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Abstract: Background/Objectives: High-throughput single-cell RNA sequencing (scRNA-seq) work-
flows produce libraries that demand extensive sequencing. However, standard next-generation
sequencing (NGS) methods remain expensive, contributing to the high running costs of single-cell ex-
periments and often negatively affecting the sample numbers and statistical strength of such projects.
In recent years, a plethora of new sequencing technologies have become available to researchers
through several manufacturers, often providing lower-cost alternatives to standard NGS. Methods:
In this study, we compared data generated from mouse scRNA-seq libraries sequenced with both
standard Illumina sequencing by synthesis (Illumina SBS) and MGI’s DNA nanoball sequencing
(DNBSEQ). Results: Our findings reveal similar overall performance using both technologies. DNB-
SEQ exhibited mildly superior sequence quality compared to Illumina SBS, as evidenced by higher
Phred scores, lower read duplication rates and a greater number of genes mapping to the reference
genome. Yet these improvements did not translate into meaningful differences in single-cell analysis
parameters in our experiments, including detection of additional genes within cells, gene expression
saturation levels and numbers of identified cells, with both technologies demonstrating equally
robust performance in these aspects. The data produced by both sequencing platforms also produced
comparable analytical outcomes for single-cell analysis. No significant difference in the annotation
of cells into different cell types was observed and the same top genes were differentially expressed
between populations and experimental conditions. Conclusions: Overall, our data demonstrate
that alternative technologies can be applied to sequence scRNA-seq libraries, generating virtually
indistinguishable results compared to standard methods, and providing cost-effective alternatives.

Keywords: single-cell RNAseq; DNBSEQ sequencing; Illumina SBS sequencing

1. Introduction

Single-cell RNA sequencing (scRNA-seq) has revolutionized our ability to profile
gene expression across thousands of individual cells, offering unprecedented insights into
cellular heterogeneity and function. This technique holds immense value for numerous re-
search and clinical applications [1,2]. While competition is slowly driving down scRNA-seq
reagent prices, standard next-generation sequencing (NGS) methods for library sequencing
remain expensive. These high running costs can lead researchers to use fewer samples for
experiments, resulting in reduced statistical strength in single-cell experimental projects.
The increasing demand for more cost-effective, high-quality short-read data, fuelled by
emerging applications such as scRNA-seq and other workflows, has contributed to new
NGS technologies being developed by new companies entering the sequencing market [3].
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Illumina sequencing by synthesis (Illumina SBS) is the most established second-
generation sequencing technology and has been the primary choice for most researchers
due to its reliability and widespread adoption, with more than 90% of the world’s data
being generated with its technology [4]. MGI’s DNA nanoball sequencing (DNBSEQ)
platform is one of several alternative technologies seeking to offer competitive solutions.
Both DNBSEQ and Illumina SBS utilize a biochemical process to amplify template DNA on
flow-cell surfaces, enhancing fluorescent signals. However, they differ in the amplification
method and the fluorescence used. With the Illumina SBS technique, the amplification
is performed through bridge amplification, while with the DNBSEQ technology DNA
fragments undergo rolling circle amplification, where each clonal copy of DNA is amplified
from the template circularized DNA fragment, forming spherical “nanoballs” of amplified
DNA. With Illumina SBS, the nucleotides are labelled with fluorescent dyes, while DNBSEQ
uses nucleotides labelled with fluorescently labelled antibodies [3,5].

This study aims at comparing the performance of these two sequencing technologies
specifically for single-cell transcriptomics. While previous studies have evaluated these
platforms for bulk RNA-seq [6,7], the only existing reports for single-cell RNA-seq [8,9] have
potential conflicts of interest, as they were funded by the manufacturers of the technologies.
For the comparison we used data from Csf1r∆FIRE/∆FIRE transgenic mice, as extensive
transcriptomic changes have been reported in this mouse model [10]. Csf1r∆FIRE/∆FIRE mice
are designed to lack microglia, the main innate immune cell type in the central nervous
system, and we showed that this deficiency altered the transcriptomic profiles of other brain
cell types, especially oligodendrocytes, which specialize in producing myelin to insulate
neuronal axons. These transgenic mice have a population of dysregulated oligodendrocytes
that are not found in wild-type control mice, and these cells express Serpina3n and C4b,
markers documented to be associated with demyelination, ageing and disease [11]. This
clear difference between the datasets allowed us to achieve our aims and not only compare
the technical sequencing parameters but also assess whether the sequencing method used
influenced the biological outcomes.

The 10X Genomics libraries from Csf1r∆FIRE/∆FIRE mice had been sequenced on Illu-
mina Novaseq 6000 (Illumina, San Diego, CA, USA) as published in [12]. These same
libraries were also converted into DNBSEQ-compatible libraries and were sequenced on
an MGI DNBSEQ-T7 instrument (MGI, Shenzhen, China). Therefore, this study does not
assess the library preparation differences but focuses solely on their sequencing.

We found that the sequencing quality (based on standard sequencing QC metrics) was
slightly better for DNBSEQ than Illumina SBS, but this did not translate into meaningful
differences in downstream biological observations, indicating equivalence between the two
methods for single-cell transcriptomics studies.

