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ABSTRACT
Single-cell RNA sequencing (scRNA-seq) is widely utilized in tumor research. However, platform-specific technical biases may

impact data interpretation. This study compared the performance of droplet- and microwell-based scRNA-seq platforms in the

analysis of clinical samples. Despite the similarities after batch effect correction, significant differences were observed in multiple

aspects, including mRNA preference, cell type restoration, and gene expression patterns. The droplet-based platform captured a

higher proportion of immune cells, whereas the microwell-based platform provided a more accurate immune cell representation.

Differential gene expression, pseudotime, and cell–cell communication analyses further revealed platform-dependent variations

across multiple aspects. Overall, this study provides valuable insights into platform selection and optimization for cross-platform

data integration in single-cell transcriptomics.

1 | Introduction

Over the past decade, single-cell RNA sequencing (scRNA-seq) has
undergone rapid advancements, evolving from early single-cell
digital gene expression profiling [1, 2] to methods capable of simul-
taneously analyzing thousands of transcripts per cell across tens of
thousands of cells in a single experiment. The core principle
underlying these techniques is the partitioning of cell suspensions
into nanoliter-scale reaction compartments to facilitate high-
throughput single-cell transcriptomic profiling. Cells can be
encapsulated in standard SBS plates, microwell arrays, or water-
in-oil emulsions, followed by lysis and multiparameter analysis.
The introduction of single-cell barcoding strategies, including
SMART-seq [3], CEL-seq [4], MARS-seq [5], and SCRB-seq, as
well as their optimized versions, SMART-seq2 [6], CEL-seq2 [7],

andmcSCRB-seq [8], further refined transcriptomic barcoding and

amplification, while reducing reliance on fluorescence-activated

cell sorting (FACS) for single-cell isolation, thus streamlining

experimental workflows.

Unlike traditional bulk RNA-seq (bulk RNA-seq), which cap-

tures the average gene expression levels of heterogeneous cell

populations and thereby masks cellular heterogeneity, scRNA-

seq enables precise measurement of gene expression at the

single-cell level. This capability is critical for understanding the

functional diversity and dynamic states of different cell types

within complex tissues, particularly in highly heterogeneous dis-

eases such as cancer [9]. By leveraging scRNA-seq, researchers

can distinguish tumor cells, immune cells, stromal cells, and
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other cellular subpopulations, thereby providing deeper insights
into their distinct roles in disease progression.

In recent years, the application of microfluidic technology has
driven further innovation in scRNA-seq, significantly increasing
cell throughput while reducing costs. Droplet-based methods
such as Drop-seq [10], inDrop [11], and 10x Genomics Chro-
mium [12] employ microfluidic droplet encapsulation to isolate
single cells, with barcoded beads labeling transcripts for down-
stream sequencing. Similarly, high-density microwell-based sys-
tems incorporate barcoded beads in a format akin to droplet-
based platforms, exemplified by Seq-Well [13], Microwell-seq
[14], and commercially available systems such as Singleron
GEXSCOPE [15] and BD Rhapsody.

Drop-seq and Microwell-seq offer distinct advantages in experi-
mental workflow and cell capture efficiency. Drop-seq, based on
microfluidic technology, encapsulates individual cells with bar-
coded beads within oil-phase droplets, followed by lysis, reverse
transcription, and sequencing. This approach supports extremely
high throughput [16–18], making it well suited for analyzing vast
cellular populations and particularly efficient at capturing
immune cells (e.g., T cells and B cells), making it an excellent
choice for immune system studies and profiling rare subpopula-
tions. In contrast, Microwell-seq employs microwell arrays, allow-
ing single cells to settle into wells along with barcoded beads via
gravity or centrifugation. This physical isolation approach offers a
unique advantage in capturing larger or morphologically distinct
cells [19, 20], such as neutrophils, making it particularly valuable
for studying myeloid cells, inflammatory responses, and hemato-
poiesis. Furthermore, Microwell-seq requires minimal specialized
equipment, making it a cost-effective choice for large-scale single-
cell atlas construction [21].

Although high-throughput scRNA-seq technologies generate
seemingly comparable datasets [22, 23] and are often used inter-
changeably in different biological contexts, their underlying
methodologies introduce platform-specific biases, detection pre-
ferences, and technical constraints. These inherent differences
influence their performance across various cell types and tissue
environments, rendering certain platforms uniquely suited for
specific biological applications. While scRNA-seq technologies
are advancing RNA sequencing and research, as noted in several
studies, each platform has its own strengths and limitations
[24–27]. However, systematic comparative studies evaluating
high-throughput scRNA-seq platforms remain relatively scarce,
with most assessments relying on homogeneous cell cultures or
artificially mixed cell pools [24]. Such experimental designs fail to
fully capture the true performance of different platforms in
detecting cellular heterogeneity and delineating cell lineage iden-
tities within complex tissue samples.

