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Abstract

High-throughput sequencing for transcriptome profiling is an increasingly accessible and important tool for
biological research. However, accurate profiling of small cell populations remains challenging due to issues
with gene detection sensitivity and experimental complexity. Here we describe a streamlined RNAseq
protocol (EASY RNAseq) for sensitive transcriptome assessment starting from low amount of input materials.
EASY RNAseq is technically robust enough for sequencing small pools of cells, recovering information on
larger amounts of genes and with a more even expression distribution pattern than other commonly used
methods. Application of EASY RNAseq to single-human embryos at the 8-cell stage led to detection of 70% of
currently annotated protein-coding genes. This workflow may thus serve as a useful tool for sensitive
interrogation of rare cell populations.

© 2019 Elsevier Ltd. All rights reserved.
Introduction

RNA sequencing (RNAseq) has become a potent
method for transcriptome profiling, with applications
that include monitoring gene expression profiles,
novel transcript assembly, and investigating alter-
native splicing. Indeed, the newest wave of techni-
ques has made it possible to generate substantial
transcriptomic insights into single nuclei, allowing for
a fuller appreciation of the true scope of cellular
heterogeneity. As researchers seek to obtain
increasing amounts of information from decreasing
amounts of input material, there is an increasing
demand for more sensitive and resource-effective
sequencing methods.
One common approach to overcome the chal-

lenge of starting from low-input materials has been to
perform whole transcriptome amplification (WTA)
reactions to reach the DNA threshold necessary for
r Ltd. All rights reserved.
sequencing library construction. The earliest WTA
strategy was developed by performing a PCR
reaction after the polyA tailing in a reverse transcrip-
tion reaction [1e3], and an alternative approach has
been to apply a template-switching reaction [4,5].
However, both WTA strategies are reliant on a PCR
reaction, during which unavoidable biases may be
introduced to the low-input material [6]. To reduce
these biases, in vitro transcription (IVT) methods
were used for single-cell RNA-Seq such as CEL-Seq
and MARS-Seq. [7,8] Unfortunately, traditional IVT
requires intensive laboratory work for the amplifica-
tion, and is not very easily expandable without
automation. These workflows were also time-inten-
sive, leading to increased risk of potential degrada-
tion and/or contamination.
In this manuscript, we describe a rapid and

efficient method to obtain sufficient DNA for sequen-
cing without relying on traditional RNA isolation and
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Fig. 1. EASY RNAseq is stable for diluted inputs. (A) Schematic depicting the workflow of EASY-RNAseq library
construction. Serial dilution of from a single RNA sample derived from whole splenocytes could be sequenced consistently
using our workflow, with over 12,000 unique genes detected from 0.1 ng of RNA, and increasing based on RNA input,
reflecting the increased detection of rare transcripts (B). High sample correlation (C) and low CoV (C) demonstrate that the
technique is robust, with appreciable tailing off of COV among highly expressed genes (log10 FPKM >5). Approximately
23% gene body bias was observed that is independent of input quantity (E), and the samples had similar mapping
percentages to gene features (F), suggesting that these results are characteristic.
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PCR amplification. Through comparison of EASY
RNAseq performed on input cell counts of varying
orders of magnitude, we observed that the proce-
dure was highly robust, and could detect significantly
more protein-coding genes than in datasets gener-
ated by conventional methods, while efficiently
recovering transcripts associated with smaller sub-
populations of cells. EASY RNAseq is thus suited for
whole transcriptome profiling of rare cell populations.
Results