2. Materials and Methods
2.1. Single-Cell Datasets and Cell Collection

To compare both NGS technologies, we used internally generated scRNA-seq li-
braries using 10X Genomics 3’ V3.1 reagents. The libraries were generated from the
thalamus of the brain of Csf1r∆FIRE/∆FIRE mice and matched controls, at an aged timepoint
(17–19 months) [12].

The methods followed are as described previously in [12]. Briefly, brain tissue har-
vests and dissociations were performed at a consistent time of day for all eight mice, with
processing of mice of different genotypes being mixed to reduce batch effects. Tissues were
rapidly processed without perfusion, and thalami were dissected from both hemispheres
and processed. We generated brain single-cell suspensions using the Adult Brain Dissocia-
tion Kit (130-107-677, Miltenyi Biotec, Surrey, UK). Cell sorting was conducted to exclude
doublets, erythrocytes and debris. Post-sorting viability confirmation was performed, and
single cells were processed using the Chromium Single Cell Platform (Pleasanton, CA,
USA) (for details of each step, see [12]).
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2.2. Sequencing
2.2.1. Illumina SBS Sequencing

The library was quantified with Qubit and real-time PCR, while size distribution
was assessed using an Agilent Technologies Bioanalyzer 2100 fragment analyzer (Agilent,
Santa Clara, CA USA). Quantified libraries were pooled with other samples according to
effective library concentration and data amount required. The library was sequenced on
an Illumina NovaSeq 6000 instrument with an S4 flow cell as follows: 150 bp (Read 1),
2 × 10 bp (Indexes) and 150 bp (Read 2).

2.2.2. DNBSEQ Sequencing

Illumina-compatible libraries generated using the 10X Genomics 3’ V3.1 workflow
were converted for MGI sequencing using the PCR-based MGI Easy Universal Library
Conversion kit (App-A) (MGI, Shenzhen, China) following the manufacturer’s instructions.
The kit adds a 5’phosphate modification to the 10X library to enable circularization and
subsequent DNA nanoball generation as part of the DNBSEQ sequencing process. Inputs
of 50 ng were used, along with five cycles of PCR, to avoid the possibility of introducing
errors through PCR. The libraries were sequenced on an MGI DNBSEQ-T7 instrument with
an E1 flow cell. The sequencing consisted of 28 cycles for Read 1, 90 cycles for Read 2 and
10 cycles for the barcode indexes.

2.3. Bioinformatics

Illumina sequencing had been set to 150 bp reads due to the cycle configuration of an
S4 flow cell, while for DNBSEQ, the 10X Genomics recommendations were followed [13].
To facilitate the comparison, all reads were cropped to 90 bp R2 and 28 bp R1 with Trimmo-
matic (v 0.39) [14]. To ensure that the differences in read depth would not influence the
results, all samples were down-sampled to 300 M reads with the BBMAP reformat tool
(v38.11) [15]. FastQC (v 0.11.9) provided general sequencing parameters, aggregated with
MultiQC (v1.14) [16,17].

From the FastQC MultiQC reports, we extracted the Phred-Score from the ‘Per se-
quence quality scores’ plot raw data, and for each sample we obtained the mean Phred-Score
by averaging all the reads per sample. The duplicated reads per sample were also obtained
from the report, where they are defined as the percentage of the library that would be lost
if all reads with exactly the same sequence were reduced to one single copy. This includes
both technical duplicates (from PCR) and biological duplicates (due to the over-sequencing
necessary to capture lowly expressed genes).

The alignment and initial cell calling were performed with CellRanger (v 7.0.0) using
the default mm10 genome supplied by 10X Genomics (refdata-gexmm10-2020-A.tar.gz).
We then combined the CellRanger reports with MultiQC and imported the text output files
in R (v 4.2.1). From the CellRanger MultiQC reports we extracted the number of cells and
reads; the mapping quality with the percentage of reads mapped to overall genome and
to the intronic, exonic and antisense regions, and the sequencing saturation, defined as
1-n_unique_reads/n-reads).

Single cell RNA-seq analysis was performed with Bioconductor tools, namely Scater
for QC [18], scran for normalization [19], variance estimation and dimensional reduction,
and SingleR [20] to annotate the cells. The thresholds for the strict quality control were a
minimum of 3000 UMI counts and 750 genes detected and a maximum of 6% mitochondrial
genes. Differential expression analysis between Csf1r∆FIRE/∆FIRE and Csf1rWT/WT samples
was performed on the subsetted oligodendrocytes with MAST (v 1.24.1) [21]. To plot gene
metrics divided by technology (Figures 2C and 4C), the average values between the two
technologies were used for the genes detected in both.
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2.4. Statistics

The difference between the average Phred-Score and, the other paired values, such as
the percentage of duplicated reads per sample, the percentage of reads mapped to genome
or the sequencing saturation, were tested with a two-tailed paired t-test (n = 8, df = 7).

The correlation between technologies in the cell numbers per gene and UMIs detected
per cell were explored by fitting a linear model, reporting the coefficient of determination
(R2) on the plots.

To test if there was a significant difference in the distribution of cells among the cell
types between the two sequencing methods, we used a Chi-squared test of independence
(df = 10). We also used Chi-squared of independence to test if there was a difference in the
proportion of cells excluded during quality control (df = 1).

