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次世代シーケンス

大規模科学計算

機械学習

1細胞バーコーディング

+
+

+

全細胞-全遺伝子
プロファイル

遺伝子発現行列

大規模配列データ

高感度ライブラリ

解析対象細胞

Sox2) nor skeletal and cardiomyogenic markers (Tnnt2 and
Myog) were detected in either cluster (Additional file 1: Fig-
ure S22). Collectively, our transcriptome analysis showed

that the MSC population is divided into two clusters, sug-
gesting that there is less heterogeneity of MSCs in the SVF
than expected.
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09: Cxcr6+ T-cell, 1.71% (18)
10: Dendritic cell, 0.85% (9)
11: Plasmacytoide dendritic cell, 0.57% (6)

91.31% (1,052 cells / 1,152 wells)
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Fig. 7 Quartz-Seq2 analysis of stromal vascular fraction (SVF) from mouse adipose tissue. a Morphology of SVF cells. Adipose tissue
from a cell suspension of SVF was prepared. Upper panels present a photograph of adipose tissues and dissociated SVF samples.
Yellow scale bar represents 1 cm. White scale bar represents 10 μm. Lower panels represent the distribution of cell size information
with different platforms (left, diameter of cell size using photography; right, flow cytometry information using a cell sorter). The
diameter of cell size for SVF samples was 6.43 ± 1.35 μm (n = 200). b Clustering of cells included in SVF. The transcriptome of
approximately 1000 cells was quantified by Quartz-Seq2 and clustering on t-SNE space was performed. In accordance with the genes
and functional terms enriched in each cluster, the cell type was annotated. The percentage indicates the proportion of cells for each
cluster relative to all cells analyzed. Numbers in parentheses indicate the numbers of cells constituting the cluster. c Marker genes for
each cluster were identified by Quartz-Seq2. Cluster-specific or cluster-enriched genes were calculated for each cluster, with their
expression being displayed as color in a heatmap. No more than 50 cells are shown for simplicity. d The results of Gene Ontology
(GO)-PCA analysis. Functional terms enriched in the genes with high factor loadings of PCA were calculated and the enrichment is
displayed as color in the heatmap. No more than 50 cells are shown for simplicity. e Reactome pathway with genes differentially
expressed between cluster 1 and cluster 8
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Quartz-Seq2

This technology combines single-cell 
barcoding, next-generation 
sequencing, high-performance 
computing, machine learning, and 
bioinformatics to enable the 
determination of expression levels of 
all genes in each cell for populations of 
thousands of cells

Developed by Nikaido Lab of RIKEN

Core developers:
Dr. Itoshi Nikaido (RIKEN and Adviser for Knowledge Palette)
Dr. Yohei Sasagawa (RIKEN and Adviser for Knowledge Palette)
Dr. Hiroki Danno (RIKEN → Knowledge Palette Founder)

Accurate information 
on cell population

Single-cell transcriptome analysis technology developed by RIKEN

Next-generation sequencing

Massive sequencing data

High-performance computing

Gene expression matrix

Machine learning

All-cell, whole-
genome profile

Cells to be analyzed

Single-cell barcoding

High-sensitivity library
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Sox2) nor skeletal and cardiomyogenic markers (Tnnt2 and
Myog) were detected in either cluster (Additional file 1: Fig-
ure S22). Collectively, our transcriptome analysis showed

that the MSC population is divided into two clusters, sug-
gesting that there is less heterogeneity of MSCs in the SVF
than expected.
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07: Natural killer cell, 3.04% (32)
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Fig. 7 Quartz-Seq2 analysis of stromal vascular fraction (SVF) from mouse adipose tissue. a Morphology of SVF cells. Adipose tissue
from a cell suspension of SVF was prepared. Upper panels present a photograph of adipose tissues and dissociated SVF samples.
Yellow scale bar represents 1 cm. White scale bar represents 10 μm. Lower panels represent the distribution of cell size information
with different platforms (left, diameter of cell size using photography; right, flow cytometry information using a cell sorter). The
diameter of cell size for SVF samples was 6.43 ± 1.35 μm (n = 200). b Clustering of cells included in SVF. The transcriptome of
approximately 1000 cells was quantified by Quartz-Seq2 and clustering on t-SNE space was performed. In accordance with the genes
and functional terms enriched in each cluster, the cell type was annotated. The percentage indicates the proportion of cells for each
cluster relative to all cells analyzed. Numbers in parentheses indicate the numbers of cells constituting the cluster. c Marker genes for
each cluster were identified by Quartz-Seq2. Cluster-specific or cluster-enriched genes were calculated for each cluster, with their
expression being displayed as color in a heatmap. No more than 50 cells are shown for simplicity. d The results of Gene Ontology
(GO)-PCA analysis. Functional terms enriched in the genes with high factor loadings of PCA were calculated and the enrichment is
displayed as color in the heatmap. No more than 50 cells are shown for simplicity. e Reactome pathway with genes differentially
expressed between cluster 1 and cluster 8

Sasagawa et al. Genome Biology  (2018) 19:29 Page 14 of 24
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Mereu, et al. Nature Biotechnology (2020)

