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Abstract 

Bac kgr ound: Multiplexing single-cell RN A sequencing experiments reduces sequencing cost and facilitates lar ger-scale studies. Ho w- 
ever, factors such as cell hashing quality and class size imbalance impact demultiplexing algorithm performance, reducing cost- 
effecti v eness. 

Findings: We propose a supervised algorithm, demuxSNP, which leverages both cell hashing and genetic variation between individuals 
(single-n ucletotide pol ymorphisms [SNPs]). dem uxSNP addr esses fundamental limitations in dem ultiplexing methods that use onl y 
one data modality. Some cells may be confidently demultiplexed using probabilistic hashing methods. demuxSNP uses these data to 
infer the genotype of singlet and doublet clusters and predict on cells assigned as negati v e, uncertain, or doub let using a near est- 
neighbor approach adapted for missing data. 
We benchmarked dem uxSNP a gainst hashing, genotype-fr ee SNP and hybrid methods on sim ulated and r eal data fr om r enal cell 
cancer. demuxSNP outperformed standalone hashing methods on low-quality hashing data benchmark, impr ov ed ov erall classifica- 
tion accuracy, and allowed more high RNA quality cells to be r ecov er ed. Thr ough v ar ying sim ulated doub let r ates, w e show ed that 
genotype-free SNP and hybrid methods that lev era ge them wer e impacted by class size imbalance and doublet r ate . demuxSNP’s 
supervised approach was more robust to doublet rate in experiments with class size imbalance. 

Conclusions: demuxSNP uses hashing and SNP data to demultiplex datasets with low hashing quality where biological samples are 
genetically distinct. Unassigned or negative cells with high RNA quality are recovered, making more cells available for analysis. Data 
simulation and benchmarking pipelines as well as processed benchmarking data for 5–50% doublets are publicly available. demuxSNP 
is av aila b le as an R/Bioconductor packa ge ( https://doi.org/doi:10.18129/B9.bioc.demuxSNP ). 

Ke yw ords: single-cell, demultiplexing, cell hashing, SNPs 
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Introduction 

Single-cell RN A sequencing (scRN A-seq) enables insight into cel- 
lular heterogeneity, cell subtypes, and cell–cell communication 

not pr e viousl y possible with bulk methods due to gene expr ession 

av er a ging [ 1 ]. Cost r emains a barrier for lar ge-scale r esearc h and 

clinical studies at a single-cell resolution [ 2 ] despite reductions in 

the cost of sequencing technologies. Multiplexing in scRNA-seq 

refers to the sequencing of cells from multiple different biolog- 
ical samples on the same sequencing lane rather than on indi- 
vidual lanes . T his r educes sequencing costs and tec hnical batc h 

effects [ 3 ]. The cells must then be demultiplexed, or assigned back 
to their biological sample of origin prior to downstream analysis.
In dr oplet-based tec hnologies, higher cell loading rate results in a 
higher doublet rate (two or more cells captured in a single droplet),
thus limiting the lane capacity. In multiplexed experiments, dou- 
blets made up of cells from different samples are more easily iden- 
tified and r emov ed, allowing higher cell loading rate onto the se- 
quencing lane. Demultiplexing strategies broadly follow two ap- 
pr oac hes, experimental cell tagging (cell hashing) and bioinfor- 
matics analysis of genetic variation using single-nucleotide poly- 
morphisms (SNPs). Cell hashing is popular due to its applicability 
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o a wide variety of experimental designs and availability of com-
ercial hashing kits. SNP-based methods are limited to geneti- 

ally distinct samples but have lo w er library preparation costs. 
Cell hashing is a combined experimental and computational 

