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Abstract

Sample multiplexing has become an increasingly common design choice in droplet-
based single-nucleus multi-omic sequencing experiments to reduce costs and remove technical
variation. Genotype-based demultiplexing is one popular class of methods that was originally
developed for single-cell RNA-seq, but has not been rigorously benchmarked in other assays,
such as snATAC-seq and joint snRNA/snATAC assays, especially in the context of variable
ambient RNA/DNA contamination. To address this, we develop ambisim, a genotype-aware
read-level simulator that can flexibly control ambient molecule proportions and generate realistic
joint snRNA/snATAC data. We use ambisim to evaluate demultiplexing methods across several
important parameters: doublet rate, number of multiplexed donors, and coverage levels. Our
simulations reveal that methods are variably impacted by ambient contamination in both
modalities. We then applied the demultiplexing methods to two joint sSnRNA/snATAC datasets
and found highly variable concordance between methods in both modalities. Finally, we develop
a new metric, variant consistency, which we show is correlated with cell-level ambient molecule
fractions in singlets. Applying our metric to two multiplexed joint snRNA/snATAC datasets
reveals variable ambient contamination across experiments and modalities. We conclude that
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improved modelling of ambient material in demultiplexing algorithms will increase both
sensitivity and specificity.

Introduction

Single-cell sequencing has enabled scientists to study biological systems at fine-scale
resolution’?**, Recently, significant effort has been devoted to understanding the impact of
genetic variation in single-cell RNA sequencing (scRNA-seq) experiments, which requires large
sample sizes>®"#21%11 To gchieve this scale and reduce technical variation, researchers use
multiplexed designs in which multiple samples are processed simultaneously. Genotype-based
demultiplexing methods are then used to infer cell identities by leveraging genetic differences
between donors. In addition, genotype-based demultiplexing methods are capable of detecting
between-donor (heterotypic) doublets, which cannot be accurately identified by traditional
feature-based doublet callers'>'3'*. To date, many genotype-based demultiplexing
methods'®16:17:18.19.20.37.38 haye heen developed explicitly for scRNA-seq and have been shown
to be accurate in scRNA-seq data®'. More recently, they have also been successfully applied to
joint single nucleus RNA/ATAC sequencing experiments?>,

One question that has not been rigorously explored is the extent to which ambient
RNA/DNA impacts demultiplexing method accuracy in these assays. Ambient RNA/DNA
contamination arises from the capture of cytoplasmic molecular material and barcode swapping
events? and is an especially prevalent issue in single nucleus assays?. Such contamination
can impact demultiplexing performance because genetic variants from other multiple donors will
be present in contaminated droplets (Fig 1A). To date, multiple studies have examined
demultiplexing method performance in both scRNA-seq and scATAC-seq?"23:24:254041:42.43
shown that methods tend to identify similar numbers of singlets both within and across
modalities. However, these studies benchmarked demultiplexing across low ambient RNA rates
(5 - 10%) that may not be reflective of single-nucleus data?=° and have not explored the effects
of ambient DNA on snATAC-seq data.

and

To model ambient RNA, previous studies adopted a partial simulation framework 131522,
First, ground truth singlets are generated from in silico mixtures from independent single-donor
experiments. Doublets are then artificially generated by merging reads across random pairs of
singlets, and ambient RNA is induced by randomly swapping reads across barcodes according
to a global contamination rate. However, this approach is problematic, as ambient material
tends to originate from non-informative parts of the genome, such as regions outside of genes
and peaks®®%’. While single cell read simulators for both RNA and ATAC exist and can be used
to control different experimental designs®2°%, they are currently unable to model ambient
material and cannot simulate from genotypes.

To address these issues, we developed ambisim to generate more realistic multiplexed
single nucleus multiome data. In addition, we benchmarked seven genotype-based
demultiplexing methods, three of which can be applied with or without reference genotypes
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80 (Table S1, Supplemental Information), in a comprehensive set of ambisim simulated

81  multiplexed snRNA/snATAC and two real multiplexed snRNA/snATAC datasets. We observed
82  variable performance of methods as a function of study design and ambient contamination.