3. Results
3.1. DNBSEQ Shows Higher Sequencing Quality But No Improvement of Single-Cell
RNA-Seq Metrics

Due to the configuration requirements of an S4 flow cell, the Illumina SBS sequencing
reads were longer (150 bp) than the ones generated with DNBSEQ (28–90 bp). We trimmed
all reads to the same length to make them comparable. The reads were cropped to match the
10X Genomics recommendations [13]. This is 90 bp for Read 2, that contains the RNAseq
insert, and 28 bp for Read 1 that contains the cell barcode and the unique molecular
identifier (UMI). All libraries also greatly differed in sequencing depth, ranging from 300 M
to 400 M for both technologies. Therefore, to ensure an even comparison, all libraries were
randomly down-sampled to 300 M reads each.

To evaluate read quality, we assessed Phred-scaled quality scores, which represent the
confidence in base call assignments made by the sequencer [22]. A lower Phred score (<Q20)
indicates a lower base call accuracy, while Phred scores over 30 (>Q30) are considered
a benchmark for quality in next-generation sequencing with a probability over 99.9% of
bases being accurately called without ambiguities [23]. Both technologies achieved a Phred
quality score above Q30 for over 95% of bases. The average Phred quality score for the
samples sequenced with DNBSEQ was 35.76 ± 0.09, while the average for Illumina SBS was
35.50 ± 0.05. Although the two values were very similar, a paired t-test with the average
for each sample (n = 8) showed a significant difference between the means (p-value =
4.29 × 10−6, df = 7) (Figure 1A).

Another commonly used sequence quality indicator is the percentage of duplicated
reads, defined as the percentage of the library that would be lost if all reads with exactly the
same sequence were reduced to one single copy. There are two potential types of duplicates,
technical and biological. The technical duplicates are due to the PCR amplification steps
used during library preparation. The other source of duplication is biological duplicates,
where different copies of the same gene with identical sequence are randomly selected.
Both kinds of duplicates are expected in scRNA-seq, as cDNA PCR amplification and deep
sequencing are necessary to allow detection of lowly expressed transcripts; consequently,
highly expressed transcripts are commonly over-sequenced [16]. This potentially creates
a large set of duplicates, as seen in both DNBSEQ and Illumina SBS techniques where
the duplicates were over 60% for all samples, with Illumina SBS having a slightly greater,
although statistically significant, percentage of duplicates (Figure 1B).

To assess whether the differences in read quality (Q30) and duplicates affected the read
alignment to the reference genome, we proceeded with the alignment using CellRanger,
from 10X Genomics [24]. The most important metric to assess alignment quality is the
mapping rate, which is defined as a proportion of reads mapped uniquely to the refer-
ence genome, out of all input reads. For high-quality libraries, the mapping rate should
exceed 90%, while low mapping rates (<50%) generally indicate technical problems with
sample quality, during library preparation/sequencing, or data processing [25]. We can
further divide the mapping by whether reads map to areas that encode for exons or to
intronic/antisense regions of the transcriptome. Most reads come from exonic regions that
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code for proteins and are the main focus of most scRNAseq analysis. A small proportion of
reads fall into intronic regions from unspliced reads, or from antisense regions, from RNAs
that have a regulatory function.
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Figure 1. DNBSEQ shows higher sequencing quality but no improvement of single-cell RNA-
seq metrics. (A) Read count distribution against Phred scores, calculated based on the average
per-base Phred score for each Read 2. Each line represents a sample, with DNBSEQ-sequenced
samples depicted in blue and samples sequenced with Illumina SBS in yellow (n = 8; Illumina
SBS mean ± SD = 35.50 ± 0.05, DNBSEQ mean ± SD = 35.76 ± 0.09; t-test p-value 4.29 × 10−6).
(B) Box plot representation of the percentage of duplicated reads in each sample (n = 8; Illumina SBS
mean ± SD = 69.6 ± 1.3, DNBSEQ mean ± SD = 64.9 ± 1.6; t-test p-value = 1.78 × 10−5). (C) Box plot
representation of the percentage of reads mapped to the mouse reference genome. (n = 8, Illumina SBS
mean ± SD = 94.9 ± 0.48, DNBSEQ mean ± SD = 97.0 ± 0.31; p-value = 0.00149). (D) Box plot with the
percentage of reads confidently mapped to exonic regions (n = 8; Illumina SBS mean ± SD = 53.3 ± 2.0,
DNBSEQ mean ± SD = 52.2 ± 2.0; t-test p-value = 0.283). (E) Box plot with the percentage of reads
confidently mapped to intronic regions (n = 8; Illumina SBS mean ± SD = 33.7 ± 1.3, DNBSEQ
mean ± SD = 37.1 ± 1.4; t-test p-value = 0.000181). (F) Box plot representation of sequencing
saturation, a measure of the fraction of reads originating from an already-observed UMI (n = 8,
DNBSEQ mean ± SD = 63.5 ± 8.9, Illumina SBS mean ± SD = 64.9 ± 8.1; t-test p-value = 0.751). n.s.
p-value > 0.05; ** p-value < 0.01, *** p-value < 0.001.
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Following these criteria, we assessed the proportion of uniquely mapped reads for
each sample. Both sets of samples had a read mapping score over 90%, indicating a
high-quality mapping, with an average of 97 ± 0.48% for reads generated with DNBSEQ
and 94.9 ± 0.31% for the Illumina SBS (Figure 1C), with a small but significant difference
(p-value = 0.00149, n = 8). Dividing the mapping by genomic areas revealed that the
additional percentage of reads from the DNBSEQ libraries mapping to the genome were
mostly from antisense and intronic regions. The exonic mapping did not significantly differ
between the two sequencing technologies (p-value = 0.283, n = 8), while the reads mapped to
intronic and antisense regions were increased in the DNBSEQ libraries (p-value = 0.000181
and p-value = 0.00159, respectively, n = 8) (Figure 1D,E and Supplementary Figure S1A).

