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Abstract 

The rapid development of updated and new commercially available single-cell transcriptomics platforms provides users with a range of exper- 
iment al options. Cost, sensitivit y, throughput, flexibilit y, and ease of use all influence the selection of an optimal w orkflo w. We perf ormed a 
comprehensive comparison of single-cell transcriptomic approaches using multiple standardized PBMCs from different donors. We report on 
standard single-cell metrics, including cell reco v ery , sequencing efficiency , sensitivity , cell annotation, and differential gene expression for seven 
recently a v ailable kits that interrogate whole transcriptome mRNA, and two that incorporate TCR profiling. We also discuss w orkflo w through- 
put, sample requirements, timing, cost, and labor as critical factors to consider. Apart from the platform-specific experimental constraints, our 
findings highlight how differences in cell reco v ery and sensitivity influence the ability to resolve niche cell subtypes such as CD4 + and CD8 + 

T-cells. Platforms with higher intra-sample variation had reduced sequencing efficiency, which cumulatively impacts reproducibility and o v erall 
experiment cost. By including TCR chain recovery for multiple donors, we provide the first comparison of T-cell specific performance in the only 
assa y s a v ailable f or single cell TCR reco v ery. T his w ork pro vides a basis b y which users can balance perf ormance and practical considerations 
when selecting a single-cell RNA sequencing platform. 
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ingle-cell sequencing technologies have revolutionized our
nderstanding of cellular diversity and heterogeneity, provid-
ng unprecedented insights into biological processes at the in-
ividual cell level [ 1 ]. Over the past decade, as single-cell tech-
ologies have become increasingly mainstream for profiling
he transcriptomes of cells from culture, blood, tissues, and
rganisms, additional options for single-cell RNA gene ex-
ression analysis have emerged. Studies focused on evaluat-
ng the performance of different platforms continue to guide
hoices in research projects as platforms evolve [ 2 –5 ]. In turn,
e have performed an extensive comparative study to assess

he performance and logistical characteristics of current mar-
et technologies. 
To perform single-cell analysis, individual cells must first

e partitioned. In addition to various other approaches, this
an be achieved by capturing cells in oil-based droplets, which
ct as individual chambers, or by multiple rounds of cell tag-
ing, where the cell serves as the reaction chamber. Com-
ercial droplet-based systems encapsulate and barcode sin-

le cells in a partitioning oil either by microfluidics to create
el Bead-in-Emulsions (GEMs, 10x Genomics) or by vortexed
article-templated instant partitions (PIPs, Fluent Biosciences
 Illumina) [ 6 ]. Each encapsulated cell undergoes lysis, releas-
ng mRNA that is reverse-transcribed with poly-dT barcoded
rimers. cDNA molecules in GEMs and v4 PIPs receive a cell
arcode and unique molecular identifier (UMI), and cDNA
roducts are used to generate sequencing libraries. Fluent’s
IPseq V updated the approach to counting molecules by gen-
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erating Intrinsic Molecular Identifiers from unique cut sites
in the fragmented cDNA [ 7 ]. Plate-based approaches utilize
a “split and pool” approach performed with ligation [ 8 ] or
tagmentation [ 9 , 10 ] beginning with individual sample tags
on the first plate and a series of pooling and splitting samples
across two additional plates to generate unique tag combina-
tions to identify individual cells. This approach requires fixed
and permeabilized cells, which serve as the reaction compart-
ments for lysis and reverse transcription (RT). The recovery
of mRNA transcripts differs between the two commercially
available platforms we tested. Parse Biosciences uses both
a poly(T) primer and random hexamers to capture the full
length of the transcript and ligates barcodes to tag cells. Scale
Biosciences (now 10x Genomics) utilizes a poly(T) primer ap-
proach to capture the 3 

′ end of the transcript and employs
longer indices to tag cells. At the library stage, samples are ei-
ther sequenced in a set of sublibraries (Parse) or as a set of 96
pooled libraries (Scale). 

Multiple comparative studies have examined the sensitiv-
ity and cost differences across various technologies [ 11 –13 ],
but with the recent addition of new platforms and updated
chemistries, further comparative studies are necessary. The in-
creasing diversity of available technologies means that a range
of practical factors should be considered when selecting a kit
tailored for specific experimental goals or user constraints.
For instance, cost may hinder the breadth of experiment de-
signs, labor requirements can impact the feasibility of some
workflows, limited throughput can increase batch effects, and
cell input requirements all contribute to the platform selection
25 
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process. Other factors, such as the ability to fix samples soon
after collection, scalability, and protocol flexibility, should also
be examined before deciding on a platform for individual use
or as a core service offering. Downstream analysis is also im-
portant to consider; data quality , quantity , and reproducibility
dictate the utility of each platform. Lastly, while other com-
parative studies have normalized for cell recovery, reference
genome, and QC thresholds [ 12 –14 ] they lack a practical com-
parison of each kit’s full data recovery yielded from recom-
mended pipeline settings. 

To address this gap, we evaluated the latest offerings from
widely used commercial single-cell sequencing platforms de-
scribed above and compared their performance to earlier ver-
sions. Following recommended protocols for each platform,
we generated consistent metric definitions across each plat-
form to enable a fair and practical comparison of the key fea-
tures and experimental considerations of each. This compar-
ison consisted of two parallel studies. One study evaluated
seven different single-cell platforms that generate 3 

′ or whole
transcriptome (WT) data. In the other study, we compared
two platforms that generate 5 

′ WT data in addition to linked
single-cell TCR sequences from the same single cells. Based
on these studies, we comment on a wide range of factors to
consider when planning single-cell sequencing experiments. 

Material and methods 

Benchmark 1: 3 

′ Whole transcriptome comparison 

Multiple donor leukopak frozen aliquots were purchased
from Bloodworks Northwest. PBMCs from two healthy
donors, F1 and F5, stored in liquid nitrogen, were thawed
at 37 

◦C., transferred into 10ml prewarmed thawing media
(Gibco RPMI 1640 + 10% FBS), and centrifuged at 500 x
g for 5 min at 4 

◦C. Cells were washed in 10 ml cold 1X
PBS -MgCl and -CaCl (Gibco), followed by subsequent cen-
trifugation at 500 x g for 5 min, and the pellet was resus-
pended in 10 ml 1X PBS. The CellacaMX (Revvity) live-dead
assay was used to count AOPI-stained cells. Viability was 83%
and 88% respectively. Each cell suspension was aliquoted for
use in the 10x Genomics GEM-X and NextGEM assay,s in
which the cell suspensions were loaded in replicate, with a tar-
geted recovery of 20 000 and 10 000 cells, respectively. The
remaining cell suspensions were aliquoted out in technical
replicates of 1 million cells and fixed using Parse’s Cell Fixa-
tion v3 User Manual (UM0027 v1.1), Fluent’s Demonstrated
Protocol DSP-Methanol Fixation for Cells (FB0004708), and
10x Demonstrated Protocol Fixation of Cells and Nuclei for
Chromium Fixed RNA Profiling (Flex) (CG000478 Rev C). 

Separate aliquots of F1 and F5 donors were processed as
above, except with PBS 1% BSA for the final resuspension.
One set was fixed in technical replicates of 1 million cells fol-
lowing the Scale’s standard fixation kit protocol Rev. B. The
second set of aliquots was processed as above with PBS +
0.04% BSA and Promega RNase Inhibitor resuspension with
no fixation for Fluent Biosystem/Illumina PIPseq V (see be-
low). 

10x Genomics flex fixed RNA profiling 
Per the 10x Genomics CG000527 Rev E protocol, fixed cells
were incubated overnight with mRNA transcript probes tar-
geting ∼18 K genes, with the left handle containing a sample-
specific barcode. Following probe hybridization, samples were
counted and pooled equally before a series of washes to re- 
move unbound probes. After counting the pool, a volume tar- 
geting recovery of 40 000 cells was combined with a master 
mix that contains enzymes that ligate and extend the probes 
during GEM incubation. This mixture was then loaded into 

the NEXT GEM Chip Q with gel beads and partitioning oil.
Following microfluidic GEM generation on the ChromiumX,
the GEMs were recovered, and cDNA was amplified for li- 
brary preparation. A portion of the amplified material was 
re-amplified with library-specific P5 and P7 indices. 

