can  be
separated  into  distinct  cell  types  [2].  With  sufficient
sequencing  depth  one  could  even  identify  cells  with
different  states  which facilitate  investigation of  homeo-
stasis, cell communications and tumor heterogeneity [3].
Currently, there exist diverse sequencing protocols as

well  as  sequencers  [4].  Among  all  the  sequencers,
Illumina  series  platforms  are  famous  due  to  their  high
quality  and  high  throughput  on  data  generation  capa-
bility.  MGI  Tech  provides  alternative  sequencing
choices  by  launching  BGISEQ  and  MGISEQ  series  of
sequencers. BGISEQ and MGISEQ platforms are based
on  the  cPAS  approach  that  evolved  from  the  cPAL
method  published  by  Complete  Genomics  in  2009  [5].
Illumina  platforms  use  bridge  structures  which  consist
of  cDNA  fragments  and  primers  for  amplification.
BGISEQ  and  MGISEQ  platforms  generate  circular
templates,  after  rolling  circle  amplification  (RCA)  the
replicates  of  templates  form  DNA  nanoballs  for  the
cPAS-based sequencing [6].
Aside from single-cell RNA sequencing protocols and

platforms,  there  is  also  a  diversity  of  processing  pipe-
lines. At least 6 processing pipeline software have been
published since 2015. Cell Ranger was developed by the
10X  Genomics  company  and  published  in  2017  which
now  becomes  one  of  the  most  popular  processing
pipelines [7], while the famous software Drop-seq-tools
was  firstly  introduced  by  broad  institute  in  2015  [8].
Other  processing  pipelines  such  as  UMI-tools  [9],
zUMIs  [10],  dropEst  [11],  scPipe  [12]  have  been
published  in  more  recent  years.  A  standard  processing
pipeline  generally  consists  of  several  steps,  including
barcode identification, quality check, reads mapping and
sequence  annotation.  Despite  the  common  procedures
involved,  each  processing  pipeline  contained its  unique
features. For instance, the Cell Ranger pipeline was only
designed  for  10X  Genomics  sequencing  data,  by
contrast, the Drop-seq-tools and UMI-tools pipeline can
handle  data  produced  by  various  sequencing  protocols.
In practical terms, the Cell Ranger pipeline can estimate
cell number automatically while the Drop-seq-tools and
UMI-tools  pipeline  require  an  assignment  of  cell
numbers  for  barcode  extraction.  By  default,  the  Drop-
seq-tools  pipeline  provides  a  trimming  step  to  remove
adaptor,  which  is  not  included  in  the  Cell  Ranger  or
UMI-tools pipeline.
In  order  to  discuss  the  potential  biases  that  may  be

introduced by  different  processing  pipelines,  Gao et  al.
used public scRNA-seq data to compare seven upstream
pipelines  with  respect  to  time  consumption,  computa-
tional  usage  and  downstream  analysis  results  [13].  In
2017,  Zieganhain  et  al.  systematically  evaluated  six
scRNA-seq protocols by measuring both sensitivity and
precision  of  the  methods  [14].  Based  on  the

measurements  of  sensitivity  and  precision,  several
evaluation analyses between sequencing platforms have
been  published.  In  2019,  Natarajan  et  al.  analyzed
scRNA-seq  data  produced  by  BGISEQ500  and
Hiseq2500 to find whether there is a comparable perfor-
mance  between  the  two  platforms  [15].  Similarly,  it  is
reported  that  single-cell  transcriptomic  profiles  pro-
duced  by  MGISEQ  2000  platform  and  Illumina  HiSeq
4000 platform were highly correlated [16].
Despite that comparing analysis of different platforms