In this study, we conducted a systematic comparison of droplet-
and microwell-based scRNA-seq technologies using lung adeno-
carcinoma samples derived from the same patients. Our analysis
comprehensively evaluates multiple aspects, including highly var-
iable gene (HVGs) selection, cell type annotation, copy number
variation (CNV) inference, gene expression characteristics within
identical cell types, and immune cell composition. The findings
provide critical insights for optimizing scRNA-seq experimental
design, facilitating cross-platform data interpretation, and
enabling robust integration of multi-platform scRNA-seq datasets.

2 | Results

2.1 | Platform-Specific Preferences in Data Quality
and Read Distribution

Single-cell suspensions were prepared from freshly resected tumor
tissues collected from the same anatomical site of each patient. For
each patient, the tissue was evenly divided into two halves and
processed in parallel under identical experimental conditions for
the droplet- and microwell-based platforms to minimize sampling
and technical variability. Using platform-specific pipelines, we
obtained a total of 47,401 high-quality cells from the droplet-based
platform, comprising 21,922, 10,784, and 14,795 cells from the
three respective samples. In parallel, the microwell-based platform
yielded 33,915 high-quality cells, including 12,231, 8832, and
12,952 cells from each sample, respectively.

The two platforms exhibited notable differences in quality control
(QC) metrics. We observed that the droplet-based platform typi-
cally yielded higher total read counts and gene detection per cell
compared to the microwell-based platform (Figure 1A,B). One
plausible explanation for this observation is the difference in
mRNA capture efficiency between the two platforms. Droplet-
based platforms perform cell lysis and reverse transcription within
physically confined microdroplets, where a high local concentra-
tion of barcoded oligo (dT) primers facilitates rapid and efficient
capture of polyadenylated transcripts. This confined reaction envi-
ronment reduces RNA diffusion and loss, resulting in higher num-
bers of captured transcripts and consequently increased read
counts and gene detection per cell relative to microwell-based
approaches. After rigorous QC, 43,493 cells sequenced using the
droplet-based platform and 31,807 cells sequenced using the
microwell-based platform were retained for downstream analysis.

Although the microwell-based platform detected fewer transcripts
and genes per cell compared to the droplet-based platform, it con-
served a higher proportion of mature mRNA. On the droplet-based
platform, the mean proportion of confidently mapped reads to the
exon regions stood at 62.93% of the total, while the intron regions
captured an average of 24.93% of the total reliably mapped reads.
In contrast, the microwell-based platform exhibited a markedly
different profile. Here, the average proportion of reliably mapped
reads to the exon regions reached 87.62% of the total, with a mere
7.58% of the total reliably mapped reads being attributed to the
intron regions (Figure 1C). Moreover, a high ratio of mitochon-
drial DNA-encoded genes (%MT) mapping was observed in the
microwell-based platform (Figure 1D), which is commonly
regarded as a positive indicator of cellular stress, apoptosis, and
low-quality cells [28, 29]. Also, stress-associated transcripts such as
FOS, JUN, and HSPA8 exhibited higher expression levels in the
microwell-based platform, despite no significant differences being
observed in the overall expression of stress-related transcripts
(Figure 1E), suggesting potential platform-specific preference of
stress-related cellular features.

To validate the consistency of these findings and rule out potential
sample-specific biases, we further retrieved publicly available data-
sets generated by both the droplet- [30] and microwell-based plat-
forms [31]. After a meticulous and comprehensive comparative
analysis of these external datasets, we found that the mapping
proportions were strikingly consistent with our own experimental
results.
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2.2 | Evaluating and Reducing Batch Effects
Between Platforms

During scRNA-seq, batch effects can arise in the sequencing pro-
cess. In the PC analysis (PCA) analysis (Figure S1A), samples from
the two platforms were clearly distinguished along the first princi-
pal component (PC), while biological variability of the three sam-
ples existed. These results indicate that the batch effects between
platforms may outweigh the biological differences between sam-
ples from the same tissue type. We visualized the clustering

patterns of samples from both platforms using UMAP to assess

intraplatform variability and employed two clustering evaluation

metrics to quantify the magnitude of batch effects. As shown in

Figure 2A,B, the UMAP plots of both platforms exhibit certain

similarities. Notably, Sample2 and Sample3 form distinct, isolated

regions in the plot, which may reflect the specificity of these sam-

ples compared to others. Additionally, the UMAP plots reveal

overlapping areas between the three sample groups, suggesting

some degree of homogeneity among certain cell populations in
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the lung adenocarcinoma samples. Specific evaluation metrics

indicate that the Batch_ARI value for the droplet-based platform
(D1–D3) was 0.9048, higher than that of the microwell-based plat-

form (M1–M3) at 0.7635. Similarly, the Batch_ASW value for the
droplet-based platform was 0.4757, slightly higher than the 0.4318

observed for the microwell-based platform (Figure 2A, B).

