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Abstract 

We introduce SCITO-seq2, an enhanced successor to SCITO-seq that integrates 
probe-based RNA detection with the established ultra-high-throughput protein 
profiling. SCITO-seq2 achieves robust quantification of transcripts and surface proteins 
across more than 100,000 cells, with a shared pool barcoding strategy ensuring precise 
matching of molecular profiles within multiplexed droplets. SCITO-seq2 is compatible 
with cell hashing technology, allowing efficient sample multiplexing. We demonstrate 
its utility in autoimmune diseases, including childhood systemic lupus erythematosus 
and CTLA4 haploinsufficiency with autoimmune infiltration, enabling the detection 
of minor immune clusters and disease-specific protein signatures. This platform estab-
lishes a scalable, streamlined, and cost-effective next-generation single-cell multi-
omics workflow.
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Background
Dissecting cellular heterogeneity is fundamental to elucidating biological variation in 
healthy and pathological states. Whereas any single type of omics approach cannot fully 
explain the mechanism underlying disease pathophysiology, recent advances in single-
cell multi-omic technologies (transcriptomics, proteomics [1–5], epigenomics [6–13], 
etc.) have revolutionized our ability to uncover novel disease-related biomarkers. For 
example, CITE-seq [5] enables concurrent analysis of transcriptome and epitope profiles 
within individual cells, facilitating the discovery of novel cell types and states [14, 15]. 
However, as interest in large-scale single-cell studies, such as tissue atlas construction 
[16–18], developmental trajectory mapping [19, 20], and perturbation experiments [21], 
has increased, the throughput limitations of current systems have become increasingly 
apparent.
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Combinatorial indexing strategies, which involve multiple rounds of indexing, have 
emerged as a scalable solution for single-cell technology [22–24]. These methods employ 
sequential DNA barcode incorporation via PCR or ligation, with successive pooling 
and splitting steps ensuring generation of unique single-cell barcodes, and have ena-
bled million-scale single-cell experiments. Building upon this foundation, droplet-based 
two-step indexing methods were subsequently developed, offering simplified options 
for massive-scale experiments [25–27]. These methods pre-index the genome or tran-
scriptome before super-Poisson loading of pooled cells into microdroplets contain-
ing hundreds of thousands of barcoded beads. Then, the multiple cells within a droplet 
are deconvoluted using a combination of pre-indexed and droplet barcodes, achieving 
markedly increased yield with reduced manual intervention. This technological frame-
work has recently spawned several ultra-high-throughput multi-omic methods capable 
of jointly profiling RNA with ATAC [28, 29] or the VDJ repertoire [30]. However, there 
remains a need for an ultra-high-throughput technology for simultaneous RNA and pro-
tein profiling that can overcome the limitations of RNA-only measurements in capturing 
certain biological signals [5]. While our previous SCITO-seq method established ultra-
high-throughput protein profiling and provided proof-of-concept RNA detection, effi-
cient RNA capture remains challenging for comprehensive multi-omic analysis [27].

Here, we present SCITO-seq2, a scalable method for simultaneous profiling of the 
transcriptome and surface epitopes at an unprecedented scale (> 105 cells), which rep-
resents a substantial improvement in throughput over conventional CITE-seq [5]. Our 
approach combines probe-based hybridization capture with splint-oligo-hybridized 
antibodies, where a shared pool barcoding strategy enables precise matching of RNA 
and protein profiles even within multiplexed droplets. This design is further compat-
ible with cell hashing technology [31], enabling efficient multiplexing of samples in a 
single high-throughput experiment. The application of SCITO-seq2 to peripheral blood 
mononuclear cells (PBMCs) demonstrated a strong correlation between surface protein 
and gene expression. We subsequently applied SCITO-seq2 to investigate patients with 
autoimmune conditions, including childhood systemic lupus erythematosus (SLE) and 
CTLA4 haploinsufficiency with autoimmune infiltration (CHAI), demonstrating the 
utility of the high-resolution multi-modal analysis.

Results
SCITO‑seq2 enables ultra‑high‑throughput multi‑omics sequencing

The implementation of ultra-high-throughput analysis in microfluidics-based single-
cell partitioning presents two primary challenges: the generation of multiplets (drop-
lets containing multiple cells) and their subsequent demultiplexing for data analysis. 
Resolving multiplets necessitates that each molecular modality within a droplet car-
ries a pre-indexed pool barcode (PBC) encoding sample identity. We achieved this by 
integrating commercially available probe-based whole-transcriptome capture chem-
istry (Chromium Fixed RNA Profiling) with the splint-oligo-hybridized antibody tech-
nology previously established in SCITO-seq [27]. This probe-based chemistry employs 
hybridization-based RNA capture using pre-designed probe sets, enabling high-effi-
ciency transcript detection while allowing the incorporation of PBC for molecule-level 
deconvolution. The combination of these techniques enables ultra-high-throughput 
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deconvolution of RNA and surface protein reads, where PBC-based cellular origin iden-
tification allows scalable multiplexing by maintaining precise molecular correspondence 
within multiplets (Fig. 1A).