or processing pipelines for scRNA data have emerged in
recent  years,  no  research  has  systematically  evaluated
the match performance of  sequencing platform coupled
with  processing  pipeline  for  scRNA-seq  data.  Since
wisely  choosing  platform-pipeline  combinations  could
be  helpful  to  meet  the  diverse  needs  of  scRNA-seq
based  researches,  for  example,  looking  for  more  cell
markers  or  cell  types.  To  this  aim,  we  used  the  public
data from a benchmarking project in which each library
was  equally  extracted  from  the  same  single-cell  RNA
pool  of  peripheral  blood  mononuclear  cells  (PBMCs)
and  sequenced  by  either  NovaSeq  6000  platform  or
MGISEQ  2000  platform  (see  Materials  and  Methods),
sequencing  data  was  down  sampled  and  subjected  to
three  popular  processing  pipelines  (the  Cell  Ranger,
Drop-seq-tools,  and  UMI-tools  pipeline)  and  thus  six
combinations  of  sequencing  platform  and  analyzing
pipeline were generated. Then we compared their perfor-
mance  in  terms  of  quality,  sensitivity,  precision  and
downstream analysis outcomes to determine the suitable
processing pipeline for each sequencing platform.

 RESULTS

 General comparison between platform-pipeline
combinations

Firstly,  we processed  the  FASTQ format  data  by  down
sampling  the  raw  reads,  because  different  sequencers
conduced  to  divergent  total  numbers  of  reads  (see
Methods).  Reads  quality  of  data  generated  by  the
NovaSeq  6000  platform  and  MGISEQ  2000  platform
analyzed  by  FastQC  was  shown  in  Fig.1  [17].  Quality
scores  of  reads  produced  by  the  two  platforms  were
similar and both in-between 34 and 37. Three processing
pipelines  Cell  Ranger,  Drop-seq-tools,  UMI-tools  were
applied  for  sequencing  data  to  acquire  expression
profiles.  We  then  converted  the  outputs  of  Drop-seq-
tools and UMI-tools into Cell Ranger output format for
unified  downstream  analysis.  Platform-pipeline  combi-
nation was  introduced to  refer  to  the  expression profile
of  each  condition,  for  example,  we  claimed  the
expression profile that was produced by MGISEQ 2000
platform  and  processed  by  UMI-tools  as  “MGISEQ
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Figure 1.    Comparing reads quality between the two sequencing platforms. (A) Quality score of  R1 reads generated by
NovaSeq  6000  platform.  (B)  Quality  score  of  R1  reads  generated  by  MGISEQ 2000  platform.  (C)  Quality  score  of  R2  reads
generated by NovaSeq 6000 platform. (D) Quality score of R2 reads generated by MGISEQ 2000 platform.
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2000&UMI-tools”.  Considering  that  Cell  Ranger  is  the
mainstream  tool  released  by  10X  Genomics  we
randomly down sampled cells to the lowest number that
has been detected by Cell Ranger to reduce batch effects
and  to  gain  16,256  cells  in  each  profile.  Within  this
scope  we  then  conducted  correlation  analysis  (Fig. 2).
Generally,  correlation  coefficients  between  platforms
were  higher  than  that  between  pipelines.  Among  the
three  pipelines,  UMI-tools  and  Drop-seq-tools  demon-
strated  the  higher  correlation  coefficient  in  each
platform.

 UMI-tools has the highest sensitivity

To  investigate  the  sensitivity,  we  down  sampled  the
expression  profiles  to  count  the  number  of  genes
detected across depth ranging from 0 to 3 million reads.
For  both  platforms,  UMI-tools  detected  the  highest
number  of  genes  (Fig. 3).  When increasing  the  sequen-
cing depth,  the  number  of  detected genes  of  UMI-tools
were  higher  than  that  of  Drop-seq-tools  and  Cell
Ranger,  but  the  difference  was  not  so  prominent
between  Drop-seq-tools  and  Cell  Ranger.  One  possible
reason  may  be  the  lack  of  the  quality  control  step  in
UMI-tools  by  default.  In  consistent  with  the  results  of
correlation  analysis,  sensitivity  analysis  show  similar
performance between the platforms rather than between
pipelines.