83  Finally, we propose a new metric, variant consistency, which leverages cell-level allele counts to
84  estimate ambient contamination, which we used to further characterize differences in

85  demultiplexing quality between methods.

ss Results

g7 ambisim: an ambient RNA/DNA aware joint RNA/ATAC read
g8 simulator

89

90 ambisim requires an input a reference joint RNA/ATAC dataset and a reference

91  genotype VCF file. It then generates a droplet set and a corresponding set of fastq files

92  encapsulating the data in a simulated multiplexed experiment. First, for each input barcode,

93 ambisim samples a droplet type — singlet, doublet, or empty — and then samples cell-level

94  attributes, including read depth, droplet type, individual identity, and an ambient read fraction

95 (Fig 1B). Then, ambisim samples reads from the genome according to probability distributions

96 based on a read’s ambient status. If the read overlaps a SNP, an allele is sampled based on

97  two cases. If the read is native to one individual, then an allele is sampled from that individual’s

98 genotype. If the read is ambient, then the allele is sampled from all individuals’ genotypes

99  according to the ambient distribution. Complete details on ambisim are provided in the Methods
100  section.
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Ambient RNA/DNA confounds
demultiplexing at shared SNPs

A

B ambisim: joint single-nucleus RNA/ATAC genotype-aware read simulator

~ A ~ Native

7~ G -~ Ambient Sample nucleus-level features
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rople e mbient % corresponding individual
Donor 1 AA P P N
Donor 2 AA A~ N °
Donor 3 AA ~ /\/
—~~ o /\/
OO =~ Sample reads
" 4> .
Individual SNP Ambient reads Sample allele from any
Donor 1 AG Read depth  Individual /_\/ individual in pool
—_— [ B B
Donor 2 AA o0 00 /\/ w* WT
Donor 3 AG w@ w*

C

Demultiplexing simulation design

Simulations varying:
* Doublet rate

+ Number of multiplexed donors Droplet type accuracy (singlet vs. doublet/unassigned)

° Ambient RNA/DNA fraction method1 RNA method2 RNA method1 ATAC
Cell 1 singlet singlet singlet
Doublet Number of Ambient Cell 2 unassigned singlet doublet
rate multiplexed donors RNA/DNA %
0 4 0
10 4 0 7 demultiplexing methods Singleton-donor accuracy (singlet identity)
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— method1 RNA method2 RNA method1 ATAC
10 2 0 I
Cell 1 Donor 1 Donor 1 Donor 1
10 4 0
Cell 2 Donor 1 Donor 2 Donor 3
10 16 30

101

102

103 Figure 1: ambisim, a multiplexed joint snRNA/snATAC read simulator that controls
104 ambient proportions. A) Example of a scenario in which ambient RNA can confound

105 demultiplexing methods. B) Design of ambisim. Cell attributes, including donor identity and

106 ambient RNA fraction, are specified, and then reads are sampled from a reference genome. For
107  any read that overlaps a SNP, an allele is sampled from the donor’s genotype. If the read is an
108 ambient read, a SNP is instead sampled based on all donors’ genotypes. C) Simulation designs.
109  Heterotypic doublet proportion and number of multiplexed donors are varied along with ambient
110  RNA/DNA fraction. Demultiplexing methods are evaluated based on two metrics: droplet type
111 accuracy (percentage of droplets assigned to the correct droplet type) and singleton-donor

112  accuracy (percentage of singlets assigned to the correct donor).