To test the validity of our approach, we analyzed peripheral blood from healthy donors. 
PBMCs were divided into four replicate pools, each treated with a custom 209-antibody 
panel prepared by conjugating antibodies to splint oligos (Additional file 2: Table S1) and 
commercial RNA probes, enabling verification of data consistency across different pools 
derived from identical samples. After pool-specific barcoding, we combined the cells 
from each pool and loaded ~ 200,000 cells into a single channel for gel bead-in-emulsion 
(GEM) generation.

To assess the technical performance, we conducted droplet generation simulations 
based on our previous work, incorporating a fixed number of unique PBCs and cell 
loading parameters [27]. We then compared the simulated and experimental pool colli-
sion rates, defined as the proportion of droplets that encapsulate multiple cells originat-
ing from the same pool. Such collided multiplets cannot be resolved by pool barcode 
(PBC) information alone, as all constituent cells share the same PBC and thus remain 
as multiplets after deconvolution. In datasets incorporating cell hashtags, these col-
lided multiplets can additionally be recognized by mixed hashtag signals, providing an 
extra layer of QC. To infer the overall frequency, we quantified cells that were removed 
during QC and doublet filtering due to exhibiting multiplet-like characteristics—such 
as abnormally high total UMI counts, elevated feature numbers, or mixed phenotypic 
marker expression. Using this approach, the experimental collision rate was estimated 
at 10.69%, which was in close agreement with the simulation-based estimate (11.95%) 
(Fig. 1B). Notably, our simulation revealed that increasing the number of PBCs reduced 
collision rates even at high cell loading densities, enabling more efficient single-cell 
recovery. Under our experimental setup, loading ~ 200,000 cells yielded 93,782 final ana-
lyzable cells (Fig. 1B). On the basis of this predictive model, we estimated that with 16 
PBCs, loading 580,000 cells would yield more than a 15-fold increase in cell recovery 
(~ 290,000) compared with the single-plexed configuration (~ 19,000) while maintaining 
50% recovery efficiency (Additional file 1: Fig. S1A).

Next, to trace pool-assigned cells to their original droplets, we performed parallel pro-
cessing of data with and without pool barcode separation, enabling quantification of the 
number of cells per droplet. Our analysis revealed that 69.94% of the final 93,782 cells 
originated from multiplets, which were successfully deconvoluted into single-cell data 
through our pool barcoding strategy (Fig. 1C). Hence, this approach enabled an analysis 
that would otherwise be limited to only 28,189 singlet cells to include 65,593 additional 
cells, demonstrating the effectiveness of our multiplexing strategy in maximizing cell 
recovery.

We further examined the molecular capture efficiency by comparing gene expression 
(GEX) and protein expression (antibody-derived tag, ADT) UMI counts with SCITO-
seq, conventional CITE-seq, and AbSeq on BD Rhapsody platform [26, 27, 32, 33]. 
SCITO-seq2 demonstrated robust GEX UMI detection with improved yield (median 
log10-transformed UMI count 3.35 [IQR: 3.18–3.66]) compared to previous ligation-
based SCITO-seq (1.64 [IQR: 1.36–1.98]) while maintaining ADT detection efficiency, 



Page 4 of 20Lee et al. Genome Biology           (2026) 27:45 

Fig. 1  Development and technical validation of SCITO-seq2. A Schematic overview of the SCITO-seq2 
workflow. Pool-specific barcoding of both RNA and proteins enables the deconvolution of individual cells 
from multiplexed droplets. B Collision rates and cell recovery by loaded cell count at different PBC numbers. 
The plot shows simulated values (estimated; blue) based on the variables used in the experiment (cells 
loaded = 200,000, PBC number = 4) and the actual observed values (empirical; red). C Cell count per droplet 
from deconvoluted multiplets categorized by pool. D Comparison of CITE-seq, SCITO-seq, SCITO-seq2, 
and AbSeq. Density histogram of the total GEX log10 UMI count per cell (left). ADT log10 UMI count per 
cell (right). E Total UMI count and number of detected features by cell count per droplet before and after 
deconvolution. F UMAP visualization of quality control-filtered cells colored by annotated cell type. G Pearson 
correlation between RNA and protein expression levels (top), shown as cell-type averages for selected 
markers, with corresponding UMAP visualizations of RNA (middle) and protein (bottom) expression. H 
Correlation analysis between SCITO-seq2 and CITE-seq methods, comparing their respective RNA‒protein 
correlations for proteins detected by antibodies from identical clones
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although direct comparisons are limited by the variations in antibody panels and 
sequencing depth across studies (Fig. 1D).

To address potential concerns regarding reverse transcription efficiency in overloaded 
droplets, where multiple cells share reaction reagents within GEMs and bead oligos, we 
assessed quality control metrics in relation to the number of cells within a single droplet 
(Fig. 1E). After computational deconvolution, we observed no significant differences in 
the GEX and ADT metrics regardless of the number of cells per droplet, demonstrating 
successful deconvolution of multiplexed cells while preserving data quality.

To evaluate the fidelity of molecular correspondence following multiplet deconvolu-
tion, we performed correlation analysis between representative protein markers and 
RNA using cell type-averaged expression values [5], with reference-based annotation 
(Fig. 1F). This analysis demonstrated high concordance between RNA and correspond-
ing protein expression levels, with strong correlations for key immune markers (CD4: 
r = 0.96, CD11c: r = 0.79, and CD72: r = 0.99) (Fig.  1G). When we compared protein‒
RNA correlations between our dataset and the reference CITE-seq data, we observed 
consistent agreement for proteins detected by antibodies with shared clones (Fig.  1H 
and Additional file 1: Fig. S1B and C), although some proteins exhibited dataset-specific 
correlation biases (Additional file 1: Fig. S1D and E). Similarly, comparison with publicly 
available AbSeq data also revealed comparably high correlations (Additional file 1: Fig. 
S1F).