ANALYSIS
https://doi.org/10.1038/s41587-020-0469-4

1CNAG-CRG, Centre for Genomic Regulation, Barcelona Institute of Science and Technology, Barcelona, Spain. 2Department of Cell and Molecular 
Biology, Karolinska Institutet, Stockholm, Sweden. 3European Molecular Biology Laboratory, European Bioinformatics Institute, Hinxton, Cambridge, 
UK. 4European Molecular Biology Laboratory, Genome Biology Unit, Heidelberg, Germany. 5St Vincent’s Institute of Medical Research, Fitzroy, Victoria, 
Australia. 6Institute for Research in Biomedicine, Barcelona Institute of Science and Technology, Barcelona, Spain. 7Catalan Institution for Research and 
Advanced Studies, Barcelona, Spain. 8Centro de Investigación Biomédica en Red de Cáncer, Barcelona, Spain. 9Max-Planck-Institute of Immunobiology 
and Epigenetics, Freiburg, Germany. 1010x Genomics, Pleasanton, CA, USA. 11Fluidigm Corporation, South San Francisco, CA, USA. 12Department of 
Bioengineering, Stanford University, Stanford, CA, USA. 13Bio-Rad, Hercules, CA, USA. 14Laboratory for Bioinformatics Research, RIKEN Center for 
Biosystems, Dynamics Research, Saitama, Japan. 15Max Delbrück Center for Molecular Medicine/Berlin Institute of Health, Berlin, Germany. 16Digital 
Health Center, Berlin Institute of Health, Charité-Universitätsmedizin Berlin, Berlin, Germany. 17Klarman Cell Observatory, Broad Institute of MIT and 
Harvard, Cambridge, MA, USA. 18Stanley Center for Psychiatric Research, Broad Institute of MIT and Harvard, Cambridge, MA, USA. 19Koch Institute of 
Integrative Cancer Research, MIT, Cambridge, MA, USA. 20Howard Hughes Medical Institute, Department of Biology, MIT, Cambridge, MA, USA. 21Max-
Planck-Institute for Biology of Ageing, Cologne, Germany. 22Anthropology & Human Genomics, Department of Biology II, Ludwig-Maximilians-University, 
Martinsried, Germany. 23School of Integrative and Global Majors, University of Tsukuba, Wako, Saitama, Japan. 24Universitat Pompeu Fabra, Barcelona, 
Spain. 25Division of Computational Genomics and Systems Genetics, German Cancer Research Center, Heidelberg, Germany. 26These authors contributed 
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Single-cell genomics provides an unprecedented view of the 
cellular makeup of complex and dynamic systems. Single-cell 
transcriptomic approaches in particular have led the techno-

logical advances that allow unbiased charting of cell phenotypes1. 
The latest improvements in scRNA-seq allow these technologies 
to scale to thousands of cells per experiment, providing compre-
hensive profiling of tissue composition2,3. This has led to the iden-
tification of new cell types4–6 and the fine-grained description of 
cell plasticity in dynamic systems, such as development7,8. Recent 
large-scale efforts, such as the Human Cell Atlas (HCA) project9, are 
attempting to produce cellular maps of entire cell lineages, organs 
and organisms10,11 by conducting phenotyping at the single-cell 
level. The HCA project aims to advance our understanding of tis-
sue function and to serve as a reference for defining variation in 

human health and disease. In addition to methods that capture the 
spatial organization of tissues12,13, the main approach being used is 
scRNA-seq analysis of dissociated cells. Therefore, tissues are disag-
gregated and individual cells captured either by cell sorting or using 
microfluidic systems1. In sequential processing steps, cells are lysed, 
the RNA is reverse transcribed to complementary DNA, amplified 
and processed to sequencing-ready libraries.

Continuous technological development has improved the scale, 
accuracy and sensitivity of scRNA-seq methods, and now allows us 
to create tailored experimental designs by selecting from a plethora 
of different scRNA-seq protocols. However, there are marked differ-
ences across these methods, and it is not clear which protocols are best 
for different applications. For large-scale consortium projects, expe-
rience has shown that neglecting benchmarking, standardization  

Benchmarking single-cell RNA-sequencing 
protocols for cell atlas projects
Elisabetta Mereu1,26, Atefeh Lafzi1,26, Catia Moutinho1, Christoph Ziegenhain! !2, Davis J. McCarthy3,4,5, 
Adrián Álvarez-Varela6, Eduard Batlle6,7,8, Sagar9, Dominic Grün! !9, Julia K. Lau10, 
Stéphane C. Boutet10, Chad Sanada11, Aik Ooi11, Robert C. Jones! !12, Kelly Kaihara13, Chris Brampton13, 
Yasha Talaga13, Yohei Sasagawa14, Kaori Tanaka14, Tetsutaro Hayashi14, Caroline Braeuning15, 
Cornelius Fischer! !15, Sascha Sauer15, Timo Trefzer16, Christian Conrad16, Xian Adiconis17,18, 
Lan T. Nguyen17, Aviv Regev! !17,19,20, Joshua Z. Levin! !17,18, Swati Parekh! !21, Aleksandar Janjic! !22, 
Lucas E. Wange! !22, Johannes W. Bagnoli22, Wolfgang Enard! !22, Marta Gut1, Rickard Sandberg! !2, 
Itoshi Nikaido! !14,23, Ivo Gut! !1,24, Oliver Stegle3,4,25 and Holger Heyn! !1,24�ᅒ

Single-cell RNA sequencing (scRNA-seq) is the leading technique for characterizing the transcriptomes of individual cells in 
a sample. The latest protocols are scalable to thousands of cells and are being used to compile cell atlases of tissues, organs 
and organisms. However, the protocols differ substantially with respect to their RNA capture efficiency, bias, scale and costs, 
and their relative advantages for different applications are unclear. In the present study, we generated benchmark datasets to 
systematically evaluate protocols in terms of their power to comprehensively describe cell types and states. We performed a 
multicenter study comparing 13 commonly used scRNA-seq and single-nucleus RNA-seq protocols applied to a heterogeneous 
reference sample resource. Comparative analysis revealed marked differences in protocol performance. The protocols differed 
in library complexity and their ability to detect cell-type markers, impacting their predictive value and suitability for integration 
into reference cell atlases. These results provide guidance both for individual researchers and for consortium projects such as 
the Human Cell Atlas.

NATURE BIOTECHNOLOGY | www.nature.com/naturebiotechnology
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must be taken into account, especially for tissues with high cell 
damage. Consequently, replacing viability staining with thorough 
in silico quality filtering in cell atlas experiments might better con-
serve the composition of the original tissue, but result in higher 
sequencing costs.

The canine cells, spiked-in at a low concentration, were detected 
by all protocols (1–9%) except gmcSCRB-seq. Furthermore, the dif-
ferent methods showed notable differences in mapping statistics 
between different genomic locations (Fig. 1). As expected, due to 
the presence of unprocessed RNA in the nucleus, the snRNA-seq 
experiment detected the highest proportion of introns, although 
scRNA-seq protocols also showed high frequencies of intronic and 
intergenic mappings. The increased detection of unprocessed tran-
scripts in CEL-seq2 may be due to a freezing step (−80 °C) after cell 
isolation and subsequent denaturation at high temperatures (95 °C), 
which could favor the accessibility of nuclear and chromatin-bound 
RNA molecules.

