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Abstract

Motivation: Pooled designs for single-cell RNA sequencing, where many cells from distinct samples are processed jointly, offer increased
throughput and reduced batch variation. This study describes expression-aware demultiplexing (EAD), a computational method that employs
differential co-expression patterns between individuals to demultiplex pooled samples without any extra experimental steps.

Isar Nassiri
Lucy C. Garner®, Paul Klenerman
Yanxia Wu ®2, Benjamin Fairfax'%"3, Julian C. Knight

Results: We use synthetic sample pools and show that the top interindividual differentially co-expressed genes provide a distinct cluster of cells
per individual, significantly enriching the regulation of metabolism. Our application of EAD to samples of six isogenic inbred mice demonstrated
that controlling genetic and environmental effects can solve interindividual variations related to metabolic pathways. We utilized 30 samples
from both sepsis and healthy individuals in six batches to assess the performance of classification approaches. The results indicate that
combining genetic and EAD results can enhance the accuracy of assignments (Min. 0.94, Mean 0.98, Max. 1). The results were enhanced by an
average of 1.4% when EAD and barcoding techniques were combined (Min. 1.25%, Median 1.33%, Max. 1.74%). Furthermore, we
demonstrate that interindividual differential co-expression analysis within the same cell type can be used to identify cells from the same donor
in different activation states. By analysing single-nuclei transcriptome profiles from the brain, we demonstrate that our method can be applied
to nonimmune cells.

Availability and implementation: EAD workflow is available at https://isarnassiri.github.io/scDIV/ as an R package called scDIV (acronym for
single-cell RNA-sequencing data demultiplexing using interindividual variations).

1 Introduction

Although single-cell analyses are beginning to unravel the
molecular aetiology of diseases, most studies incorporate
average gene expression profiles across bulk tissues, which
frequently mask variation between individuals visible at single-
cell resolution (van der Wijst et al. 2018, Yazar et al. 2022).
The variability between individuals remains an understudied
aspect of co-expression relationships between molecules at the

single-cell level. Establishing molecular co-dependencies may
break down due to genetic variation, uncoupling of transcrip-
tion and splicing, or it could be caused by pathological insult.
The regulation of downstream markers may be disrupted by
altered interindividual co-expression relationships, which in
turn affect the expression pattern of entire biological pathways
(Johansen et al. 2023).
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Figure 1. Workflow for computational demultiplexing of unrelated individuals in scRNA-seq. (a) First, we demultiplex pooled samples (vireo) (Huang et al.
2019) using genetic differences inferred from scRNA-seq data (cellsnp-lite) (Huang and Huang 2021). (b) Next, for each pair of individuals in the output of
genetic demultiplexing, we estimate accurate gene expression values for all genes. (g) per cell using the gene expression recovery for single-cell RNA
sequencing (SAVER) (Huang et al. 2018). (c) We apply the LASSO to obtain the most representative subset of genes (s) (Nassiri and McCall 2018) related
to query gene (q). (d) We apply differential gene correlation analysis between pairs of query gene (qg) and related genes selected by LASSO (SG), to
identify the top first DCE genes interindividual (see section 2). (e) The co-expression patterns of the top first DCE genes (g and g) are used to fit a mixture

model and reconstruct the sample identity of each cell.

Previous studies have shown that SNPs can alter co-
expression relationships on an individual donor basis by
looking for evidence of allele-specific correlation (Fairfax
et al. 2012, van der Wijst et al. 2018, Oelen et al. 2022).
Here, we develop a computational method, expression-aware
demultiplexing (EAD), that harnesses variation of interindi-
vidual co-expression signatures at single-cell resolution to
stratify donors and improve the demultiplexing of pooled
scRNA-seq data (Fig. 1).

The process of separating cells from multiple samples pooled
in a single batch is referred to as demultiplexing in this article.
Multiplexing can increase the number of donors that can be
tested, reduce experiment costs, address batch effects, and make
large-scale sample operations feasible. Multiple approaches can
be employed to demultiplex pooled single-cell gene expression
profiles, including DNA oligonucleotide tagging and natural ge-
netic variation (Huang et al. 2019).

Inspired by the differential co-expression (DCE) analysis of
two genes between biological groups, we introduce an opti-
mized statistical method for donor stratification guided by
variation of co-expression signatures at single-cell resolution
(McKenzie et al. 2016).

Given cells with known sample identity, we demonstrate that
differences in gene-gene relationships exist between individuals
by providing multiple examples. The results show top interindi-
vidual DCE genes provide a distinct cluster of cells per individ-
ual and display the enrichment of cellular macromolecular
super-complexes, or organelles related to metabolism (e.g.
mitochondria and ribosomes).

We applied this approach to samples from isogenic inbred
mice and showed that by controlling genetic and environmental

effects, we can resolve interindividual variations related to meta-
bolic pathways.

2 Methods
2.1 Sources of data

Sequencing data for evaluation and application covers 124
10x single-cell RNA-seq samples in 14 batches and 30 bulk
RNA samples.

During library preparation for the first and second datasets
(see sections 1.1.1 and 1.1.2), every sample (a group of cells
that originated from the same donor) was assigned a specific
index sequence. Sample indices were incorporated into the se-
quencing primers on Illumina sequencers. After sequencing,
by using the 10x mkfastq pipeline the names of sample index
sets were automatically identified and reads per sample were
merged into the FASTQ files. Supplementary Tables 4 and 5
included reference tables with the complete set of index codes
per donor. Accuracy and reliability of the embedded sample
index sequences are hallmarks of the 10x Genomics plat-
form. This provides a solid foundation for evaluating the per-
formance of demultiplexing algorithms without introducing
errors from the ground truth itself.

2.1.1 Dataset 1

Eight metastatic melanoma (MM) patients were included in
the first scRNA-seq data set, which contains human periph-
eral blood mononuclear cells (PBMCs) with known donor
labels (Fairfax et al. 2020). In this dataset, sample indices
were used to label cells per sequencing sample without errors.
By using sample/donor indices, we were able to map
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demultiplexed cells using the expression-aware approach to
their original sample donors and assess their performance in
singlet assignment (Supplementary Table 1). Two sample
pools cover 16 samples pre- and posttreatment at day 21
(eight pre- and eight posttreatment) with immune checkpoint
blockade therapies including Nivolumab (NIVO) + ipilimu-
mab (IPI) or Pembrolizumab (Pembro) (Fairfax et al. 2020).
We chose this dataset to show that interindividual differences
and no other confounding factors, such as cell type, underlie
differential gene co-expression across individuals. We used
the Cell Ranger pipeline (v7.0.1), the GRCh38 reference ge-
nome, and 5’ R2-only chemistry to process the data set. The
analysis detected up to 36 842 cells per pool, 56 850 mean
reads per cell, and 1768 median genes per cell. Raw data for
single-cell sequencing datasets have been deposited on the
European Genome-phenome Archive (https://ega-archive.
org/studies/EGAS00001004081).

2.1.2 Dataset 2

The second scRNAseq data set consists of a pooled sample
with known donor labels from six isogenic mice. The samples
were exposed to a topical TLR7 agonist, Imiquimod, to in-
duce a systemic lupus erythematosus-like phenotype or vehi-
cle control. In this dataset, cells were labelled per sequencing
sample using sample indices (Supplementary Table 3). We ap-
plied this dataset to show that by controlling genetic and en-
vironmental effects, we can resolve interindividual variations
related to metabolic pathways. The Cell Ranger pipeline,
mm10-2020-A reference genome, and single-cell 3’ v3 chem-
istry were employed for data processing. The analysis
detected up to 12 685 cells per pool, with an average of
40 101 mean reads per cell and 1553 median genes per cell.