To gain additional insight into antibody signal characteristics, we examined finer-scale 
variation across markers (Additional file 1: Fig. S2). Specifically, we evaluated the separa-
tion of ADT signals between marker-positive and marker-negative cell populations for 
key lineage markers. For CD3 and CD8, ADT signal separation between marker-posi-
tive and marker-negative populations was reduced in SCITO-seq2 compared with other 
platforms, reflecting platform-specific differences in antibody signal characteristics. For 
the remaining markers, SCITO-seq2 showed signal separation comparable to that of the 
other methods.

Collectively, these results establish SCITO-seq2 as a robust platform for large-scale 
single-cell multi-omics analysis, demonstrating its ability to generate high-fidelity gene 
expression and surface protein measurements at single-cell resolution while effectively 
resolving multiplets.

Patient sample demultiplexing with multi‑modal measurements via SCITO‑seq2

Building upon the enhanced cell recovery achieved through pool-specific barcod-
ing, we implemented additional sample multiplexing within each pool to fully leverage 
the high-throughput capability while maintaining a sufficient cell number per sample. 
Since probe-based chemistry employs indirect RNA capture for improved efficiency 
rather than direct capture methods that enable genetic variant-based demultiplexing, 
we utilized antibody-based cell hashing for sample multiplexing within pools (Fig.  2A 
and Additional file 1: Fig. S3A). To demonstrate the clinical utility of this approach, we 
analyzed PBMCs from patients with two autoimmune diseases: childhood systemic 
lupus erythematosus (SLE) and CTLA4 haploinsufficiency with autoimmune infiltra-
tion (CHAI), a rare genetic disorder (Additional file 2: Table S2). Samples from four SLE 
patients and four healthy controls were labeled with unique hashtag oligo antibodies and 
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pooled within their respective groups, while the two CHAI samples were processed as 
separate pools. A detailed step-by-step protocol covering sample preparation through 
library construction is provided in the Methods section and on protocols.io (https://​doi.​
org/​10.​17504/​proto​cols.​io.​14egn​1z6pv​5d).

To evaluate the robustness of our multiplexing strategy, we processed the samples follow-
ing our established workflow to generate three types of libraries: GEX, ADT, and hashtag 
oligos (HTO). Analysis of the pool barcode distribution confirmed their high specificity, 
with GEX barcodes showing clear separation between pools and ADT barcodes demon-
strating minimal cross-pool contamination (Additional file 1: Fig. S3B and C). This dual-
barcoding approach enabled stringent filtering of potential background signals, ensuring 
the reliable cell-to-sample assignment essential for downstream clinical sample analysis.

Fig. 2  Application and validation of SCITO-seq2 multiplexing strategy in clinical samples. A Overview of 
the donor multiplexing strategy in SCITO-seq2, which combines pool barcoding with antibody-based cell 
hashing technology. B HTO count (central log ratio-normalized) distribution in cells assigned to each SLE 
donor. Cells with negative or multiple donor assignments were excluded from further analysis. C PCA of 
pseudobulk RNA expression data showing clustering of individual donors. D and E UMAP visualization of 
co-embedded SCITO-seq2 and public CITE-seq data (Hao et al.) after integration. F Pearson correlation of cell 
type-averaged RNA and protein expression for cell type markers in SCITO-seq2 data

https://doi.org/10.17504/protocols.io.14egn1z6pv5d
https://doi.org/10.17504/protocols.io.14egn1z6pv5d
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Following pool-level separation, we next deconvoluted individual donor identities 
within the SLE and healthy pools through HTO-based demultiplexing (Fig.  2B and 
Additional file  1: Fig. S3D). Principal component analysis (PCA) of the demultiplexed 
samples revealed clustering of samples within their respective expected groups while 
maintaining clear separation between donors within the same pool (Fig. 2C), confirm-
ing the robust compatibility of the hashtag system with the SCITO-seq2 platform. After 
rigorous quality control, including doublet removal and unassigned HTO filtering, we 
obtained a final dataset of 114,372 cells.

We next evaluated the compatibility of the SCITO-seq2 data through integration with 
existing CITE-seq datasets (Fig. 2D). The results confirmed high compatibility, with cell 
type classifications consistent with the public reference data while preserving sample-
specific distributions (Fig. 2E). Data quality was further evidenced by consistently high 
protein-RNA correlations for key markers (Fig. 2F).

Finally, having established the technical robustness and data quality of our multiplex-
ing strategy, we evaluated its cost-effectiveness (Additional file 1: Fig. S3E). Cost analy-
sis comparing SCITO-seq2 with a standard 3′ sequencing workflow demonstrated that 
its shared library preparation substantially reduces per-cell costs as sample numbers 
increase. Consequently, SCITO-seq2 achieves comparable per-cell costs to the conven-
tional approach when analyzing around nine samples, and becomes increasingly more 
cost-effective when analyzing twelve or more samples, with greater advantages for 
larger-scale studies. Together, these results establish SCITO-seq2 as a robust, compat-
ible, and cost-efficient platform for large-scale multi-omics analysis.