 ppr oac h wher e cells fr om eac h biological sample ar e labeled with
 distinct sequenceable tag [ 4 , 5 ] prior to being pooled and se-
uenced. Computational algorithms, such as those r e vie w ed b y
owitt et al. [ 6 ], then operate on the resulting counts matrix to
etermine which cells came from which biological sample of ori-
in. Ho w e v er, tec hnical artifacts such as nonspecific binding, dou-
lets, and varying cell quality due to cell stress may complicate
his pr ocedur e. Cells with low hashing quality may be assigned to
he incorr ect gr oup. Additionall y, cells deemed to have no hash-
ng signal in any group remain unassigned and are referred to
s hashing negatives, or negatives for short. Small numbers of
ashing negatives are permissible, but large numbers of nega- 
iv es r esult in wasted data and so ar e undesir able. Negativ e cells
hat cannot be assigned are removed prior to downstream analy-
is steps, resulting in wasted data. Additionall y, r esearc hers may
lso exclude cells if there is disa gr eement between dem ultiplex-
ng algorithms or low assignment probability. This results in fur-
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her wasted data and reduces the effectiveness of multiplexing
s a cost-saving measur e. Alternativ el y, r etaining uncertain cells
hat may be wr ongl y assigned r educes the statistical po w er of dif-
erential gene expression analysis and confounds biological inter-
retations in downstream analysis steps. Due to their dependence
n hashing quality, performance of standalone hashing-based de-
ultiplexing methods can vary significantly between datasets [ 7 ].
SNP-based demultiplexing methods exploit natural ge-

etic variation between genetically distinct biological samples.
enotype-based methods such as Demuxlet [ 8 ] and scSNPdemux
 9 ] r equir e a priori knowledge of the genotype of eac h biological
ample, incurring additional experimental cost and limiting their
tility. Genotype-free methods [ 10–12 ] do not require a priori
nowledge of sample genotypes, so they are more commonly
sed but also face limitations. Although they can group cells,
hey cannot link cells back to a biological sample without ad-
itional genotype or hashing data. Calling SNPs in scRNA-seq

s challenging as the data are sparse, with reads concentrated
n specific regions, and gene expression can be highly variable
ithin a dataset [ 13 ]. Performance reduces in datasets with high

e v els of ambient RNA [ 14 ]. Despite the considerable number
f methods a vailable , a univ ersall y r obust tool has yet to be
e v eloped. 

Some recent methods use both SNP-based and hashing modal-
ties . HT Oreader [ 15 , 16 ] performs hashing demultiplexing us-
ng a mixture model approach, which is then integrated with
ashing r esults fr om existing genotype methods, allowing an in-
r eased ov er all cell r ecov ery r ate and r ecov ery of up to one missed
ashing group. hadge [ 17 ] runs a selection of existing genotype
nd hashing algorithms and finds the pair of methods across
odalities with the highest correlation. We developed a super-

ised multimodal method, demuxSNP, that leverages both geno-
ype and hashing modalities along with a Nextflow pipeline [ 18 ]
o benchmark against existing standalone hashing (HTODemux
 4 , 19 ], BFF_raw and BFF_cluster [ 20 , 21 ], GMM-Demux [ 22 , 23 ],
emuxmix [ 24 , 25 ]) and genotype-free SNP-based (souporcell [ 12 ,
6 ]) and hybrid (HTOreader [ 15 , 16 ]) methods, adapting published
NP simulation pipelines [ 14 ] paired with hashing data, to bet-
er understand performance across a range of scenarios against
 eliable gr ound truth [ 18 ]. We further motiv ate the utility of de-
 uxSNP ov er popular existing methods with application to a

ase study renal cell cancer dataset. demuxSNP is available as an
/Bioconductor pac ka ge [ 27 ]. 