2.1.3 Dataset 3

The third data include five single-cell multi-omics (RNA-
seq +ATAC-seq) batches with unknown donor labels. The
dataset consists of circulating haematopoietic progenitor cells
samples from seven healthy controls, 15 sepsis patients, and
eight convalescent samples (six samples per batch) (Kwok
et al. 2023). The genetic demultiplexing pool samples were
based on the use of an extra 30 bulk RNA-sequencing pro-
files from the same individuals. This dataset was chosen to
evaluate the utility of EAD for challenging biological models
involving a mixture of heterogeneous cell types and donors.
The data set was processed using the Cell Ranger pipeline,
GRCh38 reference genome, and Multiome chemistry. The
analysis detected up to 14 806 cells per pool, 49 892 mean
reads per cell, and 3250 median genes per cell. Raw data for
single-cell sequencing datasets have been deposited on the
European Genome-phenome Archive (https://ega-archive.
org/studies/EGAS00001006283) (Kwok et al. 2023).

2.1.4 Dataset 4

The fourth dataset includes a scRNA-seq of human MAIT
cells (Garner et al. 2023). We used a subset of the original
dataset, comprising five channels of a Chromium Next GEM
Chip K. MAIT cells from three donors were either left unsti-
mulated or activated with a TCR, cytokine, or dual
TCR + cytokine stimulus. Cells from each donor-condition
combination were labelled with TotalSeq-C hashtag antibod-
ies (12 total), pooled, and split across the eight channels of
the Chromium Chip (Garner et al. 2023). The Cell Ranger
(v7.0.1) count pipeline was used to process FASTQ files for

gene expression. Next, hashtag oligo demultiplexing (HTO)
and the extraction of singlets, doublets, and negative cells
from multiplexing experiments were performed using the
HTODemux algorithm (Stoeckius et al. 2018) implemented
in the Seurat tool (Hao et al. 2024). We chose to utilize this
dataset to demonstrate how interindividual DCE patterns can
enhance cell hashing demultiplexing outcomes. The analysis
detected up to 16 251 cells per pool, 53 413 mean reads per
cell, and 3525 median genes per cell. Raw data for single-cell
sequencing datasets have been deposited on the Gene
Expression Omnibus (GEO) database (https://www.ncbi.nlm.
nih.gov/geo/query/acc.cgi?acc=GSE194187 and https://www.
ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE194189)  (Garner
etal 2023).

2.1.5 Dataset 5

The fifth dataset includes ventral and dorsal tiers of the sub-
stantia nigra (SN) and the cortex (middle frontal gyrus) from
five healthy donors (Agarwal et al. 2020). The total number
of samples is 12, which includes two replicate samples of SN.
The sample libraries contain genes that vary by nuclei from
607 to 3364, and mean Reads that range from 18 377 to
59 513 in both regions (Agarwal et al. 2020). To obtain proc-
essed single-nuclei RNA-sequencing matrices, use the acces-
sion code https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?
acc=GSE140231 from the Gene Expression Omnibus. This
dataset was used to show that our method can be applied to
nonimmune cells.

2.2 Quantification and gene expression analysis

Sequencing data was processed by Cell Ranger (v7.0) pipe-
lines to create a feature barcoding and gene expression li-
brary. The filtered gene—cell matrix generated by the cell
ranger was converted from an HDF5 gene—cell matrix to a
gene—cell count matrix using the cell ranger mat2csv com-
mand provided by 10x genomics. We applied the scater
package to filter out single-cell profiles that were outliers for
any metrics, as they are considered low-quality libraries
(McCarthy et al. 2017). The SCRAN package was applied to
detect and remove doublets using expression profiles as de-
scribed in Dahlin et al. (2018). Cell type annotation on
scRNA-seq data was performed using the scQCEA tool
(Nassiri et al. 2023).

2.3 Gene expression recovery

Single-cell RNA-sequencing studies only sequence a small
portion of the transcripts present in each cell. This leads to in-
accurate quantification of genes with low or moderate ex-
pression levels. We used expression recovery methods to
provide accurate expression estimates for all genes in order to
address this challenge (Huang et al. 2018). The SAVER
method was our preference because it recovers the relation-
ship between two marker genes, which we are aware do not
correlate (Huang et al. 2018).

2.4 Identification of interindividual variation in
gene expression
We introduce an optimized statistical method to detect DCE
patterns using single-cell data from two individuals
(McKenzie et al. 2016).

We use cellsnp-lite (v1.2.2) (Huang and Huang 2021) and
vireo (vireoSNP/0.3.2) (Huang et al. 2019) to infer genetic
variants from scRNA-seq data in the first step. Gene—cell
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count matrices for all possible pairs of individuals are gener-
ated using vireo’s best-proposed donor for each cell (or alter-
native resources, including the use of HTO). The SAVER
(Huang et al. 2018) tool is used to transform the gene—cell
count matrix per pair of individuals (see section 1.2). The
glmnet R package (Engebretsen and Bohlin 2019) is used to
select representative gene subsets in the expression profile for
each pair of individuals. The calculation of correlation coeffi-
cients (r) for all possible pairs of selected genes is done using
lasso. Interindividual differential gene correlation analysis
(IDCA) was conducted for two donors (D1 and D2) and
genes (G1 and G2) using correlation coefficients as de-
scribed below.

The Fisher Z-transformation was applied to stabilize the vari-
ance of Spearman’s rank correlation coefficients (rpy and rp;)
(McKenzie et al. 2016):

1 1+7r
Z—zloge<1_r) (1)

The calculation of the difference in z-scores (dz) between
two donors (e.g. rp1 and rpy) was done using (McKenzie
etal 2016):

dz— (21 —22) 2)

 Vvar (rg,) —var (r5,,)]

var(rs,) is the variance of z for the group of cells with the
identical donor (sy). The proposed method was implemented
as an R package (see section 2.9 for more details).

2.5 Cell assignment to donors using a bivariate
mixture model

We use a bivariate mixture model for uncovering correlation
classes (donors) for each pair of differentially correlated genes.
We reconstruct the identity of each cell by fitting a mixture
model. The bivariate Gaussian mixture model is used to mea-
sure the joint variability between the expression profile of an
indicated cell and two donors (donor label proposed by genetic-
based demultiplexing) using maximum posterior probability.
We applied flexmix R package(Grun and Leisch 2008) to per-
form mixtures of regression models using the Expectation
Maximization algorithm and model-based clustering.

In order to reconstruct the sample identity of each cell, a
mixture model is fitted using the co-expression patterns of
the top DCE genes. A mixture model is utilized to predict a
cluster of cells that are not labelled and to reconstruct their
sample identity. We consider all possible donor pairs for an
indicated cell. This procedure is repeated for the top 10 genes
that are differentially co-expressed. We verify that the cell is
from a donor if we are able to assign it to the donor most of
the time (number of assignments to an indicated donor equal
or greater than the total number of pairs of donors minus 1).
Reconstructing the sample identification of cells can be done
using more liberal thresholds, such as the total number of
pairs of donors minus 2.