Improvement of cell clustering by inclusion of ADT

To assess the benefit of including ADT during analysis for aberrant genetic features, 
we plotted all quality-filtered cells and directly compared the cell clustering patterns 
obtained using GEX data only (the “GEX-only” set) or including ADT data with 
the GEX data (the “GEX + ADT” set). The overall clustering pattern and cell type 
composition appeared largely similar, but pronounced differences were observed 
(Fig. 3A and B). More specifically, the UMAP pattern in the GEX + ADT set was bet-
ter separated, providing higher resolution among clusters of the same group, such as 
T and B cell groups. In addition, clusters that were not detected in the GEX-only set 
emerged in the GEX + ADT set. For example, the CD56 “bright” natural killer (NK) 
cell (NK_CD56bright) cluster, a subset of NK cells mainly detected in tissues, was 
detected in the GEX + ADT set, which became possible by measuring CD56 protein 
expression (Fig. 3C and D). Similarly, the plasmablast (PB) cluster with high expres-
sion of MZB1 and JCHAIN diverged from the intermediate B cell (B intermediate) 
cluster (Fig. 3C and Additional file 1: Fig. S4A), and the cDC1 cluster was found to be 
separated from the cDC cluster with strong expression of CLEC9A and DNASE1L3 
(Fig.  3C and Additional file  1: Fig. S4B). Additionally, a dnT cluster characterized 
by high PTPN3 gene expression and low CD4 and CD8 ADT expression was identi-
fied (Fig.  3C and Additional file  1: Fig. S4C). Finally, the hematopoietic stem and 
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progenitor cell (HSPC) cluster, characterized by high expression of CD34, represents 
a group with erythroid potential, potentially poised for differentiation into eryth-
roid cells (Fig.  3C). These observations were summarized in the form of pairwise 
comparisons between the two sets (Fig.  3E), and the expression of cluster-specific 
proteins is shown in Fig. 3F. These findings are in line with prior multi-omic stud-
ies [34], which demonstrated that integrating transcriptomic and surface-protein 
measurements improves resolution and enables identification of additional immune 

Fig. 3  The incorporation of ADT increased the clustering ability. A and B Cell cluster profiles by UMAP 
clustering and the cell type ratio using GEX data alone [“GEX-only”, (A)] and GEX and ADT together 
[“GEX + ADT”, (B)]. C Gene markers distinguishing each cluster. To facilitate direct comparisons of the two sets, 
cell types are grouped by expression pattern and presented by dataset in an alternating order. D Separation 
of the NK_CD56bright cluster with consideration of CD56 protein expression and the expression intensity 
of CD56 protein, XCL2, and KLRC1. The top row shows the GEX-only set, and the bottom row shows the 
GEX + ADT set. Plots at the far right display the distribution of CD56 protein expression intensity among 
NK cells. E Heatmap depicting pairwise Jaccard index scores from the comparison of the GEX-only and 
GEX + ADT sets. F Expression of selected proteins projected into the UMAP plot
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subsets, such as cytotoxic CD4⁺ T cells and mesenchymal stem cells, that are not 
readily distinguished using transcriptomic data alone.

Identification of disease‑specific protein markers for SLE and CHAI

We next sought to identify new biological features that ADT may reveal in the SLE 
and CHAI patient cells. To address SLE samples, we co-clustered our cells with pub-
licly available cells from adult and childhood SLE patients, comprising data from 5 adult 
healthy donors, 7 adult SLE (aSLE) patients, 11 child healthy donors, and 33 child SLE 
(cSLE) patients [35]; the results revealed a comparable clustering pattern (Fig. 4A). In 
terms of the overall composition of major cell groups, our patient set showed higher 
enrichment in monocytes, probably due to a greater range of case severity (Fig.  4B). 
A number of proteins showed markedly higher expression in SLE samples compared 
to healthy samples (Fig.  4C). In addition, SLE samples presented increased interferon 
(IFN) and cytotoxic scores for the major cell types, similar to the aSLE and cSLE sam-
ples from the previous study (Fig. 4D and E) [35]. Assessment of SCENIC-inferred IRF 

Fig. 4  Characteristics of child SLE cells resolved with GEX and ADT. A Co-clustering of cells from our SLE 
patients and Nehar-Belaid et al. B Combined UMAP and the ratio of the major cell clusters from the two 
datasets. C Expression of selected proteins projected into the UMAP. D and E IFN scores (D) and cytotoxic 
scores (E) in each disease group for the designated cell types. F UMAP plots displaying combined regulon 
activities, annotated by patient status (top), SLEDAI score (middle), and IRF regulon (bottom). G Volcano 
plot displaying DEPs between SLE patients and healthy individuals. H Expression of CD223 protein in UMAP 
clusters. I Correlations of the SLEDAI score with CD223 protein (left) and its transcript, LAG3 (right)



Page 10 of 20Lee et al. Genome Biology           (2026) 27:45 

transcriptional regulon activity revealed a stratified distribution in each major cell type, 
which aligned well with the SLE disease activity index (SLEDAI), a symptom severity 
score (Fig. 4F). Differentially expressed protein (DEP) analysis led to the identification of 
a single protein, CD223, that was significantly increased in the SLE samples, along with 
21 proteins that were significantly decreased (Fig. 4G and H).