esults 

verview of demuxSNP 

 k e y challenge in hashing-based demultiplexing is variability in
ashing quality due to technical issues such as nonspecific bind-

ng. In general, a proportion of cells from each group may be con-
dently called, while some may remain uncertain or negative for
 signal, the number of which will depend on the hashing quality
f a specific experiment (Fig. 1 A). These high-confidence cells may
e identified using consensus methods such as cellhashR [ 20 , 21 ],
robabilistic methods with a high acceptance threshold [ 22 , 24 ], or
se of a nonconserv ativ e count thr eshold to describe the positiv e
eak; ho w e v er, r etaining onl y these high-confidence cells r esults

n loss of valuable data through negative or uncertain cells. 
For the cells that cannot be confidently called using hashing

ethods, we propose that their correct group may be more eas-
ly identified based on their SNP profile. We apply demuxmix [ 24 ],
 highly performant probabilistic demultiplexing algorithm to
ashing counts data to determine which cells can be confidently
alled. SNPs are called in single cells, and the SNP profile of sin-
let and doublet groups may be inferred from the high-confidence
inglets . T he class of uncertain, negative, or doublet cells is then
etermined based on their most similar SNP profile using Jac-
ard distance (Fig. 1 B) adapted for missing data. With high-quality
ashing data, often a lar ge pr oportion of cells can be called with
igh confidence. With low-quality hashing data, significant num-
ers of cells may be assigned as negative or uncertain and their
 ecov ery warr anted using a method such as demuxSNP. Summary
tatistics from 12 datasets demultiplexed with HTODemux show
ercent negativ es r ange fr om 1–17% ( Supplementary Table S1 ),
lthough values significantly higher have been reported in other
enchmarking studies [ 7 , 6 ]. The demuxSNP w orkflo w is outlined

n Fig. 1 C. 

emultiplexing performance improves when 

sing demuxSNP compared to standalone 

ashing methods on datasets with low hashing 

uality 

imulated data allow for comparison against a reliable ground
ruth for different experimental and technical configurations.
enc hmark data ar e sim ulated fr om a m ultiplexed experiment
ith six hashtags from genetically distinct samples. Aligned reads
nd hashing counts from singlets assigned with high confidence
y demuxmix [ 24 , 25 ] are retained. Doublets are simulated from
he singlet data by r andoml y r enaming barcodes on aligned reads
 14 ] and summing counts across singlet cells comprising each
oublet for SNP calling and hashing data, r espectiv el y [ 18 ]. Hash-

ng quality is reduced by scaling down the signal in each hash-
a g gr oup. Featur es associated with high-quality hashing include
ell-separated bimodal peaks and a high signal-to-noise ratio

Fig. 2 A). Other experimental factors that ma y impro ve demul-
iplexing performance include well-balanced group sizes. Low
ashing quality is then associated with features such as poor peak
eparation and low signal-to-noise ratio, with high class imbal-
nce also impacting demultiplexing performance (Fig. 2 B). 

We compar ed dem ultiplexing performance of se v er al popu-
ar hashing-based algorithms and observed that performance de-
reased on low-quality hashing compared to high-quality hashing
egar dless of method, sho wn here on hashing data with a typical
oublet rate of 20% ( Supplementary Table S1 ). On the high-quality
ataset, HTODem uxscor ed lo w er than other methods tested for
oth precision and recall, which may be attributed to features
ther than peak separation such as imbalance in class sizes and
he misalignment of the signal peaks (Fig. 2 C). Other methods,
FF_r aw, BFF_cluster, GMM-Dem ux, and dem uxmix, eac h sho w ed
igh precision and recall on the high-quality dataset, an expected
 esult giv en the clear separation between signal and bac kgr ound.
n the low-quality dataset, BFF_raw performed poorl y, potentiall y
ue to the assumption of a bimodal distribution, the extent of
hich is reduced in this benchmark. 
We next explored which methods recovered more cells and

hus had fewer cells with no identity (hashing negatives). In
erms of the number of assigned hashing negatives (Fig. 2 D), on
he high-quality dataset, HTODemux assigned the most nega-
iv es ( ∼3.6%). Fe w ( < 0.2%) negativ es wer e assigned by BFF_r aw,
FF_cluster, GMM-Demux, and demuxmix. On the low-quality
ataset, BFF_raw and demuxmix assigned the most negatives

28% and 15%, r espectiv el y). dem uxSNP avoids the classification
f hashing negatives by leveraging SNP data to assign these cells,
educing wasted data. BFF_cluster assigned the fe west negativ e