2.6 Calling genotypes from bulk

RNA-sequencing data

Bulk RNA-seq profiles of 30 samples were used for genetic
variant calling using GATK (Genome Analysis Toolkit)
(Deelen et al. 2015). Our first step was to align the bulk
RNA-seq reads to the hg38 reference genome using the
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Burrows-Wheeler Alignment tool (Li and Durbin 2009).
Next, we used GATK’s HaplotypeCaller tool to find genetic
variants in the aligned reads (Van der Auwera et al. 2013).
Using BCFtools, we removed false positives and low-quality
variants from the variants after calling them (Li 2011). Bulk
RNA-Seq genotypes were inputted into the demuxlet tool
with a posterior probability (PRB=1) of singlet assignment
(Kang et al. 2018).

2.7 Calling genotypes from scRNA-sequencing data

The first step in assigning genetic donors to samples is to per-
form SNP genotyping using CellSNP-Lite (v1.2.3) (Huang
and Huang 2021) in a given data set. We followed the
cellSNP-lite manual’s recommended default parameters.
Using the cell data from cellSNP-Lite as input, we demulti-
plexed using vireoSNP (v0.5.8) (Huang et al. 2019).

2.8 Data presentation

The pathway enrichment analysis (Wu et al. 2021) of interin-
dividual DCE genes (McKenzie et al. 2016) was performed
using R packages. Box plots and dot plots were generated us-
ing ggpubr (v0.2) and customizing ggplot2 (Almeida
et al. 2018).

2.9 Implementation

EAD workflow is available at https://isarnassiri.github.io/
scDIV/ as an R package called scDIV (acronym for
Single-Cell RNA-sequencing data Demultiplexing using
Interindividual Variations). Our implementation with vari-
able selection and proper data structures has made the EAD
computationally efficient and can be run on a laptop with
16 Gb of memory and two 3.5-GHz CPUs. To run the tool
on multiple servers simultaneously for large datasets, users
should use a shell script. The package website has documen-
tation that includes examples.

3 Results

We developed a generic five-step workflow for demultiplex-
ing scRNA-seq data using interindividual variation in gene
expression (Fig. 1). First, we infer genetic variants from
scRNA-seq data (Huang and Huang 2021) and demultiplex
pooled samples (Fig. 1a). Gene—cell count matrices are
generated for all possible pairs of individuals by utilizing
the best-proposed donor for each cell in the previous step.
The gene—cell count matrix is transformed by an expression
recovery method per pair of individuals to provide precise
gene expression values for all genes per cell (Fig. 1b) (Huang
et al. 2018). We apply lasso (least absolute shrinkage and se-
lection operator) to find compact and representative gene
subsets in the expression profiles to improve the accuracy
and reduce the redundant downstream number of computa-
tions steps (Fig. 1c) (Nassiri and McCall 2018, Yang et al.
2021). Next, we performed an individual-specific co-expres-
sion analysis searching for altered co-expression patterns of
gene pairs interindividual (Fig. 1d) (see section 2). A mixture
distribution of correlation classes for each pair of differen-
tially correlated genes is used to fit a mixture model. We re-
construct the identity of each cell based on the similarity of
their gene expression with donor-specific clusters using the
mixture model (Fig. 1e). Cells are assigned if expression-
aware and genetic-based demultiplexing propose the same
best singlet (Fig. 2 and Supplementary Fig. 1). In this way,
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Figure 2. An example of EAD is to assign an indicated cell to one of seven individuals using a mixture model. Genetic-based demultiplexing already
suggested that the cell most likely belongs to donor-0 using the partial genotypic data from state of the individuals in a pool of donors. Now, using the
gene expression profiles, we want to check the best-guess assignment obtained from genetic-based demultiplexing. (a) We select the top first pair of
DCE genes per donor-0 compared to other donors. The expression pattern of a pair of DCE genes is used to create distinct clusters of cells across
individuals. (b) We use a mixture model to predict a cluster of unlabelled cells and reconstruct their sample identity. (c) For an indicated cell
(TACTCATCAGCTTCGG-1), we consider all possibilities and most of the time the cell is assigned to donor 0. We confirm that the cell belongs to donor 0 if
we successfully assign it to donor 0 for an equal or greater number of pairs of donors, minus 1.

the combined method can achieve greater accuracy than the
SNP-based or barcode-based methods by selecting the
element-wise maximum of the two demultiplexing results.

There are multiple methods that can be used to label cells
or nuclei with antibodies-based oligonucleotides (Stoeckius
et al. 2018, Gaublomme et al. 2019). By sequencing the cells’
RNA molecules with HTOs, a matrix of count for HTOs per
droplet is produced and utilized for demultiplexing of the
sample pools. Barcode-based multiplexing methods may be
used to combine cells from the same donor and different stim-
ulation conditions into sample pools (Garner et al. 2023). In
these circumstances, the genetic-based demultiplexing cannot
differentiate between two samples that came from the same
donor but had different stimulation conditions. Our EAD
workflow uses alternative methods like HTODemux
(Stoeckius et al. 2018) to estimate gene expression for each
pair of individuals (Fig. 1b) in these cases. In order to evalu-
ate EAD, we utilize various datasets that employ diverse
methods to label cells in scRNA-seq data for each sequencing
donor. These approaches involve sample indices, genetic vari-
ation derived from bulk RNA-sequencing profiles of the same
samples, and HTOs.

3.1 Model validation using synthetic sample pools

Our initial assessment of EAD was based on synthetic sample
pools from eight MM patients (Fairfax et al. 2020). To per-
form a preliminary evaluation of EAD, we mixed intact do-
nor cells, and refer to them as the ‘synthetic sample pool’. A
unique identification number was given to every cell in the
synthetic sample pool to reveal its true origin. By using mixed
cells with known donor identities, we were able to evaluate

the performance of demultiplexing algorithms without intro-
ducing errors from the ground truth itself.

Peripheral blood samples were obtained from patients with
MM who were treated with immune checkpoint blockade
(Fairfax et al. 2020). Samples were collected both before and
after the initial treatment cycle. PBMCs were used to isolate
monocyte and T cells. Monocyte and T cells were mixed in
suspension and the Chromium 10X system was utilized to
process the single-cell transcriptome. During library prepara-
tion for scRNA sequencing, libraries were tagged using
unique indices per donor (Supplementary Table 1). Each se-
quencing run involved pooling (multiplexing) multiple librar-
ies and sequencing them together (Fairfax et al. 2020). The
sequencing run concluded with demultiplexing, and the reads
produced were separated into different FASTQ files accord-
ing to donor indices.

Sorting a pile of laundry (sequencing reads) with a tag (do-
nor index) that identifies the owner (donor) is an analogy to
demultiplexing in sequencing. This is not in line with the defi-
nition of single-cell sample demultiplexing in this article. In
this article, demultiplexing is similar to sorting a pile of laun-
dry (sequencing reads) without tags for each item, by incor-
porating other indicators like size or personal clothing style
(genetic variation) (Howitt ez al. 2023).