Additionally, we observed that protein expression provides better prediction of SLE-
DAI score than does RNA expression (155/180, or 86.1% for all RNA–protein pairs and 
94/105, or 89.5% for pairs with positive correlations in both) (Additional file 1: Fig. S5). 
Among these, we noted that SLEDAI score correlation with CD223 protein or LAG3 
gene expression showed the score to be more strongly explained by protein expression. 
CD223 is an inhibitory receptor encoded by the LAG3 gene, and its upregulation is asso-
ciated with SLE [36] (Fig. 4I). This finding allows us to emphasize the functional role of 
CD223 in SLE due to enhanced capture rate of protein expression and the utility of the 
ADT-based approach in the evaluation of SLE severity. In addition to the single-marker 
correlations, we evaluated modality-level informativeness for disease activity using 
patient-level leave-one-patient-out (LOPO) cross-validation. While limited by the small 
cohort and the targeted scope of the antibody panel, ADT outperformed RNA across all 
linear and nonlinear models (Additional file 2: Tables S3 and S4).

Next, we investigated whether ADT data could shed additional insights on the molec-
ular changes in CHAI patient samples. DEP analysis of CHAI versus healthy samples 
demonstrated increased expression of CD103 protein in the monocyte cluster (Addi-
tional file  1: Fig. S6A to C). Visualization by a heatmap further indicated CHAI- and 
SLE-specific expression of CD103 and CD223, respectively (Fig. S6D). Finally, DEG anal-
ysis in pseudobulk cells revealed a number of regulated genes, with significant enrich-
ment of ontology terms related to immune activation and inflammation (Additional 
file 1: Figs. S6E to G and S7). Taken together, these results highlight the increased resolu-
tion of our method and its utility in analyzing patient samples, thereby facilitating the 
discovery of disease-associated biomarkers.

Discussion
The advent of single-cell technologies has revolutionized biological discovery by enabling 
high-resolution analyses. Consequently, providing robust evidence through large-scale, 
multi-modal investigations has become increasingly crucial. Here, we demonstrate that 
SCITO-seq2 enables precise transcriptome and protein analysis at an unprecedented 
scale. Through an optimized experimental design, we achieved recovery of > 100,000 
analyzable cells from a single microfluidic channel while maintaining high-quality GEX 
and ADT data across multiple groups and samples. Our platform demonstrates signifi-
cant technical advantages over its predecessor, SCITO-seq. Probe-based RNA molecular 
capture efficiency enables comprehensive multi-modal analysis at scale, with droplet for-
mation dynamics that closely mirror theoretical predictions. This improved predictabil-
ity empowers researchers to design large-scale studies with greater precision in terms of 
the expected outcomes.

It is worth noting that, during the course of this work, 10 × Genomics introduced 
a multiplexed transcriptome and antibody profiling protocol based on Flex chem-
istry. However, this platform employs a ligation-based TotalSeqC design that is 
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chemistry-specific, whereas SCITO-seq2 implements a splint-oligo hybridization strat-
egy, resulting in a chemistry-independent configuration that forms the conceptual basis 
of SCITO-seq2’s flexibility. Specifically, the splint oligo hybridizes to the feature barcode 
region of antibody-conjugated oligos, enabling compatibility with any antibody format 
(TotalSeqA, B, or C). In addition, by altering the PCR handle, the same framework can 
be extended to additional modalities, as demonstrated by its integration with cell-hash-
ing antibodies in this study. This modular design not only provides potential compat-
ibility with modalities such as sgRNA capture and ATAC barcoding but also enables 
immune-receptor profiling through substitution of the capture sequence with a tem-
plate-switch oligo sequence. Consequently, SCITO-seq2 offers an open and customiz-
able framework distinct from commercial kits optimized for standardized use, providing 
researchers with the adaptability required to integrate emerging single-cell modalities 
and scale their studies efficiently.

Importantly, we show that the recovered cells, mostly derived from deconvoluted mul-
tiplets, exhibit comparable data quality to singlets, as validated by protein-transcript 
correlations, demonstrating strong concordance with CITE-seq measurements. In our 
marker-level analysis of antibody profiles, we aimed to assess variability in signal qual-
ity, an important consideration in antibody-based protein detection. We found that sev-
eral cell type–specific markers that were distinctly separated in other platforms, such 
as CD3, showed poorer signal separation SCITO-seq2. Given that SCITO-seq2 and 
SCITO-seq share the same antibody–oligo chemistry, these observations may reflect 
the effects of the fixation process introduced for RNA profiling. Such effects could arise 
from enhanced retention of unbound antibodies within droplets or from reduced anti-
body binding efficiency due to epitope alteration or masking during fixation.

The robustness and scalability of SCITO-seq2 are further validated through its suc-
cessful integration with cell hashing, enabling simultaneous analysis of multiple donors 
and conditions. We demonstrated this capability through comprehensive analyses of two 
autoimmune disorders: SLE and CHAI. The platform’s performance is evidenced by the 
clear manifestation of pathological phenotypes in our SLE dataset, effectively capturing 
the disease state when analyzed alongside published datasets. In this study, samples from 
donors belonging to the same disease group were processed within the same pool and 
distinguished by sample-level hashtags. Designing future experiments in which different 
biological groups are mixed across pools—while still maintaining unique hash barcodes 
for individual donors—could help minimize potential batch effects and improve compa-
rability between groups.