Molecule-capture efficiency and library complexity. We produced 
reference datasets by analyzing 30,807 human and 19,749 mouse 
cells (Chromium v.2; Fig. 2a–c). The higher cell number allowed 
us to annotate the major cell types in our reference sample, and to 
extract population-specific markers (see Supplementary Table 2).  

It was noteworthy that the reference samples solely provided the 
basis to assign cell identities and gene marker sets, and were not 
used to quantify the method’s performance. This strategy ensured 
that the choice of technology for deriving the reference does not 
influence downstream analyses. Cell clustering and reference-
based cell annotation showed high agreement (average 83%; see 
Supplementary Table 3), and only cells with consistent annotations 
were used subsequently for comparative analysis at the cell-type 
level. The PBMCs (human) and colon cells (mouse) represented 
two largely different scenarios. Although the differentiated PBMCs 
clearly separated into subpopulations (for example, T/B cells, 
monocytes; Fig. 2b, and see Supplementary Figs. 3a and 4a–d), 
colon cells were ordered as a continuum of cell states that differ-
entiate from intestinal stem cells into the main functional units of 
the colon (that is, absorptive enterocytes and secretory cells; Fig. 2c, 
and see Supplementary Figs. 3b and 5a–d). Notably, the subpopula-
tion structure of our references was largely consistent with that of 
published datasets for human PBMCs18 and mouse colon cells22 (see 
Supplementary Figs. 6 and 7). After identifying major subpopula-
tions and their respective markers in our reference sample, we clus-
tered the cells of each sc/snRNA-seq protocol and annotated cell 
types using matchSCore2 (see Methods). This algorithm allows a 
gene marker-based projection of single cells (cell by cell) on to a 
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Fig. 1 | Overview of the experimental design and data processing. The reference sample consists of human PBMCs (60%), and HEK293T (6%), mouse 
colon (30%), NIH3T3 (3%) and dog MDCK cells (1%). The sample was prepared in one single batch, cryopreserved and sequenced by 13 different sc/
snRNA-seq methods. Sequences were uniformly mapped to a joint human, mouse and canine reference, and then separately to produce gene expression 
counts for each sequencing method.
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must be taken into account, especially for tissues with high cell 
damage. Consequently, replacing viability staining with thorough 
in silico quality filtering in cell atlas experiments might better con-
serve the composition of the original tissue, but result in higher 
sequencing costs.

The canine cells, spiked-in at a low concentration, were detected 
by all protocols (1–9%) except gmcSCRB-seq. Furthermore, the dif-
ferent methods showed notable differences in mapping statistics 
between different genomic locations (Fig. 1). As expected, due to 
the presence of unprocessed RNA in the nucleus, the snRNA-seq 
experiment detected the highest proportion of introns, although 
scRNA-seq protocols also showed high frequencies of intronic and 
intergenic mappings. The increased detection of unprocessed tran-
scripts in CEL-seq2 may be due to a freezing step (−80 °C) after cell 
isolation and subsequent denaturation at high temperatures (95 °C), 
which could favor the accessibility of nuclear and chromatin-bound 
RNA molecules.

Molecule-capture efficiency and library complexity. We produced 
reference datasets by analyzing 30,807 human and 19,749 mouse 
cells (Chromium v.2; Fig. 2a–c). The higher cell number allowed 
us to annotate the major cell types in our reference sample, and to 
extract population-specific markers (see Supplementary Table 2).  

It was noteworthy that the reference samples solely provided the 
basis to assign cell identities and gene marker sets, and were not 
used to quantify the method’s performance. This strategy ensured 
that the choice of technology for deriving the reference does not 
influence downstream analyses. Cell clustering and reference-
based cell annotation showed high agreement (average 83%; see 
Supplementary Table 3), and only cells with consistent annotations 
were used subsequently for comparative analysis at the cell-type 
level. The PBMCs (human) and colon cells (mouse) represented 
two largely different scenarios. Although the differentiated PBMCs 
clearly separated into subpopulations (for example, T/B cells, 
monocytes; Fig. 2b, and see Supplementary Figs. 3a and 4a–d), 
colon cells were ordered as a continuum of cell states that differ-
entiate from intestinal stem cells into the main functional units of 
the colon (that is, absorptive enterocytes and secretory cells; Fig. 2c, 
and see Supplementary Figs. 3b and 5a–d). Notably, the subpopula-
tion structure of our references was largely consistent with that of 
published datasets for human PBMCs18 and mouse colon cells22 (see 
Supplementary Figs. 6 and 7). After identifying major subpopula-
tions and their respective markers in our reference sample, we clus-
tered the cells of each sc/snRNA-seq protocol and annotated cell 
types using matchSCore2 (see Methods). This algorithm allows a 
gene marker-based projection of single cells (cell by cell) on to a 
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reproducible, integrative and predictive reference cell atlas. At a 
given sequencing depth, the number and complexity of detected 
RNA molecules define the power to describe cell phenotypes and 
infer their function. There are also additional essential features 
for cell atlas projects and their interpretation, such as population 
marker identification. Improved versions of plate-based methods, 
including Quartz-seq2, CEL-seq2 and Smart-seq2, generate such 
high-resolution transcriptome profiles. Also, microfluidic systems 
showed excellent performance in our comparison, particularly the 
Chromium system. Although the scale of plate-based experiments 
is limited by the lower throughput of their individual processing 
units, microfluidic systems, especially droplet-based methods, can 
be easily applied to thousands of cells simultaneously. Protocol 
modification scales up throughput even further, and allows more 
cost-effective experiments26–29. Generally, late multiplexing meth-
ods, such as Smart-seq2, are more costly, but costs can be reduced 
by miniaturization30 and use of noncommercial enzymes31. Custom 
droplet-based protocols have lower costs than their commercialized 
counterparts, but the optimized chemistry in commercial systems 
resulted in improved performance in this comparison. Nevertheless, 
existing platforms are undergoing continued development in both 
the private (see Supplementary Fig. 12) and the academic sectors, so 
updated protocol versions promise to improve performance further. 
For consortium-driven projects, it is important to consider the inte-
gratability of data. We have shown that several protocols, including 
those with reduced library complexity and snRNA-seq, were readily 
integratable with other methods.