On top of the alignment to the reference genome, CellRanger performs an alignment
to the transcriptome, barcode processing and cell calling. This yields additional metrics
that can give an insight into the quality of the sequencing technologies specifically for
scRNA-seq. Despite a significant difference in the percentage of mapped reads between
the two technologies, this did not affect the single-cell-specific quality metrics. The se-
quencing saturation, which denotes the point of diminishing returns in discovering new
genetic features despite increased sequencing depth, was comparable for both technologies
(Figure 1F). The average number of cells detected, as well as the numbers of reads and
genes per cell were also not significantly different between technologies (Supplementary
Figure S1B–D).

3.2. Different Sequencing Technologies Yield Comparable Gene Expression Data

We next compared the cells and genes detected in scRNA-seq experiments using
the two sequencing technologies. We observed that most cells and genes detected were
overlapping between the samples sequenced with Illumina SBS or DNBSEQ technology
(Figure 2A).

We then performed a stricter quality control and compared the remaining cells and
genes that did not overlap post quality control. For cells, the quality control consisted of
removing cells with low UMI counts (Figure 2B), low genes detected and high mitochon-
drial genes. These values normally indicate low-quality cells (e.g., dead cells). For genes,
the quality control consisted of filtering for genes that were not expressed in at least ten
cells (Figure 2C). After stricter quality control was carried out using these parameters, only
three cells and two genes (marked in grey in the “only in DNBSEQ” and “only in Illumina
SBS” groups) were not detected in both technologies (Figure 2B,C).

We next measured the correlation between sequencing methods from the cells and
genes detected with both DNBSEQ and Illumina SBS sequencing technologies. The number
of genes per cell had a correlation with an R2 of 0.9964 between sequencing methods
(Figure 2D), and the average gene expression for each gene had a correlation of R2 0.9958
(Figure 2E).
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Figure 2. Different sequencing technologies yield comparable gene expression results. (A) Area-
proportional Venn diagrams showing overlapping genes and cells detected with each technology
before the strict quality control filtering. DNBSEQ is depicted in blue and Illumina SBS in yellow.
(B) Violin plots showing the UMI count per cell. On the x-axis, cells are separated according to
being detected with both technologies, or only one of the technologies. In red are the cells that were
discarded after the stricter quality control. (C) Violin plot with the distribution of the number of cells
where each gene is detected. On the x-axis, genes are separated according to being detected with
both technologies or only one of the technologies. In red are the genes that were discarded after the
stricter quality control. (D) Cell correlation analysis between both technologies, measured comparing
the number of detected genes for each cell. (E) Gene correlation analysis between both technologies,
measured comparing the average expression for each gene across cells.

3.3. Similar Cell Populations Were Identified with Both Technologies Using Reference-Based
Algorithms as Well as Marker Gene Expression

To further assess the concordance between the two datasets, we merged the data and
conducted a comprehensive joint analysis. The most broadly applied method to visualize
scRNA-seq is laying all cells into a reduced dimensional reduction space such as a T-
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SNE plot. The goal of a dimensional reduction for visualization is to place cells with a
similar gene expression together and different cells further apart on the 2D plane. The
dimensional reduction surprisingly revealed no batch effects attributable to the sequencing
technology employed. With no integration, all cells were already overlayed in the T-SNE
plot (Figure 3A), highlighting a high level of agreement between the two datasets and
affirming their similarity.
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Figure 3. Similar cell populations were identified with both technologies using reference-based
algorithms as well as marker gene expression. (A) T−SNE dimensional reduction computed with
the data coming from both technologies. The cells are colored and split in the panels according to
the technology used for sequencing. (B) T−SNE dimensional reduction colored with the assignment
to the different brain cell types by transfer label. (C) Barplot with the number of cells assigned to
each cell type from each technology. (D) Barplot with the proportion of cells from each technology
assigned to each cell type. (E) Violin plot showing the gene expression distribution of biomarkers for
the four most abundant cell types in this dataset as an illustration of similarity.

Discerning individual cell types within a diverse population constitutes a pivotal
initial stage in the analysis of scRNA-seq data as it lays the groundwork to further explore
the system under investigation. Cell-type identification is typically accomplished using
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two main methods: reference-based scoring or manual annotation. For reference-based
scoring, we used the reference dataset [26] and transferred the labels with singleR to
our merged dataset containing the data from both technologies. The obtained labels are
represented by color on the T-SNE plot in Figure 3B. We tested if there was a difference in
the cell distribution among the different assigned cell types between the two sequencing
technologies with a Chi-squared test of independence, and the analysis did not yield any
significant difference in the labelling results (df = 10) (Figure 3C,D). For manual annotation,
known markers are used to annotate cells. We used gene expression for markers of the
four most abundant cell types: Pdgfra for oligodendrocyte progenitor cells (OPCs), Mbp
for oligodendrocytes, P2ry12 for microglia and Cldn5 for endothelial cells. These markers
showed the same expression distribution across cell types regardless of the sequencing
method used (Figure 3E).

