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technique for quantitative mapping of mRNA
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Abstract

Background RNA sequencing (RNA-seq) is widely used for gene expression profiling and quantification. Quantitative
RNA sequencing usually requires cell counting and spike-in, which is not always applicable to many samples. Here, we
present a novel quantitative RNA sequencing method independent of spike-ins or cell counting, named sigRNA-seq,
which can be used to quantitatively profile gene expression by utilizing gDNA as an internal control. Single-stranded
library preparation used in sigRNA-seq profiles gDNA and cDNA with equal efficiency.

Results To quantify mRNA expression levels, sigRNA-seq constructs libraries for total nucleic acid to establish

a model for expression quantification. Compared to Relative Quantification RNA-seq, sigRNA-seq is technically reliable
and reproducible for expression profiling but also can sequence reads from gDNA which can be used as an internal
reference for accurate expression quantification. Applying sigRNA-seq to investigate the effects of actinomycin D

on gene expression in HEK293T cells, we show the advantages of sigRNA-seq in accurately identifying differentially
expressed genes between samples with distinct global mRNA levels. Furthermore, we analyzed factors influenc-

ing the downward trend of gene expression regulated by ActD using sigRNA-seq and found that mRNA with m°A
modification exhibited a faster decay rate compared to mRNA without m°A modification. Additionally, applying this
technique to the quantitative analysis of seven tumor cell lines revealed a high degree of diversity in total mRNA
expression among tumor cell lines.

Conclusions Collectively, sigRNA-seq is a spike-in independent quantitative RNA sequencing method, which
creatively uses gDNA as an internal reference to absolutely quantify gene expression. We consider that sigRNA-seq
provides a convenient and versatile method to quantitatively profile the mRNA landscape in various samples.
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gene expression, especially for a large number of samples
to be sequenced [1].

For RNA-seq analysis, gene expression is quantified to
identify differentially expressed genes (DEGs), to infer
regulatory networks, and/or to reveal cellular states and
function [6]. Generally, sequencing reads are mapped to
the reference genome after quality control and assigned
to each feature to quantify gene expression [7]. To
account for differences in read depth, genes are typi-
cally normalized to RPKM (Reads Per Kilobase Million)
or FPKM (Fragments Per Kilobase Million) for compara-
tive studies. These normalization methods are largely
based on assumptions that most genes are at the same
expression level and that the total mRNA levels do not
show much difference across samples [8]. However, when
groups with high heterogeneity of gene expression levels
are sequenced for comparison, these assumptions fail to
hold and sequencing depth-based normalization meth-
ods may result in erroneous conclusions [9], such as cells
with high levels of c-Myc showing two to three times
more total RNA than their low-Myc counterparts [10,
11]. To address such issues, one approach is the use of
spike-in control RNAs that are added during library con-
struction [12, 13]. Spike-in controls are a useful resource
for evaluating the sensitivity and accuracy of RNA-seq
experiments for transcriptome discovery and quantifi-
cation [9]. Although spike-in controls are commercially
available, such as a common set of external RNA controls
that has been developed by the External RNA Controls
Consortium (ERCC), they are not yet widely adopted [1].

Here, we developed a spike-in independent quanti-
tative RNA sequencing (sigRNA-seq) method, which
uses genomic DNA (gDNA) as an internal reference to
normalize mRNA expression levels. By comparison, we
showed that the relative gene expression pattern pro-
filed by sigRNA-seq is similar to that profiled by Rela-
tive Quantification RNA-seq. We further demonstrated
that sigRNA-seq enables us to assess the copy number
of mRNA per cell/genome without cell counting, RNA
quantification, or spike-ins. Finally, we exemplify the
application of sigRNA-seq for differential gene expres-
sion analysis on samples with distinct global mRNA
levels. Together, sigRNA-seq provides a convenient and
versatile method to quantitatively profile the mRNA
landscape.

Results

Design of sigRNA-seq

To develop a spike-in-independent method for gene
expression quantification, we designed sigRNA-seq that
utilized genomic DNA as an internal reference for nor-
malization (Fig. 1A). As we know, in general, each cell
during the G1 phase has a complete set of gDNA, so we
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considered that the gDNA can be taken as a stable inter-
nal reference for normalizing mRNA copy number to “per
cell” For non-interphase cells or other special samples,
the copy number of gDNA in each cell is not constant;
thus, the “per genome” normalization method is suit-
able. With that goal, in sigRNA-seq, total nucleic acids
were extracted from samples to construct two libraries in
parallel, an mRNA library and an mRNA&gDNA library
for each sample, as shown in Fig. 1A. The only differ-
ence between the mRNA library and the mRNA&gDNA
library preparation was that DNase I digestion was per-
formed after nucleic acid extraction to remove gDNA in
mRNA library (Fig. 1A). For both libraries, mRNA was
reverse-transcribed with oligo(dT) primers to synthe-
size complementary DNA (cDNA). To reduce bias and
simplify the pipeline of library preparation, reverse tran-
scription products were fragmented by sonication and
denatured by heat, following library preparation using
a highly efficient single-strand DNA (ssDNA) ligation
technique, Adaptase” from xGen"' ssDNA&Low-Input
DNA Library Prep Kit (Integrated DNA Technolo-
gies). Denaturation makes ¢cDNA-mRNA hybrid and
gDNA to ssDNA. Adaptase is a commercial enzyme
mixture with very high ligation efficiency and low bias
for single-stranded DNA (ssDNA) library construction
with strand-specific information, which we have used to
develop ssDRIP-seq and ULI-ssDRIP-seq for R-loop pro-
filing [14, 15] and DEtail-seq for DNA break detection
[16]. Compared to Relative Quantification RNA-seq, the
mRNA library in sigRNA-seq was directly prepared from
single-stranded cDNA, therefore we named this method
ssRNA-seq (single-strand DNA ligation-basedR NA
sequencing) hereafter.