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae090#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae090#supplementary-data
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Determine high confidence cells based on 
hashing

Infer cluster multivariate modes from high-
confidence cells + simulate doublets

Predict unknown cells based on nearest 
neighbour in SNP space

Call SNPs in each cell (VarTrix)
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Figure 1: Ov ervie w of the dem uxSNP w orkflo w. (A) High-quality hashta g counts can be separ ated into a bimodal distribution with distinct signal and 
bac kgr ound peaks. Low-quality hashtag counts have a poorly separated bimodal distribution and have high numbers of misassigned, uncertain, or 
hashing negative cells. (B) SNPs called in single cells contain missing data and noise. To impr ov e signal, singlet and doublet cluster SNP profiles can be 
inferred. Cells assigned as uncertain, negative, or doublet can be compared against inferred SNP profiles and classified using a nearest-neighbor 
a ppr oac h. (C) dem uxSNP w orkflo w. 
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cells, but we note that while classifying few hashing negatives is 
a desirable attribute, this reflects only one aspect of algorithm per- 
formance and must be taken in the context of other classification 

performance metrics. 
We finally looked at overall classification accuracy (Fig. 2 E).

Each of the standalone hashing algorithms, with the exception 

of HTODemux, performed almost perfectly on the high-quality 
dataset. We did not compar e dem uxSNP on this dataset as a large 
number of cells ( ∼99%) had already been confidently called by 
standalone probabilistic hashing algorithms, and thus the use of 
emuxSNP was not warranted. On the low-quality dataset, mix- 
ure models GMM-Demux and demuxmix outperformed other 
tandalone hashing methods. Despite assigning fewer negatives,
FF_cluster had the lo w est ov er all accur acy, a gain potentiall y due
o the assumption of a bimodal distribution. Performance im- 
r ov ed when using hashing and SNPs to assign cells compared
o hashing classification alone, with ov er all classification accu-
acy of 0.91 for demuxSNP compared to 0.77 and 0.77 for the top-
erforming standalone hashing methods, GMM-Demux and de- 
 uxmix, r espectiv el y. 
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A

B

C

D E

Figure 2: demuxSNP improved cell assignment on datasets with low hashing quality. (A) Hashing logcounts (natural log) for benchmarking 
high-quality hashing. The signal and bac kgr ound ar e distinct. (B) Hashing logcounts (natur al log) for benc hmarking low-quality hashing. Ther e is poor 
separation between signal and background. (C) Hashing algorithm precision and recall decreased with hashing quality. (D) Low-quality hashing 
resulted in large numbers of hashing negative cells. (E) demuxSNP increased overall classification accuracy on low-quality hashing data compared 
with standalone hashing methods. 
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A

C

B

Figure 3: Comparison of hybrid and SNP-based methods. (A) demuxSNP (av er a ge of 5 runs ± SD) outperforms souporcell (single run, seed fixed) and 
HT Oreader (a verage of 5 runs ± SD) for overall classification accuracy. (B) Precision and recall for classifying the minority cluster (K2). demuxSNP 
performance remains stable. (C) Precision and recall for classifying doublets (multisample). 
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demuxSNP is more robust to class size 

imbalance compared to genotype-free SNP 

method souporcell and hybrid method 

HTOreader 
We next benchmarked demuxSNP against the standalone 
genotype-free SNP-based method souporcell and hybrid method 

HTOreader. souporcell classifies cells using a sparse mixture 
model. HTOreader first fits a Gaussian mixture model to the hash- 
ing counts and then integrates the hashing results with results 
from third-party SNP-based methods—in this case, souporcell. We 
first benchmarked overall classification performance in terms of 
accuracy and adjusted Rand index (ARI) across a range of doublet 
r ates fr om 5–50% [ 28 ] (Fig. 3A ). Her e, dem uxSNP slightl y outper- 
formed souporcell, with gr eater differ ences observ ed at doublet 
 ates ov er 40%. HTOr eader slightl y under performed at low dou-
let rates (5–40% doublets), but performance dropped consider- 
bly at high doublet rates (45–50% doublets). 