113

114 We generated simulations across two sets of experiments. In the first set, we fixed the
115  number of multiplexed donors to 4 and varied the doublet rate between 0% and 30%. In the

116  second set, we varied the number of multiplexed donors between 2 and 16 and fixed the
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117  doublet rate to 10%. In total, we generated 44 simulated datasets (Fig 1C, Table S2). In each
118  experiment, we sampled reads across 9,000 droplets for a mean coverage of 25,000 reads for
119  RNA and 40,000 reads for ATAC (according to the 10X Genomics sequencing depth

120 recommendation) and multiplexed an equal proportion of each individual (Table S3). After

121 generating the simulated experimental data, we applied each demultiplexing method to both the
122  RNA and ATAC BAM files independently, filtering for SNPs with imputation R? > 0.90 for

123  methods requiring reference genotypes (Methods).

124  Simulations reveal variable demultiplexing method performance
125 as a function of ambient RNA/DNA

10X recommended sequencing depth (mean depth = 20,000 reads)

Droplet-type accuracy
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126
127  Figure 2: Accuracy comparisons in simulations. A) Comparison of droplet-type accuracy as

128  a function of ambient RNA/DNA, summarized across experiments with number of multiplexed
129  donors = 4 and variable doublet rates. B) Same as A), but for ATAC. C) Comparison of

130  singleton-donor accuracy as a function of ambient RNA/DNA, summarized across experiments
131 with doublet rate = 10% and variable numbers of multiplexed donors. D) Same as C, but for
132  ATAC. E) Same as A), but for singleton-donor accuracy. F) Same as B), but for singleton-donor
133  accuracy. G) Same as C), but for singleton-donor accuracy. H) Same as D), but for singleton-
134  donor accuracy.

135

136 We evaluated demultiplexing methods in both modalities based on two metrics: droplet-
137  type accuracy, and singleton-donor accuracy (Fig 1C). Droplet-type accuracy denotes the

138  proportion of droplets that are identified correctly (singlet vs. unassigned), and singleton-donor
139  accuracy denotes the proportion of singlets that are called the correct individual. We compared
140 each method’s performance as a function of increasing levels of ambient RNA/DNA across both
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141  sets of simulations (Figs 2A—-2H, Figs S1-2). As expected, we observed that ambient

142  contamination impacted the performance of most methods. When considering droplet-type

143  accuracy, we found that the increase in contamination generally led to stable decreases in

144  accuracy. However, when considering singleton-donor accuracy, we found that several

145  methods, primarily genotype-free ones, were unstable across ambient contamination estimates
146  across both modalities. We note that freemuxlet was not designed for high-coverage data and
147  would likely perform similarly to other genotype-free methods with minor modifications.

148

149 We next asked how methods performed on average across various parameter settings.
150  We found that both doublet rate and the number of multiplexed donors had modest impacts on
151  many methods, with some methods’ performance being disproportionately affected (eg.

152  freemuxlet for doublet rate, vireo no genotypes for number of multiplexed donors) (Fig S3).
153  When evaluating demultiplexing methods between modalities, we found that many ATAC-based
154  methods performed slightly better than their RNA-based counterparts, (Fig S4). Finally, we
155  found that genotype-based methods perform modestly better than genotype-free methods (Fig
156  S5).

157

158 We next asked if there were common properties among droplets misidentified by each
159  method. When examining whether inaccurate droplets tended to be miscalled as singlets or
160 doublets, we found differences between methods — for example, genotype-based methods,

161  such as demuxlet and demuxalot, identify more doublets, while most genotype-free methods
162 identify more singlets (Fig S6). Between accurate and inaccurate droplets, we found that the
163  distribution of the number of SNPs was different, for most methods (Fig S7). When considering
164  the true ambient RNA/DNA distributions, we found a similar trend among most genotype-based
165 methods: misclassified droplets tended to have higher ambient contamination (Fig S8).