As shown above, we can obtain two data sets from
sigRNA-seq after sequencing, ssRNA-seq for mRNA
profiling and the mRNA&gDNA library with reads from
gDNA and mRNA. The next step is to integrate the two
data sets to quantify gene expression with reads from
gDNA as an internal reference for normalization (Fig. 1B).
In the mRNA&gDNA library, reads that are mapped to
intergenic regions can be used to calculate the sequenc-
ing depth of gDNA, while reads that are assigned to exons
include mRNA reads and gDNA reads. Consequently, the
mRNA count per diploid genome (RCPG) for each gene
can be obtained from the ratio of mRNA read depth to
gDNA read depth multiplied by four (gDNA of diploid
with two strands). If cells are at interphase with con-
stant diploid genomic DNA, we can infer that the mRNA
count per cell (RCPC) is equal to RCPG (Fig. 1B). Con-
sidering that it is difficult to distinguish cDNA reads on
low-expression genes from the gDNA background, we use
ssRNA-seq data to calculate FPKM (Fragments Per Kilo-
base Million) for all genes and combine FPKM and RCPG
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Fig. 1 Design of sigRNA-seq. A Flowchart of sigRNA-seq. Total nucleic acids were extracted and two types of libraries, mRNA library (ssSRNA-seq)
and mMRNA&gGDNA library, were constructed in parallel and sequenced for each sample in sigRNA-seq. B Principle of sigRNA-seq for RCPG calculation
in MRNA&gGDNA library. Depth of gDNA can be assessed by intergenic read depth. RCPG is equal to four times the ratio of MRNA read depth

to gDNA depth. *: gDNA of diploid with two strands. RCPG: mRNA count per genome

values of highly expressed genes to establish a model for
normalization (Fig. 1B). After normalization, FPKM val-
ues of ssRNA-seq data are transferred to RCPG values
for all expressed genes. Together, sigRNA-seq is a ssDNA
ligation-based method that constructs libraries for cDNA
and gDNA in parallel, which can be applied to quantify
gene expression by using gDNA as an internal reference.

Validation of sigRNA-seq for expression profiling
To investigate the reliability and reproducibility of
sigRNA-seq for gene expression profiling, we performed
sigRNA-seq on the cell lines HEK293T, IOSE-80, and
HCT116 (Fig. 2A). The results of correlation analysis for
ssRNA-seq showed that the expression profiles of rep-
licates were highly correlated with each other (Pearson
correlation coefficients were 0.991, 0.985, and 0.987 for
HEK?293T, IOSE-80, and HCT116, respectively), suggest-
ing that whole nucleic acids can supply high-quality mate-
rials for sigRNA-seq library preparation (Additional file 1:
Fig.S1A). By comparison, high correlations were also
showed between ssRNA-seq and public RNA-seq data
(Additional file 1: Fig.S1B), suggesting that ssRNA-seq is
reliable and reproducible for gene expression profiling.
Next, we analyzed the ability of the mRNA&gDNA
library to perform gene expression profiling.

Although there was a high gDNA background,
approximately 11.84% of the total mapped reads
could be assigned to exons in mRNA&gDNA librar-
ies, while only approximately 6.74% reads could be
assigned to exons in gDNA libraries (Not all shown)
(Additional file 2: Table S1), suggesting high effi-
ciency for RNA profiling in the mRNA&gDNA library
with gDNA. Similar to the ssRNA-seq results, RNA
profiles from the mRNA&gDNA libraries remained
well-correlated with each replicate (Fig. 2B), and cor-
related well with the ssSRNA-seq data (Fig. 2C). These
results demonstrated that our mRNA&gDNA library
not only can be used as a reliable and reproducible
method for gene expression profiling but also sup-
ply information on reads from gDNA for expression
quantification.

Taken together, our data validated that both the
mRNA&gDNA library and ssRNA-seq in sigRNA-seq
are technically reliable and reproducible, which are the
basis for accurate qualification of gene expression.