We further integrated the six samples for de-batch-effect analysis.
Although the samples from the same source tended to cluster
together (areas highlighted by red circles in Figure 2C), suggesting
good biological replicability of these cells, a large number of single
cells still suffered from significant batch effects. To assess the
effectiveness of mainstream single-cell transcriptomics analysis
tools in mitigating batch effects arising from two different plat-
forms, we performed batch effect correction on the six samples.
UMAP clustering revealed residual batch effects due to platform
differences and individual variability, with the uncorrected data
yielding Batch_ARI and Batch_ASW values of 0.8893 and 0.5308,
respectively (Figure 2C). We then evaluated several advanced
batch correction methods, including Harmony, Seurat, and Liger,
which have been validated in a recent study [32]. Postcorrection
UMAP visualizations demonstrated effective mixing of cells across
samples for all methods, and quantitative metrics improved signif-
icantly, with Batch_ARI values of 0.9540 (Harmony, Figure 2D),
0.9437 (Seurat, Figure 2E), and 0.9578 (Liger, Figure 2F), as well as
Batch_ASW values of 0.5479 (Harmony), 0.5352 (Seurat), and
0.5322 (Liger).

2.3 | Microwell-Based Platform Accurately
Restored Immune Cell Proportion

To evaluate the distribution characteristics of preferences on cell
types of the two platforms after batch effect correction, cell clus-
ters were classified into epithelial cells, immune cells, and stro-
mal cells, with the latter primarily representing endothelial and
mesenchymal cells. Immune cells constitute the predominant
population, while epithelial cells exhibit a more localized distri-
bution. In contrast, stromal cells are relatively sparse and are
primarily located at the periphery (Figure 3A, B). A dot plot of
marker gene expression revealed distinct expression patterns

among the three major cell populations derived from the
droplet-based (Figure S2A–C) and microwell-based platforms
(Figure S2B–D), supporting the classification validity.

The proportion of the three major cell populations differs across
the two platforms (Figure 3C). In each sample, the proportion of
immune cells on the droplet-based platform is greater than that on
the microwell-based platform. The t-test of the immune cell ratio
between the two platforms (Figure 3D) showed that although
there was no significant difference in the proportion of captured
immune cells between the samples, the mean proportion of
immune cells on the microwell-based platform was closer to the
flow cytometry results we conducted (Figure S3A,B). One possible
explanation is that microwell-based platforms capture cells
through passive settling into microwells followed by lysis, in con-
trast to the active microfluidic droplet encapsulation used in
droplet-based platforms. This passive capture strategy is likely
more reflective of the true tissue composition. Because immune
cells are naturally suspended, they are less efficiently captured by
passive settling compared with droplet encapsulation, which pref-
erentially captures small, freely suspended cells, resulting in a
lower representation of immune cells in microwell-based datasets.
Moreover, several studies have demonstrated that droplet-based
platforms tend to overestimate immune cell abundance [32–34].

2.4 | Platform-Dependent Variability in Cell
Subtype Detection

To further explore the platform-specific differences in cellular
composition, resolution, and functional characterization, we con-
ducted a comprehensive comparison between the droplet- and
microwell-based scRNA-seq datasets.

First, the droplet-based dataset yielded eight cell subtypes
(Figure 3E), whereas the microwell-based dataset yielded nine
(Figure 3F). Notably, the expression of neutrophil marker genes,
including FCGR3B, CXCR2, and CSF3R [35], was nearly undetect-
able in any cluster within the droplet-based dataset (Figure
S4A–C). In contrast, a distinct neutrophil population was exclu-
sively identified in the microwell-based dataset (Figure S4D–F).
Furthermore, the median number of genes detected per cell was
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lowest in neutrophils compared to the other cell types (Figure 3G),
suggesting that microwell-based platforms exhibit higher capture
efficiency for fragile cells with low mRNA content than droplet-
based systems. This finding is consistent with previous studies
[36, 37]. This is likely due to the high RNase content in neutrophil
granules, their fragility under microfluidic pressure, and potential
RNase-mediated RNA degradation in droplet-based datasets,
whereas microwell-based datasets may better preserve RNA
through stronger RNase inhibition and bead washes [38].