EASY RNAseq is highly reproducible at low
sample input levels

Starting with total RNA, the protocol of EASY
RNAseq is divided into five steps that can be
completed within 5 h (Fig. 1A). As a preliminary
evaluation of our workflow, we assessed the robust-
ness of EASY RNAseq across a range of starting
material levels. Four samples of 5.0, 1.0, 0.5, and
0.1 ng RNA derived from mixed murine splenocytes
were generated through serial dilution to generate 11
libraries for sequencing. Fragment analysis of the
libraries could identify clear RNA peaks between 200
and 400 bp in length in each (Supplementary Fig.
1C). Sequencing of these libraries yielded a total of
308 million 150-nt paired-end reads, with an average
of 28 million reads per library. A preliminary analysis
of the data following the pipeline described by
Sahraeian et al.[9] suggested that our method led to
a high enrichment for intergenic sequences, despite
having very little apparent rRNA (Supplementary Fig.
1B). However, more detailed investigation revealed
that a substantial portion of the intergenic and intronic
reads mapped onto likely rRNA sequences (as per
BLAST alignment) that were not obviously identified
as such within the GENCODE database (Supple-
mentary Fig. 1BeC). In order to correct for these
contaminating sequences, we implemented an align-
ment-based search to clear putative rRNA sequences
via HISTAT2. As a result of these rRNA cleaning
procedure, we could more accurately recover exonic
reads while reducing the percentage of intergenic and
intronic sequences (Fig. 1B). A table of the pre- and
post-removal read counts is included as Table S5.
From our modified analysis pipeline, over 12,000

protein-coding genes could be found in the 0.5-ng
sample , representing greater than 60% of the
protein-coding genes in the murine transcriptome
(Fig. 1B). Genes with low expression exhibited
greater variance, suggesting the possibility that the
aliquoting may have led to loss of some rare
transcripts as well as a potential minimum input
requirement (Fig. 1C). This phenomenon was
especially obvious in the 0.1-ng sample s, where a
thousand fewer protein-coding genes could be
found, while intergenic and intronic reads accounted
for greater than 35% of all cleaned reads. These
results suggest that a minimum amount of 0.5 ng
input RNA is likely necessary under this procedure
for successful implementation of the protocol, and
that lower amounts of input may not have sufficient
quantities of cDNA to tagment in our procedure.
However, libraries constructed by EASY RNAseq
protocol were highly similar overall, with pairwise
Pearson's correlation coefficients exceeding 0.95
after averaging the expression of the three repli-
cates, particularly in the samples with higher initial
input (Fig. 1D). Notably, nearly all detected genes
had a coefficient of variance less than 1 within
replicates of the 5-ng sample, with only a slight
increase of variance observed in those of the 1- and
0.5-ng sample s (47 and 78 genes fluctuating,
respectively). From visualization of the alignment of
the reads against their gene location, we could see
that EASY RNAseq data could generally span
across full-length transcripts, with a coverage bias
favoring the 30 end of genes (Fig. 1D). This 30 bias is
likely caused by incomplete reverse transcription
when using polyT primers and was not unanticipated
[10]. At the same time, a significant proportion of
data still mapped to both intronic and intergenic
regions. These reads may be partially explained by
more complex post-transcriptional regulation
mechanisms occurring in the cells that has been
previously underappreciated, but which EASY RNA-
seq may be able to successfully detect [11e14].

EASY RNAseq can recover weakly expressed
transcripts from small inputs

While the sequencing of aliquoted RNA samples
suggested that EASY RNAseq is robust enough to
work with small input material, most biological
questions instead involve starting from small popula-
tions of cells. As such, we next generated individual
samples of sorted T cells and checked them against
our mixed splenocyte samples. Consistent with our
expectations, most of the genes detected between
the twomethods were the same (Supplementary Fig.
2A). At the same time, genes specifically expressed
in T cells (such as Cd3e, Cd3g, Cd4, and Cd8a)
were found at higher FPKM levels in the sorted cells
than in the splenocyte mixture (Supplementary Fig.
2B), suggesting that the sorting was successful. We
then compared these results with public T-cell
sequencing data generated via other methods.
Comparison of gene counts revealed that EASY
RNAseq was able to detect over 13,000 unique
protein-coding genes from just 100 input cells,
exceeding the amount recoverable from the use of
other protocols (Fig. 2A), while over 17,000 genes
could be recovered from 10,000 cells. This effect
was even more striking when the results were
downsampled to an equivalent number of input
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reads. Indeed, the saturation curve of the EASY-
RNAseq sample very quickly surpasses the others in
gene count, but appears to approach saturation
more slowly (Fig. 2B).
Since the quantified expression of any individual