Pipeline and model of sigRNA-seq for gene expression
quantification

Normally, gDNA in a diploid cell includes two copies for
each site in double-stranded DNA formation. However,
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Fig. 2 Validation of sigRNA-seq for quantitative expression profiling. A IGV showing snapshots of sigRNA-seq signals (RPCG) in the human genome.
Both RNA and gDNA signals can be sequenced in the mRNA&gDNA libraries. B Scatter plots showing the correlation between mRNA&gDNA library
repeats. C Scatter plots showing the correlation of ssRNA-seq with mRNA&gDNA libraries

sequencing depth of gDNA (Fig. 3A). First, the genome
was divided into consecutive windows with a 10 kb bin
size and windows overlapping with any gene and down-
stream of the gene were removed. Then, counts of reads
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from the gDNA library on each window were calcu-
lated. After sorting by sequencing depth, windows only
with sequencing depths higher or lower than 10% of the
median were selected to exclude windows with extreme
depth. Considering that intergenic transcripts may lead
to overestimation of gDNA depth, windows that could be
mapped by reads from ssSRNA-seq were finally removed.
The remaining windows, named intergenic regions (IRs),
were used to assess gDNA depth in the mRNA&gDNA
library. Applying the pipeline for HEK293T cells,
125.78 Mb IRs were screened to calculate gDNA depth
in the mRNA&gDNA library (Additional file 1: Fig.S2A).

Next, the model for sigRNA-seq was established to
quantify gene expression as shown in Fig. 3B. First,
the mapped reads of the mRNA&gDNA library were
assigned to IRs, and genesto calculate their depth. Then,
the RCPG of each gene can be calculated according to
the formula shown in Fig. 3B (see Methods). The dip-
loid genome is dsDNA with two copies for each region,
while cDNA reverse-transcribed from mRNA is ssDNA.
Thus, one mRNA read is equal to four gDNA reads
sequenced in the mRNA&gDNA library. Due to the
gDNA background, lowly expressed genes might not be
accurately calculated by data from the mRNA&gDNA
library. Then, we built a linear model to calibrate the
RCPG values of all expressed genes through the integra-
tion of the mRNA&gDNA library and the ssRNA-seq
(Not all shown) (Fig. 3B, Additional file 1: Figs.S2C and
S4B). To establish the linear model with RANSAC [19]
for sigRNA-seq, we selected a set of genes according to
criteria described in Methods to obtain values of RCPG
from the mRNA&gDNA library and expression levels
from the ssRNA-seq for each sample (Not all shown)
(Additional file 1: Figs.S2C, S4B and Additional file 2:
Table S2). Eventually, the model can be used to calibrate
the RCPG of each expressed gene using expression data
from ssRNA-seq (Fig. 3B).

To validate the reliability of our model, we applied
sigRNA-seq in the HEK293T and IOSE-80 cell lines to
estimate the number of mRNA molecules per genome.
In these cells, we detected approximately 118,15 and
153,469 mRNA molecules (Fig. 3C). In addition, we per-
formed qPCR of seven genes with moderate gene expres-
sion and three intergenic regions as references to validate

(See figure on next page.)
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our sequencing data (see Methods). The results showed
that the expression of these genes quantified by sigRNA-
seq was consistent with the signals from qPCR (Fig. 3D),
further demonstrating the reliability of our sigRNA-seq
for gene expression quantification. Together, we estab-
lished a reliable analysis pipeline and model in sigRNA-
seq to quantify gene expression.

Example of siqRNA-seq for differential gene expression
analysis

RNA-seq remains the primary tool for differential
expression gene (DEG) analysis to study the change in
expression of genes or transcripts under different con-
ditions [1]. To exemplify the merits of sigRNA-seq for
quantitative mapping of the mRNA landscape and DEG
analysis, we performed sigRNA-seq on HEK293T cells
treated with actinomycin D (ActD). ActD, which has
been widely used to study mRNA stability, is a transcrip-
tion inhibitor that does not significantly affect DNA
replication or protein synthesis at low concentrations
[20, 21]. Compared to the untreated control, the abun-
dance of mRNA quantified by sigRNA-seq was greatly
reduced in treated cells as expected (Fig. 4A, Additional
file 1: Fig.S4A, and Additional file 2: Table S4). The
results of DEG analysis using the sigRNA-seq method
showed that almost all DEGs were downregulated
(4,746 genes) except one gene that showed upregula-
tion in our data (Fig. 4B). In contrast, if we use the tra-
ditional FPKM normalization method for ssRNA-seq
data to quantify gene expression, the fold change trend
of all genes in the traditional normalization method was
higher than that in the sigRNA-seq method (Fig. 4C and
Additional file 1: Fig.54C). In summary, approximately
50% of genes showed an upregulation trend (Fig. 4C),
and 2,119 genes were identified as upregulated genes
by the FPKM normalization method (Fig. 4D). In addi-
tion, some downregulated genes of siqRNA-seq were
assigned to upregulated genes in the FPKM normaliza-
tion method, such as FUCA2, ARF5, GGCT, CCDC124,
RPS20, CSDE1, MDHI1, FHLI1, and GRN. In line with
siqRNA-seq, RT-qPCR confirmed that these genes
were downregulated in ActD-treated cells (Additional
file 1: Fig.54D). These results together suggested that
sigRNA-seq shows advantages in accurately identifying