Refer to [39], we assessed whether platform-specific discrepan-
cies exist in gene expression patterns within the same cell types.
For each target cell type, differential expression analysis was
performed using the remaining cell types as a reference. A subset
of genes exhibited opposite log fold change (logFC) signs between
the droplet- and microwell-based platforms, indicating conflict-
ing expression trends. These genes were subsequently visualized
in a heatmap to highlight the differences. (Figure 4A and Figure
S5A–D and Figure S6A–C). One possible hypothesis is that RNAs
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susceptible to degradation are preferentially lost during the
microwell-based protocol. However, mRNA stability is influ-
enced by multiple factors, and current literature provides no
direct evidence that the specific transcripts exhibiting opposite
expression patterns between the two platforms are intrinsically
unstable or prone to rapid degradation [39].

As for the cell–cell communication patterns, we performed
cell–cell interaction analyses for each of the three patients sepa-
rately on the droplet and microwell platforms. In Patient 1, the
Droplet-based dataset exhibited a markedly higher number of
inferred cell–cell interactions than the Microwell-based dataset,
and the corresponding interaction network showed more exten-
sive intercellular connections across multiple cell types
(Figure 4B, C), whereas interactions inferred from the Microwell
platform were more restricted and predominantly centered
around myeloid cells. In contrast, Patients 2 and 3 displayed
comparable numbers of inferred cell–cell interactions between
the two platforms (Figure 4D–G), suggesting that platform-
related differences in cell–cell communication may vary across
individuals. To further quantify these observations, we summa-
rized the total number of inferred cell–cell interactions for each

individual sample using bar plots (Figure 4H), which revealed
that, across all patients, samples generated using the Droplet
platform consistently exhibited higher total interaction numbers
than their Microwell counterparts. This discrepancy may be par-
tially attributable to differences in capture efficiency between the
two platforms, as the Droplet platform generally captures a larger
number of cells and transcripts, thereby increasing the likelihood
of detecting ligand–receptor (LR) interactions. Finally, LR inter-
action analysis focused on patient 1 demonstrated that, in several
key immune-related signaling pathways, including MHC, IL1,
TNF, SPP1, MIF, TGFβ, and more, the droplet-based data cap-
tured a more comprehensive spectrum of interactions (Figure 4I),
which facilitates a more detailed characterization of the tumor
immune microenvironment, while Patients 2 and 3 (Figure S7A,
B) showed a consistent trend, supporting the robustness of these
observations.

As previously described, the droplet-based platform demonstrated
higher sensitivity in single-cell capture compared to themicrowell-
based platform, enabling the enrichment of a greater number of
immune cells. Based on canonical marker gene expression, 5 T cell
subtypes were identified in the droplet-based dataset (Figure 5A,
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including cytotoxic CD8+ effector T cells, immunosuppressive
CD4+ T cells, naïve T cells, natural killer T (NKT) cells, and regu-
latory T cells (Tregs). In contrast, the microwell-based platform
detected only four of these subtypes (Figure 5B), lacking the
immunosuppressive CD4+ T cell population. Although both plat-
forms used tissue samples from the same source, and consistently
identified themajor T cell subtypes, with naïve T cells representing
the most abundant population in both datasets (Figure S8), the
absence of immunosuppressive CD4+ T cells in the microwell-
based data indicates its relatively limited sensitivity in detecting
rare immune cell subsets.

Further subcluster analysis of epithelial cells revealed that the
microwell-based platform identified six clusters, whereas the
droplet-based platform identified eight clusters (Figure 5C, D).
UMAP visualization indicated that the microwell-based platform
exhibited more distinct clustering, suggesting differences in cel-
lular resolution between the platforms.

To investigate the potential heterogeneity introduced by different
sequencing platforms in analyzing tumor progression and differ-
entiation trajectories, we performed pseudotime analysis on epi-
thelial cell subclusters (Figure 5E, F). The results revealed that the
droplet-based platform exhibited 11 cellular states, whereas the
microwell-based platform exhibited only five states. Furthermore,
the droplet-based platform displayed a greater number of branch
points, indicating a more complex evolutionary trajectory of can-
cer cells. In contrast, the fewer states detected in the microwell-
based platform did not distinguish certain critical cellular states.

3 | Discussion

This study compares the performance of two scRNA-seq technol-
ogies, droplet- and microwell-based, in clinical samples. The
results reveal significant technical and biological differences
between the two platforms, which have critical implications for
interpreting single-cell transcriptomic data and advancing tumor
biology research. Selecting an appropriate sequencing platform is
crucial, as it directly affects the reliability of single-cell expression
profiles and influences both time and cost considerations.
Researchers must carefully evaluate the characteristics of different
platforms to select the most suitable technology for their scientific
inquiries, ensuring the accuracy and reliability of the data.