166  However, for several genotype-free methods, such as freemuxlet and scSpilit, the distributions of
167 ambient RNA/DNA between accurate and inaccurate droplets were smaller, suggesting that
168 latent genotype inference is the driving force.
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169 Many demultiplexing methods perform similarly in lower
170  sequencing-depth simulations

Low sequencing depth experiments (mean depth = 7,000 reads)

Droplet-type accuracy
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173  Figure 3: Accuracy comparisons for lower-coverage versions of simulations. A)

174  Comparison of droplet-type accuracy as a function of ambient RNA/DNA, summarized across
175  experiments with number of multiplexed donors = 4 and variable doublet rates. B) Same as A),
176  but for ATAC. C) Comparison of singleton-donor accuracy as a function of ambient RNA/DNA,
177  summarized across experiments with doublet rate = 10% and variable numbers of multiplexed
178  donors. D) Same as C, but for ATAC. E) Same as A), but for singleton-donor accuracy. F) Same
179  as B), but for singleton-donor accuracy. G) Same as C), but for singleton-donor accuracy. H)
180 Same as D), but for singleton-donor accuracy.

181

182 One possible design choice in droplet-based single-nucleus experiments is to sequence
183  more nuclei, at the cost of a lower per-nucleus sequencing depth. This may be an

184  advantageous design choice for several reasons, such as increasing the likelihood of sampling
185 rare cell types and increasing the statistical power of quantitative trait loci mapping by identifying
186  more nuclei per individual. To measure the effects of sequencing depth on demultiplexing

187  method accuracy, we generated an identical set of simulations with a lower depth (mean 7,000
188  reads for both assays) (Fig 3A-3G, Figs S9-10, Table S4). We found that, similar to the

189  higher-coverage simulations, demultiplexing method performance decreases stably across

190 ambient contamination levels, with higher variance for methods such as demuxlet and

191  demuxalot. In general, many methods performed similarly across coverage levels, but singleton-
192  donor accuracy in ATAC-based genotype-free methods is disproportionately affected by

193  coverage (Fig S11). One likely explanation for this behavior is that the number of covered SNPs
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scales with sequencing depth differently for RNA and ATAC, as ATAC reads are derived from a
larger portion of the genome, which results in SNPs being more sparsely covered (Fig $12).

Application of demultiplexing methods to real joint
snRNA/snATAC data reveals low between-method droplet-type
correlations

We next applied demultiplexing methods to two multiplexed joint snRNA/snATAC
datasets to evaluate their consistency across within and across experiments. The first was a
10X Multiome dataset collected across seven runs in aorta samples (n=35,201 droplets,
multiplexed across 12 individuals)®°. The second was an in-house multiplexed induced
pluripotent stem cell (iPSC) reprogramming experiment (n=30,497 droplets, multiplexed across
4 individuals), with comparable coverage levels between datasets (Fig S13). When comparing
the donor assignment distributions between methods, we found that many methods identify
similar proportions of singlets and non-singlets, with the exception of freemuxlet consistently
identifying more singlets in both modalities (Fig 4A-B, Tables S5-S6).
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Stem cell experiment

Aorta experiment
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Figure 4: Comparing demultiplexing within modalities in real data. A) Distributions of
singlet and doublet calls in stem cell dataset. B) Same as A), but for aorta dataset. C) Droplet-
type correlations between methods in RNA (top) and ATAC (bottom) in stem cell dataset. D)
Same as C), but for aorta dataset.

We next asked how the demultiplexing output differed between methods by comparing
correlations of droplet type and singleton-donor assignment. Within each modality, droplet-type
correlation was high for most pairs of methods (Fig 4C-D), but the range was variable (0.69—
0.97 stem cell, 0.71-0.93 aorta). Singleton-donor correlation was also high for most pairs of

methods (0.99-1.00 stem cell, 0.96—1.00 aorta),

except for scSplit in both RNA and ATAC

(0.89-1.00 stem cell, 0.85-0.90 aorta) (Fig S14). We noticed that our between-method droplet-
type correlations were lower than previously reported in scRNA-seqg?!, which may be due to

increased contamination in single-nucleus data.

When comparing droplet-type correlations

between a representative simulation from ambisim (num donors = 4, doublet rate = 20%,
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ambient rate = 20%) and the iPSC reprogramming experiment, we found that while between-
method correlation patterns were similar, the correlation in the iPSC experiment was lower
compared to the simulation (Fig S15).