10x Genomics GEM-X 3 

′ v4 and NextGEM v3.1 

Following the 10x Genomics GEM-X 3 

′ v4 (CG000731) and 

NextGEM v3.1 (CG000315) protocols, PBMCs from donor 
F1 and donor F5 were combined with a reverse transcript mas- 
termix and loaded onto a microfluidic chip (Chromium GEM- 
X 3 

′ chip and NextGEM Chip G) along with partitioning oil 
and barcoded gel beads. Cells were partitioned into droplets 
containing gel beads using the ChromiumX instrument and 

subsequently underwent reverse transcription. The cDNA was 
recovered, cleaned, and amplified to create enough material 
for library preparation. To generate gene expression libraries,
a portion of cDNA was fragmented, adapter ligated, and an 

additional index with P5 and P7 handles was added during a 
final amplification. 

Fluent Biosciences PIPseq v4 

Fixed cells were partitioned, and libraries generated using the 
PIPseq T20 3 

′ Single Cell RNA Kit v4.0PLUS User Guide 
(FB0002130 Rev 8.3). To target a recovery of 20 000 cells 
per sample, 8 μl of a cell suspension at a concentration of 
approximately 5000 cells/ μL were captured in emulsion with 

particle-templated instant partitions (PIPs), followed by cell 
lysis and barcoding unique to each PIP. The emulsions were 
then broken, and the mRNA was reverse transcribed to gener- 
ate cDNA. cDNA was then amplified, isolated from the PIPs,
fragmented, end-repaired, and A-tailed, adapter-ligated, and 

indexed with unique P7 and P5 indices. 

Fluent Biosciences PIPseq V 

Sample replicates of live cells (40 000 each) were loaded into 

PIPs for capture and barcoding as described in PIPseq V T20 

3 

′ Single Cell RNA kit User Guide (FB0005261). To target a 
recovery of 20 000 cells per sample, 8 μl of 5000 cells/ μl were 
captured in emulsion with Particle-templated Instant Parti- 
tions (PIPs), followed by cell lysis and barcoding unique to 

each PIP. The emulsions were then broken, and the mRNA 

was reverse transcribed to generate cDNA. cDNA was then 

amplified, isolated from the PIPs, fragmented, end-repaired,
and A-tailed, adapter ligated, and indexed with unique P7 and 

P5 indices. 

Parse Evercode v3 

Following the Parse protocol UMWT3300, fixed and perme- 
abilized PBMCs were thawed, and counted using trypan blue 
and a hemocytometer, diluted, and added to 12 wells per repli- 
cate of Plate 1 as directed by the sample loading table (48 wells 
total across all replicates). Following reverse transcription,
cells were pooled and split an additional two times, the last 
of which added a barcode containing R2 and Biotin for mag- 
netic bead enrichment. Cells were pooled again, counted, and 

distributed into eight sublibraries, each targeting under 12 500 

cells, where they were lysed and the biotin-labeled cDNA re- 
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overed with binder beads. cDNA bound to the binder beads
as washed and incubated with a template switch oligo to add
 5 

′ adapter to the cDNA. A portion of the amplified cDNA
roduct was fragmented, adapter ligated, and p5 and p7 in-
ices were added in a final PCR. 

cale biosciences 
ollowing the Scale 1 020 796 Rev A protocol, fixed cells at a
oncentration of approximately 2000 cells/ μl were added to
6 wells of barcode plate 1, and well IDswere documented
o map back cells to their sample of origin. The cells under-
ent reverse transcription and were then pooled by centrifu-
ation into a funnel. Cells were washed and then split across a
84-well ligation plate, where cells were barcoded. Cells were
gain pooled by centrifugation, washed, and counted to assess
or recovery. The cell stock was diluted to approximately 460
ells/ μl, and 4 μls loaded into each well of the final distribution
late, with the remainder saved at −80 degrees. In the final
istribution plate, the cell membrane is broken down, cDNA
as tagmented with a transposase, and the library-specific P5

nd P7 indexes were added. 

enchmark 2: 5 

′ WT, TCR single-cell comparison 

rozen PBMCs from four healthy donors (F1, F2, F4, and F5)
f mixed sex (three males, one female) and ethnicity (three
eople of Caucasian descent and 1 person of Asian descent)
upplied by Bloodworks Northwest were processed in two
atches, 1 week apart (F1, F2 followed by F4, F5). Cells were
hawed in a 37 

◦C water bath before transfer to thawing me-
ia (Gibco RPMI 1640 + 10% FBS). Samples were then cen-
rifuged at 400 x g for 10 min at 4 

◦C. The supernatant was
ecanted, and the pellet resuspended in 10 mL of sorting me-
ia (cold Gibco 1X PBS + 1% BSA), followed by an additional
entrifugation at 400 x g for 10 min. 

Each sample was next resuspended in 200 μL of stain me-
ia. Cells were stained to enrich T-cells and to remove as many
-cells as possible. We stained the samples with human CD3,
D45, and CD19 (citation for antibodies). 7AAD was used

o assess the in-flight viability of the cells during the sort. We
orted T-cells using the Becton-Dickenson Symphony S6 cy-
ometer. The final population was CD3 + , CD45 + , and CD19-
 

An aliquot of the sorted T-cells was stained with AOPI and
ssessed for viability and cell counts using the Nexcelom Cel-
acaMX ( Revvity ). Viabilities ranged from 88% to 90% (F1
nd F2) and 83% to 87% (F4 and F5). An aliquot of each
onor T-cells was utilized for 10x Genomics GEM-X 5 

′ v3
CG000733 RevA) and NextGEM 5 

′ v2 (CG000331 RevE)
ssays, in which 20 000 and 10 000 cells were targeted for re-
overy , respectively . The remaining cell suspension, ∼1.5 mil-
ion cells, was fixed following Parse Evercode Cell Fixation
2 (UM0039 v2.3). Cells were frozen and later processed as
irected by Evercode TCR Human WT + TCR v1 (UM0018).

0x Genomics GEM-X 5 

′ v3 and next GEM 5 

′ v2 

ollowing the 10x Genomics GEM-X 5 

′ v3 (CG000733) and
extGEM 5 

′ v2 (CG000331) protocols, sorted T-cells were
dded to a reverse transcription mastermix and loaded onto a
icrofluidic chip (Chromium GEM-X 5 

′ chip and NextGEM
hip K, respectively) with partitioning oil and barcoded gel
eads. Cells were partitioned into droplets containing gel
eads and subsequently underwent reverse transcription. The
cDNA was recovered and bead cleaned before being ampli-
fied to create enough material for library preparation for
gene expression and TCR. To generate TCR libraries, 2 μl
of cDNA underwent two rounds of PCR with a set of TCR-
specific primers. A portion of the PCR product was frag-
mented, adapter ligated, and an additional index with P5 and
P7 handles was added during a final PCR. To generate gene
expression libraries, 10 μl of cDNA was fragmented, adapter
ligated, and an additional index with P5 and P7 handles added
during a final PCR. 

Parse Evercode TCR 

Fixed and permeabilized T-cells were thawed, counted using
trypan blue and a hemocytometer, following Parse protocol
UMIT2300. Each sample was diluted according to the sam-
ple loading table and recounted before being dispensed into
12 wells per sample of Plate 1 (48 wells total). Following re-
verse transcription, cells were pooled and split an additional
two times to add barcodes; the last pool and split also added
the R2 and biotin. Cells were pooled, counted, and distributed
into eight sub-libraries, each targeting 12 500 cells. Cells were
lysed and biotin labelled, and the cDNA recovered with binder
beads. cDNA bound to the binder beads was washed and in-
cubated with a template switch oligo to add a 5 

′ adapter to
the cDNA. The cDNA was amplified and bead cleaned to
be usable in TCR and whole transcriptome library prepara-
tion. Whole transcription libraries underwent library prepa-
ration as described in Evercode TCR Human WT + TCR v1
(UM0018), which utilized the Parse v2 WT chemistry. The
TCR library was generated using 10 ng of the WT cDNA in
a PCR reaction targeting the V(D)J segments of the CDR3 re-
gion of the T-cell. 

Processing comparison metrics 
The workflow processing experience was assessed based on
factors that are often considered when executing an experi-
ment. The experience was graded low to high based on how
the criteria outlined were met by following each vendor’s pro-
tocol requirements and any limitations inherent in the kit. 

Sample flexibility was defined as the ability and ease of fix-
ing and storing samples, including the maximum storage time.
Kits that have only recently added fixation are rated lowest.
Pipetting simplicity was evaluated based on how many pipet-
ting steps are required throughout the workflow, the overall
amount of pipette plunges within each of those steps, and the
time spent pipetting. We rated extensive pipetting lower than
workflows with minimal pipetting. We defined throughput by
considering the number of samples and/or the number of cells
a kit could process. Kits capable of processing a higher number
of cells and samples were rated favorably. We also considered
how the workflow timing or handling impacted the potential
for increased throughput. Workflow risk will vary based on
the user, but we chose to define this category based on the in-
herent risk of errors within each platform that could impact
either individual samples or the complete experiment. Plat-
forms that allowed portions of the kit to be used to process
individual samples were considered lower risk. 

