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Abstract
Background  Single-cell transcriptomics is a powerful approach to resolve cellular heterogeneity, yet its application 
in plants is constrained by challenges in tissue preparation, nuclei isolation, and transcriptome quality. Optimized 
experimental and computational workflows are essential to achieve robust results in plant systems.

Results  We systematically benchmarked bulk and single-cell transcriptomic workflows in maize and established 
an integrated, optimized framework. First, we developed an improved bulk RNA-seq protocol, providing higher 
consistency and serving as a reference for single-cell datasets. Second, we compared three input types, protoplasts, 
fresh nuclei, and frozen nuclei, across tissues, demonstrating overall comparability of their transcriptomic profiles 
and offering guidance for studies with limited material. Third, by leveraging bulk RNA-seq as a reference, these 
complementary data provide additional biological context that helps to interpret and validate findings derived 
from single-cell transcriptomic analyses. A combination of these strategies resulted in high transcriptome integrity 
and clear clustering resolution in the final dataset, supporting robust identification of plant cell types. While all 
experimental data are derived from maize, the principles and strategies described here provide practical guidance 
and inspiration for single-cell studies in other plant species.

Conclusions  Our study establishes optimized experimental and computational workflows for plant single-cell 
transcriptomics. By validating input comparability and addressing the limitations of nuclear data, we provide 
methodological guidance that extends beyond maize and supports future single-cell investigations across diverse 
plant species.
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Introduction
Understanding plant development and environmental 
responses requires high-resolution insights into cellular 
heterogeneity and gene regulation. Single-cell transcrip-
tomic technologies, including single-cell RNA sequenc-
ing (scRNA-seq) and single-nucleus RNA sequencing 
(snRNA-seq), have transformed plant biology by enabling 
cell-type-specific gene expression profiling [1].

Protoplast-based scRNA-seq has been instrumental 
in generating cellular atlases, revealing developmen-
tal trajectories, and identifying key regulatory networks 
in Arabidopsis thaliana, Oryza sativa and Zea mays 
[2]. Despite its advantages in capturing full-picture of 
transcriptomes, protoplast isolation is often limited by 
stress-induced artifacts, low cell recovery, and reduced 
applicability to lignified tissues. In contrast, snRNA-seq 
provides access to recalcitrant tissues while preserving 
transcriptional states with minimal perturbation. How-
ever, it often yields fewer detected genes per nucleus and 
underrepresent cytoplasmic transcripts, affecting reso-
lution for certain biological processes [3]. Despite their 
complementarity, direct comparisons of these method-
ologies in plants remain limited, leaving open questions 
about their respective advantages and biases in different 
tissues and conditions.

In mammalian tissues, scRNA-seq and snRNA-seq 
have shown systematic biases [4–7] and led to practical 
guidelines for selecting the appropriate method based 
on tissue type and experimental context [8–11]. As a 
major crop and genetic model, maize serves as an ideal 
system to refine and benchmark plant single-cell meth-
odologies. Root development, which underlies nutri-
ent uptake and stress resilience, and leaf architecture, 
essential for photosynthesis and gas exchange, have been 
extensively explored using single-cell approaches [12, 
13]. In this study, we present a systematic comparison of 

protoplast- and nucleus-based single-cell transcriptomic 
methods in maize root and leaf tissues (Fig. 1). We char-
acterize biases introduced during sample preparation, 
benchmark optimized bulk and pseudo-bulk sequenc-
ing strategies, and integrate data across platforms. Spe-
cifically, we (i) evaluate the advantages and limitations of 
each method, (ii) generate high-resolution transcriptional 
maps of maize leaf and root tissues, and (iii) provide 
practical guidance for optimizing single-cell transcrip-
tomic workflows in plants. Together, these results offer 
insights into tissue-specific transcriptome profiling and 
establish the framework for expanding single-cell appli-
cations in plant biology.

Results
Preparation of single-cell protoplast and nucleus 
suspensions
Apical sections of primary roots and central portions of 
leaf 2 were collected from maize inbred line B73 (Fig. 2a). 
Protoplasts were isolated following previously established 
protocols [14]. For root sections, L-cysteine pretreatment 
was applied to enhance protoplast yield and improve 
recovery of meristematic cells. In leaf samples, the pres-
ence of chloroplasts enables direct visual monitoring of 
protoplast isolation. Under brightfield microscopy, viable 
protoplasts displayed a round, intact morphology with 
clearly defined plasma membranes (Fig. 2b, c). The viabil-
ity can be evaluated under fluorescence microscopy using 
live/dead staining, and a stringent viability threshold 
could be critical for obtaining high-quality sequencing 
data (Fig. 2d, e).

Fresh nuclei were isolated using the ‘chopping method’ 
[15], in which unfrozen tissues were finely minced on 
ice with razor blades during lysis (Fig. 3a, b). For frozen 
nuclei, flash-frozen tissues were ground into fine pow-
der in liquid nitrogen prior to lysis [16]. In leaf samples, 

Fig. 1  Schematic overview of the experimental design. Samples were collected from maize B73 seedlings, then processed using three parallel strategies: 
protoplasting, fresh tissue nuclei isolation, and flash-frozen nuclei isolation. The resulting single cells or nuclei were subjected to either single-cell/nucleus 
RNA sequencing or bulk RNA sequencing. Bioinformatic analyses were performed to evaluate transcriptome profiles and assess technical variation intro-
duced by different sample preparation methods
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Fig. 3  Preparation of nucleus suspensions. a, b The chopping procedure of leaf (a) and root (b) samples on ice, respectively. c The gating strategy for 
purification of leaf fresh nuclei. d, e Leaf fresh nuclei observed under fluoresce field before (d) and after (e) FANS, respectively. Scale bar = 100 μm. f Nuclei 
counting using a fluoresce cell counter

 

Fig. 2  Preparation of protoplast suspensions. a Maize seedlings were dissected to collect the central segments of leaf 2 (highlighted with a dashed out-
line) and the primary root tip. b, c Protoplasts of leaf (b) and root (c) observed under bright field. Scale bar = 20 μm. d, e Protoplasts of leaf (d) and root (e) 
counting under fluoresce field. Scale bar = 100 μm
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a considerable amount of debris was observed in the 
nuclear suspensions under fluorescence microscopy, pos-
sibly due to a higher degree of lignification. To obtain 
high-purity nuclei with intact morphology, fluorescence-
activated nuclei sorting (FANS) was applied to eliminate 
debris, incomplete nuclei, and aggregates (Fig. 3c, e). For 
root nuclei, density gradient centrifugation was used 
instead [17, 18]. All final suspensions were evaluated 
using an automated cell counter to assess concentration 
and quality (Fig. 3f ).