3.4. The Sequencing Method Used Minimally Affects Meaningful Biological Comparisons

Oligodendrocytes are the most affected cell type in the Csf1r∆FIRE/∆FIRE genotype, with
a new population of dysregulated oligodendrocytes appearing only in the depleted mice
(Figure 4A), characterized by increased expression of the Serpina3n and C4b transcripts [26].
To evaluate if the same biological observation could be recapitulated independently of the
sequencing technology used, we investigated whether the dysregulated gene expression of
oligodendrocytes in the Csf1r∆FIRE/∆FIRE mice [12] was similarly detectable in both datasets.
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Figure 4. The sequencing method used minimally affects meaningful biological comparisons.
(A) T−SNE plot with the subsetted oligodendrocytes showing the population unique to the
Csf1r∆FIRE/∆FIRE compared to its control (indicated by the arrow). (B) Venn diagram showing the
overlap of results obtained with the DNBSEQ (blue) and the Illumina SBS (yellow) libraries for
the differentially expressed genes between Csf1r∆FIRE/∆FIRE and the control calculated with MAST.
(C) Box plot with a comparison of the absolute log2FC expression obtained from the genes that were
detected in both analyses, only in the analysis with the Illumina SBS technology and only obtained in
the analysis with the DNBSEQ technology. (D) T−SNE with superimposed expression of Serpina3n
compared between both technologies. (E) T−SNE with superimposed expression of C4b compared
between both technologies.
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Differential expression analysis between control and Csf1r∆FIRE/∆FIRE oligodendro-
cytes yielded 156 differentially expressed genes with DNBSEQ sequencing and 186 dif-
ferentially expressed genes with Illumina SBS sequencing. Out of those, 152 genes were
identified with both technologies (Figure 4B).

To better understand the differences between the two results, we compared the magni-
tude of the changes from the genes obtained with one or the two technologies. The genes
only detected with one of the analyses had a smaller change (average abs (log2FC) = 0.26)
between Csf1r∆FIRE/∆FIRE and control than the genes obtained with both (average abs
(log2FC) = 0.46). None of the genes only detected with one technology had a change greater
than 0.3 abs (log2FC) (Figure 4C). When analyzing differential expression, results are often
sorted by log2FC or p-value and the genes with maximum change are then explored further.
When doing this, the top 10 hits in both classifications were identical between the analysis
performed with each technology (Supplemental Tables S1–S4) and included our known
marker genes Serpina3n and C4b [26] (Figure 4D,E).

4. Discussion

In this study, we compared MGI’s DNBSEQ technology with the broadly used bridge
amplification sequencing technology from Illumina for scRNA-seq analysis to help re-
searchers make an informed choice when selecting emerging sequencing alternatives.

Overall, both DNBSEQ and Illumina SBS technologies gave values of Phred-score
and mapping to the genome associated with high-quality libraries [23,25]. DNBSEQ-
converted libraries showed lower values of duplicated reads, possibly due to the linear
DNA amplification (rolling circle DNA synthesis) method used by DNBSEQ compared to
PCR amplification used by the Illumina SBS technology (Figure 1). The number of cells
recovered was not significantly different between both technologies. Moreover, the cells
only recovered in the DNBSEQ or Illumina SBS libraries were low-quality cells, which are
likely just below or above the lenient CellRanger thresholds [27]. Most importantly, the
cells and genes kept and detected with both technologies were highly comparable, with R2
gene expression and cell correlations exceeding 0.995 (Figure 2).

This similarity was emphasized when we merged the two datasets with no integration
and observed no batch effects between the two technologies. Automated cell annotation
using a reference dataset also showed no significant difference in assigned cell types
between the two sequencing technologies (Figure 3). Finally, we performed a differential
gene expression between wild-type and Csf1r∆FIRE/∆FIRE oligodendrocytes and found
that most differences were detected in both datasets, including our selected genes that
we previously validated, and those that varied between the techniques had lower-fold
change expression differences (Figure 4). Therefore, although our comparison showed
statistically significant differences in sequencing parameters, the magnitude of this effect
in the biological context is not likely of substantial relevance. Overall, we believe that
these two sequencing technologies perform equivalently when applied to sequencing of
single-cell RNA-seq datasets.