Of particular note, SCITO-seq2’s high-resolution protein measurements revealed 
cellular features that were undetectable through transcriptomic analysis alone. The 
integrated analysis identified minor populations, including NK_CD56bright cells and 
PBs, generally indistinguishable when using GEX-based clustering. These populations 
showed disease-state-dependent variations: the NK_CD56bright/NK ratio was markedly 
elevated in SLE patients (11.8%) compared to healthy controls (2.9%) or CHAI patients 
(1.7%), with similar trends observed in the PB/B cell ratios (SLE: 1.4%, healthy: 0.3%, 
CHAI: 0.2%). These ratios were positively correlated with the SLEDAI score in our SLE 
patients, consistent with previous reports (Additional file 1: Fig. S8) [37, 38]. Addition-
ally, DEP analysis identified CD223 as an SLE-specific immune marker, demonstrating 
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a stronger positive correlation with the SLEDAI score than its corresponding transcript 
(LAG3). Consistent with our findings, independent flow cytometric data from an exter-
nal SLE cohort also demonstrate elevated CD223 protein [39].

In CHAI, despite moderate disease signatures due to genetic background and ongoing 
clinical treatments (as evidenced by their PCA proximity to healthy controls, Fig. 2C), 
we detected consistent immunological features, including significant upregulation of 
CD103 protein and genes involved in immune cell migration pathways. These tissue 
residency-associated features provide novel insights into disease-specific immune states, 
which is particularly valuable for CHAI, which has not been previously characterized at 
single-cell resolution. While the identified markers warrant further validation, SCITO-
seq2 represents an important advancement in our ability to conduct comprehensive 
multi-modal analyses of complex biological systems at scale.

Conclusion
SCITO-seq2 establishes a robust technological framework for large-scale single-cell 
RNA and surface protein analysis, demonstrating significant improvements in scalability 
and data quality. The platform’s capabilities enabled novel biological insights into well-
studied conditions such as SLE while establishing new research directions for previously 
unexplored rare genetic disorders like CHAI.

Methods
Single cell multi‑ome experiment

PBMC sample preparation

All experiments were performed using primary human PBMCs, and no established cell 
lines were used. Therefore, cell line authentication and mycoplasma testing were not 
applicable. For PBMC isolation, fresh blood samples were processed on the day of col-
lection. The blood was diluted with an equal volume of PBS and carefully layered over 
an equivalent volume of Histopaque. The samples were then centrifuged at 400 × g for 
30 min at room temperature (RT) with minimal acceleration and deceleration. Follow-
ing centrifugation, the opaque PBMC layer at the interface was carefully transferred to 
a new tube using a transfer pipette. The isolated PBMCs were washed twice with pre-
cooled 2% FBS in PBS and centrifuged at 250 × g for 10 min at 4 °C. The washed PBMCs 
were then resuspended in Cell Banker 2, transferred to cryovials, and stored in liquid 
nitrogen for long-term preservation. To prepare cryopreserved PBMCs for sequencing, 
the vials were rapidly thawed in a 37 °C water bath. The thawed cells were immediately 
mixed dropwise with warm thawing buffer (TB; 20% FBS in RPMI) to minimize osmotic 
shock. The cells were then centrifuged at 300 × g for 10 min at RT, resuspended in fresh 
TB, and centrifuged again. After counting, the PBMCs were resuspended in labeling 
buffer (LB; 10% BSA in PBS) for subsequent experiments.

Cell hashing

In the Healthy-SLE-CHAI group experiment, cells from healthy and SLE samples were 
subjected to cell hashing prior to pooling to facilitate subsequent sample demultiplexing. 
Each sample was resuspended in labeling buffer (LB), followed by a blocking step with 
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5 μl of FcX for ten minutes on ice. After blocking, 1 μg of TotalSeq-B hashing antibody 
was added, and incubated for 30 min on ice. The cells were then washed twice with LB 
and centrifuged at 400 × g for five minutes at 4 °C to remove unbound antibodies.

Oligonucleotide and antibody panel hybridization and surface protein binding

The custom TotalSeq-A antibody cocktail was prepared according to the manufacturer’s 
instructions outlined in BioLegend’s “TotalSeq™ Universal Cocktails Instructions for 
Use.” Briefly, the antibody vials were equilibrated to RT, briefly centrifuged, and reconsti-
tuted in 27.5 μl (55 μl for pilot studies) of LB. The reconstituted antibody solutions were 
incubated for 5 min at RT. The antibody solutions were subsequently transferred to fresh 
microcentrifuge tubes and centrifuged at 14,000 × g for 10 min at 4 °C.

Oligonucleotide pools were designed to include antigen-specific antibody binding 
sites, antigen barcodes, pool barcodes, and capture sequences. For Read 2 primer cap-
ture sequences, those used in conjunction with hashtags were designed with Nextera, 
whereas those not associated with hashtags were designed using TruSeq. A volume 
of 1.5 μl of 1 μM oligonucleotide, corresponding to each target protein within a given 
pool, was added to the respective antibody solutions for hybridization. The reaction 
mixtures were incubated for 15  min at RT, after which unhybridized oligonucleotides 
were removed by diluting the mixture with PBS and filtering it through a 50 kDa Amicon 
filter.