The optimization of bulk sequencing workflows
Bulk RNA sequencing plays a critical role in single-cell 
transcriptomics by serving as a benchmark for qual-
ity control, normalization, and data validation. Because 
scRNA-seq suffers from technical challenges such as 
dropout effects and incomplete transcript capture, bulk 
RNA-seq provides a comprehensive reference to distin-
guish true biological signals from artifacts [19]. Addi-
tionally, bulk sequencing helps identify cell-type-specific 
biases, distinguishing between true biological varia-
tion and technical noise [20]. Integrating bulk RNA-seq 
improves normalization and batch correction, yet sev-
eral input sources can be used to generate bulk RNA-seq 
datasets, including: (i) RNA extracted from the same tis-
sue used in scRNA-seq, (ii) RNA extracted from the same 
tissue but specific regions enriched or removed, and (iii) 
RNA extracted from protoplast suspensions [21]. Library 
construction can proceed via poly(A)-primed full-length 
cDNA synthesis or random-primed fragmented cDNA 
generation, followed by amplification and sequencing. 
However, each of these approaches has limitations: (i) 
RNA extraction through mechanical grinding may intro-
duce stress-related transcriptional artifacts not present in 
scRNA workflows, (ii) differences in library preparation 
chemistry between bulk and scRNA-seq may introduce 
systematic biases, and (iii) workflows utilizing isolated 
nuclei as RNA sources remain underexplored, represent-
ing a gap in nuclei-based bulk transcriptomics.

In this study, we established an optimized bulk RNA-
seq workflow compatible based on SMARTer-seq3 [22] 
and FLASH-seq [23] protocols (Supplemental File). Bulk 
libraries were generated directly from input of proto-
plasts, fresh nuclei, or frozen nuclei, matched to their 
respective single-cell datasets. The protocol was opti-
mized with the following key modifications: (i) Triton 
X-100 in the lysis buffer was replaced with guanidine 
hydrochloride (GuHCl) to inhibit nucleases and reduce 
interference from plant-derived secondary metabolites 
during reverse transcription, (ii) reverse transcription 
and cDNA amplification were combined into a single-
step reaction to minimize RNA degradation and template 
loss, resulting in improved cDNA yield (Table S1), and 
(iii) the quality of cDNA was assessed using Bioanalyzer 

traces to evaluate full-length transcript coverage, pro-
viding a more accurate measure than RNA integrity 
number (RIN), which is not applicable to nuclei samples 
lacking ribosomal RNA (Figure S1). The optimized bulk 
protocol eliminates the need for a separate RNA extrac-
tion step and closely mirrors the chemistry of common 
scRNA-seq protocols [24]. By aligning preparation steps, 
it minimizes technical discrepancies between bulk and 
single-cell datasets and enhances the reliability of down-
stream comparisons.

The statistics of bulk sequencing results
Approximately 200 cells or nuclei were used for bulk 
sequencing, the cDNA profiles are shown in Figure S1. 
cDNA generated from protoplasts closely resembles the 
high-integrity control sample, Universal Human Refer-
ence RNA (UHRR), featuring a smooth baseline below 
300 bp and a distinct peak around 1500 bp, indicating 
minimal RNA degradation during protoplast isolation 
and cDNA synthesis. In contrast, cDNA derived from 
nuclei exhibits a major peak below 1000 bp, reflecting 
partial RNA degradation, along with visible amplification 
products between 200 and 600 bp. These shorter frag-
ments suggest residual ribosomal RNA contamination 
and amplification artifacts, including incomplete reverse 
transcription and byproducts containing the template-
switching oligo (TSO). These features are indicative of 
inefficient mRNA template utilization, which is already 
10- to 100-fold lower in nuclei compared to cytoplasm 
[3]. The rRNA read proportions from bulk RNA-seq are 
summarized in Table S2. Consistent with the Bioanalyzer 
traces, nuclei-derived reads exhibit rRNA contamina-
tion ranging from 5.44% to 19.58%, which is significantly 
higher than expected, even in samples from leaf nuclei 
purified via FANS. However, FANS appears to outper-
form gradient centrifugation, as root nuclei purified 
by the latter exhibit higher rRNA levels despite mini-
mal visible debris under microscopy. In leaf nuclei data, 
chloroplast rRNA accounts for approximately 30% of 
total rRNA reads, while it is absent in root samples. This 
observation aligns with the anticipated organelle con-
tamination during nuclei isolation that RNA-contain-
ing organelles or cell debris may adhere to intact nuclei 
through molecular interactions, as extracellular DNA 
release has been reported to facilitate aggregation of 
nuclei, potentially via electrostatic interactions or bind-
ing with nuclear proteins, and further supports the reli-
ability of the statistical pipeline. These aggregates likely 
exhibit stronger signals on flow cytometers, making 
them susceptible to be retained and recovered during 
FANS. Alternative purification strategies, such as anti-
body-based staining against nuclear pore complex (NPC) 
proteins in FANS, have been reported to yield aver-
age mitochondrial read percentages of 6.74% in nuclei 
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datasets, indicating incomplete removal of cytoplasmic 
RNA and offering no substantial advantage over standard 
dead/live staining methods [5].