We demultiplex monocyte and T cells separately in each
synthetic sample pool (Fig. 3a and b). In the original paper,
subsetting was performed to select T cells expressing CD8A,
CDS8B, and CD3D, and monocytes expressing CD14. We ap-
plied further subsetting to eliminate heterogeneous cell popu-
lations, including monocytes expressing CD3D, CDS3E,
CD3G, CD8E, or CD19, and T cells expressing CD14
or CD19.
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Figure 3. (a) The results of quality control and the number of called variants for two single-cell sample pools made of 16 samples. (b) Example of top DCE
genes (EEF1A and RPS4X) in PBMCs, distinguishes clusters of cells per individual. Pairwise correlations can be visualized as a network. The result shows
that EEF1A and RPS4X display co-expression only in donor 1 (red arrow), which could not have been detected based on all individual cells or donor 2. (c)
The results of ontology gene set enrichment analysis show a significant association of interindividual DCE genes with the regulation of metabolic
processes. The enrichment analysis of cellular components in the dot plot shows associations with mitochondria, ribosomes, cellular macromolecular
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Demultiplexing of scRNA-seq using gene expression

(a) Sample Pool 1

Barcode Rank Plot (unAssigned Cells) Quantification Plot

. ® Unassigned Cells oo | Unassigned Cells
(n: 559) (n: 559)
100001 S

300001

Total UMI Count

............................. 10000,

Cell Barcode Frequency (UMI counts)
=
=)
@
o

10000 2000 4000
Number of Detected Genes

1000
Gell Barcode Rank

UMAP Plot

Number of detected genes

UMAP 2
o

s
® Unassigned Cells ¥ T vigh number of gnes perce
(n:559)

[l tow number of genes per cell

(b) Sample Pool 2

Barcode Rank Plot (unAssigned Cells)
300001

Quantification Plot

40000
® Unassigned Cells
(n: 380)

.
@ Unassigned Cells )
100001 (n:380) ~

Knee

30001 200001

Total UMI Count

Inflection
(it e e et SRR CRE TS R SR | i

Cell Barcode Frequency (UMI counts)

100 10000 o

[

1000 .
2000 a0
Cell Barcode Rank Number of Detected Genes

Number of detected genes

5|
® Unassigned Cells
(n: 380)

[
Loy ber of Il k e

[ — ’@

&

UMAP 2

(c)

Sample Pool 1 Wilcoxon test P < 0.001

6000 A
8 :
© 4000
o
[}
5 X
[} 4 |
@ 2000

O- T T
Assigned unAssigned

Wilcoxon test P < 0.001

2000 1 t {

|
1= ==

Assig';ned

Sample Pool 2

6000 1

4000 1

nGenesPerCell

unAss'igned

Figure 4. (a, b) The knee, quantification, and UMAP plots show the location of unassigned cells in two sample pools. We ensure that the background
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of detected gene plots shows an association between cell assignment and the number of genes per cell. (c) Boxplots show a significant difference in the
mean number of genes per cell across the classes of assigned and unassigned cells using EAD.

We compared the performance of overall demultiplexing
matrices generated based on genetic-based (GD), EAD, and
mixed methods for demultiplexing results against that from
the known sample labels (Fig. 3d and Supplementary Table
2). We accept the best singlet proposed by GD for unassigned
cells if it is consistent with the donor proposed by EAD and
call it mixed demultiplexing (Huang et al. 2019).

To calculate the accuracy and evaluate the results, we define
true positive (TP) as a donor assignment result that correctly
assigns the donor according to the known label. The term false
positive refers to a donor assignment result that incorrectly
assigns the donor based on the known label. True negative (TN)
is characterized by an unassigned donor where the best guess in-
correctly suggests a particular donor based on the known label.
A false negative is defined as an unassigned donor result that
correctly suggests a particular donor based on the known label.

The results showed that the combination of GD and EAD
results improves the prevalence and harmonic mean of precision
and sensitivity (F1 score) (Fig. 3d and Supplementary Table 2).
The accuracy of the two approaches is comparable, and mixed
results improve accuracy (Supplementary Table 2).

Enrichment analysis revealed that genes that are differen-
tially co-expressed between individuals are strongly linked to

the regulation of metabolic processes and represent metabolic
differences between individuals (Fig. 3c). Therefore, our
method to detect interindividual variation in gene expression
could be applied to provide insight into challenges presented
by interindividual differences in the responses to nutrition
and obesity, cardiovascular and endocrine research, and com-
prehending the alterations that occur with age and the ensu-
ing neurodegenerative conditions (Manach et al. 2017, Lotta
et al. 2021, Johansen et al. 2023). Figure 3b shows an exam-
ple of top DCE genes (EEF1A and RPS4X) associated with
memory decline in normal aging and Alzheimer’s disease,
which distinguishes clusters of cells per individual
(Beckelman et al. 2016a,b). Only donor 1 showed co-
expression of EEF1A and RPS4X, which was not present in
all cells or donor 2. Changes in interindividual co-expression
relationships could have an impact on the regulation of
downstream markers whose expression pattern influences en-
tire biological pathways.

We found that 939 cells were not assigned to any donor.
The location of detected unassigned cells on the knee plot
showed aggregation after the inflection point (Fig. 4a and b).
In addition, unassigned cells were mostly found in the
bottom-left corner of the quantification plot, as shown in
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Fig. 4. It means filtering out nonrelevant cells can improve
the accuracy of demultiplexing, especially for samples with a
low number of cells. In general, the UMAP projection and
number of genes per cell plots showed that unassigned cells in
EAD tend to be assigned to regions with low number of genes
per cell (Wilcoxon test P <.001) (Fig. 4).

We were able to control confounding factors by removing
single-cell profiles that did not fit any metric and in vitro sep-
arating T cells and monocyte cells. This allowed us to show
that patterns of differential gene co-expression across individ-
uals are the consequence of interindividual gene expression
differences and no other factors such as cell type (Fig. 3b).

Synthetic sample pools are valuable for evaluating
scRNA-seq demultiplexing approaches, but they have some
shortcomings to consider. The complexity of real pooled
single-cell RNA-seq data systems may not be fully captured by
synthetic sample pools. Furthermore, a synthetic sample pool
may not cover the full range of technical variations that can
happen during actual sample pooling. If the synthetic sample
pool does not fully replicate real-world scenarios, the observed
patterns could reflect the limitations of the synthetic model.

We further evaluate the effectiveness of EAD using several
heterogeneous cell populations in the following sections.

In this model, both treatment group and sex might be
expected to alter the immune transcriptome. Therefore, we
stratified individuals based on the type of treatment and sex
as confounding variables to consider their influence on DCE
patterns (Bongen et al. 2019). We found no consensus inter-
individual DCE patterns for matched pairs based on sex (e.g.
Male and Male) or type of treatment (e.g. Pembro and
Pembro) (Fig. 5a).

We evaluated the effectiveness of the expression-aware ap-
proach in demultiplexing cells from isogenic individuals. We
pooled cells with a known label from six isogenic mice ex-
posed to a topical TLR7 agonist Imiquimod to induce a sys-
temic lupus erythematosus-like phenotype or vehicle control
and tried to perform demultiplexing using the expression-
aware approach (Fig. 5b and c). Sample indices were used to
label cells per sequencing sample/donor in this dataset
(Supplementary Table 3).

Interindividual differences were not discernible through
DCE patterns across classes of isogenic samples (Fig. 5c). The
results indicate that it is challenging to identify variations in
metabolic pathways for sample pools with very little genetic
diversity among donors. Therefore, demonstrating the effi-
cacy of expression-aware approach for demultiplexing these
pooled samples was not possible.