 Dropout possibility as a measurement of precision

Since  amplification  noise  was  assumed  to  be  the  same
given  that  the  libraries  were  from the  same RNA pool,
we  calculated  dropout  rates  to  compare  the  precision.
For  each  condition,  we  focused  on  genes  which  had
non-zero  expression  within  no  less  than  25%  cell
population.  1000  cells  were  randomly  sampled  and  we
calculated  the  faction  of  cells  with  zero  transcript  for
each gene as dropout rate and estimated overall dropout
possibility as the mean of dropout rate across all genes.
The distribution of dropout rate was presented in Fig. 4.
A  consistent  performance  with  respect  to  dropout
possibility  was  observed  across  platforms.  Drop-seq-
tools  has  the  highest  dropout  possibility  for  both  plat-
forms  while  Cell  Ranger  showed  the  lowest  dropout
possibility.  Thus,  it  suggested that  in term of precision,
Cell  Ranger  outperformed  the  other  two  pipelines  for
both platforms.

 Downstream analysis

As  marker  identification  is  the  core  of  scRNA-seq
analysis,  we  conducted  downstream analysis  for  expre-
ssion  profiles  of  platform-pipeline  combinations  with
Seurat  package  [18].  After  filtering,  PCA  and  cell
clustering  (Fig. 5A,  Supplementary  Figs.  S1−S6),  we
found marker genes that distinguished between different

 

 

Figure 2.    Correlation of expression between platform-pipeline combinations. Cells and features for correlation analysis
were based on the intersection of all six combination. (Color bar indicating correlation coefficient.)
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cell  types.  In  aspect  of  processing  tools,  UMI-tools
showed the highest number of markers in both platforms
which was coincident with its performance in sensitivity

(Fig. 5B). Though sensitivity curves of Cell Ranger and
Drop-seq-tools  appeared  to  be  undistinguishable,  the
number  of  detected  markers  of  Cell  Ranger  was  higher
than that of Drop-seq-tools. Given the data-transforming
steps  included  in  Seurat  analysis,  it  indicated  that
sensitivity  may  not  be  able  to  predict  the  results  of
downstream analysis such as marker detection.
Aside  from  the  detection  of  marker  genes,  another

issue  which  is  intensively  investigated  in  scRNA-seq
analysis  lies  in  cell-type  classification.  By  cooperating
marker  genes  identified  by  Seurat,  we  applied
scCATCH  package  [19]  to  automatically  annotate  cell
clusters. Almost every cell clusters had been assigned a
cell identity (Fig. 5A). Figure 6A shows a major overlap
of  cell  types  between  platform-pipeline  combinations.
Comparing  with  UMI-tools  fewer  markers  had  been
identified  by  Drop-seq-tools,  however,  Drop-seq-tools
contained  more  cell  types  for  NovaSeq  6000  platform
than the other tools, despite the fact that UMI-tools had
more exclusive markers (Fig. 6B). All together indicated
that  the  three  pipelines  had  exerted  similar  effects  on
cell-type  calling  and  Drop-seq-tools  may  be  more
sensitive  in  downstream  analysis  in  term  of  cell-type
detection.

 DISCUSSION

Previous  researches  have  been  constrained  within
comparisons  either  between  sequencing  platforms  or
processing tools, none of them provided the suitable tool
for a particular platform. To evaluate the performance of
combinations  of  distinct  sequencer  and  processing
pipelines,  we compared platform-pipeline  combinations
with  respect  to  sensitivity,  precision  and  downstream
analysis  outputs.  We  found  MGISEQ  2000  platform
demonstrating  a  comparable  performance  comparing
with  the  NovaSeq6000  platform  as  the  numbers  of
detected markers were close in two platforms and most
cell types identified by Seurat were identical.
For data of low coverage, it is important to maintain a

sufficient  sensitivity.  UMI-tools  consistently  performed
well  in  aspects  of  sensitivity  and  marker  identification
while Drop-seq-tools showing inferior to UMI-tools and
Cell  Range.  As  to  precision,  Drop-seq-tools  combined
with both platforms had shown the worst performance in
dropout  rates  which  suggested  that  Drop-seq-tools  may
be  not  suitable  for  NovaSeq  6000  platform  and
MGISEQ 2000  platform  comparing  with  the  other  two
pipelines.  UMI-tools  displayed  a  comparable  dropout
possibility with Cell Ranger and the best performance in
marker  detection  for  both  platforms,  downstream
analysis of data generated by UMI-tools also identified a
satisfying number of cell types (Fig. 6). Combined with
the  performance  of  Cell  Ranger  and  Drop-seq-tools  in

 

 

Figure 3.    Sensitivity analysis of platform-pipeline
combinations.