Recently, there has been interest in using ensemble methods combining multiple
genotype-based demultiplexing methods?2*. Given our observation of lower between-method
correlations, we next asked if it would be feasible to apply a similar ensemble framework to joint
snRNA/snATAC data. To address this, we examined how concordant the singlet sets were
across modalities and multiple methods. The cross-modality intersection indicated that the
average between-method pairwise intersection is similar within and across modalities (Fig 5A).
However, the droplet-type intersection between multiple methods was much lower (0.52—-0.73
stem cell, 0.46-0.71 aorta) (Fig 5B), while the individual intersection remained high (0.94-0.99
stem cell, 0.72-0.83 aorta). An UpSet visualization of droplet-type intersections between
methods revealed that droplets outside the all-method intersection do not arise from specific
methods, but rather combinations of methods (Fig 5C-D). These results suggest that single-
nucleus data presents additional challenges for demultiplexing compared to single-cell data, and
that the intersection of multiple methods may not yield coherent demultiplexing sets. In the next
section, we propose and apply a new metric to compare demultiplexing methods by estimated
ambient contamination.
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Figure 5: Comparison of demultiplexing methods within and across modalities between
multiple methods. A) Mean droplet-type overlap between methods, including across
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249  modalities. B) Proportion of nuclei that are called the same droplet type and individual across all

250 methods, both within and across modalities. C) UpSet visualization of all methods with both
251 RNA/ATAC-based demultiplexing in the stem cell dataset. D) Same as C), but for the aorta
252 dataset.

253 Variant consistency, a metric to compare demultiplexing methods
254 by estimated ambient contamination

255

256 We reasoned that reference genotypes could be leveraged post-hoc to provide an

257  alternative evaluation of demultiplexing method quality. By quantifying how often a nucleus's
258 variant set agrees with their assigned donor’s genotype, we can estimate residual ambient
259 RNA/DNA rates on a per-method basis. We define this metric as variant consistency. Our

260 variant consistency framework requires the following as input: per-nucleus individual

261  assignments, a pileup matrix of allele counts, and a genotype VCF file. We then classify allele
262  counts of variants as consistent or inconsistent based on whether they match the assigned
263 individual's genotype (Fig 6A, Methods). We divide consistency counts into sub-categories.
264  Variants that are consistent only in one individual are denoted C1 variants. Variants that are
265  consistent in multiple individuals are denoted as C2 variants. Variants that are inconsistent in
266  one individual, but consistent in at least one other individual are denoted as |1 variants. Finally,
267 variants that inconsistent across all individuals are denoted as 12 variants. Each of these

268  categories provides different information to characterize variant-level properties. 11 reads

269 represent the lower bound of ambient contamination, as those reads must originate from

270  another donor. |2 variants represent sequencing or genotyping errors, as those allele counts do
271 not align with any individual's genotypes. Our subsequent analyses focus on the difference in
272  the number of 11 read counts between methods and modalities.

273
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Variant consistency: compare demultiplexing output relative to donor genotypes
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275
276 Figure 6: Concept of variant consistency metric and application to simulations. A)
277 Schematic of variant consistency metric. Per nucleus allele counts are classified into four
278 categories of consistency based on the uniqueness of each variant. B) Variant consistency
279 ratios based on ambient RNA rates and multiplexed donors in simulated experiments. C) |1
280 rates based on how many times a SNP is covered experiment wide in lower-depth simulations.
281 D) Correlation of allele counts that are inconsistent but non-unique (I1) with true ambient
282 RNA/DNA across simulations is high, showcasing our ability to quantify ambient contamination
283 in real datasets.
284
285 We first applied our metric to the simulated experiments and compared the distributions