One of the most striking findings is the difference in read map-
ping patterns between the two platforms. The droplet-based plat-
form exhibits a higher proportion of reads mapped to intronic
regions (24.93%), suggesting a lower efficiency in capturing
exonic sequences compared to the microwell-based platform,
which achieves an exonic mapping rate of 87.62%. These discre-
pancies in mapping efficiency may reflect variations in sequenc-
ing depth, RNA capture strategies, and platform-specific biases.
Notably, similar mapping patterns were observed when analyz-
ing publicly available datasets, further supporting the notion that
these differences originate from the sequencing platforms rather
than sample-specific biases.

Our analysis identified significant platform-specific technical
biases between the datasets. PCA reveals a clear spatial separa-
tion between the two platforms, suggesting that technical differ-
ences may overshadow the biological variations among samples.
QC metrics further highlight platform-specific discrepancies,
with the droplet-based platform demonstrating higher gene
detection sensitivity and a lower proportion of mitochondrial
transcripts compared to the microwell-based platform. Cluster-
ing evaluation metrics indicate that batch effects are more pro-
nounced in the microwell-based platform, emphasizing the
impact of sequencing technology bias on batch effect magnitude.
Further integration and clustering analysis, along with batch
effect correction tools such as Harmony, Seurat, and Liger, dem-
onstrate their effectiveness in mitigating cross-platform batch
effects. These findings underscore the importance of accounting
for sequencing platform biases and batch effects when integrat-
ing single-cell datasets from multiple technologies.

Additionally, we assess the differences in cell composition and
marker gene expression between the two platforms. The droplet-
based platform detects a higher proportion of immune cells, con-
sistent with previous studies suggesting that droplet platforms
may preferentially capture nonadherent, suspension-growing
immune cells. In contrast, the microwell-based platform provides
a more accurate immune cell proportion, aligning with flow
cytometry results. These discrepancies highlight the importance
of selecting an appropriate sequencing platform when studying
specific cell populations in the tumor microenvironment.

Our tumor microenvironment analysis further reveals differences
in cell type and subtype detection between the two platforms. The
droplet-based platform identifies a broader range of immune cell
subpopulations, whereas the microwell-based platform demon-
strates superior detection of neutrophils, a cell type almost absent
in the droplet-based dataset. These differences suggest that
platform-specific biases may affect the interpretation of tumor
immune microenvironments, particularly in terms of immune
cell composition and function. Beyond cell composition and
gene expression differences, we also observe inconsistencies in
gene expression trends between the two platforms. Such discre-
pancies may arise from differences in library preparation methods
or the sensitivity of detecting low-abundance transcripts. Further-
more, CellChat analysis reveals distinct cell–cell communication
patterns between the two platforms. Themicrowell-based platform
uniquely detects neutrophils, and their potential role in the tumor
immunemicroenvironment. LR analysis indicated that key signal-
ing pathways were more comprehensively detected on the droplet-
based platform. Despite technical biases, both platforms identify
strong intercellular communication signals, particularly among
epithelial cells, myeloid cells, and B cells, which may represent
core interaction patterns within the lung adenocarcinoma micro-
environment. Finally, pseudotime analysis further indicates that
the droplet-based platform exhibits more complex developmental
trajectories, including additional branching points, suggesting
potential differences in their ability to resolve tumor progression
and development.

FIGURE 4 | Heterogeneity analysis of cell types between platforms. (A) Heatmap of genes with opposite expression patterns in fibroblasts on two

platforms. (B, D, F) Number of inferred cell–cell interactions based on droplet-based scRNA-seq data. (C, E, G) Number of inferred cell–cell interactions

based on microwell-based scRNA-seq data. (H) Bar plot showing the total number of inferred cell–cell interactions in each individual sample.

(I) Ligand–receptor interaction bubble plot for patient 1.
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In conclusion, this study emphasizes the importance of carefully
considering platform-specific characteristics in scRNA-seq experi-
ments. The choice of sequencing platform not only impacts data
quality but also significantly influences cell type identification,
subpopulation analysis, and gene expression profiling accuracy.
We uncover systematic differences between the droplet- and
microwell-based platforms in read mapping, cell composition,
cell–cell communication, gene expression patterns, and biological
pathway enrichment. These differences may stem from library
construction strategies, sequencing depth, RNA capture efficiency,
and data processing pipelines. Notably, platform-specific differ-
ences were particularly evident in immune cell populations. The
droplet-based platform consistently captured a larger number of
immune cells, making it advantageous for studies focusing on
immune composition or immune-tumor interactions. In contrast,
the microwell-based platform showed improved recovery of neu-
trophils, a cell type known to be fragile and susceptible to loss
during dissociation and processing. This suggests that certain
observed differences in immune cell representation across plat-
forms may primarily reflect technical preferences rather than
underlying biological variation. Therefore, for researchers with a
specific interest in immune cells or neutrophils, platform choice
should be carefully considered, as it may substantially influence
cell-type abundance and downstream biological interpretations.
Our findings provide critical insights for cross-platform data inte-
gration and highlight the necessity of correcting and optimizing
for platform-specific biases when conducting single-cell studies.
Future research should further explore the underlying

mechanisms driving platform-specific variations and evaluate
their impact on scRNA-seq data analysis. Moreover, advancements
in scRNA-seqmethodologies and experimental workflows, such as
improving sensitivity for low-abundance transcripts, developing
more robust cross-platform batch effect correction methods, and
integrating multi-omics approaches, will enhance data compara-
bility and improve the accuracy of biological interpretations. These
efforts will not only advance the application of scRNA-seq in fun-
damental research but also provide more reliable data support for
tumor microenvironment studies, disease mechanism investiga-
tions, and clinical translational applications.