Fig. 3 Pipeline and model of sigRNA-seq for gene expression quantification. A Schematic diagram showing the pipeline for intergenic regions (IRs)
screening in the gDNA library. There IRs are used for assessment of gDNA depth in sigRNA-seq quantitative analysis. B Schematic diagram showing
the model of sigRNA-seq for gene expression quantification. In the mMRNA&gDNA library, a set of genes was selected for constructing a linear model
using RCPG values from the mMRNA&gGDNA library and FPKM values from ssRNA-seq. Then, the established linear model was applied to transform
the FPKM values of all genes in the ssRNA-seq to RCPG. € Bar plot showing the number of mRNA molecules per cell in HEK293T and IOSE-80 cells
based on sigRNA-seq quantification. D The quantitative results of sigRNA-seq were verified by RT-qPCR in HEK293T cells. n.s.: not significant



Wang et al. BMC Genomics (2024) 25:743

gDNA library

A intergenic genel

Page 6 of 13

== Abnormal region of sequencing depth

bins == Genomic region + 10 kb
\ ‘ , == |ntergenic region for quantification
intergenic regions.saf
B mRNA&gDNA library ssRNA-seq
intergenic gene1 exon gene2 exon gene1l exon gene2 exon
bins N e ——— I 1 [ | | | |
RCPG =4 x MRNA depth mRNA depth
intergenic gDNA depth (FPKM)
gene set for quantification:
length > 1 kb
_RCPG 5~100 | MRNASGDNA library | | ssRNA-seq |
single copy gene i{ ¢
N | RCPG | | FPKM
’ v {
o S y=kx+b | RCPG of gene set | | FPKM of gene set |
% ,/, L 1
x ,af ¢
Pt . scale factor = k | scale factor for ssRNA-seq |
/‘,- €
. N v
FPKM | RCPG of expressed genes |

C D

180000 — 150 —
162340
150000 — .
8 3
Q120000 — 1130 g
5 b
:
§ 90000 —| 5
o
c >
o
g g
8 60000 < 50—
< [
= £
x
£ 30000
ol
0

I I I

N 9 N
R &R R )
T
3 & %
& & F S
¥ ¥ £ &

Fig. 3 (Seelegend on previous page.)

n.s. n.s.
| sigRNA-seq
mmm RT-qPCR

CALR PSMB4 PSMB6 SNRPB VDAC3 KPNB1 EIF3G



Wang et al. BMC Genomics

C

140,000
123040
120,000
100,000+
80,000
60,000
40,000

20,000-|

mRNA copy number per cell

o 71—

113990

(2024) 25:743

—1 Untreatment
=1 ActD-Treatment

32820 33626

HEK293T

Relative Quantification

RNA-seq

up1 (13.08%)

up0-1 (36.15%)

)#—,

down0-1 (30.05%)

down1-2 (15.04%)

/
Z

down2-3 (4.29%) [

down3-4 (0.82%) =———
down4 (0.21%

HEK293T

B sigRNA-seq
n=18268 !
7s{. .
14 i
[a) !
L 50 !
=) i
2 i
2 g
o--
- 3 0 3
log,Fold change
(ActD/Untreated)
siqRNA-seq D

’Ix ——

e

——

m

HEK293T treated with ActD

e

—

* down (4,746)
n.s. (13,521)

up (1)

__up1(0.02%
= up0-1 (o.zz"l..)

down0-1 (14.3%)

down1-2 (40.0%)

down2-3 (32.7%)

Page 7 of 13

Relative Quantification RNA-seq

150

-log,oFDR
8

o
=)

fi=18,268;

lo

g,Fold change

down3-4 (11.06%)

=down4 (1.97%)

G

HEK293T treated with ActD

log,(untreated(RCPG))

R =0.400
n=18268 + .°

n_neighbors

log,gene length

log,Fold change
(ActD/Untreated)

R =0.065
n=18,268

log,Fold change
(ActD/Untreated)

© T 0
53
n_neighbors c ©
Prso S % s
500 -
250 % 2
" L3
=
o
o<,

(ActD/Untreated)

P <2.2e-16

» down (3,476)
n.s. (12,531)
up (2,119)

RNA with mfA  RNA without méA

Fig. 4 Analysis of factors influencing the downward trend of ActD-regulated gene expression by sigRNA-seq. A Bar plot showing absolute
quantification of MRNA molecules per cell for ActD-treated and untreated HEK293T cells by sigRNA-seq. B Volcano plot showing the results

of the DEGs identified by sigRNA-seq for HEK293T cells treated with ActD compared to untreated control. Genes with fold change greater than 2
and FDR less than 0.01 were assigned as DEGs. C The Sankey diagram showing the trend of genes with different fold changes(log,) of Relative
Quantification RNA-seq and sigRNA-seq for HEK293T cells treated with ActD. In Relative Quantification RNA-seq, nearly 50% of genes showed

an upregulation trend, while sigRNA-seq showed almost no upregulation. D Volcano plot showing the results of DEGs identified by Relative
Quantification RNA-seq analysis for HEK293T cells treated with ActD compared to untreated control. Genes with a fold change greater than 2
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differentially expressed genes between samples with
distinct global mRNA levels using gDNA as an internal

reference (Additional file 2: Table S5).