Our findings are consistent with previous studies comparing DNBSEQ and Illumina
technologies for single-cell RNAseq and other transcriptomics. DNBSEQ has shown either
equivalent or slightly improved read quality over Illumina platforms [6,8,28]. Others have
studied the difference between these two technologies in bulk RNA-seq and have shown
a high concordance in global gene expression [6], concordance in the dimensional space
reduction [6,28] and equivalent differentially expressed genes [7,28]. Previous comparisons
in these sequencing methods for scRNA-seq show equivalent accuracy and sensitivity [9];
this translates into similar metrics like cell and UMI detection as well as population identi-
fication [8]. The impact of the differences between these technologies will clearly depend
on the question being answered; for example, DNBSEQ may detect more SNPs or INDELs
in whole-genome variant calling [29], but when using SNPs to assign single-cells to the
correct donor, there was no difference between the two platforms [8].
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Manufacturers continue to introduce new sequencing alternatives. Here, we compared
MGI’s DNBSEQ with the standard SBS chemistry from Illumina. MGI has already released
an improved kit to convert the Chromium 10X libraries to DNBSEQ-compatible libraries,
and Illumina is releasing its SBS-XLEAP technology. The SBS-XLEAP sequencing chemistry
works on the new X and Xplus Illumina instruments and is sold as a cheaper alternative than
the classic SBS chemistry, while providing higher-quality reads. In addition, competitors
like PacBio, Element Biosciences and Ultima are also entering the short-read sequencing
market [3,30]. Therefore, more studies on the state-of-the-art reagents for both technologies
compared here, as well with other competitors, would be useful. However, for standard
scRNA-seq applications, the read quality improvements from these technologies are likely
to have less impact than the cost reductions driven by increased competition.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/genes15111436/s1. Figure S1: DNBSEQ has more reads mapped
to the antisense regions than Illumina SBS. The single-cell-related metrics—i.e., the percentage
of reads in cells, the number of cells and the number of genes—were not altered depending on
the technology used. Table S1: Top p-value-sorted differentially expressed genes between wild-
type and Csf1r∆FIRE/∆FIRE oligodendrocytes with DNBSEQ sequencing. Table S2: Top p-value-
sorted differentially expressed genes between wild-type and Csf1r∆FIRE/∆FIRE oligodendrocytes
with Illumina SBS sequencing. Table S3: Top logFC-sorted differentially expressed genes between
wild-type and Csf1r∆FIRE/∆FIRE oligodendrocytes with DNBSEQ sequencing. Table S4: Top logFC-
sorted differentially expressed genes between wild-type and Csf1r∆FIRE/∆FIRE oligodendrocytes with
Illumina SBS sequencing.

Author Contributions: Conceptualization, A.C., N.B.-C. and A.W.; Methodology, A.C., M.B. and
N.B.-C.; Validation, D.A.D.M. and J.P.; Formal Analysis, N.B.-C.; Resources, A.W., A.C., J.P. and
D.A.D.M.; Data Curation, N.B.-C.; Writing—Original Draft Preparation, N.B.-C.; Writing—Review &
Editing, all authors; Visualization, N.B.-C.; Supervision, A.W., J.P., and A.C.; Funding Acquisition,
A.W., J.P. and A.C. All authors have read and agreed to the published version of the manuscript.

Funding: This work is supported by the UK Dementia Research Institute through UK DRI Ltd.,
principally funded by the Medical Research Council (J.P. and A.W.), and the MS Society UK (A.W.),
and by the University of Edinburgh, Institute for Regeneration and Repair and School of Biological
Sciences (N.B.-C., M.B., and A.C.). For the purpose of open access, the author has applied a Creative
Commons Attribution (CC BY) license to any Author Accepted Manuscript version arising from
this submission.

Institutional Review Board Statement: The study was conducted according to the guidelines of the
Declaration of Helsinki, and animal experiments were carried out under the authority of a UK Home
Office Project License following ethical approval and guidelines set under the Animal (Scientific
Procedures) Act 1986 (ref 10 here) (Clare Pridans’ license. PPL number: PP8165520|Granted: 12 May
21|Expires: 12 May 26).

Informed Consent Statement: Not applicable.

Data Availability Statement: The original data presented in the study are openly available in GEO at
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE267545 (accessed on 31 October 2024)
with accession number GSE267545 for the Illumina SBS sequencing. The DNBSEQ sequencing has
been uploaded to GEO and the accession number will be made available to reviewers on request.
The code used is available in GitHub under the repository https://github.com/SingleCellCRM/
MGIvsIllumina_scRNAseq/ (accessed on 31 October 2024).

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Marx, V. ScRNA-Seq: Oh, the Joys. Nat. Methods 2024, 21, 750–753. [CrossRef]
2. Jovic, D.; Liang, X.; Zeng, H.; Lin, L.; Xu, F.; Luo, Y. Single-Cell RNA Sequencing Technologies and Applications: A Brief Overview.

Clin. Transl. Med. 2022, 12, e694. [CrossRef] [PubMed]
3. Eisenstein, M. Innovative Technologies Crowd the Short-Read Sequencing Market. Nature 2023, 614, 798–800. [CrossRef]

[PubMed]

https://www.mdpi.com/article/10.3390/genes15111436/s1
https://www.mdpi.com/article/10.3390/genes15111436/s1
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE267545
https://github.com/SingleCellCRM/MGIvsIllumina_scRNAseq/
https://github.com/SingleCellCRM/MGIvsIllumina_scRNAseq/
https://doi.org/10.1038/s41592-024-02263-0
https://doi.org/10.1002/ctm2.694
https://www.ncbi.nlm.nih.gov/pubmed/35352511
https://doi.org/10.1038/d41586-023-00512-4
https://www.ncbi.nlm.nih.gov/pubmed/36807670


Genes 2024, 15, 1436 12 of 13

4. Illumina and Gene Sequencing Technology—SBIR Success Story—NCI. Available online: https://sbir.cancer.gov/portfolio/
success-stories/illumina (accessed on 4 June 2024).