Data processing was evaluated on a per-vendor basis, as
each vendor supplied a processing pipeline that works for the
kits offered. We executed each pipeline in a high-performance
computing environment, so hardware requirements were not
an issue and were not considered for this evaluation. Data pro-
cessing was evaluated on the following criteria: 
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� Ease of installation and installation requirements. Stan-
dalone pipelines were preferred over pipelines with ad-
ditional software dependencies. 

� Production of intermediate files. BAMs, sample-level
FASTQs, molecule info files, and other intermediate out-
puts facilitate accessory workflows and data introspec-
tion. More transparency into the processing is better. 

� Clarity and presence of key output metrics, particularly
sequencing saturation curves and read utilization statis-
tics. Understanding the sequencing efficiency and read
utilization allows the user to quickly assess data quality
and decide if additional sequencing would be useful. 

� Documentation and ease of troubleshooting. Explana-
tion of error messages and pipeline options should be
readily available. 

QC and sequencing 
All libraries except Scale’s were quantified with the Qubit flu-
orometer’s High sensitivity dsDNA reagents (Thermo Fisher
Scientific) and sized on the Agilent 2200 Tapestation with high
sensitivity tapes and reagents. Scale libraries required KAPA
qPCR (Roche) quantification to achieve the recommended
loading concentration since Qubit measurements are not ac-
curate for their libraries. All libraries were run on the Illu-
mina NextSeq2000 except for Scale, which was run on both
the NextSeq2000 and the NovaSeq6000, and 10x libraries,
which were proportionally pooled in two separate runs (1.
Flex, NextGEM3’ GEM-X 3 

′ ; 2. NextGEM5’ and GEM-X5’)
and run on a NovaSeq 6000. 

Computational methods 

Sequencing depth and downsampling: 
Sample sequencing was conducted to achieve a depth exceed-
ing 25 000 reads per cell for WT libraries, except for Fle,x
which targeted 20 000 reads per cell. TCR libraries were all se-
quenced to a targeted read depth of 5000 reads per cell. When
sequencing surpassed the targets, FASTQs were downsampled
to 25 000 reads per cell for the WT libraries and 5000 reads
per cell for TCR libraries using Seqtk version 1.3 with random
seed 100 [ 15 ]. 

Generating count matrices 
The software provided by each vendor was utilized to generate
transcript count matrices. Pipelines were run with default pa-
rameters unless otherwise specified. For the 10x workflows,
CellRanger version 8.0.0 with the multi subcommand was
employed with the reference version refdata-gex-GRCh38-
2024-A. Parse data was processed with splitpipe v1.2.1 us-
ing Parse’s hg38_V1.1.3 reference. Fluent PIPseq data was
processed with PIPseeker version 3.3.0 with reference gex-
reference-GRCh38-2022.04. For each sample, PIPseeker gen-
erates five outputs of varying sensitivity for calling cells from
the background. We selected the sensitivity levels on a per-
sample basis, informed by the knee plots and vendor guide-
lines. Scale data was processed through scaleRNA version 1.5
with default parameters, library structure version 1.1, and
the prebuilt GRCH38 reference genome provided by Scale.
FASTQs were generated at the library level by passing raw
BCL folders into the first scaleRNA run. We then ran Scale’s
bc_parser (distributed with the Nextflow pipeline) with the
“–demux” flag and options to output two read files and two
index files for each sample. These were downsampled and run
with default parameters to produce the filtered expression ma- 
trix. To create an unfiltered expression matrix for ambient 
RNA inspection, downsampled data were processed with an 

additional scaleRNA run with “minCellRatio” set to 1000. 

Read utilization 

Reads were divided into three categories: 

1) reads not aligned to transcriptome or missing valid cell 
barcodes 

2) reads aligned to the transcriptome and with a cell bar- 
code, but not from a cell passing the pipeline’s filter 

3) reads aligned tothe transcriptome and attributed to 

valid cells 

The first category represents unusable data. The second cat- 
egory represents data that could be used if the cell calling crite- 
ria were adjusted. The final category represents the data con- 
tributing to the filtered reads matrix. 

For all datasets, the first category was calculated as the dif- 
ference between the total fastq reads and the reads in the sec- 
ond and third categories. Calculation of the second and third 

categories differed by vendor. 
For 10x, the second and third categories were ex- 

tracted from the “sample_molecule_info.h5” datasets “fea- 
ture_read_pairs” and “usable_read_pairs,” respectively. Flex 

has samples mixed in the off-sequencer FASTQs, which must 
be further demultiplexed as part of the processing pipeline, but 
this can cause some minor read loss that is not reported in the 
pipeline reports. The total original reads for each Flex sam- 
ple were approximated by multiplying the “UMI per probe 
barcode” percentage by the total reads for the combined run.

For Fluent PIPseq, the second category was reported 

as “num_mapped_reads” and the third category was 
“num_mapped_reads_in_cells” in the metrics_summary .csv . 

For Parse, the values were calculated by summing the 
“mread_count” columns of the “cell_metadata.csv” for the 
unfiltered and filtered matrices to produce the second and 

third values, respectively. 
For Scale, the second category was calculated by summing 

the “uniquePassingReads” column of the “allcells.csv” for 
each sample. The third category was calculated by summing 
the “uniquePassingReads” column only for rows where the 
“pass” column was “TRUE.”

Sequencing saturation 

Not all pipelines provided saturation curves for gene and tran- 
script recovery. For those that did, it was not always clear 
whether data was downsampled to a target read depth be- 
fore or after any filtering. Additionally, all pipeline summaries 
included a sequencing saturation metric, but the calculation 

was not consistent across vendors. To ensure consistency 
across platforms, we generated our own saturation curves and 

metrics. 
Saturation curves were generated by downsampling fastqs 

using Seqtk to target reads per cell based on the number 
of cells detected in the original run [ 15 ]. We downsampled 

our original 25 000 reads/cell data to a range of targets from 

1000 to 22 500 reads/cell. The number of cells was fixed in 

each pipeline’s parameters to enforce the target reads per cell 
throughout processing. We did not perform additional cell fil- 
tering of the pipeline outputs. Median genes and transcripts 
per cell were recorded from the pipeline summaries. 
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We adopted the approach of [ 16 ] to assess sequencing satu-
ation, where saturation was quantified by fitting a model for
he relationship of read depth to median gene/transcript count
sing the Michaelis-Menten equation. This model allowed us
o predict the maximal values for gene and transcript recov-
ry and calculate the number of reads needed to reach half the
heoretical maximal yield. We report this metric as rd50. 

iltering count matrices 
ount matrices output by vendor pipelines were imported

nto R for additional processing. Ambient RNA contamina-
ion was estimated using SoupX [ 17 ], but count matrices were
ot adjusted to correct for ambient RNA to avoid poten-
ially biased transformation of the data. The count matrices
ere imported into Seurat V5 [ 18 ]. Multiplet detection and

emoval was performed using scDblFinder with modified set-
ings for unknown expected multiplet rates (dbr.sd = 1) [ 19 ].
nique molecule counts, feature counts, ribosomal read frac-

ion, and mitochondrial read fraction data were calculated
or each cell via Seurat. The PercentageFeatureSet function
as applied to flag mitochondrial and ribosomal genes, iden-

ified by gene symbols starting with “MT-” for mitochondrial
enes and “RPS”/“RPL” for ribosomal proteins. Each sample
as then filtered with loose quality metric thresholds reflect-

ng standard experimental procedures intended to eliminate
ow-quality cells. Cells with greater than 30 000 unique tran-
cripts, greater than 10 000 unique genes, greater than 15%
itochondrial reads, or greater than 50% ribosomal reads
ere removed. Cells with fewer than 1000 unique transcripts
r fewer than 200 unique genes were removed. For each kit,
enes detected in fewer than 10 cells in 3 or more samples
ere excluded for all samples in the kit. 