ActD intercalates into DNA to form a very stable
complex with DNA to prevent the unwinding of the

DNA double-helix; thus, transcription could be globally
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inhibited [21]. However, the degradation rates may be
distinct among these expressed genes, as our data shown
(Fig. 4B and D). Next, we investigated some potential fac-
tors that may impact the degradation of genes respond-
ing to ActD. First, we performed a correlation analysis
between the fold change (FC) of gene expression after
ActD treatment and the gene expression levels in the
control. Our results showed that the Pearson correla-
tion coefficient was approximately 0.400 between them
(Fig. 4E), suggesting that the gene degradation rate is
positively correlated with the expression level. We also
observed that the FC of genes downregulated by ActD
was slightly positively correlated with gene length (Pear-
son r=0.065) (Fig. 4F). Additionally, we investigated
the influence of N6-methyladenosine (m®A) modifica-
tion on changes in expression induced by ActD. mPA,
a chemical derivative of adenosine in RNA, has been
increasingly reported as an important RNA modifica-
tion involved in RNA metabolism, such as altering pre-
mRNA processing, promoting mRNA nuclear export,
changing mRNA stability, and increasing translation
efficiency [22, 23]. It has been reported that some genes,
such as YTHDF1, YTHDF2, and YTHDEF3, trigger the
rapid decay of m®A-modified transcripts [24, 25]. Com-
paring m®A-modified mRNA with mRNA without m®A
modification, we observed a larger change in m®A modi-
fied mRNA than mRNA without m°A modification, indi-
cating that m®A mediates mRNA decay as previously
reported (Fig. 4G) [24, 25].

High diversity of total mMRNA expression in tumor cell lines

In recent years, due to the continuously rising incidence
of cancer, it has become a significant global public health
issue. Consequently, research on tumor cells remains
a hotspot [26-28]. We applied sigRNA-seq to tumor
cell lines HCT116, A498, DU145, NCI-H226, SK-OV-3,
MDA-MB-468, and SW620 to estimate the number of
mRNA molecules per genome. In these cells, we detected
approximately 64,410, 76,500, 142,008, 55,742, 56,865,
72,380, and 47,147 mRNA molecules (Fig. 5A), indicat-
ing a high degree of diversity in total mRNA expression
among tumor cell lines. Through analysis of the mRNA
quantification data from these tumor cell lines, we found
that the total mRNA content in DU145 tumor cell line
was significantly higher than in other tumor cell lines.
Therefore, we further investigated the underlying reasons
for this phenomenon and discovered that it was due to
the overall higher levels of gene expression rather than a
few specific genes (Fig. 5B). Together, with the assistance
of sigRNA-seq technology, it was revealed that there is a
rich diversity in total RNA expression among tumor cells.
Regarding the diversity of total RNA expression in tumor
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cells, we speculate that it may be attributed to changes in
genomic polyploidy [29-31].

Discussion

In this study, we present a novel method, sigRNA-seq,
to profile and quantify global gene expression (Figs. 1A
and 3A). Without spike-ins, sigRNA-seq integrates reads
from gDNA and mRNA to construct a model for quan-
tification of mRNA copy number per genome or per cell
(Figs. 1B and 3B). Thus, sigRNA-seq allows the accurate
identification of differentially expressed genes between
samples with distinct mRNA abundances to study RNA
dynamics under different conditions (Additional file 1:
Fig.S4A).

Although RNA-seq has been applied in various fields
for decades [32], DEG analysis remains at the essential
stage for gene expression studies [1]. Current normali-
zation methods for DEG analysis generally assume that
cells have similar RNA abundance, however, this can
result in erroneous conclusions for cells globally express-
ing different RNA levels, such as increased mRNA abun-
dance correlating with high metabolic activity in active
cell cycling cells [33-35]. To quantify the abundance of
gene expression, several methods have been reported,
such as counting cell numbers to measure different RNA
abundances based on the Quant-iT assay [33], counting
cell numbers combined with adding a known quantity
of spike-in RNAs [36], or constructing a linear correla-
tion between sequencing read count and RNA abun-
dance [37]. However, these methods use absorbance or
fluorescence measurements to estimate RNA content
per cell with risks of large technical error. The process of
cell counting might delay the time point and change the
gene expression pattern. Although spike-in RNAs, such
as commercially available ERCC, can be used to measure
sensitivity, accuracy, and biases in RNA-seq experiments
as well as to derive standard curves for quantifying the
abundance of transcripts, they are still highly expensive
[9]. Besides, RNase is ubiquitous. RNA standards must
be carefully processed to prevent them degradation. In
contrast, sigRNA-seq, which uses reads from gDNA as
the internal reference to quantify gene expression levels,
enables us to assess the copy number of mRNA per cell
or per genome, with the advantages of no requirement of
cell counting and spike-in controls. In addition, the ratio
of mRNA and DNA in whole nucleic acids is stable dur-
ing dilution to a needed concentration for library con-
struction. For materials, such as multinucleated skeletal
muscle or polyploid plants, it may be interesting to inves-
tigate their expression profiles per genome. Therefore,
we consider sigRNA-seq to be an extended RNA-seq
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Fig. 5 High diversity of total mMRNA expression in tumor lines. A The bar chart showing the quantitative results of total mMRNA content in seven
tumor cell lines obtained through sigRNA-seq. B The bar charts showing the density distribution of fold changes in differential expression compared

to tumor HCT116 across these tumor cell lines

method to quantify expression in cells with multiple
nuclei.