5. Drmanac, R.; Sparks, A.B.; Callow, M.J.; Halpern, A.L.; Burns, N.L.; Kermani, B.G.; Carnevali, P.; Nazarenko, I.; Nilsen, G.B.;
Yeung, G.; et al. Human Genome Sequencing Using Unchained Base Reads on Self-Assembling DNA Nanoarrays. Science 2010,
327, 78–81. [CrossRef] [PubMed]

6. Jeon, S.A.; Park, J.L.; Kim, J.H.; Kim, J.H.; Kim, Y.S.; Kim, J.C.; Kim, S.Y. Comparison of the MGISEQ-2000 and Illumina HiSeq
4000 Sequencing Platforms for RNA Sequencing. Genom. Inform. 2019, 17, e32. [CrossRef] [PubMed]

7. Zhu, F.Y.; Chen, M.X.; Ye, N.H.; Qiao, W.M.; Gao, B.; Law, W.K.; Tian, Y.; Zhang, D.; Zhang, D.; Liu, T.Y.; et al. Comparative
Performance of the BGISEQ-500 and Illumina HiSeq4000 Sequencing Platforms for Transcriptome Analysis in Plants. Plant
Methods 2018, 14, 69. [CrossRef] [PubMed]

8. Senabouth, A.; Andersen, S.; Shi, Q.; Shi, L.; Jiang, F.; Zhang, W.; Wing, K.; Daniszewski, M.; Lukowski, S.W.; Hung, S.S.C.;
et al. Comparative Performance of the BGI and Illumina Sequencing Technology for Single-Cell RNA-Sequencing. NAR Genom.
Bioinform. 2020, 2, lqaa034. [CrossRef] [PubMed]

9. Natarajan, K.N.; Miao, Z.; Jiang, M.; Huang, X.; Zhou, H.; Xie, J.; Wang, C.; Qin, S.; Zhao, Z.; Wu, L.; et al. Comparative Analysis
of Sequencing Technologies for Single-Cell Transcriptomics. Genome Biol. 2019, 20, 70. [CrossRef]

10. Rojo, R.; Raper, A.; Ozdemir, D.D.; Lefevre, L.; Grabert, K.; Wollscheid-Lengeling, E.; Bradford, B.; Caruso, M.; Gazova, I.; Sánchez,
A.; et al. Deletion of a Csf1r Enhancer Selectively Impacts CSF1R Expression and Development of Tissue Macrophage Populations.
Nat. Commun. 2019, 10, 14. [CrossRef]

11. Kenigsbuch, M.; Bost, P.; Halevi, S.; Chang, Y.; Chen, S.; Ma, Q.; Hajbi, R.; Schwikowski, B.; Bodenmiller, B.; Fu, H.; et al. A Shared
Disease-Associated Oligodendrocyte Signature among Multiple CNS Pathologies. Nat. Neurosci. 2022, 25, 876–886. [CrossRef]

12. Munro, D.A.D.; Bestard-Cuche, N.; McQuaid, C.; Chagnot, A.; Shabestari, S.K.; Chadarevian, J.P.; Maheshwari, U.; Szymkowiak,
S.; Morris, K.; Mohammad, M.; et al. Microglia Protect against Age-Associated Brain Pathologies. Neuron 2024, 112, 2732–2748.
[CrossRef] [PubMed]

13. Sequencing Requirements for Single Cell 3′—Official 10X Genomics Support. Available online: https://www.10xgenomics.com/
support/single-cell-gene-expression/documentation/steps/sequencing/sequencing-requirements-for-single-cell-3 (accessed on
13 July 2024).

14. Bolger, A.M.; Lohse, M.; Usadel, B. Trimmomatic: A Flexible Trimmer for Illumina Sequence Data. Bioinformatics 2014, 30,
2114–2120. [CrossRef] [PubMed]

15. Bushnell, B. BBMap: A Fast, Accurate, Splice-Aware Aligner. In Proceedings of the 9th Annual Genomics of Energy & Environment
Meeting, Walnut Creek, CA, USA, 17–20 March 2014.

16. Babraham Bioinformatics—FastQC A Quality Control Tool for High Throughput Sequence Data. Available online: https:
//www.bioinformatics.babraham.ac.uk/projects/fastqc/ (accessed on 14 September 2024).

17. Ewels, P.; Magnusson, M.; Lundin, S.; Käller, M. MultiQC: Summarize Analysis Results for Multiple Tools and Samples in a
Single Report. Bioinformatics 2016, 32, 3047–3048. [CrossRef] [PubMed]

18. McCarthy, D.J.; Campbell, K.R.; Lun, A.T.L.; Wills, Q.F. Scater: Pre-Processing, Quality Control, Normalization and Visualization
of Single-Cell RNA-Seq Data in R. Bioinformatics 2017, 33, 1179–1186. [CrossRef] [PubMed]

19. Lun, A.T.L.; Bach, K.; Marioni, J.C. Pooling across Cells to Normalize Single-Cell RNA Sequencing Data with Many Zero Counts.
Genome Biol. 2016, 17, 75. [CrossRef] [PubMed]