gene in RNAseq is generated through competition to
be sequenced, one of the main draws/difficulties of
RNAseq is its ability to evaluate relative expression
of different transcripts within a single sample. Violin
plots of the distribution of gene expression illustrated
that EASY RNAseq profiled gene expression with a
more centered density which favored genes
expressed at around 1 FPKM, suggesting that
EASY RNAseq could recover both more weakly
expressed transcripts and also find them at higher
absolute FPKM than traditional methods (Fig. 2C). At
the same time, the genes that were detected had
high expression correlation when compared with the
other datasets, except for the SMARTseq set that
sequenced regulatory T cells (Fig. 2D), indicating
that our sequencing approach was still reliable for
working with small fractions of sorted cells. EASY
RNAseq was able to successfully quantify 4683
more protein-coding genes at any level, of which
1307 could be found at FPKM greater than 1 (Table
S3, Fig. 2E). To further verify if those genes were
true positives, the frequency distribution of relative
expression was split into two categories: all detected
genes and the uniquely detected genes. As
expected, the distribution of unique genes expres-
sion was centered at low expression values, with the
few genes missed in EASY RNAseq data also being
ones with relatively low expression levels (and
potentially attributable to random sampling bias)
(Fig. 2F). At the same time, comparison of the
expression levels across all four datasets of a list of
4000 genes matched in expression level to the
uniquely found genes in our dataset showed that
these genes also low expression in other datasets.
To further confirm that the uniquely recovered

genes we found were actually expressed in mRNA
form, we then selected 20 of the uniquely expressed
genes for validation via qPCR. Using primers
designed to span exoneexon junctions, we were
able to observe that 19/20 could be found within
35 cycles, and 6/20 within 32 cycles (Fig. S2C).
Furthermore, inspection of the reads mapping to the
mostly highly expressed of these genes, Klra10,
demonstrated that a significant portion of the reads
Fig. 2. Comparison of EASY RNAseq with other sequen
sequencing run to 1E7 reads and full comparisons demonstrate
genes than other sequencing workflows, but still has very hig
terms of expression levels. (C and D) Saturation analysis and
reveal a notable bulge in genes with low expression that is not p
a higher minimum. (E) Venn diagram of the unique genes fou
levels of the uniquely detected genes within each method show
0.1 FPKM in EASY RNAseq, and that commonly detected gen
mapping to the gene spanned exoneexon junctions
(Fig. S2B). In order to assess the generality of this
observation, we further evaluated the list of uniquely
detected and commonly detected genes for potential
differences in the proportion of reads crossing
splices sites, exoneexon junctions, exon/intron
ratio, and containment within a single gene. From
our analyses, we could observe that the uniquely
detected genes shared generally similar sequencing
characteristics compared to the commonly recov-
ered genes, albeit at slightly lower levels (Fig.
S3CeE).

EASY RNAseq profiling of embryos

Having verified that EASY RNAseq is sufficiently
robust for transcriptome analysis of low-input mouse
samples, we next sought to apply the approach to
even smaller counts of human cells as another likely
use scenario. RNA from two pairs of 12 cells
harvested from rejected IVF embryos were pro-
cessed using the EASY RNAseq workflow, leading
to recovery of 21.48 million reads. The proportion of
the reads that mapped to reference genome were
82.86% and 90.35%, with 55% of them being exonic
in the former and 43% exonic in the latter (Table S4).
Interestingly, the difference of exonic mapping
percentage did not seem to affect the overall gene
detection sensitivity, as those exonic data detected
15,749 and 15,588 genes, respectively. Among
them, 10,893 protein-coding genes were quantified
with at least 5 reads in both replicates, accounting for
83% of all detected genes (Fig. 3A). Both samples
had relatively high percentages of exonic reads as
before (Fig. 3B). While functional analyses of the top
1000 expressed genes unsurprisingly unveiled high
enrichment for genes associated with basic cellular
machinery (Fig. 3C), comparison with a previously
published set of genes varying during early embryo-
nic development [15] confirmed that a range of
randomly selected high and low expressed genes
with our data had the same general expression
pattern (Fig. 3D). Indeed, integration of our sequen-
cing data with a previously published 8-cell stage
dataset [16] revealed that 12,177 genes were found
to be shared between our two samples and the
previous data (Fig. 3E). Correlational analysis
demonstrated that our samples had a 0.7 correlation
with that set in terms of expressed genes (Fig. 3F).
cing methodologies. (A and B) Downsampling of each
that EASY RNAseq is able to more evenly recover unique