The use of PBMCs is ideal for multicenter benchmarking efforts; 
blood cells are easy to isolate and show a high recovery rate after 
freezing. We also included mouse colon, a solid tissue requiring dis-
sociation before scRNA-seq. Tissue digestion and cryopreservation 
of colon cells present additional challenges (for example, increased 
rate of damaged cells), which we addressed by focusing on commonly  

detected cell types. Although we observed differences in the fre-
quencies of cells from mice and humans, the composition of cell 
subtypes within tissues was conserved, reassuring the consistent 
capture of major cell types across all methods. Accordingly, subse-
quent analyses could be stratified by cell type, avoiding the need for a 
ground truth in sample composition. Furthermore, viability sorting 
with minimal mechanical forces (low speed and wide nozzle size) 
was applied to remove damaged cells and benchmark protocols with 
high-quality samples. This work standardized sample processing to 
limit technical variance in the library preparation steps, a crucial 
requisite for the multicenter benchmarking design. Nevertheless, 
on-site differences introduced during sample thawing or viability 
sorting could not be entirely excluded. However, our analysis also 
showed that viable cells selected by sorting or through thorough 
data quality control generate highly similar library complexity, sug-
gesting that potential differences in sample processing have minor 
impacts on the data quality and supporting the robustness of our 
results. Processing time presents another variable related to sample 
and data quality. Although cells are directly sorted into their respec-
tive reaction volumes for plate-based methods, processing times can 
vary across microfluidic systems. However, this was considered to 
be an inherent feature of the library preparation workflow of the 
protocols that contributes to the overall performance.

Across sample origins and cell types, all tested features pointed 
to consistent protocol performance. In addition to the differences 
in protocol performance, it was the cells’ RNA content and com-
plexity that dominated the molecule and gene detection rates, which 
we have seen through the stratified analysis of vastly different cell 
types. As such, we expect the conclusions to be valid beyond the 
human and mouse tissues tested in the present study.

Several additional steps are crucial for the success of single-cell 
projects, especially sample preparation. Optimization of sample 
procurement and tissue-processing conditions is of crucial impor-
tance to avoid composition biases and gene expression artifacts32–35 
that could limit the value of a cell atlas. Therefore, dedicated stud-
ies are required to define optimal conditions for tissue and organ 
preparation in healthy and disease contexts.

From a technical perspective, multiple steps of a protocol are 
critical for generating complex sequencing libraries. All sc/snRNA-
seq methods require multi-step, whole-transcriptome amplifica-
tion, including reverse transcription, conversion to amplifiable 
cDNA and amplification1. Theoretically, the multiplicative reaction 
efficiency of respective steps determines a method’s power to detect 
RNA molecules, and in this sense Quartz-Seq2 was particularly effi-
cient. We specifically tested for potential advantages of the Quartz-
seq2 column-based over bead-based purification, but did not detect 
differences in cDNA yield (see Supplementary Fig. 26). However, 
we observed that bead concentration critically affected the yield of 
amplified cDNA. Moreover, performance was more stable for puri-
fication with columns compared with beads, which should be taken 
into account when implementing existing or developing new sc/
snRNA-seq methods.

A further essential step toward complex libraries is the con-
version of first-strand cDNA to amplifiable cDNA. Three main 
strategies are used for this conversion: (1) template switching, (2) 
RNaseH/DNA polymerase I-mediated, second-strand synthesis for 
in vitro transcription and (3) poly(A) tagging1. Improvement of the 
three strategies led to better quantitative performance of scRNA-
seq36–39. For Quartz-Seq2 (ref. 37), improved poly(A) tagging was 
most important to increase the amplified cDNA yield compared 
with Quartz-Seq40, and probably explains the excellent result in this 
benchmarking exercise. However, optimization of the cDNA con-
version still has the potential to improve scRNA-seq methods.

Within the cDNA amplification step, increased PCR cycle num-
bers lead to PCR biases within the sequencing libraries. Early pool-
ing increases the number of cDNA molecules in the amplification  
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reproducible, integrative and predictive reference cell atlas. At a 
given sequencing depth, the number and complexity of detected 
RNA molecules define the power to describe cell phenotypes and 
infer their function. There are also additional essential features 
for cell atlas projects and their interpretation, such as population 
marker identification. Improved versions of plate-based methods, 
including Quartz-seq2, CEL-seq2 and Smart-seq2, generate such 
high-resolution transcriptome profiles. Also, microfluidic systems 
showed excellent performance in our comparison, particularly the 
Chromium system. Although the scale of plate-based experiments 
is limited by the lower throughput of their individual processing 
units, microfluidic systems, especially droplet-based methods, can 
be easily applied to thousands of cells simultaneously. Protocol 
modification scales up throughput even further, and allows more 
cost-effective experiments26–29. Generally, late multiplexing meth-
ods, such as Smart-seq2, are more costly, but costs can be reduced 
by miniaturization30 and use of noncommercial enzymes31. Custom 
droplet-based protocols have lower costs than their commercialized 
counterparts, but the optimized chemistry in commercial systems 
resulted in improved performance in this comparison. Nevertheless, 
existing platforms are undergoing continued development in both 
the private (see Supplementary Fig. 12) and the academic sectors, so 
updated protocol versions promise to improve performance further. 
For consortium-driven projects, it is important to consider the inte-
gratability of data. We have shown that several protocols, including 
those with reduced library complexity and snRNA-seq, were readily 
integratable with other methods.

The use of PBMCs is ideal for multicenter benchmarking efforts; 
blood cells are easy to isolate and show a high recovery rate after 
freezing. We also included mouse colon, a solid tissue requiring dis-
sociation before scRNA-seq. Tissue digestion and cryopreservation 
of colon cells present additional challenges (for example, increased 
rate of damaged cells), which we addressed by focusing on commonly  

detected cell types. Although we observed differences in the fre-
quencies of cells from mice and humans, the composition of cell 
subtypes within tissues was conserved, reassuring the consistent 
capture of major cell types across all methods. Accordingly, subse-
quent analyses could be stratified by cell type, avoiding the need for a 
ground truth in sample composition. Furthermore, viability sorting 
with minimal mechanical forces (low speed and wide nozzle size) 
was applied to remove damaged cells and benchmark protocols with 
high-quality samples. This work standardized sample processing to 
limit technical variance in the library preparation steps, a crucial 
requisite for the multicenter benchmarking design. Nevertheless, 
on-site differences introduced during sample thawing or viability 
sorting could not be entirely excluded. However, our analysis also 
showed that viable cells selected by sorting or through thorough 
data quality control generate highly similar library complexity, sug-
gesting that potential differences in sample processing have minor 
impacts on the data quality and supporting the robustness of our 
results. Processing time presents another variable related to sample 
and data quality. Although cells are directly sorted into their respec-
tive reaction volumes for plate-based methods, processing times can 
vary across microfluidic systems. However, this was considered to 
be an inherent feature of the library preparation workflow of the 
protocols that contributes to the overall performance.