The assumption that genetic and environmental differences
lead to DCE patterns between individuals is supported by the
absence of individual-specific signatures in isogenic labora-
tory mice (Figs 3 and Sc). These variables can be controlled
to resolve interindividual differences in gene co-expression re-
lated to metabolic pathways (Fig. 5c). In conclusion, noniso-
genic individual samples are suitable to be pooled for
demultiplexing scRNA-seq data using interindividual varia-
tions in genetic and gene expression.

3.2 Application to real pooled single-cell RNA-seq

We considered more challenging scenarios involving five
pooled sample (batch) and 30 donors (six donors per batch)
to test if the method would work well with more heteroge-
neous cell populations (Fig. 6a and b) (Kwok e al. 2023).
From every donor, the nuclei of CD34+ circulating
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hematopoietic stem and progenitor cells (HSPCs) were
extracted. Six samples with equal numbers of cells were com-
bined to form a single pool. Each pool was then subjected to
cell lysis and nuclear extraction. RNA libraries were se-
quenced after loading each pool of nuclei across four chan-
nels of the 10X genomics lane on the chip (Kwok ez al. 2023).
In this context, a 10X lane would represent a batch loaded
onto the chip. To differentiate this dataset from other data-
sets, we use batch and 10x lane interchangeably.

10x lanes in the scRNA-seq experiment of HSPCs included
samples from healthy donors, sepsis donors, and donors with
both sepsis symptoms and COVID-19 infection (Kwok
etal. 2023).

There are four methods that can demultiplex pooled single-
cell RNA-seq without relying on reference SNP genotypes:
vireo (Huang et al. 2019), scSplit (Xu et al. 2019),
Freemuxlet (Kang et al. 2018), and Souporcell (Heaton et al.
2020). According to available benchmark studies, vireo out-
performs other tools when it comes to demultiplexing pooled
single-cell RNA-seq data without genotype reference (Neavin
et al. 2024, Cardiello et al. 2023). Furthermore, vireo outputs
have a high level of consistency with the outcomes of other
tools (Neavin et al. 2024, Cardiello et al. 2023). Therefore,
we opted for vireo as the genotype-free demultiplexer for
pooled single-cell RNA-seq.

We utilized the Demuxlet tool and reference genotypes de-
rived from bulk RNA-sequencing profiles of the same sam-
ples to determine the donor identity of every singlet (Kang
et al. 2018). SNPs in each individual’s genome were used in
demultiplexing with genotype reference (Demuxlet) to iden-
tify individual donor identities per cell with high accuracy.
This allows for a precise assessment of how other algorithms
compare to this ground truth. The performance of EAD and
GD (GD—vireo) (Huang et al. 2019) methods for demulti-
plexing, which do not require a reference SNP genotypes,
was evaluated in the next step using Demuxlet results.

The TP rate is determined by the fraction of cells with the
corresponding genetic assignment (Demuxlet) for each possi-
ble EAD, Mixed-D or GD assignment. The fraction of cells
with EAD, Mixed-D or GD assignments that are different
from their genetic assignments is called the false positive rate
(FP). The false negative rate (FN) is the proportion of cells
that have genetic assignment and EAD, Mixed-D or GD un-
assignment, and the best guess of EAD, Mixed-D or GD ac-
curately indicates a specific donor. The TN rate is the propor-
tion of cells that have genetic un-assignment and EAD,
Mixed-D or GD un-assignment.

We used the sensitivity and F-score to evaluate perfor-
mance as our main metric. The proportion of positive cases
that are correctly identified by the evaluation method is rep-
resented by sensitivity. The F-score refers to the harmonic
mean of precision and recall, which can range from zero to
one. A higher F-score indicates superior performance.

Six samples from genetically distinct donors were repre-
sented by cells in each of the five 10x lanes in the data set.
The data from each 10x lane was subjected to demultiplexing
methods. A cell could be assigned to singlet, a singlet that
corresponds to one of the six unique samples or unassigned
by each demultiplexing method. Misclassifying true singlets
as doublets can be a more significant error source in down-
stream analysis than misclassifying true doublets (Wolock
et al. 2019, Howitt et al. 2023). Therefore, for vireo, we treat
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the doublets as unassigned and do not attempt to reassign
them through mixed demultiplexing.

We next evaluated the donor assignments made by
expression-aware, vireo, and Mixed-D methods against the
genetic assignments from Demuxlet that were considered to
be ‘ground truth’. Figure 6 exhibits mosaic plots of the confu-
sion matrix for demultiplexing methods, divided by lanes. In
all 10x lanes, Mixed-D had an increased TP and FP rate, but
a decreased FN rate. Mixed-D and vireo demonstrated a con-
sistent correct assignment (TP+TN) in all batches (Fig. 6¢).

To quantitatively evaluate the performance of demultiplex-
ing methods, we calculated the key metrics derived from the
confusion matrix (Fig. 6d). Mixed-D had the most significant
mean sensitivity, prevalence, and negative predictive value
among all methods for every 10x lane. All 10x lanes dis-
played consistent F-scores and accuracy for Mixed-D and
vireo (Fig. 6d).

While expression-based methods could not significantly
improve the percentage of correct assignment (TP+TN) in
10x lanes of this heterogeneous dataset, Mixed-D could

provide more confirmation of the vireo results and improve
the accuracy of assignments (Fig. 6¢).

Despite the diversity of cells, the top interindividual DCE
genes produced a distinct cluster of cells per individual
(Fig. 7a). Consistent with previous results, ontology gene set
enrichment analysis for DCE genes showed a significant asso-
ciation with the regulation of metabolic processes
(Supplementary Fig. 2). While the top interindividual DCE
genes are related to metabolic functions or organelles, the
breakdown of co-expression patterns can represent context-
specific pathognomonic signatures. An illustrative example
occurs in the differential co-expression of genes specific to
sepsis in the context of COVID-19 infection such as NEDD9
(Rizzo and Yuan 2022), BACE2 (Tang et al. 2022), and
DHX30 (Apostolidou et al. 2021). The application of interin-
dividual DCE genes allows for the differentiation of subtle
pathology-induced patterns in a context-specific manner.

We investigated the potential for identifying interindividual
single-cell expression variability using multiome ATAC. The
results showed that chromatin accessibility within the same
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Figure 8. (a) A distinct cluster of cells from the same donor but a different stimulation condition is present in an example of the top DCE genes. (b)
Summaries of cell hashing demultiplexing results showing the number of singlets called per 10x lane along with the percentage of doublets and negative
cells (both filtered out). (c—e) Evaluating the impact of different thresholds for EA sample demultiplexing on accuracy, percentage of assigned cells, and
percentage of genetic-based demultiplexing doublets in EAD assignments by specifying various thresholds (7).

cell does not provide a similar explicit model for co-
expression relationships between molecules at single-cell
level (Fig. 7b).

The tSNE projection plot revealed that unassigned cells
were accumulating in regions with low numbers of genes per
cell (Fig. 7c). Therefore, the accuracy of cell identification
can be improved by removing cells which have very few genes
per cell. Functional enrichment can be combined with unas-
signed cells to maintain statistical power for pooled scRNA-
seq data analysis as an alternative solution (Fairfax
et al. 2020).

The authors in the original paper (Kwok et al. 2023) used
the combined gene expression profiles to group cells accord-
ing to their gene expression and chromatin data (seven clus-
ters labelled as C1-7). The differences in gene expression
between the clusters of the dataset are likely driven by their
skew towards different lineages (e.g. C4: lymphocyte progen-
itors, C5: emergency granulopoiesis, and C7: normal granu-
lopoiesis). We did not observe strong correlation between the

proportion of cells in each cluster and number of unassigned
cells including singlets and doublets.