h correlation with the data generated by other methods in
violin plots of the expression distribution of each method
resent in the other datasets, and is also shifted upward with
nd by each method. (F) Distribution plot of the expression
s that most of the unique genes still have expression above
es have similar expression levels across all four workflows.
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Collectively, these results demonstrate that EASY
RNAseq is suitable for detailed transcriptomic
investigations of rare/small cells populations.
Discussion

The true breadth of cellular heterogeneity is
becoming increasingly appreciated as new technol-
ogies for assaying single cells have been developed,
with advanced platforms now capable of identifying
up to 8000 genes per cell in hundreds of cells.
Despite these advances however, the need for
accurate transcriptome measurements of small
mixtures of cells has not gone away. Due to gene
dropout and other technical limitations, most
approaches for differential analysis of gene expres-
sion in single-cell data require for the in silico
clustering of the most similar cells and are critically
dependent on bulk RNAseq for validation. Our
recovery of over 13,000 shared genes from our
application of EASY RNAseq on human embryos as
the 8-cell stage represents a much higher detection
rate than what is currently achievable by single-cell
techniques, and could thus serve as a useful scaffold
for validating single cell results. The simplification
offered by EASY RNAseq may also allow it to be
more amenable for automation, as most steps are
reduced to simple liquid handling.
Successful transcriptome profiling of rare cell

population requires overcoming the hurdle of need-
ing to amplify low input materials while insulating
against technical noise. To meet these criteria,
EASY RNAseq applies an IVT-based method to
replace the widely used WTA for second strand
synthesis. At the same time, one potential weakness
of this approach is the possibility of DNA contamina-
tion, with genomic DNA also being tagmented and
processed along with the rest of the RNA and
leading to high amounts of intergenic and intronic
reads. Libraries generated using this method also
tended to have slightly higher rates of duplicate
reads. This form of noise may be particularly
impactful in genes with low expression levels, as
the gDNA captured would likely be near-randomly
distributed across the genome. Indeed, this phe-
nomenon could be seen in the initial 0.1-ng sample s
we analyzed, while being less evident at higher
levels of starting input. However, based on our qPCR
Fig. 3. EASY RNAseq can efficiently sequence 8-cell embry
were detected at robust expression levels, matching the distribu
similar mapping ratios to exonic sequences. (C and D) Func
sequencing data encompasses expected biological activities
our samples with a previously published report on 8-cell stage e
number of common genes, as well as a significant amount of un
confirms that the genes are expressed in similar patterns in b
validation and detailed analysis of read character-
istics, it seems clear that the bulk of the low-
expressed genes we detected in samples originating
from higher inputs corresponded to real mRNA, even
those that were not detected in other similar
datasets. Collectively, our results suggested that
genomic DNA contamination is not an overriding
factor that would prevent extraction of biologically
meaningful information in our method.
Other factors, such as tagmentation bias, may also

have some influence on the efficacy of our protocol,
and future refinement of the workflow may require
further optimization [17e19]. Interference caused by
RNA secondary structures may also influence our
assessment of short sequences with complex struc-
tures, such as iron response elements or small RNAs
[20,21]. It is possible that the method described here
may also be further refined in the future to incorporate
in mRNA enrichment or RNA fragmentation steps at
the early stages to shrink the gDNA noise currently
observed. However, these additions may also come
at the expense of total RNA content and workflow
simplicity, and may not be entirely feasible at present
when starting for minute amounts of input material.
More detailed investigations will be necessary to
clarify this potential. Further explorations in this
direction may also be able to clarify the number of
reads required for meaningful biological interpretation
of the results [22].
With only a dozen cells, EASY RNAseq is capable