20. Aran, D.; Looney, A.P.; Liu, L.; Wu, E.; Fong, V.; Hsu, A.; Chak, S.; Naikawadi, R.P.; Wolters, P.J.; Abate, A.R.; et al. Reference-
Based Analysis of Lung Single-Cell Sequencing Reveals a Transitional Profibrotic Macrophage. Nat. Immunol. 2019, 20, 163–172.
[CrossRef] [PubMed]

21. Finak, G.; McDavid, A.; Yajima, M.; Deng, J.; Gersuk, V.; Shalek, A.K.; Slichter, C.K.; Miller, H.W.; McElrath, M.J.; Prlic, M.; et al.
MAST: A Flexible Statistical Framework for Assessing Transcriptional Changes and Characterizing Heterogeneity in Single-Cell
RNA Sequencing Data. Genome Biol. 2015, 16, 278. [CrossRef] [PubMed]

22. Cock, P.J.A.; Fields, C.J.; Goto, N.; Heuer, M.L.; Rice, P.M. The Sanger FASTQ File Format for Sequences with Quality Scores, and
the Solexa/Illumina FASTQ Variants. Nucleic Acids Res. 2010, 38, 1767. [CrossRef] [PubMed]

23. Illumina Quality Scores for Next-Generation Sequencing. 2011. Available online: https://www.illumina.com/documents/
products/technotes/technote_Q-Scores.pdf (accessed on 3 May 2024).

24. Cell Ranger—Official 10X Genomics Support. Available online: https://www.10xgenomics.com/support/software/cell-ranger/
latest (accessed on 4 June 2024).

25. Dobin, A.; Gingeras, T.R. Mapping RNA-Seq Reads with STAR. Curr. Protoc. Bioinform. 2015, 51, 11–14. [CrossRef]
26. McNamara, N.B.; Munro, D.A.D.; Bestard-Cuche, N.; Uyeda, A.; Bogie, J.F.J.; Hoffmann, A.; Holloway, R.K.; Molina-Gonzalez,

I.; Askew, K.E.; Mitchell, S.; et al. Microglia Regulate Central Nervous System Myelin Growth and Integrity. Nature 2023, 613,
120–129. [CrossRef]

27. Common Considerations for Quality Control Filters for Single Cell RNA-Seq Data—10X Genomics. Available online: https:
//www.10xgenomics.com/analysis-guides/common-considerations-for-quality-control-filters-for-single-cell-rna-seq-data (ac-
cessed on 30 July 2024).

https://sbir.cancer.gov/portfolio/success-stories/illumina
https://sbir.cancer.gov/portfolio/success-stories/illumina
https://doi.org/10.1126/science.1181498
https://www.ncbi.nlm.nih.gov/pubmed/19892942
https://doi.org/10.5808/GI.2019.17.3.e32
https://www.ncbi.nlm.nih.gov/pubmed/31610628
https://doi.org/10.1186/s13007-018-0337-0
https://www.ncbi.nlm.nih.gov/pubmed/30123314
https://doi.org/10.1093/nargab/lqaa034
https://www.ncbi.nlm.nih.gov/pubmed/33575589
https://doi.org/10.1186/s13059-019-1676-5
https://doi.org/10.1038/s41467-019-11053-8
https://doi.org/10.1038/s41593-022-01104-7
https://doi.org/10.1016/j.neuron.2024.05.018
https://www.ncbi.nlm.nih.gov/pubmed/38897208
https://www.10xgenomics.com/support/single-cell-gene-expression/documentation/steps/sequencing/sequencing-requirements-for-single-cell-3
https://www.10xgenomics.com/support/single-cell-gene-expression/documentation/steps/sequencing/sequencing-requirements-for-single-cell-3
https://doi.org/10.1093/bioinformatics/btu170
https://www.ncbi.nlm.nih.gov/pubmed/24695404
https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
https://doi.org/10.1093/bioinformatics/btw354
https://www.ncbi.nlm.nih.gov/pubmed/27312411
https://doi.org/10.1093/bioinformatics/btw777
https://www.ncbi.nlm.nih.gov/pubmed/28088763
https://doi.org/10.1186/s13059-016-0947-7
https://www.ncbi.nlm.nih.gov/pubmed/27122128
https://doi.org/10.1038/s41590-018-0276-y
https://www.ncbi.nlm.nih.gov/pubmed/30643263
https://doi.org/10.1186/s13059-015-0844-5
https://www.ncbi.nlm.nih.gov/pubmed/26653891
https://doi.org/10.1093/nar/gkp1137
https://www.ncbi.nlm.nih.gov/pubmed/20015970
https://www.illumina.com/documents/products/technotes/technote_Q-Scores.pdf
https://www.illumina.com/documents/products/technotes/technote_Q-Scores.pdf
https://www.10xgenomics.com/support/software/cell-ranger/latest
https://www.10xgenomics.com/support/software/cell-ranger/latest
https://doi.org/10.1002/0471250953.bi1114s51
https://doi.org/10.1038/s41586-022-05534-y
https://www.10xgenomics.com/analysis-guides/common-considerations-for-quality-control-filters-for-single-cell-rna-seq-data
https://www.10xgenomics.com/analysis-guides/common-considerations-for-quality-control-filters-for-single-cell-rna-seq-data


Genes 2024, 15, 1436 13 of 13
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