In e v aluating the performance of clustering methods on
cRNA-seq gene expression data, significant attention is given 

o methods’ ability to detect small clusters [ 29 ]. Genotype-free
NP-based methods face similar challenges in clustering ge- 
eticall y distinct SNP pr ofiles, wher e the number of cells per
iological sample may vary and doublets may obscure the sig-
al. We observed in a case study dataset that at high doublet
ates, the minority cluster (K2) appeared to be completely mis-
ssigned b y soupor cell, and w e replicated this in our bench-
arking ( Supplementary Fig. S1 A). The true K2 cells were as-

igned as doublets, while the cells assigned as K2 were true dou-

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae090#supplementary-data
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lets. In contr ast, dem uxSNP corr ectl y identified the K2 gr oup
 Supplementary Fig. S1 B). The assignment of a large proportion of
oublets to a singlet group has the potential to confound down-
tr eam anal ysis, if not identified. 

To investigate this further, we systematically tested whether
oublet rate impacted imbalanced classification and whether de-
uxSNP’s supervised approach was more robust to assigning mi-

ority clusters when doublet rate increased compared to unsuper-
ised methods. At lo w er doublet r ates, dem uxSNP, souporcell, and
TOreader performed comparably. Ho w ever, at higher doublets
 ates (ov er 40%), both the precision and recall for souporcell and
TOr eader r educed to zer o (Fig. 3 B). dem uxSNP’s performance r e-
ained stable. 
Hybrid methods such as HTOreader and hadge can leverage

enotype-free SNP-based methods, and so we next asked whether
rr ors in genotype-fr ee methods’ assignments would impact hy-
rid methods . HT Or eader, using souporcell’s r esults for hybrid
lassification, reduced in performance at the same threshold as
ouporcell (Fig. 3 A, B). When a pplied to the r enal cell cancer
ataset, we observed that this misassignment of a singlet cluster
 y soupor cell r esulted in a pr opa gation of mismatc hes between
ashing and SNP clusters when HTOr eader integr ated these r e-
ults ( Supplementary Fig. S2 ) as a one-to-one match does not
xist, explaining the significant drop in ov er all performance ob-
erved in Fig. 3 A compared to souporcell. 

NP-based and hybrid methods assign 

ultisample doublets with high precision and 

ow recall 
he ability to corr ectl y identify doublets remains a challenge and
as important implications for downstream analysis and exper-

mental design considerations such as cell loading rate. In the
ontext of demultiplexing, we differentiate between multisample
oublets (containing cells from two or more different samples and
ener all y r eferr ed to simpl y as doublets in the context of dem ul-
iplexing) and single-sample doublets (containing cells from only
 single sample). Both may confound biological inter pr etation of
he data if not r emov ed, but onl y m ultisample doublets may be
dentified and r emov ed by dem ultiplexing methods . T he percent-
 ge of m ultisample to single-sample m ultiplets is r elated to the
umber of samples multiplexed ( Supplementary Fig. S3 A). In ex-
eriments with fe w m ultiplexed samples, a high percentage of
he total doublets will be single-sample and not identifiable with
em ultiplexing. Conv ersel y, for highl y m ultiplexed experiments,
ost doublets will be multisample and so could, in theory, be re-
oved using demultiplexing and further doublet removal steps

ot r equir ed or become less critical. 
To test the doublet detection capabilities of different methods,

e first calculated the numbers of doublets assigned against the
rue number of multisample doublets across each dataset. Typ-
call y, methods underclassified (m ultisample) doublets at a rate
 oughl y pr oportional to the ov er all doublet r ate ( Supplementary
ig. S3 B). We further tested the doublet precision and recall for
ifferent SNP-based and hybrid methods. We observed higher pre-
ision and lo w er r ecall acr oss methods , with HT Or eader gener all y
coring highest precision but lo w est recall. Overall, SNPs and hy-
rid methods r ar el y classified singlets as doublets but often la-
eled doublets (multisample) as singlets. Although the doublet re-
all r emains a ppr oximatel y constant, the negativ e impact of this
ncreases with doublet rate and explains the reduced accuracy
nd ARI in Fig. 3 A as doublet rate increases. 
em uxSNP ov ercomes dem ultiplexing 