These results demonstrate the potential utility of demulti-
plexing pooled single-cell RNA-sequencing samples using
interindividual variation in gene expression in various biolog-
ical models.

3.3 Integrate the demultiplexing results from
expression-based and barcode-based methods

Multiple methods are available for labelling cells or nuclei
with oligonucleotide-barcoded antibodies (Stoeckius et al.
2018, Gaublomme ef al. 2019). A matrix of counts per
HTOs per droplet is created by sequencing the cells’ RNA
molecules with HTOs.

Using a scRNA-seq dataset of stimulated human MAIT
cells (Garner et al. 2023), we present a demonstration of how
expression-aware and barcode-based demultiplexing meth-
ods can complement each other (Fig. 8). We used a subset of
the original dataset, comprising five channels of a Chromium
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Next GEM Chip K. MAIT cells from three donors were either
left unstimulated or activated with a TCR, cytokine, or dual
TCR+cytokine stimulus. Cells from each donor-condition
combination were labelled with TotalSeq-C hashtag antibod-
ies (12 total), pooled, and split across the eight channels of
the Chromium Chip (Garner et al. 2023).

The dataset contained three donors and four conditions per
donor per 10x lane. Genetic-based demultiplexing (vireo) was
unable to differentiate two samples from the same donor but
different stimulation conditions (Howitt et al. 2023). Therefore,
we were unable to produce results for mixed demultiplexing
generated using genetic-based and expression-aware methods
on this dataset. To estimate gene expression for each pair of
samples (Fig. 1a) in our EAD workflow, we utilized the output
of Seurat HTODemux (Stoeckius et al. 2018) instead of vireo.
We chose HTODemux as our preferred tool because it is one of
the top three most effective methods and performs fairly well on
different types of datasets with minor differences between its
output and other tools (Howitt et al. 2023). The EAD technique
was capable of separating all 12 samples per 10x lane, includ-
ing those that were derived from the same donor but different
stimulation conditions (Fig. 8a). Several methods were used for
demultiplexing of cell hashing data: BFFcluster (Boggy et al.
2022), BFFraw (Boggy et al. 2022), GMM-Demux (Xin et al.
2020), MULTI-seq (McGinnis et al. 2019), HTODemux
(Stoeckius et al. 2018), demuxEM (Gaublomme et al. 2019),
and DropletUtils hashedDrops (Griffiths ez al. 2018, Boggy
et al. 2022). Each algorithm assigns cells as singlets (one hashtag
antibody detected), doublets (two or more hashtag antibodies
detected), or negative (no hashtag antibody detected) (Fig. 8b).
We treat the doublets and negatives as unassigned and do not
attempt to reassign them through EA demultiplexing. To assess
the performance of the EAD method, we compared its assign-
ments to singlet calls from the six HTO demultiplexing tools.
To calculate accuracy, we compared EAD classifications to
HTO algorithm classifications, and then divided the number of
concordant classifications by the total number of classifications.

By using 70 000 singlets from five 10x lanes, EAD was
able to assign the 90% (62 682/70 000) of cells with an aver-
age of 93.2% accuracy (Fig. 8c). EAD’s results were similar
across all HTO tools, but there was a slight decline for
DropletUtils and BFFcluster (Fig. 8c). BFFcluster and
DropletUtils determine doublets by thresholding barcode
counts, resulting in the algorithm’s performance being highly
dependent on the correct selection of this parameter (Boggy
et al. 2022). The default parameters recommended by
cellhashR were used in this study (Boggy et al. 2022).
Adjusting the parameters could potentially yield more consis-
tent results. It is probable that there are problematic singlets
for the expression-aware method as it did not consistently
assign 6.8% of singlets. Our next step was to delve deeper
into the cases where demultiplexing with hashtag oligos and
EAD is not in accordance.

Figures 1 and 2c explain that EAD takes into account the
assignments for an indicated cell across all possible donor
pairs. A cell that is successfully assigned to a donor for an
equal or greater number of donor pairs minus 1 (0.9 of all the
donor pairs that are possible), is confirmed as belonging to
the donor by EAD (Fig. 2c¢). It is possible to utilize either
more liberal or rigid thresholds (T) for EA sample demulti-
plexing to evaluate its impact on accuracy (Fig. 8c—e).
According to the results, EAD produces balanced output for
accuracy and the percentage of assigned cells when T is >0.8.
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Increasing the threshold to 1 could lead to an increase in
accuracy to 99.9%, but at the expense of decreasing the per-
centage of assigned cells to 46% on average (Fig. 8d). Since
there are three genetically distinct donors per 10x lane, we
can use SNP-based multiplexing to estimate cells with
mismatched SNP profiles (doublets). According to the find-
ings, elevating the threshold for EA sample demultiplexing
consistently decreases the number of detected doublets by
SNP-based demultiplexing (vireo) (Fig. 8e). This trend
remains the same even with different thresholds that yield
similar percentages of assigned cells (e.g. 0.1-0.6) (Fig. 8d
and e). By using the EAD with a high threshold for sample
demultiplexing (e.g. T=1), it is possible to obtain reliable
results for cells with sufficient barcode counts for accurate
classification, as evidenced by this result (Fig. 8¢ and d).

The 1968 discordant assignments occurred totally among
singlet calls from six HTO demultiplexing tools implemented
in cellhashR (Boggy et al. 2022). cellhashR defines discordant
cells when there is at least one hashing algorithm that produ-
ces a different result. The majority of discordant results are
caused by the algorithms having slightly different thresholds,
as demonstrated in the previous study (Boggy et al. 2022).
To offer a demonstration of an EAD application that can be
utilized in conjunction with existing barcode-based and SNP-
based multiplexing methods, we attempted to assign cells
using Mixed-D for each singlet that was discordant across
HTO demultiplexing tools. When studying a biological
phenomenon, it is typical to use several complementary tech-
niques (such as Western blotting and qPCR) to enhance the
reliability of findings. If the results of different techniques are
similar, there is a boost in confidence in the overall conclu-
sion. By using complementary techniques, we can analyse cell
assignments from various angles, such as barcode-based and
expression-based, and the convergence of results indicates the
reliability of the assignments. Mixed-D only approved sin-
glets proposed by EAD (T = 1) that were identical to the pro-
posed donor by at least three tools in cellhashR output. The
mixed-D was able to save 50.4% (993/1968) of discordant
singlets (Min. 40.95%, Median 50.00%, Max. 59.05%) and
it improved the HTO demultiplexing results by an average of
1.4% (993/70 000) (Min. 1.25%, Median 1.33%, Max.
1.74%). Since three HTO demultiplexing tools have previ-
ously verified the Mixed-D assignments and we employ a
threshold equal to 1 for EAD, we can anticipate secure
assignments for the discordant cells.

The cost of single-cell sequencing is influenced by various
factors, such as the specific technology employed, the number
of cells sequenced, the sequencing depth, and the provider.
In most cases, the cost of scRNA-seq is ~£1-5 per cell.
Considering the dataset of blood and liver MAIT cells as an
example, mixed demultiplexing can reduce the number of dis-
cordant cells (from 1968 to 975) and save around £3000.
Expression-based demultiplexing is a promising complemen-
tary approach to identifying individual samples in a pooled
sequencing experiment. By combining the results of both
methods, we can obtain a more precise picture of the actual
demultiplexing results.