Read alignment statistics for bulk RNA-seq data are 
summarized in Table 1. After removing rRNA reads, all 
samples exhibited high genome mapping rates, exceeding 
90%. When assessing mapping ratio to genes and exonic 
regions, protoplast-derived samples showed consistently 
higher mapping ratios than nuclei-derived samples, while 
frozen nuclei outperformed fresh nuclei. Across tissue 
types, root samples exhibited significantly lower gene 
and exon mapping rates than leaf samples. This discrep-
ancy may reflect the increased abundance of second-
ary metabolites and active enzymatic processes in root 
tips due to ongoing differentiation and development, 
which can interfere with RNA integrity and library con-
struction [25, 26]. Protoplasts detected the lowest gene 
numbers; however, when assessing gene abundance, pro-
toplasts identified a higher number of genes with RPKM 
> 1, whereas nuclei captured more low-abundance genes 
with RPKM ≤ 1 (Figure S2), consistent with observations 
reported in mammalian cells [10]. Both root and leaf 
fresh nuclei exhibited the greatest number of low-abun-
dance transcripts and the fewest highly expressed genes 
(RPKM ≥ 10), suggesting a reduction of highly abundant 
genes during nuclei isolation and an overall decrease in 
gene expression specifically in the fresh nuclei isolation 
process. Alignment quality and transcript coverage were 
visualized in Fig. 4 and Figure S3. Consistent with the 
cDNA Bioanalyzer profiles, protoplast-derived librar-
ies exhibited even read distribution across gene bodies, 
with most transcripts recovering exceeding 85% of their 
full length (Fig. 4a, b). In contrast, nuclei-derived data 
recovered less than 50% of the full length for most tran-
scripts and required twice the number of reads to reach 
saturation, due to divergences in transcript abundance 
and complexity between nucleus and cytoplasm (Fig. 4c). 
The pronounced bias toward the 3’ end of transcripts fur-
ther confirmed RNA degradation during the nuclei iso-
lation process, which would negatively affect the studies 

focused on alternative splices or isoform-specific expres-
sions [19].

Principal component analysis (PCA) of gene expres-
sion profiles revealed a clear separation between root and 
leaf samples, while datasets from different preparation 
methods within the same tissue clustered closely together 
(Fig.  4d). Spearman correlation heatmaps confirmed 
the overall comparability of datasets across preparation 
methods (Fig.  4e, f ). Comparisons between protoplast 
and nuclei data showed higher similarity in root samples 
than in leaf samples. Among all single-cell isolation strat-
egies, libraries from fresh nuclei consistently showed 
the lowest intra-group correlation, suggesting that this 
method may lead to reduced technical reproducibility.

Gene Ontology (GO) enrichment analysis revealed that 
GO terms related to chloroplast thylakoids and photo-
systems were enriched when comparing leaf protoplasts 
and nuclei, while terms associated with osmotic stress 
response and response to chemicals were enriched in the 
comparison between root protoplasts and nuclei, find-
ings that align with the expected tissue-specific physio-
logical roles and the experimental design [2]. Meanwhile, 
differentially expressed genes (DEGs) between fresh and 
frozen nuclei were enriched not only in stress response 
but also in DNA damage stimulus response and chromo-
some organization and maintenance, suggesting that the 
strategy for nuclei isolation significantly affected expres-
sion profiles and should be carefully considered when 
addressing specific biological questions (Figure S4).

When transcription factor (TF) expression profiles 
were extracted and analyzed via heatmap clustering, 
surprisingly, the datasets grouped primarily by experi-
mental method of protoplasts, fresh nuclei, and frozen 
nuclei, rather than by tissue origin (Figure S5). Although 
attempts to identify overrepresented TF families yielded 
no meaningful enrichment, this clustering demonstrated 
the strong influence of cell isolation method on TF 
expression profiles. While the exact mechanisms remain 
unclear, these findings highlight the critical importance 

Table 1  Summary statistics of bulk RNA-seq data
Samples Number of clean reads Genome mapping 

ratio %
Gene mapping 
ratio %

Exon mapping 
ratio %

Number of genes 
detected

Leaf Root Leaf Root Leaf Root Leaf Root Leaf Root
fresh_nuclei_b1 104,404,106 103,972,401 94.5 90.36 49.87 41.73 34.87 27.3 36,277 36,414

fresh_nuclei_b2 104,083,710 104,293,662 92.51 89.79 50.95 42.98 35.95 27.37 36,547 36,116

fresh_nuclei_b3 104,407,006 103,173,971 92.81 90.45 51.44 42.08 37.43 27.8 36,170 36,051

frozen_nuclei_b1 103,905,516 105,401,927 92.05 93.58 62.27 66.59 46.1 51.25 33,967 31,796

frozen_nuclei_b2 102,616,680 102,832,843 93.16 93.96 66.30 62.26 49.67 47.8 34,233 30,556

frozen_nuclei_b3 102,716,799 103,405,605 92.34 93.56 63.99 65.11 47.22 49.58 31,882 30,414

protoplasts_b1 101,191,437 106,843,448 95.29 94.94 68.52 78.72 53.47 67.94 28,271 28,744

protoplasts_b2 104,814,821 104,992,919 96.86 96.03 74.02 77.60 59.07 66.13 27,891 28,130

protoplasts_b3 103,811,053 105,582,367 96.69 95.62 73.52 77.31 59.25 66.62 27,504 28,887
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of methodological consistency and careful interpretation 
when evaluating transcriptional regulation.