4 | Materials and Methods

4.1 | Ethic Statement

This study was conducted in accordance with the Declaration of
Helsinki and approved by the Ethics Committee of Jiangsu Can-
cer Hospital (2023K-009).

4.2 | Patients

Lung cancer specimens from three lung adenocarcinoma patients
were recruited from the Biobank of Jiangsu Cancer Hospital
(Jiangsu Institute of Cancer Research) between December 2023
and March 2024. Two pathologists identified and reviewed all
patient samples to characterize the histopathological features.
Written informed consent was obtained from all patients.
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FIGURE 5 | (A,B) UMAP plot of the droplet-based platform/microwell-based platform T cells, colored by subcell type. (C,D) UMAP plot of the

droplet-based platform/microwell-based platform epithelial cells, colored by clusters. (E,F) Visualization of cell states inferred from pseudotime analysis

on the droplet-based platform/microwell-based platform, showing the distribution of cells across different developmental states.
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4.3 | Note on Sample Design

By dividing each patient’s tissue into two halves for parallel
sequencing, we minimized spatial heterogeneity and ensured
that the results between the droplet- and microwell-based plat-
forms are directly comparable.

4.4 | Tissue Dissociation and Preparation

Fresh tissue samples were obtained from three patients, and for
each patient, a single anatomical site was selected. Each tissue was
immediately divided into two equal halves to ensure comparability
for parallel single-cell RNA-seq analysis on two platforms: the
droplet-based (10x Genomics) and microwell-based (Singleron)
systems. Samples were stored in sCelLive Tissue Preservation
Solution (Singleron) on ice and processed within 30min after sur-
gery. Tissues were washed three times with Hanks Balanced Salt
Solution (HBSS), minced into small pieces, and digested with 3mL
sCelLive Tissue Dissociation Solution using the Singleron PythoN
Tissue Dissociation System at 37°C for 15min. The resulting cell
suspension was filtered through a 40μm sterile strainer. Red blood
cells were removed by adding GEXSCOPE red blood cell lysis
buffer (RCLB, Singleron) at a 1:2 volume ratio, incubated at
room temperature for 5–8min, followed by centrifugation at
300× g at 4°C for 5min. Cells were then resuspended in PBS,
stained with Trypan Blue, and cell viability was assessed
microscopically.

4.5 | RT and Amplification and Library
Construction

The prepared single-cell suspension (2× 105 cells/mL, diluted in
PBS, HyClone) was loaded onto the microwell chip of the Single-
ron Matrix Single Cell Processing System. Barcoded beads were
then recovered from the chip, and reverse transcription was per-
formed on the captured mRNA to synthesize cDNA, followed by
PCR amplification. The amplified cDNA was subsequently frag-
mented and ligated with sequencing adapters. Single-cell RNA-seq
libraries were constructed following the standard protocols of
either the GEXSCOPE Single Cell RNA Library Kit (Singleron)
or the Chromium Next GEM Single Cell 3ʹ Reagent Kits v3.1
(10x Genomics). Final libraries were diluted to a concentration
of 4 nM, pooled, and sequenced on the Illumina NovaSeq 6000
platform with 150 bp paired-end reads.

4.6 | Processing of Single-Cell RNA-Seq Data

Raw sequencing data generated from two scRNA-seq platforms, a
droplet-and microwell-based platform, were processed using
their respective standard pipelines. For data from droplet-based
platform, paired-end FASTQ files were processed using Cell
Ranger (v9.0.0, 10x Genomics), which performs automated QC
including the removal of low-quality reads, correction of cell
barcodes and unique molecular identifiers (UMIs), and genera-
tion of gene expression matrices. In contrast, data from the
microwell-based platform were processed using the CeleScope
pipeline (v2.0.7), in which raw reads were first trimmed with
Cutadapt (v3.7) to remove adapter sequences and poly-A tails,
followed by extraction of cell barcodes and UMIs. Despite differ-
ences in QC and UMI handling between the two platforms, sub-
sequent steps were consistent. For both datasets, high-quality

reads were aligned to the human reference genome GRCh38
using STAR (v2.7.11a). Gene-level quantification was then per-
formed using either the built-in Cell Ranger algorithm or fea-
tureCounts (v2.0.1), resulting in digital gene expression matrices
for downstream single-cell transcriptomic analyses.