Interindividual DCE analysis within the same cell type can
be used to identify cells from the same donor in different acti-
vation states, as indicated by the results from the MAIT cell
dataset (Garner et al. 2023). The use of interindividual DCE
analysis for scRNA-seq is not limited to EAD. It can poten-
tially be applied to discover small changes in gene expression



14

(@)

1200

Sample-specific Correlation for Expression Values

MALAT1
XIST

o

S N O A1 U010 |||
0 10
LINGO1

Neurons Microglia

(c)

~ -40 -20 o 20 40 -40 -20 0 20 40
w
=4
(%]
A
g4 & G
1 @:{
? o
o ® 0 m
t-SNE 1
(e) (f)
FAM221A CTNNA3
5 | DE p-value =1 DE p-value < 16
4
20
15 3
! = =
2 S
2 22
£10 <
X X
w w
05 )
0.0 0 ==
“c)e 00(83" “oe 0‘§®+

N R
1T A T

Nassiri et al.
'
Genel
® 05
® 1.0
® 15
Sample
~ Sample-0
-~ Sample-1
* ° Substantia Nj
> .’antla Nl.gra (Male, Age 70)
el
odfne o oo
1100 OO0 L0 L1
0.4 i 1:
ARL17B
125‘Sample—specific Correlation for Expression Values
100+ =4
o 755
I |
=
E
&g s0
25 -
S;Jbs_tantia Nigra — Microglia Cells
-
oA v o
0 1| 000 O A 0 OO MDD (WD) )
0.5 0
ARID2
125
100
= Sample
LB = g
; Gene1
G S0 o 08
Hp
25
0
Sample-specific Correlation for Expression Values
DiffCoEx p-value < 1% ° .
401
-
30
Sample
[} -~ S le-0
% - 52%24
g£205 Gene1
o = .02
= ® 04
s o, o ® 06
= Substantia Nigra ¢® ¢ ®
10 ; lue<12 * ® °
correlation p-val .
i “l “" ol e W
O 1111 0 O 11
0.2 0 0.6

4
FAM221A

Figure 9. A few examples of the many interindividual DCE genes that have been identified in the substantia nigra and cortex. These genes play important
roles in a variety of neurological processes, and their dysregulation can contribute to the development of neurological disorders. More investigation is
required to fully comprehend the roles of these genes in the brain and their potential as therapeutic targets for neurological disorders. (a, b) Examples of
interindividual DCE pattern in the substantia nigra and cortex. (c) The t-SNE project of transcriptionally and functionally distinct clusters, highlighting
microglia and neuron cell type groups, is presented. Pink/Red cells have passed the threshold of cell type enrichment (Nassiri et al. 2023). (d) Examples of
DCE patterns between cell types in the substantia nigra and cortex. (e) A pair of genes that exhibit differential co-expression but not differential
expression. The analyses were carried out by employing single-cell expression profiles across the SN and cortex regions of a donor. In each region, the
single-cell expression distributions of CTNNA3 and FAMZ221A genes are visualized by a violin plot. The expression levels of both genes decrease from SN
to cortex, but only CTNNA3 has a significant differential expression. (f) The CTNNA3 and FAM221A gene pairs exhibit DCE patterns in the SN and cortex.
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that are linked to various conditions or cell states.
Researchers who want to study the transcriptional heteroge-
neity of cell states within the same cell type can benefit from
this technique (Garner et al. 2023). These applications are
covered in more detail in the following section.

3.4 Leveraging interindividual variation in gene
expression for precision therapeutic strategies

In this section, we show that it is possible to identify genes
that are differentially co-expressed for each pair of donors
for nonimmune cells. Using DCE pairs between individuals
allows for EAD. Furthermore, we examine examples of varia-
tions in co-expressed gene patterns among various individu-
als that can shed light on the molecular mechanisms
underlying differences in therapeutic response.

To demonstrate that our method can be utilized for nonim-
mune cells, we used single-nuclei transcriptome profiles of
the SN and cortex (middle frontal gyrus) (in total 12 samples,
including two SN replicates) (Agarwal et al. 2020). The
analysis of cell-type enrichment showed that there were five
different cell populations in each sample of the SN and six
different cell populations in the cortex (e.g. astrocytes)
(Agarwal et al. 2020). We were able to identify distinct clus-
ters of cells across individuals based on the expression pattern
of DCE genes despite cell heterogeneity (Fig. 9). In at least
one pair of samples, we found 3207 genes with DCE
(FDR < 17'9), with 568 of them being detected in only one
pair of samples for the indicated region. We did not observe
DCE patterns between replicated samples (FDR < 17%). Our
achievement of finding representative DCE genes for each
pair of donors allows us to use EAD for this data type.

One example is the differential co-expression of MALAT1
and LINGO1 in the cortex of different individuals (Fig. 9a).
MALATTI is a long noncoding RNA (IncRNA) that is highly
expressed in the brain, particularly in the cortex. MALAT1
has the potential to be a promising therapeutic target for a
variety of neurological disorders (Wang et al. 2022).
Neuronal survival and axonal growth are regulated by
LINGO1, which is a leucine-rich single transmembrane pro-
tein, in the cortex. It has been observed that it promotes the
death of neurons and hinders the growth of axons. It is sug-
gested that LINGO1 may be involved in both the normal
pruning of neurons during development and the pathological
loss of neurons that occurs in neurodegenerative diseases
(Inoue et al. 2007). LINGO1 has the potential to be a prom-
ising therapeutic target for several neurological disorders.
MALAT1 and LINGO1 have been demonstrated to interact
and have opposite effects on neuronal survival (Fan et al.
2018). Neuronal survival is promoted by MALAT1I, while
neuronal death is promoted by LINGO1 (Inoue et al. 2007,
Wang et al. 2022). The balance between MALATI1 and
LINGO1 expression may play a significant role in regulating
neuronal survival in the cortex. Further research is needed to
fully understand the differential co-expression relationship
between upregulation of MALAT1 and downregulation of
LINGO1, as well as its roles in neurological disorders.

Other examples of interindividual DCE pairs include XIST
and ARL17B in SN (Fig. 9b). The SN expresses XIST, which
has been shown to regulate the expression of genes crucial for
dopaminergic neuron function (Wang et al. 2021). ARL17B
is present in the SN and has been discovered to play a signifi-
cant role in the survival of dopaminergic neurons (Reus et al.
2021). Parkinson’s disease, which is characterized by the loss
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of dopaminergic neurons in the SN, has been linked to muta-
tions in XIST and ARL17B (Wang et al. 2021). Our result
indicates that there is a settled co-expression relationship be-
tween XIST and ARL17B. Further exploration is required to
fully comprehend the functional consequence of losing asso-
ciation between XIST and ARL17B expression in SN and
their possible contribution to Parkinson’s disease.