of detecting more than 15,000 of protein-coding
genes. Among these detected genes, nearly 80%
entries have strong signals supported by more than 5
independent non-duplicate reads. This level of
sensitivity can greatly enhance both sensitivity and
accuracy of distinguishing subgroups from rare cells,
and aid in feature selection of cell subsets for
development of novel biomarkers. EASY RNAseq
may also allow for easier application of deconvolution
techniques for characterizing subpopulations of cells
within pooled populations as a result of the advan-
tages offered by the more linear distribution pattern of
transcript expression compared to other existing
techniques. The ability of EASY RNAseq to success-
fully sequence starting from low amounts of hetero-
geneous input suggests that it may also be capable of
sequencing RNA from rare clinical specimens. Future
explorations and refinements are still necessary to
clarify the full potential of this approach.
o samples. (A and B) A majority of genes in both samples
tion expected based on our previous sequencing, and with
tional analysis and gene list comparison confirm that our
and factors previously identified. (E and F) Comparison of
mbryos shows that our approach is able to identify a similar
ique factors. Spearman's ranked correlation of the samples
oth.
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Materials and Methods

Sample preparation

All T-cell samples were obtained from the spleens
of 8-week-old C57/BL6 wild-type female mice
bought from Beijing Huafukang Bioscience. Sam-
ples of murine CD3 positive T cells (1e2/5e2/1e3/
1e4) were sorted by flow cytometry with the BD Jazz.
Use and housing of animals followed the institutional
guidelines of Army Medical University as approved
for W.Y. All human oocyte samples for EASY
RNAseq profiling were obtained after in vitro
fertilization and had been discarded following obser-
vation of tripronuclear (3PN) cells in the zygotes at
day 1 culture. Use of the human samples was
permitted by the Ethics Committee of the First
Affiliated Hospital, Third Military Medical University,
under Approval No. 201554 to W.H.

RNA acquisition

All cell samples were stored in TRIzol reagent
(Invitrogen, cat. no. 15596026) at �80 �C prior to
RNA isolation. Bulk quantities of murine RNA were
isolated by classic liquid phase separation methods
[23], and then diluted to 10 ng/ml for each sample.
The bulk sample was then further divided into
different starting material amounts (0.1/0.5/1.0/
5.0 ng) by serial dilution. For low-input samples,
RNA was isolated by using the Direct-zol™ RNA
MiniPrep Kit (ZYMO, cat. R2050) according to the
manufacturer's instructions. RNA concentration and
the absorbance ratios at 260/280 and 260/230 nm of
each sample were measured by NanoDrop™One
(Thermo, cat. ECS000493).

EASY-RNAseq Library preparation

The qualified RNA samples were added with 1 ml
of SuperScript III reverse transcriptase (200 units/ml;
Invitrogen, cat. 18080044), 4 ml of Superscript III first
strand synthesis buffer (5�; Invitrogen, cat.
18080044), 1 ml of dNTP mixture (10 mM), 1 ml of
Oligo 30 (dT) primer (10 mM; polyT primer), 1 ml of
RNase inhibitor (40 units/ml; Thermo, cat. k1622),
and 1 ml of DTT (0.1 M) to construct 20-ml reaction
system for RNA reverse transcription by heating the
mixtures for 50 �C for 90 min, 70 �C for 15 min, and
a final hold at 4 �C. For second-strand cDNA
synthesis, the 20-ml products of reverse transcription
were directly mixed into reaction buffer (NEB, cat.
E6111S/L) on ice to obtain dsDNA samples with the
help of DNA polymerase I and T4 DNA ligase,
following the manufacturer's recommendations [24].
dsDNA products were purified with 144 ml (1.8�) of
Agencourt AMPure XP Beads (Beckman, cat.
A63880eA63882) through magnetic separation
(Invitrogen, cat. no. 123.21D) [24]. The purified
dsDNA samples were then diluted to 1 ng/ml follow-
ing Qubit 2.0 measurement (Invitrogen, cat.
Q32866), and 1 ng of dsDNA was used for Tn5
tagmentation. Reaction was performed for 10 min at
55 �C and quenched with 5 ml of pre-mixed 5 � TS
to avoid excessive DNA fragmentation (tagmenta-
tion protocol). Samples were then barcoded follow-
ing the protocol of TruePrep DNA Library Prep Kit
with P5/P7 adapter primers (Vazyme, cat. TD503),
and amplicon was purified via the VAHTS™ DNA
clean beads kit (Vazyme, cat. N411-02). For the
initial serial dilution experiment described in Fig. 1,
12 libraries were constructed from the sample
original splenocyte mixture, with three technical
replicates at each of the input levels. One of the
libraries, originating from the 0.1-ng sample ,
showed very poor quality under fragment analysis
and was consequently omitted for sequencing.
Biological triplicates were generated for the purified
T-cell experiments shown in Fig. 2.