The hybridized antibodies were then concentrated by centrifugation at 14,000 × g for 
5  min, with the supernatant retained inside the filter. The recovered antibodies were 
stored on ice until further use. Each oligo-hybridized antibody panel was applied to a 
pool of multiplexed samples from the same group and incubated on ice for 30 min. The 
vials containing each pool were finally washed twice with labeling buffer (LB) and centri-
fuged at 400 × g for 5 min at 4 °C after each wash.

Cell fixation and RNA probe hybridization

Following antibody binding, the cells were fixed according to the 10 × Genomics proto-
col (CG000478, Rev C). Each pool was resuspended in 1 ml of fixation buffer (1X Fix & 
Perm Buffer [PN-2000517] in 4% formaldehyde in nuclease-free water) and incubated 
for one hour at RT or overnight at 4  °C. After fixation, the cells were centrifuged at 
850 × g for 5 min at RT and resuspended in 1 ml of cold quenching buffer (1X Quench 
Buffer [PN-2000516] in nuclease-free water). RNA probe hybridization was performed 
according to the 10 × Genomics protocol (CG000527, Rev D). The fixed cells were cen-
trifuged at 850 × g for 5 min at RT, resuspended in Hyb mix and treated with Human 
WTA Probes (PN-2000495–8). After overnight incubation at 42  °C, Post-Hyb wash 
buffer (WB) was added, and the cells were pooled into a single vial to reach the desired 
cell count. The pooled sample underwent three rounds of washing with WB, including 
incubation at 42  °C and centrifugation at 850 × g for 5  min at RT. Following the final 
wash, the cells were resuspended in Post-Hyb resuspension buffer (RB), filtered through 
a 30 μm filter, and prepared for gel bead-in-emulsion (GEM) generation.
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Single‑cell multi‑ome sequencing

In both experiments described in this study, 200,000 cells were loaded onto a Chromium 
Next GEM Chip Q, and GEMs were generated via the Chromium X system. Library 
construction was carried out according to the 10× Genomics fixed RNA profiling pro-
tocol (CG000477). During the pre-amplification step, 1 μl of TotalSeq C-additive primer 
(100 μM) was spiked in to amplify reads containing the Read 2 Nextera sequence. The 
completed libraries were sequenced on an Illumina NovaSeq 6000 platform using 150 
paired-end reads.

Computational analysis pipeline

Raw data preparation

The gene expression (GEX) data was split into four files based on the WTA barcode 
sequences. For comparison, an additional processing pipeline was applied to the unsepa-
rated file. Meanwhile, all the surface protein expressions (antibody-derived tag, ADT) 
and hashtag oligo (HTO) data were merged for uniform reference alignment and count-
ing. For each of the four GEX files, read counting was performed using the Cell Ranger 
multi pipeline with the 10 × Genomics-provided reference (Chromium Human Tran-
scriptome Probe Set v1.0.1 GRCh38-2020-A). ADT and HTO data were processed using 
custom barcode reference. Sample assignment within each dataset was conducted via 
HTODemux based on the resulting hashtag counts. Subsequently, the denoised and 
scaled by background method was applied to normalize the ADT counts [40], leveraging 
unfiltered data. Finally, the four processed GEX files, sample assignment information, 
and normalized ADT counts were merged into a single dataset.

Quality control

To exclude damaged cells unsuitable for downstream analysis, obsolete cells and genes 
were first removed. The cells were subsequently filtered based on criteria determined by 
the distance from the trimmed mean in units of trimmed standard deviation (div), which 
was calculated by excluding the top and bottom 5% of values. The filtering thresholds 
were set as follows: mitochondrial gene count proportion (< 10 * div), hemoglobin gene 
count proportion (< 10 * div), number of detected genes (≥ −1.75 * div and < 5 * div), and 
total gene count (≥ −1.25 * div and < 7.5 * div).

Doublet removal

The data were first processed to remove clusters with high doublet prediction scores 
identified by DoubletDetection [41] and Scrublet [42]. RNA count normalization was 
performed, and 2,000 highly variable genes were identified using the Seurat_v3 method, 
with each pool treated as a batch key. After principal component analysis (PCA), 
batch correction was applied via Harmony across 50 components [43] and across indi-
vidual donors. The corrected components were then used for nearest-neighbor analy-
sis and Leiden clustering [44], identifying 45 distinct clusters. Doublet prediction was 
subsequently performed on each pool, and clusters exceeding both the Scrublet score 
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threshold of 0.275 and the DoubletDetection score threshold of 50 were removed. These 
thresholds were established after confirming the actual doublet status through hashtag 
assignment and verifying the co-expression of markers from different cell types within 
each cluster.

Cell type prediction using GEX data

A semi-supervised method was employed for cell type prediction based on RNA expres-
sion. The model was established using scVI [45] trained on a CITE-seq reference dataset 
comprising 211,000 human PBMCs [33]. The model utilized 2,981 common highly variable 
genes shared between the reference and query datasets, with individual donors treated as 
batch keys. Model training was conducted over 300 epochs. Subsequently, scANVI was 
applied to train both the reference and query datasets (GEO ID: GSE164378) [46]. The ref-
erence dataset’s cell types were used as labels for supervised training performed over 40 
epochs. This trained model was then used for the query dataset, which underwent 500 
epochs of training to predict cell types.