ategorizing features 
iological function and categorization for aligned biotypes
ere pulled from Ensembl via biomaRt [ 20 ]. Genes with “pro-

ein coding” biotypes were separated based on their name.
eatures with prefixes of “AC” (accession numbers), “LOC”
genomic location), “orf” (open reading frame), or “ENSG”
ensembl ID) were classified as “unidentified” features, while
ther gene symbols were considered “identified.” Protein-
oding features starting with “MT” or with a feature biotype
f mitochondrial were labelled mitochondrial genes. Protein
oding features starting with “RPL” or “RPS” or with a fea-
ure biotype of ribosomal were labelled ribosomal genes. Long
on-coding RNA (lncRNA) was identified by ensembl bio-
ype. Any remaining features, including uncommon RNA or
eatures with multiple biotypes, were binned as “other”. 

ell clustering 
lustering was performed with merged sample-level matrices

or each kit. Filtered count matrices were log-normalized and
caled via Seurat. A subset of 2000 highly variable genes iden-
ified by Seurat’s FindVariableFeatures function was selected
s input for dimensional reduction. Principal component anal-
sis (PCA) was calculated on these genes to generate 50 PCs.
lbow plots were reviewed for each sample to ensure that

he majority of variance was captured in the first 20 compo-
ents. The first 20 PCs were used to generate nearest neighbor
raphs. These graphs were used as input to the uniform mani-
old approximation and projection (UMAP) algorithm for 2D
isualization of cell variance. UMAP was performed by Seu-
at’s RunUMAP function with default arguments. The Leiden
algorithm was implemented using iGraph [ 21 ] on the near-
est neighbor graphs to identify cell clusters. Resolutions were
selected to produce 30 clusters (excluding singletons). The in-
tegrated UMAP was generated using Harmony [ 22 ] to regress
out the kit and individual from the merged dataset. 

Cell type annotation 

To accurately annotate cell types, we applied a combina-
tion of reference-based prediction and manual annotation
approaches using canonical marker genes. SingleR [ 23 ] was
used to align the expression profiles of our dataset with an-
notated bulk RNA expression profiles [ 24 , 25 ]. An addi-
tional reference mapping approach was implemented via Seu-
rat with a single-cell reference [ 26 ]. These reference-based
methods annotated cell types based on comprehensive whole-
transcriptome gene expression similarities. The resulting la-
bels served as the foundational assignments for each cell type.

In addition to the reference-based assignments, we manu-
ally reviewed and annotated cells using canonical and empir-
ical marker genes from CellXGene to further verify and re-
fine cell type identities (see Supplemental Table 3 for marker
genes) [ 27 ]. We implemented a consensus-based approach to
resolve discrepancies between the reference-based and man-
ual annotations. In cases where there was a discrepancy, we
deferred to the identity suggested by canonical marker gene
expression. For example, if a cell was annotated as a CD4 +
T-cell by SingleR but did not show strong expression of CD4
or CD8, we assigned it as an unresolved T-cell. When annota-
tion methods yielded conflicting results or when cells exhib-
ited mixed marker expression (e.g. markers for both T and
B cells), we marked these cells as unidentified and excluded
them from further analysis. 

Cell type composition was modeled using scCODA [ 28 ]. 

Cell type module scoring 
Using the same set of canonical marker genes used for cell
type annotation, we quantified the collective expression of
these genes in their respective cell types using UCell’s gene set
scoring algorithm [ 29 ]. Briefly, the method assesses if the ex-
pression of selected genes is higher than other genes using the
Mann-Whitney U test. A higher score indicates the genes are
collectively more highly expressed than would be expected by
chance. Module scores are calculated on a per-cell basis, then
averaged at the cluster level. 

Earth mover’s distance 
Earth mover’s distance was calculated between replicates
within kits on a 2D kernel density estimate of single-cells in
shared UMAP space. Samples were downsampled to 8000
cells and reprocessed with the normalization and dimensional
reduction workflow used previously (see “Cell clustering” in
Methods). The UMAP coordinates were scaled and passed to
“MASS::kde2d()” [ 30 ]. The resulting density distributions for
each replicate were passed to “emdist::emd2d()” [ 31 ]. The
downsampling and calculation for each sample were boot-
strapped 25 times. 

Pseudobulking and differential gene expression 

Single-cell data for each sample was grouped by high-level
cell type annotation (T-cell, B-cell, or monocyte, other popula-
tions not included), downsampled to 2500 cells per cell type,
then aggregated using `Seurat::AggregateExpression()`. Pseu-
dobulk samples were grouped by kit and modeled using DE-

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
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Seq2 for differential expression testing with a design formula
of `0 + celltype + Individual` [ 32 ]. P values were adjusted
using a false discovery rate of 0.05. Expression variance was
quantified with variancePartion [ 33 ]. 

Gene set enrichment analysis (GSEA) was performed on
DESeq2 outputs using fGSEA [ 34 ] with the BioCarta path-
ways collection from MSigDB [ 35 , 36 ]. 

Results and discussion 

We performed two benchmarking experiments to evaluate re-
cently released kits and provide comparisons to earlier chem-
istry. We tested several barcoding platforms with differing
technological approaches, including disposable microfluidic
chips and a benchtop instrument (10x Genomics Chromium
X), random emulsion with specialized equipment (Fluent Bio-
sciences PipSeq Vortexer and Dry Bath Incubator), and split-
pool synthesis plate-based approaches (Parse Biosciences and
Scale Biosciences). Our goal was to utilize each kit’s maxi-
mum capacity to compare the practical considerations of each
more fairly. We used frozen aliquots of healthy donor PBMCs
in two separate experiments (see Materials and methods); one
tested reproducibility using two samples with replicates across
seven scRNA platforms (Fig. 1 a), and the second profiled the
TCR repertoire of four donors, sorted T-cells with three as-
says ( Supplemental Fig. S1 a). Each technology was assessed
for workflow ease of use and flexibility , cell recovery , cost-
effectiveness, sequencing efficiency, gene and transcript detec-
tion sensitivity , reproducibility , and the resolution of cellular
subsets, including the sensitivity to detect differences in gene
expression. These experiments also enabled us to comment
comprehensively on the user experience as a major consider-
ation in the choice of kits for single-cell experiments. 

Study design 

For our first experiment, Benchmark 1 (BM1), we used two
healthy PBMC donor samples in replicate (F1A,B; F2A,B),
to compare seven platforms: 10x Genomics’ Chromium
NextGEM 3 

′ v3.1 (labeled “NextGEM 3 

′ ” in figures and re-
sults), GEM-X 3 

′ v4 (GEM-X 3 

′ ), and Fixed RNA Profiling
(NextGEM Flex), Parse’s Evercode WT v.3 (Parse v3), Scale
Biosciences Single Cell RNA kit v1.1 (Scale), and Fluent Bio-
sciences PIPseq T20 3 

′ v4 (PIPseq v4) and PIPseq V T20 3 

′

(PIPseq V). All platforms were run in parallel on the same
day except for Scale and PIPseq V, which were processed sep-
arately using aliquots from the same donors’ leukapheresis
samples (Fig. 1 A). 

For our second experiment, Benchmark 2 (BM2), we com-
pared platforms that capture full-length TCR sequences from
single cells ( Supplemental Fig. S1 A). For this, we used flow
cytometry to sort T-cells based on CD3 expression from 4
different healthy donor PBMCs (F1, F2, F4, F5) to run on
10x Genomics Chromium NextGEM 5 

′ v2 (NextGEM 5 

′ ),
GEM-X 5 

′ v3 (GEM-X 5 

′ ), and Parse EvercodeTCR (Parse v2,
TCR). Two sets of samples were processed on separate days.
A workflow error in the second NextGEM 5 

′ run was evident
and produced poor-quality cDNA for two of the four samples
( Supplemental Fig. S1 C). We removed these samples from the
analysis. 

In each study, we targeted the recommended maximum cell
recovery of each kit (Table 1 ). Sample fixation for Parse and
PIPseq v4 was performed at the same time cells were loaded
into the Chromium chips for the 10x Genomics platform. To 

reduce the influence of variable sequencing depth in our com- 
parisons across technologies, we downsampled the FASTQ 

files before passing data through their respective pipelines 
with default settings (see “Sequencing Depth and Downsam- 
pling” and “Generating Count Matrices” in Materials and 

methods). 