Analysis of RNA-Seq data

AllEASY-RNAseq librariesweresequenced through
Illumina HiSeq platform with 150-bp pair-end model.
Three published datasets were used for method
comparison (GEO Accession: GSE63961,
GSE121482, GSE111066). All sequencing reads
were passed through adapter filtration by using
Trimmomatic [25]. To clear potential rRNA contami-
nants, we then collected all rRNA sequences asso-
ciated with the organism of interest through NCBI
Nucleotide. For the mice samples we analyzed, 53
sequences found in Nucleotide were downloaded and
used as a reference file for alignment-based mapping
throughHISAT2under default parameters. Unmapped
reads were then recovered and used as the mRNA
information. The clean data were then aligned to
respectivegenome reference (GRCm38andGCRh38,
respectively) [26]. Mapped reads uniquely assigned to
one genomic location and one gene were counted as
real gene expression, which was carried out by
FeatureCounts [27]. Normalization of gene expression
was performed by transferring the read counts to
FPKM values, and both of the read counts and FPKM
values were used in visualization. The coverage of
gene body and percentage of data features were
calculated by RseQC [28]. Formore direct comparison
of the datasets via downsampling, raw reads were
sampled at random from the corresponding source
analyzed by same protocol afterward.
The reproducibility was assessed within samples

and replicates, respectively. Pearson's coefficient
was used to measure the similarity between sam-
ples, which was calculated with average FPKM
values. Similarly, the coefficient of variance was
applied to represent the technical robustness within
replicates. The saturation curves were created by
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the regression of downsampled datasets. Each
curve was based on 25 different volumes of down-
sampled data, ranging from 0.1 million to the
corresponding original data size. The saturation
plot was cutoff that only showed the maximum
sequencing depth of 30 million. The Venn plot was
draw with those quantified (reads count >0) protein-
coding genes of each original dataset. The uniquely
quantified genes of each dataset were selected,
together with all quantified protein-coding genes,
and were visualized as expression frequency spec-
trums. Gene set enrichment analysis was performed
using the GSEA app (Broad Institute) on the KEGG
gene lists.

Transcriptome profiling of embryonic cells

The expression values of two embryonic samples
were obtained by the same RNA-Seq analysis
workflow mentioned above. The expression values
were defined into three categories for visualization.
Among those quantified genes, genes with reads
count greater than or equal to 5 were treated as
confidently detected. To decrease the false posi-
tives, only those confidently detected genes were
used in the following analysis. The Gene Set
Enrichment Analysis (GSEA) was performed with
the intersection of expression results through clus-
terProfiler packages [29,30].

Visualization

All figures were produced by R [31] and ggplot2
[32]. The color board was using ggsci [33]. Among
them, those plots of Pearson's coefficient in Supple-
mentary Fig. 2B and Fig. 3B were created by GGally
[34], and the Venn plot was produced through
VennDiagram [35]. Heatmaps were visualized
through pheatmap [36].

Data Availability

Raw sequencing data generated in this paper are
accessible on the Sequence Read Archive (SRA)
under project accession number PRJNA542941.
Computed values generated based on the raw data
are available as GSE135290. All scripts used for the
analysis are available upon request to the authors.
Supplementary data to this article can be found

online at https://doi.org/10.1016/j.jmb.2019.08.002.
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