As with all high-throughput sequencing methods,
sigRNA-seq has limitations. In sigRNA-seq, RNAs were
reverse-transcribed with oligo(dT) to synthesize cDNA.
The efficiency of reverse transcription greatly impacts the
accuracy of quantification. However, the efficiency can be

improved by high-efficient reverse transcriptase in opti-
mized reaction buffer. In addition, the efficiency is equal
for samples in the same experiment without influencing
the expression comparison. Another limitation of our
sigRNA-seq is that we only tested the whole nucleic acid
extraction method on mammalian cells. For samples,
such as microorganisms or plant tissues with cell walls,
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we may need to optimize the extraction method for dif-
ferent materials. Additionally, cells in the G1 phase of
meiosis are required to normalize mRNA copy number
to "per cell” by sigRNA-seq, it might be not easy for many
samples to isolate cells in the G1 phase. Thus, the “per
genome” method may be more practical to normalize
data for comparative analysis of gene expression among
conditions.

Conclusion

In summary, sigRNA-seq is a spike-in independent quan-
titative RNA sequencing method, which creatively uses
gDNA as an internal reference to quantify gene expres-
sion. sigRNA-seq enables us to assess the copy number
of mRNA per genome or cell with no requirement of cell
counting and spike-ins. We consider that sigRNA-seq
can be supplied as a complementary tool to profile and
quantify gene expression in many fields.

Methods

Cell preparation

Human embryonic kidney cells (HEK293T), human nor-
mal ovarian cells (IOSE-80), human colon cancer cells
(HCT116), Human renal cell carcinoma cells (A498),
human prostate cancer cells (DU145), human squamous
lung cancer cells (NCI-H226), human ovarian cancer cells
(SK-OV-3), human breast cancer cells (MDA-MB-468),
and human colorectal adenocarcinoma cells (SW-620)
were purchased from Xiaofan Technology, Guangzhou.
They were cultured simultaneously in a medium contain-
ing 10% fetal bovine serum (Gibco) and 1% penicillin—
streptomycin (Gibco) at 37 °C with 5% CO,. When cells
reached approximately 90% confluence, they were col-
lected for nucleic acid extraction.

For actinomycin D treatment, cells were cultured to
80% convergence and changed to fresh medium with
actinomycin D at a final concentration of 5 pg/ml for
12 h. Then, the medium was removed, and the cells were
carefully washed once with PBS. To collect cells, cultures
were digested with 0.25% Trypsin-EDTA (Gibco) at
37 °C for 5 min. Untreated HEK293T cells were cultured
simultaneously as controls.

Nucleic acid extraction from cells

Total nucleic acids were extracted from the collected cells
by SDS and proteinase K methods. Briefly, approximately
1x10° cells were resuspended in 4 ml TE buffer with
0.5% SDS and 0.1 mg/ml proteinase K and incubated at
37 °C in a shaker at 200 rpm for 4 h. Then, 1/4 volume
5 M potassium acetate was added, mixed well, and placed
on ice for 15 min. Finally, the total nucleic acids were
purified by the phenol-chloroform extraction method
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and precipitated with 1 volume of isopropanol. Purified
total nucleic acids can be stored at -80 °C until later use.

Genomic DNA (gDNA) library construction

During siqRNA-seq quantification, the gDNA depth of
the mRNA&gDNA libraries was assessed by intergenic
regions (IRs) that were picked out from gDNA libraries.
To construct the gDNA library, the extracted total nucleic
acid was dissolved in enzyme-free water and digested
with RNase A at 37 °C for 40 min to remove RNA. Then,
the gDNA was fragmented by sonication for library prep-
aration by the Accel-NGS 1S Plus DNA Library Kit (Swift
Accel-NGS) according to the manual. We compared the
IRs of three cell lines (HEK293T, IOSE-80, and HCT116)
and found that their IRs are almost identical. Therefore,
this study utilized the IRs identified in HEK293T cells
for quantitative analysis of sigRNA-seq (Additional file 1:
Fig.S2B).

siqRNA-seq library preparation

sigRNA-seq includes two libraries for each sample, the
mRNA&gDNA library and ssRNA-seq library. Differ-
ent from the mRNA&gDNA library, total nucleic acids
need to be digested with DNase I at 37 °C for 40 min
to remove DNA for the ssRNA-seq library. To reduce
potential DNA contamination due to incomplete DNase
I digestion as possible, we have used the same amount of
the total nucleic acid in the digestion reaction and moni-
tored by Qubit" 1X dsDNA HS Assay Kit. Then, reverse
transcription was performed with oligo(dT) to synthesize
the first strand of complementary DNA (cDNA) for both
libraries. After extraction and purification, approximately
one-fifth of reversed products without sonication were
left for qPCR and others were ultrasonically fragmented
to 300 bp using ME220 (Covaris, 70 W, 20% Duty factor,
1,000 cycles per burst, 130 s, at 4 °C) for library prepa-
ration using the Accel-NGS 1S Plus DNA Library Kit
according to the manual, which can use ssDNA as sub-
strate for library preparation.