The expression patterns of many genes are not directly
co-regulated within cell types, but they are differentially co-
expressed across cell types, as shown by our results. For
instance, the interaction between ARID2 and CNTNAP2
resolves in glial cells of the SN (Fig. 9c and d). This demon-
strates differential co-expression between cortical neurons
and SN glial cell types. The regulation of gene expression
and DNA replication by chromatin remodelling is facili-
tated by ARID2 (AT-rich interaction domain 2) protein
(Kang et al. 2021). It is particularly important for glial cells
to maintain homeostasis and protect against infection and
neurodegeneration. In glial cells, CNTNAP2 (contactin-as-
sociated protein 2) is a key component of glial-neuronal
communication, neuroprotection, and cognitive function
(Gandbhi et al. 2023, St George-Hyslop et al. 2023). The in-
teraction between CNTNAP2 and ARID2 leads to the sta-
bilization of the ARID2 protein (Moffat et al. 2022).
ARID2 needs this stabilization to properly regulate gene ex-
pression (Moffat et al. 2022). Our results suggest that the
co-expression of ARID2 and CNTNAP?2 is resolved in the
microglia and astrocyte cells in SN (Fig. 9d). Further re-
search is needed to fully elucidate the effects of losing the
interaction between ARID2 and CNTNAP2 on microglial
and astrocyte cell functions in SN.

Our observation revealed a distinct set of genes that repre-
sent each brain region and cell-type. In addition, we found
examples of interindividual variations in co-expressed gene
patterns, which provide insight into the challenges presented
by variation in therapeutic response (Crowell et al. 2020,
Guo et al. 2023).

Typical differential gene expression analysis (DiffEx) does
not provide a similar explicit model for co-expression rela-
tions between molecules at the single-cell level. The focus of
DiffEx is on the expression levels of individual genes
(Gaublomme et al. 2019). Differential co-expression analysis
(DiffCoEx) is focused on discovering genes whose expression
levels change significantly under various conditions.
DiffCoEx offers insight into the coordinated response of
genes and assists us in understanding the underlying biologi-
cal networks (McKenzie et al. 2016, Crowell et al. 2020). As
a demonstration, we compare DiffEx and DiffCoEx results
across SN and cortex regions in a 56-year-old female donor
(Fig. 9e and f). Differential expression of genes across the SN
and cortex was found by the Seurat tool, and 64.8% (5483/
8456) of them were also differentially co-expressed
(FDR<17%) (Hao et al. 2024). The example of CTNNA3
and FAM221A genes illustrates the distinction between dif-
ferential expression and differential co-expression. In both
SN and cortex contexts, Fig. 9e illustrates where the
CTNNA3 and FAM221A genes are expressed. The expres-
sion values of both genes decrease from SN to cortex, but
FAM221A is not a significant differentially expressed gene
(P=1), as shown in Fig. 9¢e. These genes have significant dif-
ferential co-expression in the SN and cortex, which cannot
be predicted solely based on differential expression relation-
ships (Fig. 9f).
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4 Discussion

The capability of multiplex scRNA-seq samples has attracted
research attention to lowering experiment costs and address-
ing batch effects. Several multiplexing methods and bioinfor-
matics tools have been developed for demultiplexing pooled
datasets (Kang et al. 2018, Stoeckius et al. 2018, Gaublomme
et al. 2019, Guo et al. 2019). The main approaches include
barcode-based (Boggy et al. 2022) and SNP-based sample
pool demultiplexing (Kang et al. 2018, Huang et al. 2019).
Compared to other approaches, EAD facilitates feature selec-
tion (marker gene selection) for clustering single-cell data by
obtaining individual-specific variability (Ranjan et al. 2021).
EAD has added benefits to previous methods by improving
the accuracy of cell assignments into individual samples,
without the need for additional experimental steps (Nassiri
et al. 2023).

The accurate assigning of cells to their respective donors
can provide valuable insights for researchers into the biologi-
cal processes and disease mechanisms that vary across
individuals. The findings indicate that combining expression-
based demultiplexing with SNP-based or barcode-based
methods is the most accurate approach for demultiplexing
single-cell and single-nuclei sequencing data. The combined
demultiplexing results are more accurate due to the fact that
they take into account the strengths of methods. For example,
cell-multiplexing oligos using cells or nuclei samples can be
technically challenging and have limited performance
(Stoeckius et al. 2018). On the other hand, the identity of
donors (donor-specific information) is not specified by EAD.
When cells are assigned to donor groups using EAD, the iden-
tity of donors can be specified by incorporating demultiplex-
ing results provided by barcode-based multiplexing assays
(Kim et al. 2022).

Each person has a distinct set of SNPs. In the event that
two cells from different individuals are combined to form a
doublet, the combined SNP profile will appear unbalanced.
SNP demultiplexing algorithms have the ability to identify
these inconsistencies and label them as potential doublets
(Kang et al. 2018, Huang et al. 2019). SNP demultiplexing
for doublet detection is not perfect and can lead to false posi-
tives. Factors like sequencing depth and quality, and com-
pleteness of reference panels used for SNP calling determine
the accuracy of doublet detection (Kang et al. 2018). False
positives can be caused by sequencing errors, allelic dropout,
batch effects, somatic mutations, and natural variability in
gene expression (Huang et al. 2019). While expression-based
demultiplexing cannot detect doublets, the combination of
SNP and expression demultiplexing can offer more confirma-
tion or reassign doublet predictions. Filtering out cells
that are classified as true doublets using tools like SCAN is
recommended before reassigning a predicted doublet using
Mixed-D (Dahlin et al. 2018).

The wvalidation approach for characterization of co-
expression variations is limited by the use of datasets from
the 10x Genomics Chromium platform. In general, it is plau-
sible that targeted scRNA-seq is less likely to obtain enough
SNPs for SNP-based demultiplexing and has a limited num-
ber of genes for DCE analysis. By incorporating other single-
cell RNA and protein expression technologies that have been
developed, our approach can be easily enhanced.

The application of interindividual DCE analysis of scRNA-
seq goes beyond EAD. It can potentially be applied to reveal
biological activity that is useful for patient stratification,
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identifying biomarkers of target engagement, and connecting
genomic programs with biological functions (McKenzie
et al. 2016, Badia-i-Mompel et al. 2023). The study of
interindividual variation in single-cell RNA-sequencing data
is a constantly evolving field that involves continuous
methodological advancement and refinement (Kumasaka
et al. 2023). Most single-cell studies employ average gene ex-
pression profiles across cell types or states of interest, which
often obscures differences among individuals that are appar-
ent at single-cell resolution (Murdock and Tsai 2023).
Variability between individuals remains an understudied as-
pect of relationships between molecules at the single-cell level
(Crowell et al. 2020). Cell-level mixed models are currently
employed for differential state analysis across multiple sam-
ples (e.g. donors) and experimental conditions using cell-level
measurements (Crowell et al. 2020). The cell-level mixed
models generate log-fold changes and the proportion of cells
that have expressed a particular gene in each sample or
group. These methods greatly underestimate the differences
in gene expression between different cell subpopulations,
such as those with low expression (Crowell et al. 2020,
Auerbach et al. 2021). The cell-level solution to improve this
issue is provided by DCE analysis, which directly models
gene expression. In addition, it provides the possibility of
modelling related gene regulatory networks and following
each pair of DCE genes along the axis of samples. While the
interindividual differential co-expression approach identifies
how disease signatures vary between clinical subtypes, these
changes ultimately might converge on shared signalling path-
ways that present biomarkers for new precision therapeutic
strategies (Johansen et al. 2023).

We anticipate that EAD will be applied to improve the
results of SNP-based and barcode-based multiplexing assays,
provide insight into challenges presented by variation in ther-
apeutic response, and consider the effect of these stratifica-
tion strategies on proposed candidate biomarker genes
(Stoeckius et al. 2018, Li et al. 2020).
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