Across sample origins and cell types, all tested features pointed 
to consistent protocol performance. In addition to the differences 
in protocol performance, it was the cells’ RNA content and com-
plexity that dominated the molecule and gene detection rates, which 
we have seen through the stratified analysis of vastly different cell 
types. As such, we expect the conclusions to be valid beyond the 
human and mouse tissues tested in the present study.

Several additional steps are crucial for the success of single-cell 
projects, especially sample preparation. Optimization of sample 
procurement and tissue-processing conditions is of crucial impor-
tance to avoid composition biases and gene expression artifacts32–35 
that could limit the value of a cell atlas. Therefore, dedicated stud-
ies are required to define optimal conditions for tissue and organ 
preparation in healthy and disease contexts.

From a technical perspective, multiple steps of a protocol are 
critical for generating complex sequencing libraries. All sc/snRNA-
seq methods require multi-step, whole-transcriptome amplifica-
tion, including reverse transcription, conversion to amplifiable 
cDNA and amplification1. Theoretically, the multiplicative reaction 
efficiency of respective steps determines a method’s power to detect 
RNA molecules, and in this sense Quartz-Seq2 was particularly effi-
cient. We specifically tested for potential advantages of the Quartz-
seq2 column-based over bead-based purification, but did not detect 
differences in cDNA yield (see Supplementary Fig. 26). However, 
we observed that bead concentration critically affected the yield of 
amplified cDNA. Moreover, performance was more stable for puri-
fication with columns compared with beads, which should be taken 
into account when implementing existing or developing new sc/
snRNA-seq methods.

A further essential step toward complex libraries is the con-
version of first-strand cDNA to amplifiable cDNA. Three main 
strategies are used for this conversion: (1) template switching, (2) 
RNaseH/DNA polymerase I-mediated, second-strand synthesis for 
in vitro transcription and (3) poly(A) tagging1. Improvement of the 
three strategies led to better quantitative performance of scRNA-
seq36–39. For Quartz-Seq2 (ref. 37), improved poly(A) tagging was 
most important to increase the amplified cDNA yield compared 
with Quartz-Seq40, and probably explains the excellent result in this 
benchmarking exercise. However, optimization of the cDNA con-
version still has the potential to improve scRNA-seq methods.

Within the cDNA amplification step, increased PCR cycle num-
bers lead to PCR biases within the sequencing libraries. Early pool-
ing increases the number of cDNA molecules in the amplification  
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Quartz-Seq2 Reaches Top International Benchmark

6

In international benchmarking of single-cell transcriptome analysis in the Human Cell Atlas project, 
our core technology received 1st place in both accuracy scores and overall scores.

Mereu, et al. Nature Biotechnology (2020)
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reproducible, integrative and predictive reference cell atlas. At a 
given sequencing depth, the number and complexity of detected 
RNA molecules define the power to describe cell phenotypes and 
infer their function. There are also additional essential features 
for cell atlas projects and their interpretation, such as population 
marker identification. Improved versions of plate-based methods, 
including Quartz-seq2, CEL-seq2 and Smart-seq2, generate such 
high-resolution transcriptome profiles. Also, microfluidic systems 
showed excellent performance in our comparison, particularly the 
Chromium system. Although the scale of plate-based experiments 
is limited by the lower throughput of their individual processing 
units, microfluidic systems, especially droplet-based methods, can 
be easily applied to thousands of cells simultaneously. Protocol 
modification scales up throughput even further, and allows more 
cost-effective experiments26–29. Generally, late multiplexing meth-
ods, such as Smart-seq2, are more costly, but costs can be reduced 
by miniaturization30 and use of noncommercial enzymes31. Custom 
droplet-based protocols have lower costs than their commercialized 
counterparts, but the optimized chemistry in commercial systems 
resulted in improved performance in this comparison. Nevertheless, 
existing platforms are undergoing continued development in both 
the private (see Supplementary Fig. 12) and the academic sectors, so 
updated protocol versions promise to improve performance further. 
For consortium-driven projects, it is important to consider the inte-
gratability of data. We have shown that several protocols, including 
those with reduced library complexity and snRNA-seq, were readily 
integratable with other methods.

The use of PBMCs is ideal for multicenter benchmarking efforts; 
blood cells are easy to isolate and show a high recovery rate after 
freezing. We also included mouse colon, a solid tissue requiring dis-
sociation before scRNA-seq. Tissue digestion and cryopreservation 
of colon cells present additional challenges (for example, increased 
rate of damaged cells), which we addressed by focusing on commonly  

detected cell types. Although we observed differences in the fre-
quencies of cells from mice and humans, the composition of cell 
subtypes within tissues was conserved, reassuring the consistent 
capture of major cell types across all methods. Accordingly, subse-
quent analyses could be stratified by cell type, avoiding the need for a 
ground truth in sample composition. Furthermore, viability sorting 
with minimal mechanical forces (low speed and wide nozzle size) 
was applied to remove damaged cells and benchmark protocols with 
high-quality samples. This work standardized sample processing to 
limit technical variance in the library preparation steps, a crucial 
requisite for the multicenter benchmarking design. Nevertheless, 
on-site differences introduced during sample thawing or viability 
sorting could not be entirely excluded. However, our analysis also 
showed that viable cells selected by sorting or through thorough 
data quality control generate highly similar library complexity, sug-
gesting that potential differences in sample processing have minor 
impacts on the data quality and supporting the robustness of our 
results. Processing time presents another variable related to sample 
and data quality. Although cells are directly sorted into their respec-
tive reaction volumes for plate-based methods, processing times can 
vary across microfluidic systems. However, this was considered to 
be an inherent feature of the library preparation workflow of the 
protocols that contributes to the overall performance.