The construction of the single-cell atlas
The alignment statistics of the scRNA-seq data are sum-
marized in Table 2. Although approximately 12,000 pro-
toplasts or nuclei were loaded during library preparation, 
the recovery rate varied across groups, ranging from 
18.6% to 43.1%. Protoplasts consistently outperformed 
nuclei across most quality metrics, with the exception 
of the total number of genes detected, a pattern also 

observed in the bulk RNA-seq results. Key indicators of 
data quality, such as the fraction of reads mapped to cells 
and the fraction of reads aligned to the transcriptome, 
further highlighted that nuclei-derived libraries exhibited 
higher proportions of uninformative reads, contributing 
greater background noise and potential contaminants 
[12]. Fresh nuclei samples yielded a substantially lower 
average number of genes detected per cell, which aligns 
with values reported in some previous studies [15], this 
reduction in sensitivity may lead to the loss of important 
transcriptomic information.

Table 2  Summary statistics of single-cell RNA-seq data
Samples Number of clean 

reads
Number of 
cells

Fraction of 
reads in cells %

Reads mapped to 
transcriptome %

Mean UMI 
count per cell

Mean 
genes per 
cell

Total 
genes 
de-
tected

leaf_fresh_nuclei_b1 624,710,926 4,607 64.03 41.80 1,013 751 35,469

leaf_fresh_nuclei_b2 609,103,491 3,490 63.92 41.40 1,083 790 35,163

leaf_frozen_nuclei_b1 590,418,043 3,166 56.67 59.10 2,403 1,659 28,712

leaf_frozen_nuclei_b2 702,503,944 3,286 59.95 59.50 2,177 1,566 28,834

leaf_protoplasts_b1 673,310,873 5,092 73.48 71.70 8,493 2,967 31,799

leaf_protoplasts_b2 598,000,357 5,177 73.78 72.10 7,966 2,904 30,993

root_fresh_nuclei_b1 713,079,681 2,982 43.93 55.30 3,231 1,838 29,862

root_fresh_nuclei_b2 876,663,236 2,231 43.20 57.30 2,938 1,724 28,958

root_frozen_nuclei_b1 571,989,237 3,523 39.15 58.90 5,397 3,051 32,697

root_frozen_nuclei_b2 742,919,146 3,245 41.16 58.40 6,726 3,553 33,380

root_protoplasts_b1 613,294,046 3,301 80.67 78.30 20,372 4,022 31,134

root_protoplasts_b2 657,382,825 3,120 82.73 78.80 23,682 4,260 31,623

Fig. 4  Assessment of bulk RNA-seq libraries across input types. a Gene body coverage curves from 5′ to 3′. b Distribution of gene coverage density across 
input types. c Saturation curves showing the number of genes detected versus sequencing depth. d PCA projection based on gene expression by input 
type and tissue origin. e, f Spearman correlation heatmaps based on gene expression for leaf (e) and root (f) samples, respectively
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Matrix construction, integration, dimensionality 
reduction, and cell-type annotation were performed 
separately for leaf and root datasets. Protoplasts tend to 
clusters distinct from nuclei, indicating that input mate-
rial has a substantial impact on gene expression profiles, 
and that cross-sample normalization and careful han-
dling of batch effects are essential when comparing data 
generated from different input types (Figure S6a, b).

Leaf cells were integrated and grouped into 16 clusters 
(Figure S6c), which were annotated into four major cell 
types: pavement cells (PC), mesophyll cells (MC), bundle 
sheath cells (BSC), and companion cells (CC) (Fig. 5a), 
based on well-established and experimentally validated 
marker genes (Table S3). Cell-type proportions var-
ied markedly across input methods. MCs dominated in 

protoplast-derived data (91.2%), consistent with previ-
ous studies. In contrast, nuclei-derived samples showed 
reduced MC proportions (62.1% in fresh and 52.0% in 
frozen nuclei) and a notable increase in BSCs (20.3% in 
fresh and 32.5% in frozen nuclei, compared to 0.77% in 
protoplasts) (Fig. 5b, c). The underrepresentation of 
BSCs in protoplast datasets is likely due to their larger 
size (~ 32 μm width, 44 μm length) [27], which reduces 
droplet recover efficiency. Cryosectioning of the cor-
responding region of leaf 2 confirmed that nuclei data 
more accurately reflected in vivo cell composition (Fig. 
5e). Additionally, BSCs are tightly encased by MCs and 
possess thickened cell walls, which may hinder protoplast 
recovery more than nuclei isolation. Given the critical 
roles of BSCs in C4 photosynthesis and other biological 

Fig. 5  Cell type annotation and distribution of leaf single-cell transcriptomes. a UMAP visualization of leaf cells classified into four major cell types based 
on known marker genes: Pavement, Mesophyll, Bundle Sheath and Companion. b UMAP projection colored by input type of fresh nuclei, frozen nuclei, 
and protoplasts. c Bar plots showing the proportion of each cell type across biological replicates and input types. d Dot plot showing the expression of 
representative marker genes across cell types, where dot size indicates the percentage of cells expressing the gene and color intensity represents the 
average expression level. e Bright field microscopy image of leaf 2 sections. f, g Violin plots comparing the expression levels of five marker genes between 
adaxial (blue) and abaxial (pink) bundle sheath cells, derived from protoplast (f) and nuclei (g) datasets, respectively
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processes, the inclusion of snRNA-seq data is essential 
for comprehensive characterization of leaf samples.

A subset of mesophyll cells (cluster 6, 8 and 9) was 
uniquely detected in protoplast datasets and expressed 
high levels of mesophyll markers along with three addi-
tional genes, Zm00001d014116, Zm00001d034562, and 
Zm00001d028692, previously reported with protoderm 
identity [28]. Given the rarity of protoderm cells in the 
central section of leaf 2 and the stem-like expression 
characteristics of these genes, this subgroup was anno-
tated as an early developmental subset of mesophyll 
cells. Both adaxial and abaxial BSC clusters were iden-
tified across protoplast and nuclei datasets, marked by 
expression of RBCS1 (Zm00001d052595), with abaxial 
BSCs (abBSC) further distinguished by the presence 
of SWEET13 (Zm00001d023677, Zm00001d023673, 
Zm00001d041067) and CC3 (Zm00001d038558) [29]. 
However, both the proportion of cells expressing these 
markers and their expression levels were markedly 
decreased in nuclei-derived datasets (Fig. 5f, g). These 
findings emphasize the importance of method selec-
tion based on target cell type and required sensitivity for 
downstream applications.