286  of variants across ambient proportions (Table $7). When comparing consistency counts for the
287  same nuclei across both modalities, we noticed that the C1 rates are higher in ATAC than RNA,
288  which suggests that more informative variants lie in non-coding regions of the genome (Fig 6B).
289  Additionally, C1 rates rapidly decrease based on the number of multiplexed donors. We found
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290 thatin our lower-coverage simulations, |1 rates of SNPs vary based on how many times that
291  SNP is covered within an experiment (Fig 6C). When comparing cell-level 11 counts to their

292  corresponding true number of ambient RNA/DNA molecules, we found that the correlation is
293  higher in ATAC (R? = 0.970) compared to RNA (R? = 0.962) (Fig 6D).

204 Variant consistency shows variable demultiplexing method
205 uncertainties in assignments

296

297 We next applied our variant consistency framework on real data to compare

298 demultiplexing method performances. We first subsetted singlets to the ones that are uniquely
299 identified by each method, and found high variance, particularly in freemuxlet and scSplit no
300 genotypes across RNA/ATAC (Fig 7A). We ran our framework on the unique droplets called by
301  each method and compared C2 and |1 rates (Fig 7B, Tables S8-S9). Notably, |1 rates differed
302  across methods in both modalities — scSplit called the most contaminated singlets, while

303 demuxalot and demuxlet called the least contaminated singlets. Across datasets, the

304  contamination patterns between RNA and ATAC were inverted, highlighting the utility of our
305 variant consistency metric in understanding ambient contamination patterns on a per-dataset
306  basis.

307

308 When comparing contamination rates alone, we found that demuxlet, vireo, and

309 demuxalot called droplets with the lowest amount of contamination. However, when considering
310  the number of unique droplets identified by each method, demuxlet (RNA n=4,453, ATAC

311 n=7,598) and demuxalot (RNA n=3,029) were the most conservative. Finally, when comparing
312  consistency distributions per donor in both experiments, we found that variant consistency rates
313  are similar across individuals, except for freemuxlet RNA (Figs $S16-S17), suggesting that

314  demultiplexing methods in these datasets do not have biases towards particular individuals.
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316
317 Figure 7: Applying variant consistency to real data reveals differences in demultiplexed
318 singlets quality between methods in both RNA and ATAC. A) Counting the number of
319  droplets that each method detects outside of the within-modality intersection. B) C2 and |1 rates
320 in the droplets called uniquely by each method. C) Correlation of 11 rates between modalities.
321 Discussion
322
323 In this study, we introduced ambisim, a joint SnRNA/snATAC read-level simulator that

324  can control ambient molecule proportions and sample from reference genotypes, and a novel
325  metric, variant consistency, which enables direct comparison of demultiplexing methods based
326  on the quality of the identified singlets. Using these tools, we compared the performance of
327  seven demultiplexing methods in simulated and real multiome data. Our simulations showed
328 that varying levels of ambient RNA/DNA present problems for demultiplexing methods, which
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329  would therefore benefit from directly modeling ambient material. In real data, we found that

330 variable between-method correlations suggesting that ensemble methods may not be reliable in
331  single-nucleus experiments in both RNA and ATAC. Finally, our variant consistency metric

332  provides a framework for estimating ambient RNA/DNA proportions in real data and comparing
333  demultiplexing uncertainty between methods.

332 Methods

335 Aorta endothelial data

336 Fastq files were mapped using Cellranger-Arc v.2.0.1 with default parameter settings.
337  VCF files were imputed using the TopMed imputation server using R? > 0.3 and the 1000
338 Genomes Phase 3 Reference Panel®*3%%,

339 Stem cell data processing

340

341 10X Multiome data was mapped to 10X Genomics’ pre-set hg38 reference using

342  CellRanger Arc v.2.0.1 with default parameter settings. Cellranger BAM files and peaks were
343  subset to autosomal chromosomes.