hallenges in case study dataset 
e next demonstrate the utility of demuxSNP on a case study

ataset containing cells from six genetically distinct samples from
enal cell cancer. We identified features in the hashing counts
ndicating low hashing quality (Fig. 4 A), including low signal-to-
oise r atio (Hashta g 3,5), low signal (Hashta g2), and misaligned
eaks (Hashtag5). We applied HTODemux (a popular hashing-
ased method), souporcell (a popular genotype-free SNP-based
ethod), and dem uxSNP and observ ed significant disa gr eement

etween assignments . Notably, HT ODemux assigned a large num-
er of hashing negative cells, and souporcell showed little a gr ee-
ent with HTODemux and demuxSNP in the Hashtag2 group

Fig. 4 B). 
We observed poor agreement between HTODemux, demuxSNP,

nd souporcell in the Hashtag2 group. Most cells assigned as
ashta g2 by HTODem ux and dem uxSNP wer e assigned to Hash-

ag4 or the doublet group by souporcell. A large number of cells ( n
 1,043) assigned to the Hashtag2 group were consistently called
oublets by demuxSNP and HTODemux, leading to significant po-
ential for confounding downstr eam anal ysis steps . T his is consis-
ent with the behavior explored in Fig. 3 B, where soupor cell w as
nable to identify the minority cluster in datasets with high dou-
let r ates. dem uxSNP successfull y identified the minority cluster
ue to its supervised classification a ppr oac h. 

A large number of cells ( n = 2,582, > 10% of the dataset) were
ssigned to the negativ e gr oup by HTODemux, meaning that they
ould not be assigned due to their hashing quality. It was pr e vi-
usly identified that cells with low hashing counts (negative) also
ad low RNA quality [ 4 ], and so we next asked whether these neg-
tiv e cells wer e trul y low-quality cells. We plotted standard qual-
ty contr ol metrics, libr ary size, and number of detected features
or each negative cell. We observed that the majority (2,138 out of
,482, 86%) pass standard scRNA-seq quality c hec ks (Fig. 4 C). We
isualized SNP profiles from the HTODemux negative group, col-
ring cells by the HTODemux and demuxSNP classification and
plitting by the demuxSNP classification, and observed a consis-
ent SNP profile in each reassigned group. Most cells were reas-
igned to Hashtag5, consistent with the souporcell and demuxSNP
nnotations. We compared the dissimilarity of the reassigned
ells to the SNP profile of the sample they were assigned to using
 accar d distance ( Supplementary Fig. S4 A). A clear signal can be
bserved with the lo w est distance betw een reassigned cells and
he corresponding SNP profile. 

We examined binary distance distributions of singlet group
NP profiles . T he presence of a multimodal or bimodal distribu-
ion indicated cells from multiple biological samples (Fig. 4 E). Sin-
let groups where a bimodal distribution was evident tended to
av e fe w er cells called the same b y HTODem ux and dem uxSNP.
e observed highest proportions of agreed assignments between
TODemux and demuxSNP on hashtags with unimodal SNP dis-

ance distributions at 0.86, 0.75, and 0.90 for Hashtags 1, 2, and
 compared to 0.92, 0.96, and 0.94 for Hashtags 3, 5, and 6, re-
pectiv el y. We visualized the SNP profiles of HTODemux Hash-
a g2, the gr oup with poor est a gr eement between HTODem ux and
em uxSNP, and observ ed m ultiple SNP pr ofiles . T he main SNP
rofile was called consistently Hashtag2 by both HTODemux and
em uxSNP. The r emaining cells wer e r eassigned by dem uxSNP,
ostl y to Hashta g5 (Fig. 4 F). Again, we compar ed the similarity of