Sample processing 

The amount of hands-on vs. hands-off time varied across plat- 
forms and is reported based on published user guides aligned 

with our experience. Protocol duration began with standard 

cell preparation steps to the first stop point (fixation or emul- 
sion) (Fig. 1 B). Flex had the shortest hands-on time, but the 
overnight hybridization increased time to completion while 
also increasing sample preparation flexibility since the sam- 
ples can be frozen after this step. The new GEM-X 3 

′ and 

NextGEM 3 

′ kits had nearly identical protocols and provided 

the fastest processing time with shorter intervals between stop 

points. The two combinatorial barcoding platforms’ pooling 
approaches differed, with Scale’s use of a centrifugal plate 
funnel, rather than pipette transfers, resulting in less hands- 
on time, but longer no-stop intervals. The Parse protocols re- 
quired more hands-on time due to multiple bead-clean steps 
after sublibrary generation, while Scale utilized stop enzymes 
and a single bead clean-up step for the final indexed library.
PIPseq required more hands-on time in comparison to the 
other emulsion assays and a longer overall protocol due to 

the incubation steps. With the addition of the TCR profiling,
each platform in the BM2 experiment had expectedly longer 
workflows than their WT counterparts due to the additional 
TCR library preparation and pipette-based mixing for Parse 
v2 chemistry ( Supplemental Fig. S1 B). 

Based on these experiments, we subjectively assessed the 
processing experience from least favorable ( ∗) to most favor- 
able ( ∗∗∗∗) based on sample flexibility (ability to bank sam- 
ples), the quantity of pipetting required, throughput poten- 
tial, the risk for experiment or sample failure, and the ease 
of the initial data processing (Fig. 1 C, see criteria in “Pro- 
cessing Comparison” in Materials and methods). Sample flex- 
ibility considered the fixation process, storage time, and cell 
range requirements. Flex rated highest with formalin fixation 

for up to 10 million cells per sample and multiple stages to 

bank samples. The Parse and Scale fixation process involved 

more steps and a smaller input range per sample. Fixation for 
PIPseq was optional, and cells could only be stored for a week.
Parse required the most pipetting, followed by Scale, which re- 
duced liquid transfer steps with centrifugal pooling and split 
cells into a 384-well plate. While we processed only 4 sam- 
ples per kit, throughput refers to the total possible number 
of samples or cells from the kits used in these experiments.
With multiplexing, Flex can deliver the most cells per sample 
and up to 160k cells total. Both Parse and Scale allowed for in- 
creased sample throughput, 24 and 48, respectively, which de- 
creases cell recovery for each additional sample. GEM-X dou- 
bled the cell throughput of NextGEM and matched PIPseq,
but ranked higher in sample throughput due to the ease of 
processing. We found a lower risk potential in the ability to 

process individual samples, as seen in our NextGEM 5 

′ loss.
( Supplemental Fig. S1 c). Improved chip fluidics lowered the 
risk for GEM-X. The “all-in” approach required by combina- 
torial plate assays was deemed a higher risk since experimental 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
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a

c
Sample

Flexibility
Pipetting
Simplicity Throughput Low Risk

Workflow
Ease of Data
Processing

NextGEM Flex

b

NextGEM

GEM-X

PIPseq

Parse

Scale

Benchmark 1 Totals Breakpoints
active 4.75
passive 20.75
active 5.75
passive 3.50
active 5.75
passive 3.50
active 6.50
passive 6.75
active 6.50
passive 7.50
active 9.50
passive 6.25
active 7.25
passive 4.25

NextGEM
Flex

NextGEM

GEM-X

PIPseq v4

PIPseq V

Parse v3

Scale

9

5

8

7

7

9

7

8:00 9:00 23:00 24:0020:00 21:00 22:0015:00 16:00 17:00 18:00 19:0010:00 11:00 12:00 13:00 14:005:00 6:00 7:000:00 1:00 2:00 3:00 4:00

Kit

Figure 1 . Benc hmark 1 e xperimental w orkflo w, processing steps, and user e xperience. ( A ) Workflo w diagram of different steps required f or each 
platform used in the Benchmark 1 experiment, from cell suspension to library sequencing. 10x NextGEM Flex, NextGEM 3 ′ , GEM-X 3 ′ , PIPseq v4, and 
Parse v3 cells were from the sample aliquot. Scale and PIPseq V processing occurred separately with additional aliquots of the same donor. Created in 
BioRender. Elz, A. (2025) https:// BioRender.com/ 2refal9 . ( B ). Summary of time required to execute each workflow from sample preparation to library 
completion in terms of hours spent hands-on (active) and time spent waiting (passive). Stopping points are indicated with red lines, and the number of 
stopping points is summarized in the rightmost column. Gray indicates an o v ernight stopping point. ( C ). Workflow processing experience summary table 
classifies each criterion from low (one star) to high (four stars). Sample flexibility refers to the option to fix and store samples prior to beginning the 
single-cell w orkflo w. Pipet ting refers to the number of pipet ting steps. T hroughput refers to the parallel processing of samples enabled b y multiple xing. 
L o w Risk refers to the ability to salvage an experiment from an intermediate stage or recover partial inputs. Data processing refers to the ease of use of 
each vendor’s software. 

https://BioRender.com/2refal9
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oss was possible with an error at almost any step. Recogniz-
ng that the experience and risk level of any platform will vary
cross users, our assessment is provided as a general guideline.

For data processing, 10x’s Cellranger and Fluent’s
IPseeker stood out as standalone pipelines that were in-
talled easily, executed without issue, provided intermediate
les for deeper introspection, and had comprehensive, easily
nterpretable output summaries. For TCR analysis, 10x offers
 GUI tool as a user-friendly interface for working with TCR
ata, though we did not employ it for this study. Parse’s
TrailMaker” is a cloud-based pipeline accessed through a
eb browser. Trailmaker only performs WT analysis and
oes not provide sample-level FASTQs or BAMs, limiting the
ddition of accessory workflows. Parse also offers an offline,
PC-compatible version, which we struggled to run due to

oftware bugs unrelated to user inputs or FASTQ quality.
cale’s ScaleRna pipeline relies on additional installations
f Nextflow and docker/singularity. Scale’s pipeline operates
irectly on BCL files and does not automatically export
ample-level FASTQs. Users can download and manually run
 component of the Nextflow pipeline to extract sample-level
ASTQs, though it is not a documented procedure. Scale’s
ummary did not include saturation curve outputs. These
actors are all considerations that must be weighed when
hoosing a kit or offering a service for both small and large
rojects. 

ellular data recovery and cost 

e calculated the percent cell recovery using the total number
f cells loaded into the assay and recovered from the analysis
ipelines using default settings and consistent filtering thresh-
lds (Fig. 2 a–b , Supplemental Table S1 ). Low-quality cells and
ultiplets were removed from further analysis (see “Filtering

ount matrices” in Methods). Average high-quality single-cell
ecovery in BM1 ranged from 21.5 ± 2.5% SE (Parse v3) to
1.1 ± 1.5% SE (GEM-X 3 

′ ) (Fig. 2 A). The updated GEM-
 chemistry increased recovery by almost 20%. PIPseq V’s
igh-quality cell recovery (43.1 ± 1.0%, SE) improved over
he previous version (37.6 ± 2.0%, SE). Cell recovery varied
ore across sample replicates for fixed samples in PIPseq v4,
arse v3, and Scale (SE = 2.0–4.1%) compared to other kits
SE = 0.3–1.4%) since each replicate was fixed and counted
eparately. Both plate-based assays delivered a lower percent
ecovery, as calculated and expected for loading the first plate,
hich accounts for loss through the barcoding process. We

alculated the multiplet rate as the ratio of multiplets to re-
overed cells, not loaded cells, to avoid artificially decreasing
he multiplet rate for kits with high loading volume but poorer
ecovery. PIPseq V had the lowest multiplet rate in recovered
ells (3.6 ± 0.2%, SE) compared to Scale (8.8% ± 2.9%) and
arse v3 (11.6% ± 0.5%). Each 10 × 3 

′ platform had higher
ultiplet rates (10%-11.6%) due to chip overloading. 10 × 3 

′ 

its also observed more low-quality cells (2.3–7.6% of recov-
red cells) than other kits (0.2–2.5%) due to looser cell-calling
riteria in their pipeline. In BM2, the cell recoveries followed a
imilar trend, with GEM-X 5 

′ outperforming NextGEM 5 

′ by
5% on average. NextGEM 5 

′ had almost 2X higher percent
ecovery, and GEM-X had 2.5X high-quality singlets when
ompared to Parse v2 (Fig. 2 B). 

Using our cell recoveries, we calculated the reagent cost
er cell compared to the expected cost per cell based on
ach vendor’s projected recovery (Fig. 2 C). PIPseq V provided
the lowest expected cost per cell at $0.045/cell compared to
our observed $0.059/cell cost. Scale had the next most cost-
efficient recovery ($0.068/cell expected vs. $0.078/cell ob-
served) followed by GEM-X ($0.083/cell) and 10x Flex’s ob-
served $0.107/cell. Due to better cell recovery, Parse TCR
kit’s observed cost per cell ($0.135) was less than Parse v3
($0.145), even though the kit is more expensive. For context,
in an experiment targeting 100 000 cells, a price difference of
$0.01/cell costs $1000. 