Root cells were integrated and grouped into 23 clus-
ters (Figure S6d), which were annotated into nine major 
cell types: Epidermis cells, Cortex cells, Endodermis 

cells, Pericycle cells, Stele cells, Phloem cells, Xylem 
cells, Meristematic cells and Root cap cells (Fig. 6a). In 
protoplast-derived data, outer root layers were more effi-
ciently recovered (Fig. 6b, c). A subset of cells (cluster 3 
and 10, predominately from nuclei libraries) was labeled 
as “undetermined” due to the lack of clear and reliable 
marker gene expression associated to known cell identi-
ties (Fig. 6d). This observation aligns with findings from 
published single-nucleus atlases of maize [30], rice [31] 
and Arabidopsis thaliana [32], highlighting the limited 
sensitivity of snRNA-seq in plants samples. In previous 
studies, such ambiguous clusters have been referred to as 
“mixing droplets”, as they often display gene expression 
profiles suggestive of multiple or conflicting cell identities. 
The elevated proportion of undetermined cells in frozen 
nuclei suggests that mechanical disruption during sample 
processing may compromise nuclear integrity and con-
tribute to transcriptomic ambiguity. Root cap cells were 
exclusively recovered in nuclei-derived datasets. Based 
on known columella marker genes (Zm00001d004089, 
Zm00001d008268, Zm00001d025773, Zm00001d029546 
and Zm00001d034644) [33], root cap cells could be 
further classified into lateral root cap and columella 
subgroups (Fig. 6e). These results demonstrate the impor-
tance of integrating both protoplast- and nuclei-based 

Fig. 6  Cell type annotation and distribution of root single-cell transcriptomes. a UMAP visualization of root cells classified into nine major cell types based 
on known marker genes: Epidermis, Cortex, Endodermis, Pericycle, Stele, Phloem, Xylem, Meristematic and Root cap. b UMAP projection colored by input 
type of fresh nuclei, frozen nuclei, and protoplasts. c Bar plots showing the proportion of each cell type across biological replicates and input types. d 
Dot plot showing the expression of representative marker genes across cell types. e UMAP plot showing the expression of Zm00001d004089, specifically 
enriched in columella cells
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approaches to achieve a comprehensive and accurate rep-
resentation of plant cell diversity in single-cell studies.

The optimization, assessment and benchmarking of single 
nuclei data
TSO artifacts represent a major source of low genome 
alignment rates in challenging samples, such as the 
nuclei-derived inputs of plant tissues [34]. A high pro-
portion of TSO-containing reads may reflect cDNA 
degradation or the presence of abnormally short cDNA 
fragments during reverse transcription, consistent with 
observations in nuclei-derived bulk RNA-seq data. 
Although optimization of the reverse transcription step, 
such as redesigning the TSO oligo can reduce artifact 
formation, such adjustments are typically not feasible for 
researchers relying on commercial kits with fixed chem-
istries. On the bioinformatics side, two commonly used 
strategies for mitigating TSO interference include: (i) dis-
carding entire reads containing TSO sequences, which 
is complicated by difficulties in defining TSO positions 
and overlap lengths; and (ii) filtering out reads below a 
predefined length threshold, which fails to remove more 
complex structures such as TSO concatemers [35].

Cutadapt offers a flexible and effective solution to 
remove sequencing artifacts [36]. It can be employed to 
detect TSO sequences in a defined orientation and repeat 
number, removes reads shorter than a user-specified 
threshold, and retains the remaining clean reads of vary-
ing lengths for downstream analysis. As shown in Figure 
S7, TSO removal was performed on a random subset of 
raw 100-nt reads from fresh leaf nuclei using Cutadapt, 
configured with a 25-nt TSO sequence, a maximum of 
four repeats, and a minimum 3-nt overlap (see Methods). 
Notably, 11.8% of reads containing TSO concatemers 
were successfully identified and discarded, while the 
remaining reads were retained and usable. This strategy 
significantly improved data quality and provided a cost-
effective way to minimize unnecessary loss of sequencing 
resources.

Background noise is an inherent challenge in droplet-
based scRNA-seq platforms and can obscure true bio-
logical signals. Notably, contamination levels have been 
reported to be significantly higher in snRNA-seq com-
pared to scRNA-seq [8]. A key contributing factor is the 
markedly lower sensitivity of snRNA-seq, as reflected by 
the reduced number of detected features per cell (Fig. 
7a, b), consistent with trends observed in bulk transcrip-
tomic data. SoupX was applied to quantify background 
contamination [37]. Protoplast samples exhibited rela-
tively stable global contamination rates, ranging from 5% 
to 7%, whereas nuclei samples showed broader and sub-
stantially higher contamination levels, ranging from 14% 
to 52% (Fig. 7c), consistent with trends reported in mam-
malian snRNA-seq studies [38].

To address this challenge, CellBender was used for 
ambient RNA correction [39]. Using a marker gene list 
sourced from previous studies, CellBender effectively 
suppressed background noise in nuclei-derived data, 
reducing contamination from highly abundant genes 
such as those specific to root cap cells (Figure S8). How-
ever, this improvement came at the cost of reduced over-
all sensitivity across cell types, which in turn complicated 
cell-type annotation. Importantly, CellBender failed to 
recover cell-type-specific features that were uniquely 
captured in protoplast datasets, such as markers of the 
meristematic cells. These observations emphasized the 
need for caution when applying background correction 
tools, and suggest that, when feasible, integrating both 
protoplast- and nuclei-derived datasets remains the most 
effective strategy for achieving a comprehensive and reli-
able view of plant cellular diversity.