Across sample origins and cell types, all tested features pointed 
to consistent protocol performance. In addition to the differences 
in protocol performance, it was the cells’ RNA content and com-
plexity that dominated the molecule and gene detection rates, which 
we have seen through the stratified analysis of vastly different cell 
types. As such, we expect the conclusions to be valid beyond the 
human and mouse tissues tested in the present study.

Several additional steps are crucial for the success of single-cell 
projects, especially sample preparation. Optimization of sample 
procurement and tissue-processing conditions is of crucial impor-
tance to avoid composition biases and gene expression artifacts32–35 
that could limit the value of a cell atlas. Therefore, dedicated stud-
ies are required to define optimal conditions for tissue and organ 
preparation in healthy and disease contexts.

From a technical perspective, multiple steps of a protocol are 
critical for generating complex sequencing libraries. All sc/snRNA-
seq methods require multi-step, whole-transcriptome amplifica-
tion, including reverse transcription, conversion to amplifiable 
cDNA and amplification1. Theoretically, the multiplicative reaction 
efficiency of respective steps determines a method’s power to detect 
RNA molecules, and in this sense Quartz-Seq2 was particularly effi-
cient. We specifically tested for potential advantages of the Quartz-
seq2 column-based over bead-based purification, but did not detect 
differences in cDNA yield (see Supplementary Fig. 26). However, 
we observed that bead concentration critically affected the yield of 
amplified cDNA. Moreover, performance was more stable for puri-
fication with columns compared with beads, which should be taken 
into account when implementing existing or developing new sc/
snRNA-seq methods.

A further essential step toward complex libraries is the con-
version of first-strand cDNA to amplifiable cDNA. Three main 
strategies are used for this conversion: (1) template switching, (2) 
RNaseH/DNA polymerase I-mediated, second-strand synthesis for 
in vitro transcription and (3) poly(A) tagging1. Improvement of the 
three strategies led to better quantitative performance of scRNA-
seq36–39. For Quartz-Seq2 (ref. 37), improved poly(A) tagging was 
most important to increase the amplified cDNA yield compared 
with Quartz-Seq40, and probably explains the excellent result in this 
benchmarking exercise. However, optimization of the cDNA con-
version still has the potential to improve scRNA-seq methods.

Within the cDNA amplification step, increased PCR cycle num-
bers lead to PCR biases within the sequencing libraries. Early pool-
ing increases the number of cDNA molecules in the amplification  
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Fig. 6 | Benchmarking summary of 13 sc/snRNA-seq methods. Methods 
are scored by key analytical metrics, characterizing protocols according to 
their ability to recapitulate the original structure of complex tissues, and 
their suitability for cell atlas projects. The methods are ordered by their 
overall benchmarking score, which is computed by averaging the scores 
across metrics assessed from the human datasets.
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Quartz-Seq2 is Particularly Advanced in Gene Detection
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Numbers of genes detected (=index of accuracy) by each 
technology were compared in an international benchmarking 
effort. Quartz-Seq2 technology ranked number one for the number 
of genes detected in each of the 5 types of cell considered.
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reference sample and, thus, the identification of cell types in our 
datasets (see Supplementary Figs. 8 and 9).

To compare the efficiency of messenger RNA capture between 
protocols, we down-sampled the sequencing reads per cell to a com-
mon depth and stepwise-reduced fractions. Stochasticity introduced 
during down-sampling did not affect the reproducibility of the 
results (see Supplementary Fig. 10). Library complexity was deter-
mined separately for largely homogeneous cell types with markedly 
different cell properties and function, namely human HEK293T 
cells, monocytes and B cells (Fig. 2d,e), and mouse colon secretory 
and TA cells (see Supplementary Fig. 11a,b). We observed large dif-
ferences in the number of detected genes and molecules across the 
protocols, with consistent trends across cell types and gene quan-
tification strategies (see Supplementary Fig. 11c,d). Notably, some 
protocols, such as Smart-seq2 and Chromium v.2, performed better 
with higher RNA quantities (HEK293T cells) compared with lower 
starting amounts (monocytes and B cells), suggesting an input-sen-
sitive optimum. Considering the different assay versions and appli-
cation types of the Chromium system, a dedicated analysis showed 

increased detection of molecules and genes from nuclei to intact 
cells and toward the latest protocol versions (see Supplementary  
Fig. 12). Consistent with the variable library complexity, the proto-
cols presented large differences in dropout probabilities (Fig. 2f), 
with Quartz-seq2, Chromium v.2 and CEL-seq2 showing consis-
tently lower probability. Note that, despite the considerable differ-
ences between protocols, we observed a generally high technical 
reproducibility within the methods (see Supplementary Fig. 13).

Technical effects and information content. We further assessed the 
magnitude of technical biases, and the protocol’s ability to describe 
cell populations. To quantify the technical variation within and 
across protocols, we selected highly variable genes (HVGs) across 
all datasets, and plotted the variation in the main principal compo-
nents (PCs; Fig. 3a). Using the down-sampled data for HEK293T 
cells, monocytes and B cells, we observed strong protocol-specific 
profiles, with the main source of variability being the number of 
genes detected per cell (Fig. 3b). Data from snRNA-seq did not 
show notable outliers, indicating conserved representation of the 
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reference sample and, thus, the identification of cell types in our 
datasets (see Supplementary Figs. 8 and 9).

To compare the efficiency of messenger RNA capture between 
protocols, we down-sampled the sequencing reads per cell to a com-
mon depth and stepwise-reduced fractions. Stochasticity introduced 
during down-sampling did not affect the reproducibility of the 
results (see Supplementary Fig. 10). Library complexity was deter-
mined separately for largely homogeneous cell types with markedly 
different cell properties and function, namely human HEK293T 
cells, monocytes and B cells (Fig. 2d,e), and mouse colon secretory 
and TA cells (see Supplementary Fig. 11a,b). We observed large dif-
ferences in the number of detected genes and molecules across the 
protocols, with consistent trends across cell types and gene quan-
tification strategies (see Supplementary Fig. 11c,d). Notably, some 
protocols, such as Smart-seq2 and Chromium v.2, performed better 
with higher RNA quantities (HEK293T cells) compared with lower 
starting amounts (monocytes and B cells), suggesting an input-sen-
sitive optimum. Considering the different assay versions and appli-
cation types of the Chromium system, a dedicated analysis showed 

increased detection of molecules and genes from nuclei to intact 
cells and toward the latest protocol versions (see Supplementary  
Fig. 12). Consistent with the variable library complexity, the proto-
cols presented large differences in dropout probabilities (Fig. 2f), 
with Quartz-seq2, Chromium v.2 and CEL-seq2 showing consis-
tently lower probability. Note that, despite the considerable differ-
ences between protocols, we observed a generally high technical 
reproducibility within the methods (see Supplementary Fig. 13).