4.7 | QC for Single-Cell RNA-Seq Data

For QC of scRNA-seq data, we applied sample-specific filtering
criteria to remove low-quality cells based on the number of
detected genes per cell (nFeature_RNA), the proportion of mito-
chondrial gene expression (percent.mt), and the total RNA
counts per cell (nCount_RNA). In the microwell-based platform,
we retained cells with 200<nFeature_RNA< 7000, percent.mt<
25%, and nCount_RNA< 30,000. In the droplet-based platform,
we retained cells with 200<nFeature_RNA< 8000, percent.mt<
25%, and nCount_RNA< 60,000 to maintain data quality. These
filtering steps were performed using the subset function in Seurat
(v5.0.1) [40] to optimize cell selection for downstream analysis.

4.8 | Batch Correction and Clustering

We applied three widely used methods to correct batch effects in
the processed single-cell transcriptomic data to enhance the con-
sistency and comparability across samples. The first approach
employed the Liger (v2.0.1) [41] for batch correction and cluster-
ing. We applied integrative nonnegative matrix factorization
(iNMF) to learn both dataset-specific and shared factor spaces.
Quantile normalization was then used to align factor loadings
across datasets. The second approach utilized the Seurat package
(v5.1.0) for data integration. Canonical correlation analysis
(CCA) was performed to identify gene pairs with high inter-
dataset correlation, and anchor points were identified using Fin-
dIntegrationAnchors. Batch effects were removed via Integrate-
Data, and the integrated dataset was visualized using UMAP. The
third approach involved the application of Harmony (v1.2.0) [42],
an iterative clustering-based batch correction method. Harmony
first performs a modified soft k-means clustering to group cells,
calculates global and dataset-specific centroids for each cluster,
estimates correction factors based on centroid differences, and
adjusts individual cells accordingly. Data integration is per-
formed in PCA space, and batch effects are iteratively reduced.
By combining these three approaches, we systematically assessed
and optimized the impact of batch correction on downstream
single-cell analysis.

4.9 | Unsupervised Clustering and Cell Type
Annotation

We analyzed the single-cell RNA-seq dataset using the Seurat
package and performed batch effect correction using Harmony.
Initially, the data were normalized, followed by PCA. Subse-
quently, based on the Harmony-corrected PCs, we computed
UMAP embeddings and applied the unsupervised Louvain clus-
tering algorithm to identify distinct cell populations. Starting
with the coarse lineage-specific clustering results, we iteratively
performed sub-clustering to further refine the identification of
individual cell types. Finally, we annotate cells based on the
marker genes of each cell type, epithelial cells (EPCAM),
immune cells (PTPRC, CD3G, CD3E, and CD79A), stromal cells
(PECAM1 andMME), T cells (CD3D and CD3E), B cells (CD79A,
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MS4A1, and CD19), epithelial cells (EPCAM, CLDN7, MUC1,
CDH1, and KRT20), endothelial cells (CDH5, PECAM1, VWF,
and DCN), fibroblasts (COL1A2, COL3A1, COL14A1, PDGFRB,
and FGF7), myeloid cells (LYZ, CD68, CD86, ITGAM, CD163,
and IL10), plasma cells (MZB1, SDC1, IGHG1), mast cells
(TPSB2, TPSAB1), neutrophils (FCGR3B, CXCR2, CSF3R), cyto-
toxic CD8 Effector T cells (CD8A, CD8B, GZMA, GZMB, GNLY,
IL2, PRF1, NKG7, IFNG, and GZMK), immunosuppressive CD4
T cells (CD4, PDCD1, HAVCR2, TOX, LAG3, TIGIT, and
CTLA4), naïve T cells (CCR7, TCF7, SELL, and LEF1), NKT cells
(NKG7, GNLY, FCGR3A, and NCAM1), and regulatory T cells
(Tregs) (IL2RA, FOXP3, and IKZF2).

4.10 | Processed Differential Gene Expression
Analysis

To identify differentially expressed genes between cell clusters, we
used the FindAllMarkers function from Seurat (v5.0.1). The anal-
ysis was performed with a logFC threshold of 0.25, and a mini-
mum percentage of expressed cells (min.pct) set to 0.1. The logFC
was used to filter out genes with minimal expression changes,
while the min.pct parameter ensured that genes expressed in at
least 10% of the cells within a cluster were considered. The result-
ing list of differentially expressed genes for each cluster was used
to identify markers and further characterize the cell populations.