NP profiles of the reassigned cells with the inferred SNP profiles
 Supplementary Fig. S4 B). The majority of cells sho w ed the most
imilarity to Hashtag2, follo w ed b y other hashtags to a lesser ex-

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae090#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae090#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae090#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae090#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae090#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae090#supplementary-data
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Figure 4: demuxSNP overcomes demultiplexing challenges on real data. (A) Hashing data contained features of low-quality hashing such as low 

signal, low signal-to-noise ratio, and unaligned signal peaks. (B) Most negatives called by HTODemux were assigned as Hashtag5 by demuxSNP and 
souporcell. Majority of Hashtag2 called by souporcell was called doublet by demuxSNP and HTODemux. (C) Quality metric distribution for HTODemux 
negativ e gr oup. (D) SNP pr ofiles of HTODem ux negativ e gr oup. (E) Distribution of binary distance matrix for HTODem ux singlet gr oup SNP pr ofiles. (F) 
SNP profiles of HTODemux Hashtag2 group sho w ed multiple SNP profiles. 
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ent. By le v er a ging both SNP and hashing modalities, dem uxSNP
ncreased the number of assigned cells that would have otherwise
een labeled as negatives, as well as reassigning cells misassigned
ue to hashing quality. 

iscussion 

ultiplexing is primarily a cost reduction measure now used in
ost single-cell experiments, allowing greater utilization of high-

hroughput assa ys . Ho w ever, large numbers of negative, uncer-
ain, or misassigned cells resulting from suboptimal demultiplex-
ng reduce its effectiveness. Accurate assignment of cells to their
riginal sample through demultiplexing is critical to inter pr eta-
ion of downstream analysis, minimizing wasted data through

isclassified or unclassified cells, as well as maintaining confi-
ence in the technique as a cost-saving measure to allow larger-
cale experiments. To this end, we make key contributions com-
ared to existing hashing- and SNP-based methods. 

The dependence of hashing demultiplexing performance on
ashing quality has been reported previously [ 20 ,6 ], yet many cur-
ent solutions to this problem have focused on more advanced

odeling of the counts data to optimize detection of signal from
oise or consensus-type a ppr oac hes. We pr oposed a nov el method
 pplicable to geneticall y distinct samples utilizing cell hashing
nd SNPs , o ver coming dependence on hashing data quality b y
ssigning hashing negative, uncertain, or doublet cells based on
heir SNP profiles . T his results in o v er all impr ov ements in classi-
cation performance, as well as assignment of hashing negatives,
hich may consist of a considerable proportion of the data. 
We sho w ed systematic biases in genotype-free SNP-based

ethods such as souporcell and the implications for hybrid meth-
ds that utilize them. Despite being performant in many scenar-
os [ 30 ], souporcell’s unsupervised classification results in system-
tic flaws in identifying minority clusters at high doublet rates,
isclassifying doublets in place of the minority singlet group.
hile suggested as a potential limitation of a similar method

r e viousl y [ 10 ], we belie v e this is the first time the problem has
een described in greater detail. Additionally, errors in misassign-

ng minority clusters such as this impact hybrid methods such
s HTOr eader, whic h le v er a ge third-party SNP-based methods for
lassification. HTOreader w as sho wn to be beneficial for demulti-
lexing in the case of a missing hashtag group [ 15 ], an application
here it may be preferred over demuxSNP, as demuxSNP requires
ashing to infer the cluster SNP profiles. Ho w ever, w e sho w ed that
em uxSNP is gener all y mor e performant, specificall y in situations
here genotype methods misassign a sample. Our benchmarking

esults suggest a threshold of 40% doublets after which minority
lusters are missed, but this is lik ely de pendent on other experi-
ental factors and warrants future benchmarking. For example,
e observed misassignment of a minority cluster by souporcell in

he application dataset with an estimated 16–24% doublets based
n the number of r ecov er ed cells [ 31 ]. We went on to show that
he demuxSNP’s supervised method is mor e r obust to doublet rate
nd class size imbalance. 