Technical effects and information content. We further assessed the 
magnitude of technical biases, and the protocol’s ability to describe 
cell populations. To quantify the technical variation within and 
across protocols, we selected highly variable genes (HVGs) across 
all datasets, and plotted the variation in the main principal compo-
nents (PCs; Fig. 3a). Using the down-sampled data for HEK293T 
cells, monocytes and B cells, we observed strong protocol-specific 
profiles, with the main source of variability being the number of 
genes detected per cell (Fig. 3b). Data from snRNA-seq did not 
show notable outliers, indicating conserved representation of the 
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reference sample and, thus, the identification of cell types in our 
datasets (see Supplementary Figs. 8 and 9).

To compare the efficiency of messenger RNA capture between 
protocols, we down-sampled the sequencing reads per cell to a com-
mon depth and stepwise-reduced fractions. Stochasticity introduced 
during down-sampling did not affect the reproducibility of the 
results (see Supplementary Fig. 10). Library complexity was deter-
mined separately for largely homogeneous cell types with markedly 
different cell properties and function, namely human HEK293T 
cells, monocytes and B cells (Fig. 2d,e), and mouse colon secretory 
and TA cells (see Supplementary Fig. 11a,b). We observed large dif-
ferences in the number of detected genes and molecules across the 
protocols, with consistent trends across cell types and gene quan-
tification strategies (see Supplementary Fig. 11c,d). Notably, some 
protocols, such as Smart-seq2 and Chromium v.2, performed better 
with higher RNA quantities (HEK293T cells) compared with lower 
starting amounts (monocytes and B cells), suggesting an input-sen-
sitive optimum. Considering the different assay versions and appli-
cation types of the Chromium system, a dedicated analysis showed 

increased detection of molecules and genes from nuclei to intact 
cells and toward the latest protocol versions (see Supplementary  
Fig. 12). Consistent with the variable library complexity, the proto-
cols presented large differences in dropout probabilities (Fig. 2f), 
with Quartz-seq2, Chromium v.2 and CEL-seq2 showing consis-
tently lower probability. Note that, despite the considerable differ-
ences between protocols, we observed a generally high technical 
reproducibility within the methods (see Supplementary Fig. 13).

Technical effects and information content. We further assessed the 
magnitude of technical biases, and the protocol’s ability to describe 
cell populations. To quantify the technical variation within and 
across protocols, we selected highly variable genes (HVGs) across 
all datasets, and plotted the variation in the main principal compo-
nents (PCs; Fig. 3a). Using the down-sampled data for HEK293T 
cells, monocytes and B cells, we observed strong protocol-specific 
profiles, with the main source of variability being the number of 
genes detected per cell (Fig. 3b). Data from snRNA-seq did not 
show notable outliers, indicating conserved representation of the 
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reference sample and, thus, the identification of cell types in our 
datasets (see Supplementary Figs. 8 and 9).

To compare the efficiency of messenger RNA capture between 
protocols, we down-sampled the sequencing reads per cell to a com-
mon depth and stepwise-reduced fractions. Stochasticity introduced 
during down-sampling did not affect the reproducibility of the 
results (see Supplementary Fig. 10). Library complexity was deter-
mined separately for largely homogeneous cell types with markedly 
different cell properties and function, namely human HEK293T 
cells, monocytes and B cells (Fig. 2d,e), and mouse colon secretory 
and TA cells (see Supplementary Fig. 11a,b). We observed large dif-
ferences in the number of detected genes and molecules across the 
protocols, with consistent trends across cell types and gene quan-
tification strategies (see Supplementary Fig. 11c,d). Notably, some 
protocols, such as Smart-seq2 and Chromium v.2, performed better 
with higher RNA quantities (HEK293T cells) compared with lower 
starting amounts (monocytes and B cells), suggesting an input-sen-
sitive optimum. Considering the different assay versions and appli-
cation types of the Chromium system, a dedicated analysis showed 

increased detection of molecules and genes from nuclei to intact 
cells and toward the latest protocol versions (see Supplementary  
Fig. 12). Consistent with the variable library complexity, the proto-
cols presented large differences in dropout probabilities (Fig. 2f), 
with Quartz-seq2, Chromium v.2 and CEL-seq2 showing consis-
tently lower probability. Note that, despite the considerable differ-
ences between protocols, we observed a generally high technical 
reproducibility within the methods (see Supplementary Fig. 13).

Technical effects and information content. We further assessed the 
magnitude of technical biases, and the protocol’s ability to describe 
cell populations. To quantify the technical variation within and 
across protocols, we selected highly variable genes (HVGs) across 
all datasets, and plotted the variation in the main principal compo-
nents (PCs; Fig. 3a). Using the down-sampled data for HEK293T 
cells, monocytes and B cells, we observed strong protocol-specific 
profiles, with the main source of variability being the number of 
genes detected per cell (Fig. 3b). Data from snRNA-seq did not 
show notable outliers, indicating conserved representation of the 
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Sox2) nor skeletal and cardiomyogenic markers (Tnnt2 and
Myog) were detected in either cluster (Additional file 1: Fig-
ure S22). Collectively, our transcriptome analysis showed

that the MSC population is divided into two clusters, sug-
gesting that there is less heterogeneity of MSCs in the SVF
than expected.

a

1

2

11
10

9

8
7

6

5

4

3

01: Cd34+/Efemp1+ mesenchymal stem cell, 7.79% (82)
unclassified, 1.33% (14)

02: Macrophage, 5.51% (58)
03: Cd4+ T-cell, 44.96% (473)

08: Cd34+/Col15a1+ mesenchymal stem cell, 6.36% (67)

04: Cd4+ T-cell (proliferation), 0.95% (10)
05: B-cell, 15.87% (167)
06: Killer T-cell, 11.02% (116)
07: Natural killer cell, 3.04% (32)