For BM2, which was performed on sorted CD3 + T-cells,
we also prepared and sequenced TCR α and TCR β, which al-
lowed for recovery of VDJ junctional sequences. TCR clone
recovery was cheapest with GEM-X 5 

′ (Fig. 2 D). We calcu-
lated the frequencies of individual chains, paired chains, or in-
stances with multiple versions of recovered TCR α and TCR β

for each sample (Fig. 2 E). NextGEM 5 

′ and GEM-X 5 

′ had
higher rates of paired TCR α and TCR β chain recoveries than
for Parse v2 TCR. We also calculated the Inverse Simpson in-
dex of clonotype diversity. All kits showed good correspon-
dence in that our F2 sample had the highest level of TCR se-
quence diversity (Fig. 2 F). Parse v2 was more cost-effective for
partial chain recovery than NextGEM 5 

′ , but less effective for
paired chain recovery. 

Sequencing efficiency and cost 

An additional expense of any scRNA experiment includes the
cost of sequencing, which is often excluded from platform
comparisons. We observed variation in the sequencing effi-
ciency among the platforms, which adds to overall experi-
ment costs. For example, Flex performed very efficiently with
88.9% of reads aligned and from viable cells, whereas PIPseq
v4 and Parse v3 had less than 40% ( Supplemental Fig. S2 A
and B). Ambient RNA can also contribute to sequencing in-
efficiency. All kits had similarly low levels ( < 5%) of esti-
mated ambient RNA contamination, except for PIPseq v4
with > 10% ( Supplemental Fig. S2 C and D). We opted to re-
tain these reads to avoid transformations that could generate
bias among kits. 

The recommended read depth to achieve sequencing sat-
uration ranged from 10 000 to 30 000 reads per cell. We
downsampled the data to generate saturation curves consis-
tently across kits (see “Sequencing saturation” in Materials
and methods, Fig. 3 A–D). Since the sequencing saturation out-
put metrics varied across pipelines, we calculated the number
of reads needed to recover half of the maximal expected value
(rd50) as a measure of sequencing efficiency [ 13 ]. A lower
rd50 suggests the kit recovered its projected yield with less
sequencing, while a higher rd50 suggests the kit may have
proportionally greater data recovery with deeper sequencing.
The rd50 should be considered along with the projected yields
( Supplemental Table S2 ) to calculate the value and utility of
deeper sequencing. 

In BM1, Flex’s gene recovery exceeded GEM-X at lower se-
quencing depths but was surpassed after ∼15 000 reads per
cell (Fig. 3 A). GEM-X 3 

′ surpassed Flex’s transcript recov-
ery regardless of sequencing depth (Fig. 3 B). GEM-X 3 

′ and
Parse v3 had the highest rd50s for transcripts and genes, sug-
gesting they would benefit the most (proportionally) from
deeper sequencing. Flex, Scale, and PIPseq all had similarly
low rd50 values (rd50 for genes = 4798–5678, rd50 for tran-
scripts = 8971–9647). For Benchmark 2 WT libraries, GEM-
X 5 

′ retrieved the most genes and transcripts at all depths

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
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(Fig. 3 C and D). The rd50s and sensitivity of Parse v2 and
NextGEM 5 

′ were similar, though Parse detected more genes
while NextGEM had better transcript recovery. 

We modeled the per-cell sequencing requirements for each
kit using the rd50 to estimate the cost per cell to reach tran-
script or gene per-cell targets (Fig. 3 E and F). The cost is based
on a fixed sequencing price per read. We also calculated the
cost of an example experiment requiring 2000 transcripts per
cell for 80 000 cells ( Supplemental Table S2 ). Sequencing cost
was most efficient with Flex and GEM-X (Fig. 3 E) due to their
steep saturation curves (low rd50) and high transcript and
gene recovery. For 5 

′ assays, Parse v2 costs less than NextGEM
for prioritizing gene recovery but is more expensive for prior-
itizing transcript recovery (Fig. 3 F). 

Sensitivity and feature recovery 

To analyze each kit’s ability to resolve biological signals, we
considered downsampling the number of cells across kits to
a fixed value. However, we observed that downsampling cells
did not reduce the ability to resolve cell populations. Total cell
count can affect cluster accuracy and the ability to resolve cell
subsets, but it is not clear whether the effect is positive or neg-
ative [ 37 ]. We chose to analyze each dataset with all recovered
high-quality cells, as they would be used in a standard exper-
iment. 

In BM1, GEM-X detected more genes and transcripts per
cell compared to the other kits, averaging 24% more genes
than Scale and NextGEM and 30% more transcripts than
Scale and NextGEM. (Fig. 4 A, Supplemental Fig. S1 C). PIPseq
kits had the lowest unique feature and transcript recovery
of the 3 

′ assays, though the updated PIPseq V chemistry
recovered 23% more genes and 64% more transcripts per
cell than v4. For 5 

′ assays, GEM-X 5 

′ had the highest fea-
ture and transcript recovery, while Parse v2 had more genes
but fewer transcripts than NextGEM 5 

′ (Fig. 3 C and D,
Supplemental Fig. S1 C). Metric distribution ranges were dif-
ferent across kits since each vendor pipeline’s cell calling al-
gorithms had their thresholds for minimum data recovery.
PIPseq and Scale’s cell calling criteria allowed differing genes
and transcripts per cell thresholds between samples. This inter-
sample variation must be managed carefully when making bi-
ological comparisons with multiple samples. 

Ribosomal protein (RP) and mitochondrial DNA (MT)
gene expression constitute a portion of sequencing reads that
are generally used for QC purposes, indicative of cell health
in comparative studies rather than measuring biological out-
comes. Plate-based assays (Parse and Scale) had a lower per-
centage of RP reads per cell (0.7–1.0%) than other kits, except
Flex, which has no ribosomal protein probes (Fig. 4 A). Scale
also had the lowest percentage of MT reads (0.6% ± 0%),
while PIPseq V and NextGEM 3 

′ were highest (5.6–5.9%).
Fewer MT and RP reads were detected in kits with cell fixa-
tion, except PIPseq v4, which is consistent with prior studies
[ 38 , 39 ]. When we ran the PIPseq v4 workflow, Fluent’s fix-
ation protocol was in early development and may not have
resulted in fully fixed cells, which could explain similar rates
with other emulsion methods. MT read recovery was simi-
lar across 5 

′ kits. Fewer reads mapping to RP and MT genes
allow greater data recovery for more informative features
(Fig. 4 B). 

The 3 

′ kits detected 11 995 shared features, and an ad-
ditional 3151 features were found by non-probe-based kits
(Fig. 4 B). Over 90% of the reads for each kit were from 

shared genes (Fig. 4 C). Reads that originated from outside 
the shared gene pool primarily came from lncRNAs and other 
non-protein-coding or ambiguous features ( Supplemental Fig. 
S3 A, Supplemental Table S1 ). 

Scale recovered the most biological features overall, includ- 
ing ∼11 000 features not found in any other kit (Fig. 4 B).
Most of these genes were detected in trace amounts and did 

not represent a major portion of the total reads per sample 
(Fig. 4 C). Additionally, most of the unique features were unan- 
notated genomic regions or had unknown biological func- 
tions ( Supplemental Fig. S3 A). Scale’s processing pipeline dif- 
fers from the other kits analyzed in that it defaults to allow 

multimapping reads to contribute to the counts matrix; how- 
ever, disabling the partial alignment of transcripts in favor of 
single-gene assignment via expectation maximization only de- 
creased the median genes per cell by 21 (1%). It lowered the 
total detected genes by 62 (0.2%). Gene recovery patterns in 

5 

′ data were similar, with most features being shared across 
kits and nearly all reads derived from these shared features 
( Supplemental Fig. S3 B and C). 

Cell annotation 

Data were merged and clustered at the kit level (Fig. 5 A).
Kit-level clusters were annotated using marker genes and ref- 
erence projections (see “Cell Type Annotation” in Materials 
and methods, Supplemental Fig. S4 ). We quantified the ease of 
cell type calling by summarizing the expression of canonical 
gene markers as a single module (Fig. 5 B). Populations with 

strong expression of a single cell type module and low ex- 
pression of other modules were more confidently annotated.
Flex detected the highest cell type-specific marker module ex- 
pression, followed by GEM-X 3 

′ NextGEM 3 

′ and PIPseq V.
Notably, Parse and Scale exhibited weak expression of T-cell 
markers (CD3, CD4, CD8), confounding annotation of CD4 

+ and CD8 + T-cells. Cell populations with mixed expres- 
sion of multiple cell type markers were difficult to annotate 
( Supplemental Fig. S5 A and B). GEM-X 3 

′ , PIPseq v4, and 

Scale had populations of monocytes with similar expression 

of classical and non-classical monocyte markers (FCGR3A,
CD14), obscuring more granular annotation. 