Routine transcriptome analysis

The libraries were sequenced on NovaSeq 6000 platform.
The data were checked by Fastp (version 0.23.1) software
[38] and mapped to the GRCh38 genome via HISAT2
(version 2.2.1) software [39]. Using two normalization
methods to output BigWig files, one is RPCG normaliza-
tion: BamCoverage from Deeptools (version 3.5.1) [40]
is used to convert Bam format to BigWig format and
normalize it to 1Xsequencing depth (RPGC). Another
type of normalization is based on IRs: the multiBigwig-
Summary BED-file (version 3.5.1) for IRs was used to
calculate the average score of the BigWig files and the
following formula was used to calculate the scale factor.
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Corrected BigWig files were generated using the scale
Factor parameter in BamCoverage.

SRs,,, is the average of the average scores for all
regions. IRs are the intergenic regions. IRs,,, represents
the average depth of IRs.

avg

SRS 4vg

scale factor =
IRs ;g

The gene expression profiles were quantified to obtain
the fragments per kilobase of the exon model per million
mapped fragments (FPKM). Read counts were quanti-
fied with FeatureCounts software [41]. PCA in R was
performed using the prcomp function. The correlation of
the samples was determined by Pearson’s method, using
the cor function. The differential expression analysis was
performed using edgeR (version 3.26) [42]. Cut-off values
|log2(FC)|>1 and Padj<0.05 were used for differential
gene expression analysis. The Python package pyecharts
was used to draw Sankey diagrams.

To determine the minimal number of reads required
for mRNA and gDNA libraries to confidently normal-
ize FPKM values in ssRNA-seq to RCPG values, we ran-
domly subsampled raw fastq files with different numbers
of reads and compared their correlations to the original
data (Additional file 1: Fig.S5). According to the results,
we found that at least 10 million reads are needed for
mRNA & gDNA libraries to establish a reliable normali-
zation model.

Quantitative analysis of siqRNA-seq

The sigRNA-seq quantification process was initiated with
the step of splitting the gDNA library into 10 kb windows
using Bedtools make windows (version 2.30.0) [43]. Then,
windows with sequencing depths 10% above or below the
median were sorted out after statistical calculation by
multiBamSummary of Deeptools (version 3.5.1) [40]. In
particular, the windows overlapping with any gene or its
10 kb flanking region were discarded, and those overlap-
ping with regions that could be mapped by the ssRNA-
seq reads were also removed. The remaining windows
were named intergenic regions (IRs). Mapped reads of
the mRNA&gDNA library for the genomic region, IRs,
and genes were counted to gain the depth of each feature.
The RCPG was calculated as follows:

(Gi — IRsan) w
IRs g

RCPG i =

wer

In the formula, “i” represents gene i, “Gi” represents the
depth of gene i, and IRs,,, represents the average depth of

avg
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IRs. The diploid genome is double-stranded DNA, which
means that there will be two copies of each region. cDNA
reversely transcribed from mRNA has single-stranded
DNA. Thus, one mRNA read is equal to four gDNA
sequencing reads in the mRNA&gDNA library as shown
in the formula.

The gDNA reads in the mRNA&gDNA library may
result in some low-expressed genes not being accurately
calculated from the data in the mRNA&gDNA library.
Therefore, correction of the expressed gene RCPG in
ssRNA-seq was performed by constructing a linear
model. To construct a linear model, we selected a set of
genes that met the following criteria.

(1) Considering that some genes have multiple copies
or pseudogenes in the genome. Genes with outlier
depth in the gDNA library were removed.

(2) Lengths of genes less than 1,000 bp were removed
to reduce bias in genes with as short a length as
possible.

(3) Genes with RCPG values obtained from
mRNA&gDNA library should be between 5 and
100 to reduce interference from possible outliers.
The number of genes with RCPG values between 5
and 100 is consistent with the expected moderate
expression levels of genes that exclude quantitative
biases caused by under- or overexpression of genes
(Additional file 2: Table S6).

Overall, we used RANSAC [19] to screen eligible
genes in mRNA&gDNA libraries and construct a lin-
ear model (Additional file 1: Fig. 2C). Then the FPKM
of all expressed genes in ssSRNA-seq was calculated. and
corrected by this linear model. The final result was the
RCPG expressed by each gene.