An alternative strategy to improve the quality of nuclei 
sequencing involves first isolating protoplasts from fresh 
tissues, followed by enzymatic digestion of the plasma 
membrane to release intact nuclei. This method mini-
mizes the risk of mechanical damage to nuclei often 
introduced by chopping or grinding. It is particularly 
suitable for tissues or organs composed of discrete struc-
tures, or for studies focusing exclusively on outer cell 
layers, such as investigations of the epidermis of cotton 
ovules [40, 41]. However, this approach has not been 
applied to maize in previous studies, primarily due to 
its relatively low yield compared to the protocols used 
in this study. More importantly, it combines two poten-
tial sources of systematic bias: incomplete recovery 
of internal cell layers during protoplast isolation and 
reduced transcriptomic sensitivity caused by cytoplasmic 
removal.

Maintaining consistency in input material is also essen-
tial for accurate interpretation of snRNA-seq and bulk 
RNA-seq data. In this study, pseudo-bulk expression pro-
files were generated from single-cell datasets and com-
pared with bulk profiles using the optimized sequencing 
workflow. Spearman correlation coefficients between 
pseudo-bulk and bulk protoplast-derived profiles ranged 
from 0.854 to 0.887 (Fig. 7d, e, Figure S9), outperform-
ing previous studies that employed conventional proto-
cols [20, 21, 42]. For nuclei-derived data, the correlation 
between pseudo-bulk and bulk expression profiles was 
notably higher when input material was matched. These 
findings highlight the importance of aligning input 
sources when designing bulk transcriptome experiments, 
especially in plant snRNA-seq studies.

Conclusions
In this study, we systematically evaluated single-cell tran-
scriptomic profiling strategies in maize using both pro-
toplast- and nucleus-based approaches across different 
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tissue types. By optimizing sample preparation and 
sequencing protocols, we generated high-quality single-
cell datasets that captured distinct cellular compositions 
and expression patterns in maize tissues. By introducing 
the bulk RNA-seq protocol designed to match droplet-
based single-cell chemistry, we were able to improve 
input-matched bulk and pseudo-bulk correlations, 
thereby enhancing the interpretability and reproducibil-
ity of single-cell datasets, offering practical guidance for 
experimental design and data interpretation. Protoplasts 
are generally the preferred input for plant single-cell 

sequencing due to their consistently higher cell recov-
ery, improved read alignment, broader transcriptome 
coverage, and enhanced sensitivity. In cases where tis-
sue architecture is complex or target cells are deeply 
embedded, nuclei isolated from flash-frozen samples are 
also recommended as a complementary approach, while 
stress- or damage-related transcriptional biases may also 
be introduced. When access to liquid nitrogen is limited, 
fresh nuclei can serve as an alternative, delivering slightly 
reduced performance while maintaining overall compa-
rable data quality. However, maintaining all procedures 

Fig. 7  Quality assessment and comparative transcriptomic features across input types. a Violin plots showing the number of detected genes per cell 
across six input conditions: fresh nuclei, frozen nuclei, and protoplasts from both leaf and root tissues. b UMI count distributions per barcode ranked by 
abundance. c Distribution of contamination fractions estimated by SoupX, indicating ambient RNA contamination across conditions. d, e Spearman 
correlation coefficients comparing replicates within each input type (scRNA_replicates, blue) and each input type with matched bulk RNA-seq profiles 
(scRNA_vs_bulkRNA, pink) for leaf (d) and root (e), respectively
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on ice is essential and non-negotiable to preserve sample 
integrity. Our results provide a comprehensive frame-
work for constructing high-resolution single-cell atlases 
in complex plant systems and provide practical guidance 
for selecting appropriate experimental strategies. As our 
study is based on a single maize inbred line (B73), two 
organs (leaf 2 and primary root tip), direct generaliza-
tion to other genotypes, tissue types, or species remains 
to be validated. These findings highlight the necessity of 
optimization of experimental design to specific biologi-
cal questions, particularly in comparative studies or when 
investigating subtle regulatory differences.

Methods and materials
Seedling germination and growth
Dry seeds of B73 were sterilized with 1% sodium hypo-
chlorite (NaClO) for 30 min and then rinsed three times 
with distilled water. The sterilized seeds were placed 
between two layers of wetted germination paper until the 
roots emerged and elongated to approximately 10  mm. 
The germination papers were then rolled and positioned 
vertically in a water-filled glass beaker, incubated at room 
temperature under light-shielded conditions for 3 days, 
and subsequently exposed to an 8 h light/16 h dark cycle 
until the leaf 2 emerged but not fully expanded.

The apical sections (approximately 5  mm) of primary 
roots and the central sections (approximately 5  mm) 
of the leaf 2 were collected. Root and leaf samples were 
divided into three portions: one was used immediately 
for protoplast isolation, another for fresh nucleus isola-
tion, and the third was flash-frozen in liquid nitrogen for 
frozen nucleus isolation.