09: Cxcr6+ T-cell, 1.71% (18)
10: Dendritic cell, 0.85% (9)
11: Plasmacytoide dendritic cell, 0.57% (6)

91.31% (1,052 cells / 1,152 wells)

b

D
im

2

Dim1

1.0

0

0.6
0.4
0.2

0.8

Class A

Class B

Class C

Class D

1 2

11

10
98765

4
3

Class E
Class F
Class G

Class K

Class J

Class I

Class H

e

dc
488-FSC1-Height

0

64

128

192

256

48
8-

S
S

C
-H

ei
gh

t

0 64 128 192 256

S

L

Density (Cell)

D
ia

m
et

er
 o

f c
el

l (
um

)

1 2

11

10
98765

4
3

1.6
0.8
0.0

-0.8
-1.6

EMT regulation

5

6

7

8

9

10

11

12

Organ formation
Embryonic pattern specification
Collagen trimer
Osteoblast differentiation
Cell-cell junction
Angiogenesis
Mesenchymal cell differentiation
Ribosome biogenesis
T cell receptor signal. pathway
MHC class I complex
Response to IFN-gamma
snoRNA binding
Lamellipodium organization
Dendritic cell differentiation
Mast cell activation
Chemokine production
VEGF pathway
Antigen processing and presentation
Mitochondrial repiratory chain
Cell division
DNA replication

G
en

es

G
O

 te
rm

s

Cell-clusters Cell-clusters

0 468

Extracellular matrix organization Bmp2,Col14a1,Fbn1,Fgf2,Fn1,Itgb7,Mfap5,Ntn4,Pcolce2,Efemp1

-Log(P-value)

C
lu

st
er

 1
: C

d3
4+

/E
fe

m
p1

+
C

lu
st

er
 8

: C
d3

4+
/C

ol
15

a1
+

[Reactome pathways]

-Log(P-value)

210

0 30 10 20

Bmp2,Fbn1,Fn1,Mfap5,Efemp1

Bmp2,Fbn1,Fn1,Mfap5,Efemp1

Igfbp4,Igfbp5,Igfbp6

Fgf2,Fn1,Ntn4

Bgn,Serpinh1,Col15a1,Col3a1,Col4a1,Col4a2,Col4a4,Col5a1,Col5a2,Col6a1,Col6a2,
Col1a1,Col1a2,Ctsk,Lama2,Lamb1,Lox,Lum,Mmp2,Nid2,Pcolce,Sparc,Jam2
Serpinh1,Col15a1,Col3a1,Col4a1,Col4a2,Col4a4,Col5a1,Col5a2,Col6a1,Col6a2,
Col1a1,Col1a2,Lox,Pcolce
Col15a1,Col3a1,Col4a1,Col4a2,Col4a4,Col5a1,Col5a2,Col6a1,Col6a2,Col1a1,Col1a2,
Ctsk,Mmp2
Serpinh1,Col15a1,Col3a1,Col4a1,Col4a2,Col4a4,Col5a1,Col5a2,Col6a1,Col6a2,Col1a1,
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Fig. 7 Quartz-Seq2 analysis of stromal vascular fraction (SVF) from mouse adipose tissue. a Morphology of SVF cells. Adipose tissue
from a cell suspension of SVF was prepared. Upper panels present a photograph of adipose tissues and dissociated SVF samples.
Yellow scale bar represents 1 cm. White scale bar represents 10 μm. Lower panels represent the distribution of cell size information
with different platforms (left, diameter of cell size using photography; right, flow cytometry information using a cell sorter). The
diameter of cell size for SVF samples was 6.43 ± 1.35 μm (n = 200). b Clustering of cells included in SVF. The transcriptome of
approximately 1000 cells was quantified by Quartz-Seq2 and clustering on t-SNE space was performed. In accordance with the genes
and functional terms enriched in each cluster, the cell type was annotated. The percentage indicates the proportion of cells for each
cluster relative to all cells analyzed. Numbers in parentheses indicate the numbers of cells constituting the cluster. c Marker genes for
each cluster were identified by Quartz-Seq2. Cluster-specific or cluster-enriched genes were calculated for each cluster, with their
expression being displayed as color in a heatmap. No more than 50 cells are shown for simplicity. d The results of Gene Ontology
(GO)-PCA analysis. Functional terms enriched in the genes with high factor loadings of PCA were calculated and the enrichment is
displayed as color in the heatmap. No more than 50 cells are shown for simplicity. e Reactome pathway with genes differentially
expressed between cluster 1 and cluster 8
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Novartis’s DRUG-seq technology
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In 2018, Novartis developed DRUG-seq technology for 
whole transcriptome-based phenotypic drug discovery

1
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Comparison between DRUG-seq and KP’s technology
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(Ye, et al., Nat. Commun 2018 and our data)

DRUG-seq

KP’s technology

2,170,000 reads per well

230,000 reads per well

→ ~10,678 genes were detected

KP’s technology can analyze 10 times more compounds in 1 run of NGS

→ ~10,496 genes were detected

Data was obtained in the same condition (Cell line: U-2 OS, Conc.: 10 μM, time: 12 h）

1
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Comparison between DRUG-seq and KP’s technology

11

433 compounds (n=3)
→ 88 compounds caused signature change
→ 4 clusters identified (n=1 plotted)

DRUG-seq KP’s technology
(Ye, et al., Nat. Commun 2018)

1300 compounds (n=3)
→ 468 compounds caused signature change
→ 13 clusters identified (n=3 plotted)

t-SNE (*) t-SNE (*)

＊ t-SNE

Data was obtained in the same condition (Cell line: U-2 OS, Conc.: 10 μM, time: 12 h）

1
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Identifying Stratification Biomarkers using Our Core Technologies

12

As our core technology enables us to analyze gene profile of cell population by single cell with 
high accuracy, we plan to identify stratification biomarkers which can distinguish successful 
patients precisely and design clinical trial

Samples from patients / 
animals

High-precision single-cell 
transcriptome analysis

Optimization of
clinical trial

Identification flow of stratification biomarkers

Patients who show 
drug effectiveness

×

(example)
Constituents of 
cell populations 
are compared 
at the resolution 
of a single cell 

Design stratification and clinical trial

2

Patients who do 
NOT show drug 
effectiveness

Cell identified as drug target

Marker genes for cell        identified