Quantitative verification by RT-qPCR

To test the accuracy of our sigRNA-seq quantification,
RT-qPCR was used for validation. According to the
results of the sigRNA-seq sequencing, seven genes with
moderate gene expression and three intergenic regions
were selected. Primers were designed for genes and inter-
genic regions for RT-qPCR validation. First, a standard
curve was established for the ten pairs of primers (Addi-
tional file 1: Fig.S3). Since the gene primers are located
in the exon, gDNA can be used as the amplification tem-
plate. Using gDNA as a template, five gradients (20 ng/pl,
10 ng/pl, 5 ng/pl, 2.5 ng/pl, 1.25 ng/ul) were diluted by
2 x dilution. qPCR was performed with designed primers,
and each primer was repeated 3 times. According to the
output Cq value of each dilution gradient, the standard
curve and the standard curve equation of each primer
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were calculated. Our experimental samples were then
diluted within the dilution gradient range (1.25—20 ng/
ul), and RT-qPCR was performed on the samples using
gene and intergenic region primers. One Cq value was
output for each gene and intergenic region primer, and
the Cq values of the two primers were substituted into
the equation for their respective primers. The amount
of gDNA per diploid genome is four, so the ratio of
four times the gene primer values to intergenic regional
primer values is RCPG. RT-qPCR quantification values
and siqRNA-seq quantification values differed within
10%. Primers for HEK293T cell genes and intergenic
regions were designed according to the design principle
of fluorescence primers (Additional file 2: Table S7).

Verification of gene differential expression analysis

The transcriptome of HEK293T cells treated with actino-
mycin D for 12 h was analyzed by Relative Quantification
RNA-seq and siqRNA-seq. We found that many genes
were upregulated in Relative Quantification RNA-seq,
while the expression of these genes in sigRNA-seq was
downregulated. Examples include FUCA2, ARF5, GGCT,
CCDC124, RPS20, CSDE1, MDH1, FHL1, and GRN.
Primers were designed for these nine genes and a house-
keeping gene, GAPDH, and RT-qPCR confirmed that
these genes were downregulated in ActD-treated cells.
The results show that sigRNA-seq shows advantages
in accurately identifying differentially expressed genes
between samples with different global mRNA levels.
Primer design was performed on selected genes accord-
ing to fluorescent primer design principles (Additional
file 2: Table S8).

Abbreviations

sigRNA-seq  Spike-in-independent quantitative RNA sequencing
DEGs Differentially expressed genes

gDNA Genomic DNA

cDNA Complementary DNA

sSDNA Single-strand DNA

ssRNA-seq Single-strand DNA ligation-based RNA sequencing

IRs Intergenic regions

RCPG The mRNA count per diploid genome
RCPC The mRNA count per cell

FPKM Fragments Per Kilobase Million

ActD Actinomycin D

FC The fold change

meA N6-methyladenosine

PBS Phosphate buffered saline

EDTA Ethylene Diamine Tetraacetie Acid
DMEM Dulbecco's Modified Eagle Medium
TE Tris—EDTA

RT-gPCR Quantitative reverse transcription PCR
SDS Sodium dodecyl sulfate

PCA Principal component analysis

RPGC Reads Per Genomic Content, defined as (total number of

mapped reads * fragment length) / effective genome size
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Additional file 1: Fig. S1. Quality control of sigRNA-seq. A Scatter plots
showing the correlation between repeats of ssRNA-seq. B Scatter plots
showing the correlation of ssRNA-seq and data from public databases. Fig.
S2. sigRNA-seq for gene expression quantification. A Pie chart showing
the size of abnormal sequencing depth regions, ssSRNA-seq signal regions,
and IRs in the genome. B Bar graph showing the region of IRs of the

three cell lines HEK293T, IOSE-80, and HCT116. C Scatter plots showing
the construction of linear models in the quantitative process. Fig. S3. RT-
gPCR standard curve and standard curve equation. Validate the standard
curve and standard curve equation for sigRNA-seq quantification. Fig.

S4. sigRNA-seq for differential gene expression analysis. A IGV snapshots
showing sigRNA-seq signals (IRs) in the human genome. Gene expression
was greatly reduced in ActD drug-treated HEK293T cells compared with
untreated controls. B Scatter plots showing the construction of linear
models for gene expression quantification of untreated HEK293T cells
and cells treated with ActD for 12 h. C Scatter plot showing the trend of
fold change for all genes analyzed by sigRNA-seq compared to Relative
Quantification RNA-seq for HEK293T cells treated with ActD for 12 h. D Bar
plot showing RT-gPCR validation of FUCA2, ARF5, GGCT, CCDC124, RPS20,
CSDET, MDH1, FHLT, and GRN genes downregulated in HEK293T cells
with ActD treatment. **: p- Value < 0.01; ***: p- Value < 0.001. Figure S5.
Subsampling analysis showing the minimal number of reads required for
sigRNA-seq. A Correlation analysis for data between subsampling mRNA
& gDNA libraries and the raw mRNA & gDNA library. B Correlation analysis
for data between subsampling ssRNA-seq and the raw ssRNA-seq. C Cor-
relation analysis for data between subsampling mRNA & gDNA libraries
and the raw ssRNA-seq.
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