We integrated the data from all kits, regressing out the in- 
dividual and kit-level signal to see how well data from all kits 
clustered in shared UMAP space (Fig. 5 C). Cells are largely 
clustered together by cell type, lending confidence to the over- 
all reliability of the annotations despite the varying degree of 
canonical marker expression. 

We used cell type annotations to profile the cell compo- 
sitions from single-cell sequencing data. We aggregated cells 
in high-level classifications to minimize the effect of annota- 
tion ambiguity. The proportional compositions were not sig- 
nificantly different between kits (Fig. 5 D). Flex and GEM-X 

3 

′ detected trace amounts of granulocytes, and NextGEM 3 

′ ,
GEM-X 3 

′ , and PIPseq V detected trace amounts of erythro- 
cytes, but these niche populations represent < 1% of the total 
cells captured. 

Sample replicability 

The similarity of replicate samples from the same individual 
was quantified at the single-cell level using earth mover’s dis- 
tance (EMD). Flex demonstrated the lowest EMD and lowest 
variance between samples, with PIPseq v4 and Scale having 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf215#supplementary-data
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he highest values and more inter-sample variance (Fig. 6 A).
e considered whether Flex’s low values may be due to the
inimal downsampling for this kit, as Flex yielded the fewest

ells (mean per sample = 8935) and thus set the threshold for
ell downsampling in EMD calculations. We downsampled
he other kits to 10 000 cells and performed the same EMD
rocedure, but it did not change the EMD values systemati-
ally. While sample-level effects can be regressed out to pro-
uce integrated clusters (Fig. 5 C), higher intra-sample replica-
ility will improve the power to detect differentially expressed
enes. 

ifferential gene expression 

amples in this study came from healthy donors, so we did not
ave specific gene expression differences we expected to mea-
ure between samples. To determine the accuracy of differen-
ial gene expression (DGE) in each kit, we contrasted distinct
ell types (T-cells, B-cells, and monocytes) as they have well-
efined differences we expect to observe (see “Pseudobulking
nd differential gene expression” in Methods ). We used pseu-
obulk aggregated expression of cell populations pooled from
ll four samples, which provides more precise and accurate
alculation of differential gene expression [ 40 ] We observed
hat the magnitude of downsampling cells for pseudobulking
ad a strong effect on the overlap in DEGs: when pseudob-
lk samples were created from more cells, DEGs were more
imilar across kits. This indicates the importance of high cell
ecovery for reliable estimates of biological differences. We
ownsampled to 2500 cells per cell type for the final analysis
o approximate the power in a DGE analysis of a moderately
bundant cell population. 

Gene expression was modeled at the kit level as a function
f cell type, individual, and batch. Variance in each gene’s ex-
ression was broken down by these explanatory terms, with
esiduals being the remaining unexplained variance (Fig. 6 b).
lex, GEM-X 3 

′ , and NextGEM 3 

′ had the highest variance
ttributable to cell type (86 - 79%) and the lowest residuals
9–15%). This demonstrates a strong ability to capture bio-
ogical differences in a reproducible manner. Scale and PIPseq
4 showed lower variance attributable to cell type (48%, 46%
espectively) and higher residuals (38%, 44%), suggesting re-
uced reliability in detecting biological differences. Scale also
ad more variance attributable to batch (upper quartile =
.6%, other kits = 0.2–0.7%), which may confound analy-
es in underpowered studies. PIPseqV and Parse v3 performed
imilarly and fell between the other kits. 

Since we are not addressing a direct biological hypothesis
ith our study design, we did not expect any specific changes

n individual genes. We expected some variance due to chance,
ut it’s important to distinguish systematic differences from
andom fluctuations. We opted then to focus on each kit’s abil-
ty to resolve meaningful signal from noise rather than high-
ighting differences in individual genes. We performed gene
et enrichment analysis (GSEA) focusing on a handful of cell-
ype-specific Biocarta pathways to act as positive controls for
ignals that should be detectable (Fig. 6 C). All kits showed
he expected significant enrichment of the monocyte pathway
hen comparing monocytes to B cells. Similarly, all kits ex-

ept Parse v3 and Scale showed significant enrichment of the
CR pathway when comparing T and B cells. Only GEM-X
 

′ and Flex detected the expected enrichment of the monocyte
athway when comparing monocytes with T-cells, but only
Flex reported the TCR pathway as enriched in T-cells relative
to monocytes. PIPseq V was the only kit to observe significant
enrichment of the BCR pathway when contrasting T and B
cells. These findings were consistent with the hypotheses that
high sample replicability and low residual variance lead to su-
perior resolution of the biological signal. 

We expanded upon recent evaluations of commercially
available single-cell RNA sequencing (scRNA-seq) platforms
[ 12 , 13 ] by benchmarking the latest chemistries and analyz-
ing performance across technologies. Our goal was to give re-
searchers and service providers a clear roadmap for selecting
the most suitable scRNA-seq solution for their unique needs.
We conducted two in-depth comparisons: Benchmark 1 as-
sessed sensitivity and reproducibility using PBMCs from two
donors in replicate across seven platforms, and Benchmark 2
focused on T-cells sorted from four donors, evaluating gene
expression and TCR profiling across three kits. We targeted
each platform’s maximal recommended cell capture limits to
ensure a practical comparison in our appraisal of the user ex-
perience and kit performance. A high-level summary of key
metrics from our evaluation is provided in Fig. 7 . 

Our assessment of sample flexibility, total runtime, built-
in pause points, and overall throughput overlapped with the
experimental features discussed by [ 13 ] and suggested that
longer, labor-intensive assays performed by a service lab may
offset a low kit cost for the user. Alternatively, required equip-
ment costs, such as an upgrade to the Chromium X, required
for Flex and GEM-X, or optional automation for combinato-
rial plate-based assays, may be a barrier to start-up; however,
the investment saves time, increases throughput, and repro-
ducibility, which is beneficial to service or high-throughput
laboratories. Fluent’s PIPseeker (now Illumina Single Cell 3 

′

RNA Prep) offered the best cost-per-cell and easy analysis,
ideally for individual users on a tight budget who can af-
ford or share the low equipment cost. PIPseq had a similar
cell throughput to other platforms, but the sample throughput
was limited due to individual tube handling steps through-
out the protocol. Combinatorial indexing plate assays offer
sample flexibility and throughput due to the ability to fix and
freeze samples, aiding experiment planning and sample pro-
cessing. Parse offered the only option for TCR profiling of
fixed cells, which is ideal for sorting and storing samples for
later processing. We identified a higher risk associated with the
“all-in”approach used in these plate-based indexing assays, as
processing all samples on a single plate means that any error
can compromise the entire experiment. The new 10x GEM-
X workflows increased cell throughput without adding time
or effort to the protocol, allowing users to process more cells
than the NextGEM platform. The Chromium X run time is re-
duced and increases chip throughput; alternatively, individual
samples can still be run when optimizing sample preparations.
The microfluidics of the new GEM-X chips claim to be more
robust to clogs and wetting failures, but if this does occur, it
usually affects a portion of the samples. Sample fixation was
not supported for GEM-X at the time of this experiment, but
since we performed our experiments, DSP methanol fixation,
like Fluent and Scale’s approach, is supported, increasing flex-
ibility to store samples for both the GEM-X 3 

′ and 5 

′ assays.
10x Flex fixation was the easiest workflow for quickly stor-
ing cells (or tissue) for either an hour or overnight, so long as
all samples in a single experiment were processed in the same
way. While Flex has the longest overall workflow time, it has
the least hands-on time and many options to stop and store
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Figure 6. Distinguishing signal from noise to quantify po w er in detecting biological differences. ( A ) Earth mo v er’s distance (EMD) approximates the total 
difference between replicates, where a higher value indicates more difference. EMD was bootstrapped on data downsampled to 8k cells per sample. 
EMD provides a quantification of sample replicability, including expression and composition, as it is blind to discrete cell classifications. ( B ) Percent of 
total variance in a gene’s expression attributable to explanatory variables. Gene expression was modelled on a per-kit basis with cell type, individual, and 
batch as fixed effects. The portion of expression variance not modelled by these terms is the residuals. Higher values for celltype and individual suggest 
good sensitivity in detecting true biological differences. Higher values for batch or residuals indicate more variability in results and less power to detect 
differential gene expression. ( C ) Gene set enrichment analysis (GSEA) of BioCarta pathways using differential gene expression calculations between 
pseudobulk aggregated groups of cells within kits. Positive normalized enrichment scores (NES) indicate higher expression of pathway genes in the first 
group, while negative NES indicate higher expression in the second group. For example, a positive NES in the first sub-panel indicates enrichment of 
those genes in B cells relative to T-cells, while a negative NES indicates enrichment in T-cells relative to B cells. Asterisks indicate pathways with an 
adjusted p value below 0.05. 
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Figure 7. Summary metrics for ( A ) benchmark 1 and ( B ) benchmark 2. Cells are colored based on absolute deviation from the median value for the 
column. Stronger color values indicate greater deviance. Green indicates better performance than the median, while red indicates worse performance. 
Text color values have no meaning; they only differ to provide contrast from the background. 
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amples, increasing flexibility and throughput while decreas-
ng risk. 