Collision rate simulation

We developed a three-step computational model to simulate the cell distribution in 
droplets and estimate collision rates. Let Ndrops ​ denote the total number of droplets, 
Ncells the number of loaded cells, Npools the number of pool barcodes, and η the droplet 
recovery rate. We assumed that η = 0.6 and Ndrops = 2× 105 per microfluidic reaction. 
The probability of observing k cells in a droplet follows a Poisson distribution:

where � =
Ncells
Ndrops

 represents the mean number of cells per droplet. The recovered drop-

lets ( Drecovered ) are sampled from the total droplet population ( Dtotal):

For each droplet i containing k cells, pool barcodes ( BCi
pool):

where bj ∼ Uniform 1,Npools  . The number of unique barcodes ( Ui ) in each droplet is 
then calculated as:

The pool collision count ( Mi ) for each droplet i is computed as:
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Finally, the total number of rescuable cells ( Ytotal ) is estimated as:

Cost calculation

For SCITO-seq2, per-cell costs included library preparation (Chromium kit, indi-
ces, and chip), sequencing, and antibody/oligo reagents. The latter also covered 
additional hybridization oligos and hashtag antibodies when the number of pooled 
samples exceeded the barcode limit of 16. Library preparation costs were scaled 
according to the number of GEMs required, assuming that up to 58 pooled samples 
could be processed within a single GEM, based on an input of 10,000 cells per sample 
and considering 50% recovery efficiency as the acceptable lower limit (correspond-
ing to ~ 580,000 cells per GEM). Additional GEMs were used when this capacity was 
exceeded. Hashtag antibody costs were distributed proportionally across all loaded 
cells, based on the number of samples that required hashing. For CITE-seq, per-cell 
costs included library preparation, sequencing, and antibody reagents, with mul-
tiplexing assumed to rely on natural genetic variation rather than hashtag antibod-
ies. All costs were normalized by the total number of loaded cells per experiment to 
obtain per-cell estimates. The assumptions and calculation workflow used to gener-
ate these estimates are implemented in the public Jupyter notebook (cost_calculation.
ipynb) available in our GitHub repository (see Data availability section).

Unsupervised clustering

Cell clustering based on GEX was performed using the Seurat v5 package [47]. The 
raw counts were normalized using the SCTransform function [48], specifying individ-
ual donors as a batch key to correct for batch effects. Data integration was performed 
using canonical correlation analysis. The nearest-neighbor graph was constructed 
using the integrated dimensions, and clustering was performed at a resolution of 0.4 
using the Leiden algorithm [44]. For analyses integrating both GEX and ADT data, 
the totalVI package was utilized [49]. Raw RNA and ADT counts were jointly mod-
eled using totalVI, with individual donors specified as a batch key. The integrated 
latent representations learned by totalVI were used for unsupervised clustering using 
the Leiden algorithm [44]. UMAP visualization was carried out based on the totalVI 
latent space. To compare the clustering patterns from the two methods, the PairWise-
JaccardSetsHeatmap function from the scclusteval package was employed [50], which 
allowed for pairwise comparisons of clustering sets. Jaccard index scores were rep-
resented as a heatmap to visualize the degree of overlap between clusters from the 
GEX-only set and the GEX-ADT combined set.

Public data integration

Publicly available SLE scRNA-seq data was downloaded from the Gene Expres-
sion Omnibus (GSE135779) [51]. Missing protein expression was imputed using the 
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totalVI framework [49]. Harmony batch correction was applied, and downstream 
analyses were subsequently performed, including unsupervised clustering and visu-
alization with UMAP. Cell annotation was conducted using Azimuth Level 1 [33].

Downstream analysis

Gene regulatory network analysis was conducted using the standard SCENIC work-
flow [49] to infer regulons and assess transcription factor activity. In brief, three 
main steps are involved: co-expression network inference, candidate regulon detec-
tion, and regulon activity scoring. Raw gene expression counts were used as input. 
Motif enrichment analysis utilized the cisTarget databases generated using the 2022 
SCENIC + motif collection [49]. Differential gene expression (DEG) analysis was 
conducted using the memento package [49], with the capture rate set to 0.105. DEGs 
were defined based on the criteria of de_pval < 0.05 and de_coef > 0.5. Differential pro-
tein expression (DEP) analysis was performed using the limma package [52] based 
on protein pseudobulk counts. Normalization was carried out using the trimmed 
mean of the M-values method, followed by the voom transformation to estimate 
the mean–variance trend and ensure that the data met the assumptions of the linear 
model. DEPs were defined based on the criteria of adjusted P-value < 0.05 and log2 
fold change > log2(1.5).

Patient‑level prediction of disease activity

To assess modality-level informativeness, we predicted the SLE Disease Activity 
Index (SLEDAI) using leave-one-patient-out (LOPO) cross-validation. For linear 
models (Ridge), we constructed donor × cell-type pseudo-bulk features, performed 
grouped hyper-parameter tuning on training donors only, and aggregated test clusters 
to the patient level. For XGBoost, we trained on per-cell matrices with donor-level 
LOPO and averaged test-cell predictions to the patient level. We report patient-level 
R2, RMSE, MAE, and Spearman ρ.
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