344 Demultiplexing algorithms

345 Demuxlet/Freemuxlet

346

347 Demuxlet is a maximum-likelihood method that requires genotypes as input to the

348 method. After counting alleles at each SNP in a reference set, it uses a statistical model which
349 incorporates base error probabilities and models allele probabilities using a binomial distribution.
350 It also extends the statistical model designed for singlets to detect doublets by modeling all

351  combinations of possible doublets multiplexed in the experiment. The ‘dsc-pileup’ command in
352  the popscle software suite was used to generate read pileups for each BAM. Then, ‘popscle
353  demuxlet’ was run with default options.

354 cellSNP/Vireo

355 Vireo uses a variational inference approach to estimate latent genotypes. It directly

356 includes the option of including genotypes to establish priors on the genotypes. cellSNP-lite®'
357  was used to generate allele counts per cell based on a variant reference set. Per the

358 developers’ recommendations, cellSNP-lite was applied to a common variant set derived from
359 1000 Genomes data* filtered with a minor allele frequency > 0.01, and SNPs with coverage <
360 20 across the run were discarded. Vireo was then run with and without genotypes based on the
361  cellSNP-lite output.
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scSplit

scSplit uses an expectation-maximization approach and identifies distinguishing variants
to minimize the number of variants used for demultiplexing. The pipeline consists of filtering
reads, calling variants directly from the data using freebayes®, allele count pileup, and model
fitting. Genotypes were supplied as priors for the model during the final demultiplexing step. A
modified version of scSplit was used to reduce computational time. Briefly, the cells by variants
matrix was computed using cellSNP-lite, and a custom version of scSplit designed for reading in
cellSNP-lite input was used.

Souporcell

Souporcell is a sparse mixture model that clusters cells according to allele fractions. The
cluster assignments are optimized using a simulated annealing algorithm. For the genotype-free
version, souporcell was supplied with the same 1000 Genomes variant set as previously
mentioned for the --common_variants parameter. Souporcell no genotypes was tested without
including the common-variants parameter, in which variants are called directly from the data
using freebayes, but the performance was determined to be consistently better when including
common variants.

Demuxalot

Demuxalot is a Bayesian method that aggregates SNPs across genes. It calls variants,
assigns base frequencies, and alternately estimates genotype signatures and assignments.
Demuxalot was unable to be applied to ATAC-seq due to the lack of UMIs.

ScAVENGERS

scAVENGERS is a method developed for multiplexed scATAC-seq experiments. It
derives reference and alternate allele probabilities by modeling pre-PCR amplification counts
based on ATAC barcode attachment probabilities. Strelka2*® was used to call variants from the
data, and Vartrix was used to generate the cells by allele counts matrix. A modified version of
the scAVENGERS pipeline was then used to derive cell assignments.

Variant consistency

Given a multiplexed single-cell experiment with D droplets, V' covered variants, and K
individuals, we are interested in computing both the consistency of each variant between the
read pileup and the assigned donor's genotype and the total consistency proportions in each
cell. More specifically, the input to this framework is matrices R € NDXV, Ae NDXV, and
genotype array G € N>V which correspond to the sparse reference and alternate counts
matrices and genotyping array for kindividuals. For each droplet d € D, we extract the reference
and alternate allele counts from P € Vvariants, and for the genotype of individual & at variant v,
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397  denoted as G(V), we compute consistency counts consistent(v) for each variant, defined as
398 follows:

399
, 1, ifveG)
consistent(v) = i =
400 , otherwise
401

402  The output of the above framework is k consistency matrices, with each matrix C' € NPV

403  Finally, we classify the reads into four categories: consistent with only that donor's genotype
404 (C1), consistent but matches another donor's genotype (C2), inconsistent but matches another
405 donor's genotype (I1), and inconsistent and doesn't match any donor's genotype (12). The final
406  variant consistency matrix is VC € NP>V *E*4 Eor each demultiplexing method, the output is
407  acell assignment matrix Z € NP, Using 7, we iterate through D to extract the consistency
408  counts corresponding from V' C' to the assigned individual, producing the final matrix F' € NP4
409
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