All analysis pipelines ran on a high-performance computing
nvironment with 16 + CPUs and 200 + Gb RAM. Parse and
cale pipelines were more challenging to execute due to instal-
ation requirements, a lack of intermediate files, and limited
ocumentation. Parse and 10x offer cloud-based processing
olutions that may appeal to researchers with limited compu-
ational resources. Pipelines have varying levels of default per-
issiveness for cell calling: 10x CellRanger defaults to return-

ng more low-yield cells, while Fluent’s PIPseeker has more
onservative default thresholds. Researchers must understand
ipeline default behavior and weigh their priorities (data qual-
ty vs quantity) to adjust pipeline parameters to meet their
tudy goals. 

10x GEM-X assays led in cell recovery efficiency and had a
igher proportion of low-quality cells and multiplets. Studies
ave shown droplet-based methods to have a positive correla-
ion between the total cells loaded and the multiplet rate [ 41 ,
2 ] while split-pool combinatorial methods have an increased
isk of doublets due to cell clumping [ 43 ]. Both overloaded
0 × 3 

′ chips likely resulted in higher doublet rates due to
verloading. However, the sensitivity of the doublet detection
lgorithm employed for this study is related to the strength of
ell type-specific expression profiles; a moderately higher dou-
let rate can be a positive indicator of filtered data quality, not
ust a higher doublet incidence [ 19 ]. 

Recovery i/s even more important for cell-limited samples.
he ability to include cell-limited samples in assays that re-
uire fixation is important due to the additional cell loss at
his step. For example, 10x Flex, Parse, and Scale each pro-
ide guidance on lower limits for cell fixation and pooling.
ombinatorial indexing methods required starting with over
50 000 total cells across samples due to the calculated cell
oss through plastics and pipetting transfers. Combining mul-
iple low-input sample types, like cells and nuclei, to utilize all
he wells, is not recommended due to differences in cell qual-
ity and RNA expression levels, which can create sample bias
[ 43 ]. The utility of using fixed cells for TCR profiling with
Parse was much anticipated to alleviate the need to process
patient samples immediately and to limit bulk effects. While
Parse TCR and 10 × 5 

′ platforms recovered similar frequen-
cies of unpaired α and β chains, the Parse kit recovered only
half the number of cells with paired αβ chains. Since DSP fixa-
tion is now possible with the 10x platforms, users may choose
their platform based on access to an instrument, sample input
limitations, or cost. 

Flex was highly cost-efficient and delivered the best value
for shallow read depth due to its high read utilization and ef-
ficient gene recovery. GEM-X 3 

′ and 5 

′ produced high yields
with moderate sequencing and efficiently generated more us-
able data with additional read depth. PIPseq did not recover as
many genes and transcripts, but approached sequencing sat-
uration quickly. Despite less overall data, PIPseq V was still
able to adequately resolve cell populations and expected bio-
logical activity. We observed slightly lower median gene and
transcript recovery for Parse v3 compared to our Parse v2 data
and the vendor-published web summary found on their web-
site [ 44 ] and our Parse v2 TCR data. The lower recovery may
be a product of the additional time the cells sat on ice while
counting with a hemocytometer for accurate recovery metrics
before adding them to the plate. Our sensitivity metrics com-
paring Parse v2 and 10x NextGEM were consistent with an
analysis of thymocytes [ 14 ] and the opposite of a study using
replicate PBMCs [ 12 ]. 

While Scale achieved similar median cell feature recovery
to other kits, it identified over 10 000 features not detected
by any other kit. Nonetheless, most of these features were ei-
ther unannotated or non-protein-coding and constituted only
a small fraction of the total recovered reads. These additional
genes did not provide valuable biological insights and will
weaken the power of differential expression testing when in-
cluded in multiple hypothesis-testing correction methods. The
default pipeline settings in Scale allow for reads to be assigned
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to multiple genes, but this accounts for just around 1% of the
unique features found. In contrast, Parse v3 identified more
than 2000 unique features, likely due to its combination of
oligo dT and random hexamer primers. 

Our sequencing cost calculations did not factor in any vari-
ability in the sequencing run, e.g. the cluster percentage or the
number of reads passing filter off the sequencers. We chose
not to include these metrics since we did not have values for
all libraries, as the 10x libraries were pooled together, and
some libraries were run on different models of Illumina in-
struments. Scale was the only library sequenced on two differ-
ent sequencers and consistently produced the lowest observed
reads passing filter percentage (55–66%) and fewer than the
expected reads for the kit. Consequently, we had to sequence
more to get the required number of reads, which increased the
cost per cell. The read configuration of the Parse v2 TCR kit
still requires a 200-cycle sequencing cartridge for the WT li-
brary, making it more expensive to sequence, whereas all oth-
ers can be processed with 100-cycle kits. 

Accurately annotating cell populations is essential for
downstream applications, and poorer resolution results in
less power to detect biological differences. Although each
technology was able to resolve cells into broad cell type
classifications, distinguishing more niche subsets such as
CD4 + and CD8 + T-cells was more difficult with com-
binatorial plate-based assays. Consistent with other studies,
Scale and Parse exhibited decreased expression or increased
dropout of canonical marker genes, making them less capable
of resolving some niche cell subsets [ 13 , 45 ]. Intra-replicate
variability is another important factor for statistical power:
the more consistent replicates are, the more confidence there
is in an observed difference. Scale and PIPseq v4 showed
the highest intra-sample variability, resulting in more resid-
ual variance in differential expression comparisons, decreas-
ing their ability to resolve expected biological differences via
pathway enrichment analysis. Flex had very low intra-sample
variability and residual variance, resulting in the best per-
formance at resolving expected biological differences. High-
fidelity probe alignment produced consistent expression pro-
files that lend ample power to statistical comparisons [ 13 ]. 

Current technologies continue to evolve, and we expect new
platforms to emerge. For example, multiple vendors now of-
fer kits to process up to 5 million cells, proposing lower costs
per cell. For larger projects, sample sequencing efficiency will
be an important consideration. We focused this comparison
on mRNA and TCR sequencing, but each of these vendors is
offering or developing a broad range of multi-modal applica-
tions that should be considered as options and for future com-
parative studies. No single scRNA-seq platform checks every
box. The right choice depends on your experimental priori-
ties ,be it sensitivity , sample flexibility , cost, or ease of use.
We’ve outlined the key trade-offs to help researchers and ser-
vice providers make informed decisions about commercially
available platforms. 

Limitations of study 

Scale and PIPseq V data were generated using separate
aliquots of the same donor cells at later dates than the ini-
tial Benchmark 1 experiment. Any difference in cell viability
due to processing separate aliquots could influence metrics. 

We overloaded the 10 × 3 

′ chips due to an automated
counting error. The actual counts were recovered from hemo-
cytometer images. This also means slightly more than 1 mil- 
lion cells were fixed for Flex, but still within the range of the 
protocol. 

We loaded cells into the first plate, Parse v3 plate, 15–20 

min past the recommended time from thawing. The new pro- 
tocol suggests counting an aliquot at the time of fixation be- 
fore freezing to reduce the time counting cells to 30 min before 
loading the plate. 

The NextGEM 5 

′ data was only presented for two samples 
because F4 and F5 were removed from further analysis and 

comparison. We believe there was a processing error during 
the recovery step, where RNA was lost. We believe this was a 
manual error and not a sample issue, as the sample was run 

through the GEM-X and Parse TCR workflows, and those 
data were not affected. 
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