 

 

 

Figure 4.    Precision  comparison  among  platform-
pipeline combinations.
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cell-type  detection,  it  implied  that  the  number  of
markers does not necessary determine the recognition of
cell types.

The high performance of Cell Ranger in precision and
its  comparable  number  of  detected  markers  to  that  of
UMI-tools made it a suitable choice for processing both

 

 

Figure 5.    Downstream analysis. (A) UMAP graph showing the distribution of cells from different cell types (NovaSeq 6000 &
Cell Ranger). UMAP graph was based on first 20 PC. (B)The number of markers of all platform-pipeline combinations detected
by Seurat.

 

 

 

Figure 6.    Inclusion relation in  terms of  cell  types and cell  markers. (A)  Venn diagram of  cell  types  across  all  platform-
pipeline  combinations.  (B)  Inclusion  relation  in  terms  of  detected  markers.  (*elements  of  set  in  intersections  that  are  not
displayed, such as shared only between NovaSeq 6000 & Cell Ranger and MGISEQ 2000 & Cell Ranger)
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platforms.  Moreover,  Cell  Ranger  was  characterized  as
highspeed,  when  encountering  large  dataset  Drop-seq-
tools  has  been  reported  to  be  one  of  the  slowest
processing  tools  [9]  and  in  previous  studies  UMI-tools
was described to be a relatively low speed software. To
summarize,  we  suggest  to  use  Cell  Ranger  to  process
data for large dataset produced by either NovaSeq 6000
platform or MGISEQ 2500 platform. For small  dataset,
we recommend UMI-tools to process sequencing results
if  more  cell  marker  genes  are  needed  otherwise  we
recommend Cell Ranger (see Table 1).
The comparisons above have its limits with regards to

sample  size,  but  it  provided  a  frame  work  for
evaluations  of  platform-pipeline  combinations.  Consi-
dering that  sequencing results  may differ  in  tissues and
species,  we  expected  further  comparison  of  processing
tools for different species as well  as different tissues in
the future.

 MATERIALS AND METHODS

 Data preprocessing

As the description of the dataset provided by the article
of  data  source  [20],  peripheral  blood  samples  were
collected  in  vacutainer  cell  preparation  tubes  (BD
Biosciences:  362753),  PBMCs  library  was  generated
using the 10X Genomics Chromium system containing a
pool  of  PBMCs  from  14  donors.  Then  library  was
delivered to NovaSeq 6000 platform and MGISEQ 2000
platform for sequencing. Since MGISEQ 2000 platform
produced  more  reads  than  NovaSeq  6000  sequencer,
after  downloading  FASTQ data  from ArrayExpress  (E-
MTAB-9024, PBMC2) we down sampled the raw reads
to the depth of 2 billion reads.

 Analysis of scRNA-seq data

First,  we applied FastQC to check the reads quality  for
each  platform,  then  delivered  fastq  format  data  to  the
three processing pipelines Drop-seq-tools, UMI-tool and

Cell Ranger with cell number automatically detected. To
reduce  batch  effects  on  cell  detection  brought  by
different pipelines, we randomly down sampled the cells
to  16,256  which  was  also  the  cell  number  detected  by
the  Cell  Ranger.  We  transformed  the  expression  tables
output  by  Drop-seq-tools  and  UMI-tools  into  Cell
Ranger  output  format  for  analyzing  steps.  Downstream
analyses  were  implemented  using  R  version  3.5.2  and
package  Seurat  (version  3.2.2).  For  each  expression
matrix  we  removed  cells  containing  less  than  500
features or more than 10% mitochondrial expression, the
remaining  profiles  were  normalized  and  scaled.
Principle  component  analysis  (PCA)  was  performed
with  the  first  20  principle  components  selected  for  cell
clustering  by  shared  nearest  neighbor  (SNN)  graph.
After  dimensional  reduction  by  UMAP,  we  applied
scCATCH package (2.1) for cell-type classification and
marker  identification.  For  each  cluster  with  multiple
assignments we preserved only one cell identity.
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