Protoplast isolation
Root protoplasts were isolated following the protocol 
previously published with modifications [14]. Root tips 
were collected and promptly transferred into 50 mL cen-
trifuge tubes (BGI Tech, #CH-CT50) containing 5 mL of 
freshly prepared pre-treatment solution [0.75 g sorbitol 
(Biosharp, #BS115) and 0.0075 g L-cysteine (Biosharp, 
#BS181) dissolved in 25 mL double-distilled water]. The 
samples were incubated at room temperature for 45 min. 
After incubation, most of the pre-treatment solution was 
removed. The samples were rinsed with distilled water, 
then finely chopped using a double-edged razor blade and 
transferred into 5 mL of freshly prepared enzyme mix 
solution [1.82 g D-mannitol (Sigma-Aldrich, #M4125), 
0.097 g MES (Sigma-Aldrich, #M3671), 0.5 mL 1 M KCl 
(BBI, #A610440), 0.3 g Cellulase “Onozuka” RS (Yakult 
Pharmaceutical Industry Co.), 0.3 g Cellulase “Onozuka” 
R10 (Yakult Pharmaceutical Industry Co.), 0.1 g Macero-
zyme R10 (Yakult), and 0.09 g Pectolyase Y-23 (MP Bio-
medicals, #9033-35-6) dissolved in 25 mL solution (pH 
5.7), then 0.25 mL 1 M CaCl₂ (Sino Pharm, #10005861) 

and 0.025 g bovine serum albumin (BBI, #A600332) 
were added]. The mixture was incubated at room tem-
perature with gentle shaking (80 rpm) for 150 min. The 
solution was then resuspended by pipetting several times 
until it appeared “cloudy.” The released protoplasts were 
then filtered through a 70 μm cell strainer (Jetbiofil, 
#CSS013070), washed, and resuspended in wash solution 
(recipe same as enzyme mix solution, with no enzymes 
added). Leaf protoplasts were isolated using the com-
mercially available Protoplast Preparation Kit (Coolaber, 
#PPT111) according to the manufacturer’s instructions. 
The resuspended root and leaf protoplasts were puri-
fied by centrifugation, diluted and incubated with FDA 
staining solution (Invitrogen, # F1303). The stained pro-
toplasts were loaded into a hemocytometer (INCYTO, 
#DHC-F01-5) and observed under a fluorescence micro-
scope (Olympus, #IX73) using 488 nm excitation and 530 
nm emission filters. Viability was determined by calculat-
ing the ratio of fluorescently stained intact protoplasts to 
the total number of intact protoplasts observed.

Nucleus isolation
Nuclei were isolated using the commercially available 
Nuclei Preparation Kit (Shanghai Biotechnology Cor-
poration, #52305-10) with modifications. To preserve 
nuclear RNA integrity and minimize degradation by 
endogenous and exogenous RNases, RNase inhibi-
tors (ABCLONAL, #RK21401) and DTT (Invitrogen, 
#D1532) were added to all buffers. Tissues were either 
freshly minced or ground in liquid nitrogen. For fresh 
samples, tissues were roughly chopped and transferred 
into a 2.0 mL centrifuge tube containing 1 mL of PL buf-
fer. The tissue was further minced with a blade until no 
visible debris remained, followed by incubation on ice for 
5 min. For frozen samples, tissues were ground into fine 
powder in liquid nitrogen, transferred into a pre-chilled 
2.0 mL centrifuge tube containing 1 mL of PL buffer, and 
incubated on ice for 5 min. The lysate was then filtered, 
washed, and resuspended in 500 µL of PA buffer by gen-
tle pipetting. For root nuclei, a density gradient purifica-
tion was applied by slowly pipetting 500 µL of PB buffer 
to the bottom of the tube, forming two distinct layers. 
Another 500 µL of PC buffer was then added, resulting 
in three layers. The sample was centrifuged at 3,000  g 
for 20 min at 4  °C, and the nuclei layer (~ 200 µL at the 
PB-PC interface) was carefully collected. For leaf nuclei, 
the lysate suspension was stained with DAPI (Invitro-
gen, #04-24-2006) and sorted using a SONY SH800S cell 
sorter (SONY Biotechnology), where only DAPI-positive 
events were gated and collected into the resuspension 
buffer. All purified nuclei were stained with AOPI (Beyo-
time, #C2019A) and analyzed using a Countstar Mira FL 
Fluorescence Cell Analyzer (Alit Biotech) for automated 
counting.
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Library preparation and sequencing
The optimized bulk library preparation protocol is pro-
vided in Supplemental File. Bulk libraries that passed 
quality control were sequenced on a DNBSEQ-T7 
sequencer (MGI) using a paired-end 100 + 100  bp strat-
egy. Due to the shorter insert size distribution of nuclei 
libraries, all bulk sequencing reads were trimmed to PE50 
for downstream analysis. scRNA-seq libraries were pre-
pared using the DNBelab C4 Single-Cell RNA Library 
Preparation Set V3.0 (MGI, #940-001818-00) following 
the manufacturer’s instructions. scRNA-seq libraries that 
passed quality control were sequenced on DNBSEQ-T7 
using a paired-end 47 + 100 bp strategy.

Bulk reads processing and analysis
The reference genome Zm-B73-REFERENCE-
GRAMENE-4.0 and the corresponding gene 
annotation file Zm-B73-REFERENCE-GRAMENE-4.0_
Zm00001d.2.gff3 were downloaded from MaizeGDB 
(https://maizegdb.org). Due to relatively incomplete 
rRNA annotations, Zea_mays.B73_RefGen_v4.42.gff3 
was obtained from Ensembl to supplement rRNA gene 
information. rRNA index was then built using Bowtie2 
v2.4.5 with default parameters.

rRNAs were first removed from the raw reads by 
aligning against the known rRNAs using Bowtie2 with 
parameters: --very-sensitive-local --no-unal -I 1 -X 1000, 
followed by adapters and low-quality reads filtering using 
SOAPnuke v1.5.6 with parameters: -l 15 -q 0.2 -n 0.01 -Q 
2 -f ​A​A​G​T​C​G​G​A​G​G​C​C​A​A​G​C​G​G​T​C​T​T​A​G​G​A​A​G​A​C​
A​A -r ​A​A​G​T​C​G​G​A​T​C​G​T​A​G​C​C​A​T​G​T​C​G​T​T​C​T​G​T​G​
A​G​C​C​A​A​G​G​A​G​T​T​G. Clean reads were then aligned to 
the reference genome using HISAT2 with the following 
parameters: --phred64 --sensitive --no-discordant --no-
mixed -I 1 -X 1000, and to the reference transcriptome 
using Bowtie2 with parameters: -q –phred64 –sensitive 
–dpad 0 –gbar 99 –mp 1,1 –np 1 –score-min L,0,-0.1 -I 
1 -X 1000 –no-mixed –no-discordant -k 200. Gene and 
transcript abundances were quantified with RSEM v1.3.1 
with parameters: --forward-prob 0.5 --paired-end. Dif-
ferential expression analysis was performed using R pack-
age DESeq2, genes with fold changes > = 2 and adjusted 
pvalue < = 0.05 were regarded as differentially expressed. 
GO enrichment analysis was performed using R package 
topGO with default parameters.