4.11 | Clustering Evaluation Using Adjusted Rand
Index (ARI) and Average Silhouette Width (ASW)

To assess the effectiveness of UMAP-based clustering, we
employed the ARI [43] and ASW [44]. ARI was used to quantify
the similarity between clustering results and reference annota-
tions, providing a measure of clustering accuracy. Meanwhile,
ASW evaluated the compactness and separation of clusters by
calculating the average silhouette score for each cell. Higher
ARI and ASW scores indicate better clustering consistency and
well-separated cell populations, reflecting the robustness of batch
correction and dimensionality reduction methods.

4.12 | Cell–Cell Interaction Analysis

In this study, we utilized CellChat (v2.1.2) [45] to analyze
cell–cell communication, with a focus on key computational
steps. The function identifyOverExpressedGenes was employed
to detect highly expressed LR genes, ensuring the inclusion of
biologically relevant signaling molecules. Next, significant LR
interactions were identified based on these genes, providing the
foundation for downstream analyses. To enhance prediction
accuracy, smoothData was applied to refine expression values
using protein–protein interaction (PPI) networks. We then com-
puted intercellular communication probabilities using compu-
teCommunProb, allowing us to infer interaction strength
between cell populations. Finally, netVisual_circle was used to
visualize the number and strength of cell–cell interactions in a
circular network diagram, offering insights into key signaling
patterns. These analytical steps collectively facilitated a compre-
hensive understanding of intercellular communication
dynamics.

4.13 | Trajectory Analysis

Cell differentiation trajectory was reconstructed with Monocle2
(v2.30.1) [46]. HVGs were used to sort cells in order of
spatial–temporal differentiation. We used DDRTree to perform
variable feature identification and dimension-reduction. Finally,
the trajectory was visualized by the plot_cell_trajectory function.

4.14 | Flow Cytometry

Cell samples were thawed in a 37°C water bath and collected by
centrifuging at 150 rcf for 5min. Cells were washed and resus-
pended in 1mL PBS (Gibco, ThermoFisher Scientific). About
1 µL of viability dyes (biogems) was used to stain the dead cells,
followed by incubating at 4°C for 30min. Cells were washed and
resuspended in 500 µL PBS. About 1 µL of PE anti-human CD326
(Ep-CAM) antibody (BioLegend) and APC anti-human CD45
antibody (BioLegend) was added to stain the cells with surface
markers, followed by incubating at 4°C for 30min. Cells were
washed and resuspended in PBS, then analyzed on the flow
cytometer (Challenbio).

4.15 | Statistical Analysis

All statistical analyses and data visualization were performed
using R (v4.3.3). Basic data preprocessing, figure generation,
and statistical tests were conducted using standard R packages.
For comparison between two groups, a two-tailed unpaired Stu-
dent’s t-test was applied unless otherwise specified. A p-value<
0.05 was considered statistically significant. All plots were gener-
ated using ggplot2 (v3.5.1) [47], Seurat, and ComplexHeatmap
(v2.18.0) [48], among other R packages.
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Figure S1: PCA analysis of 3 pairs of samples from two platforms. Figure
S2: Expression dot plot of marker genes. Figure S3: Flow cytometry.
Figure S4: Umap plot showing the expression of Neu markers. Figure
S5–6: Heatmap of genes with opposite expression patterns. Figure S7:
Heatmap of genes with opposite expression patterns. Figure S8:
Ligand–receptor interaction bubble plot.

IET Nanobiotechnology, 2026 17 of 17

https://doi.org/10.1049/nbt2/9314222

	Systematic Comparison of Droplet-Based and Microwell-Based Platforms for Comprehensive Single-Cell Transcriptomic Analysis in Clinical Samples
	1. Introduction
	2. Results
	2.1. Platform-Specific Preferences in Data Quality and Read Distribution
	2.2. Evaluating and Reducing Batch Effects Between Platforms
	2.3. Microwell-Based Platform Accurately Restored Immune Cell Proportion
	2.4. Platform-Dependent Variability in Cell Subtype Detection

	3. Discussion
	4. Materials and Methods
	4.1. Ethic Statement
	4.2. Patients
	4.3. Note on Sample Design
	4.4. Tissue Dissociation and Preparation
	4.5. RT and Amplification and Library Construction
	4.6. Processing of Single-Cell RNA-Seq Data
	4.7. QC for Single-Cell RNA-Seq Data
	4.8. Batch Correction and Clustering
	4.9. Unsupervised Clustering and Cell Type Annotation
	4.10. Processed Differential Gene Expression Analysis
	4.11. Clustering Evaluation Using Adjusted Rand Index (ARI) and Average Silhouette Width (ASW)
	4.12. Cell&x2013;Cell Interaction Analysis
	4.13. Trajectory Analysis
	4.14. Flow Cytometry
	4.15. Statistical Analysis