Single cell reads processing, data integration, clustering 
and annotation
rRNA reads were first removed using Bowtie2, follow-
ing the same filtering strategy as applied to bulk RNA-
seq data. Reads containing TSO artifacts were trimmed 
using Cutadapt (​h​t​t​p​​s​:​/​​/​c​u​t​​a​d​​a​p​t​​.​r​e​​a​d​t​h​​e​d​​o​c​s​.​i​o) with 
the following parameters: -n 4 -m 50 --error-rate 0.3 -g ​
A​A​G​C​A​G​T​G​G​T​A​T​C​A​A​C​G​C​A​G​A​G​G​G​G -o. Clean 

reads were then demultiplexed and aligned to the maize 
reference genome using DNBtools v2.1.3 (​h​t​t​p​​s​:​/​​/​g​i​t​​
h​u​​b​.​c​​o​m​/​​M​G​I​-​​t​e​​c​h​-​​b​i​o​​i​n​f​o​​r​m​​a​t​i​​c​s​/​​D​N​B​e​​l​a​​b​_​C​​_​S​e​​r​i​
e​s​​_​H​​T​_​s​​c​R​N​​A​-​a​n​​a​l​​y​s​i​s​-​s​o​f​t​w​a​r​e). Background RNA 
contamination was assessed using SoupX v1.6.2 using 
the default settings, where contamination fraction was 
estimated automatically using autoEstCont with the 
parameters: tfidfMin = 0.01, soupQuantile = 0.8, and 
forceAccept = TRUE. The raw and filtered gene-barcode 
matrices were used as inputs to estimate the expression 
profiles of ambient mRNAs. In parallel, the same dataset 
was either processed with CellBender v0.2.0 with default 
recommended settings (--fpr 0.1) to generate a corrected 
UMI count matrix or directly used for downstream anal-
ysis in Seurat v5.3.0.

Low-quality cells and genes were filtered based on 
the following criteria: (i) outliers in gene count (nFea-
ture_RNA) were identified using the median absolute 
deviation (MAD); (ii) cells with abnormal mitochondrial 
transcript proportions (percent.mt) were flagged using 
the interquartile range (IQR) [43]; (iii) doublets were 
detected using the DoubletFinder package with default 
parameters (​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​c​h​r​i​​s​-​​m​c​g​​i​n​n​​i​s​-​u​​c​s​​f​/​D​o​
u​b​l​e​t​F​i​n​d​e​r). This strategy was chosen over fixed thresh-
olds (e.g., 200 < nFeature_RNA < 5,000 and percent.mt 
< 25%), which may be not suitable for plant cells, par-
ticularly nuclei-derived data. Expression matrices were 
normalized using the NormalizeData function (method 
= “LogNormalize”, scale factor = 10,000). Highly variable 
genes (n = 2,000) were identified with FindVariableFea-
tures (method = “vst”), followed by data scaling using 
ScaleData, regressing out percent.mt. Principal compo-
nent analysis was performed with RunPCA, and signifi-
cant PCs were determined using the JackStraw method. 
Cell clustering was carried out with the Louvain algo-
rithm via FindNeighbors and FindClusters. UMAP visu-
alization was performed using RunUMAP. For datasets 
with two biological replicates, batch effects were cor-
rected using RunHarmony, and Harmony embeddings 
were used for downstream clustering and visualization. 
Cluster-specific marker genes were identified using 
FindAllMarkers (Wilcoxon rank-sum test; logfc.thresh-
old = 0.5, min.pct = 0.1). Cell types were annotated based 
on canonical and experimentally validated marker genes 
(Table S3).

Cryosection
The central sections (approximately 5 mm) of the leaf 2 
were collected and fixed in 10% sucrose (BBI, #A610498) 
solution for 2 h, followed by fixation in 20% sucrose solu-
tion for an additional 4  h. The samples were rinsed in 
PBS and gently blotted dry with lint-free paper to remove 
residual moisture. After fixation, samples were embedded 
in OCT compound (Sakura, #4583) and stored at − 80 °C. 

https://maizegdb.org
https://cutadapt.readthedocs.io
https://github.com/MGI-tech-bioinformatics/DNBelab_C_Series_HT_scRNA-analysis-software
https://github.com/MGI-tech-bioinformatics/DNBelab_C_Series_HT_scRNA-analysis-software
https://github.com/MGI-tech-bioinformatics/DNBelab_C_Series_HT_scRNA-analysis-software
https://github.com/chris-mcginnis-ucsf/DoubletFinder
https://github.com/chris-mcginnis-ucsf/DoubletFinder
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Prior to sectioning, embedded tissues were equilibrated 
at − 20 °C for 30 min, then cryosectioned at 10 μm thick-
ness using a cryostat (Leica, #CT520). Sections were 
mounted onto adhesive microscope slides (Biosharp, 
#AR1065), fixed in methanol (Sigma-Aldrich, #34860) 
at room temperature for 10  min, and stained with 0.1% 
toluidine blue (Sigma-Aldrich, #T3260) for 1 min. After 
rinsing under running water, stained sections were 
observed under the scanning microscope (Motic Scien-
tific, #PA53-FS6).

Data visualization
The graphs were generated using the R package ggplot2, 
Adobe Illustrator and Microsoft PowerPoint.
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