Challenges persist for SNP-based and hybrid demultiplexing
n terms of doublet identification, with a higher doublet rate re-
ulting in reduced overall performance for demuxSNP, souporcell,
nd HTOreader. Both SNP-based and hybrid methods consistently
how high precision and low recall for classifying doublets, indi-
ating that downstream doublet detection remains a necessary
tep e v en if the ratio of multisample to single-sample doublets
s high, particularly when incorporating an experimental design
argeting a high cell loading rate. 
dem uxSNP pr ovides a fr ame work for how both SNP and hash-
ng data can be combined to optimize demultiplexing. As a re-
ult, an obvious limitation then exists that the method is onl y a p-
licable to genetically distinct biological samples, and so cross-
 alidating dem ultiplexing r esults fr om geneticall y similar bio-
ogical samples remains a challenge in the field. Unlike other
NP-based methods [ 10 , 12 ], due to the use of binary distance
easur es, dem uxSNP’s algorithm does not distinguish between

omozygous and heterozygous SNP loci, and so it is not suitable
or applications where heterozygosity is important such as dis-
riminating between closely related genotypes. Additionally, as
em uxSNP r elies on hashing data to infer the SNP profile of each
ample, this places an upper limit on the number of multiplexed
amples where it can be used to demultiplex. As single-modality
NP-based methods do not r equir e hashing, they allow for greater
ample multiplexing to be considered during experimental de-
ign. 

Mor e gener all y, benc hmarking hashing dem ultiplexing meth-
ds in scRNA-seq poses many challenges. First, defining ground
ruth is nontrivial. In the absence of a tool to simulate realistic
ashing data, SNP-based demultiplexing methods have been used
o define ground truth to benchmark hashing methods [ 6 , 7 ]. Con-
equentl y, an y biases inher ent in the SNP-based method will be
eflected in the benchmarking results. Second, and following on
rom this, it is not feasible to generate sufficient benchmarking
atasets to e v aluate c hanges in experimental conditions such as
oublet rate, number of samples, and sample imbalance. This re-
ults in conclusions that are difficult to generalize, seen particu-
arly in differing evaluations of the performance of Seurat HTODe-

ux function between benchmarking studies [ 6 7 ]. In contrast, for
enchmarking of SNP-based methods, strategies to simulate SNPs
r om r eal data hav e been de v eloped else wher e [ 14 ] and hav e been
uccessful in e v aluating the impact of factors such as doublet rate
nd ambient RNA content. This furthers the need for tools that
llow r ealistic sim ulation of hashing counts, suc h as those used
or simulating scRNA-seq data [ 32 ] to make more comprehensive
enchmarking studies feasible. 

The full impact of demultiplexing errors in published stud-
es is difficult to estimate. Repositories for high-throughput se-
uencing data, including dbGaP, often r equir e r aw data suc h as
ASTQ files to be submitted on a per-sample basis. For single-
ell datasets that are typically multiplexed, this means that most
ata published in repositories are post-demultiplexing, and it is
ot possible to r epr oduce and r eanal yze the scRNA-seq dem ulti-
lexing ste ps. Gi v en the widespr ead use of m ultiplexing in scRNA-
eq, this means most published studies are not fully reproducible.
dditionally, in light of the limitations of existing demultiplex-

ng methods we have reported, it is possible published data may
nclude significant errors in cell assignment. The opportunity to
uality control (QC) or reevaluate the integrity of the demultiplex-

ng solution r etr ospectiv el y is lost as the multiplexed data are not
ublished. Furthermor e, by onl y publishing dem ultiplexed data,
hich ma y ha ve excluded large numbers of cells that were unas-

igned, there is considerable loss of valuable scRNA-seq data to
he community. 

A r ecent de v elopment that ac knowledges the r ole m ultiplex-
ng plays in the future of single-cell studies was the release of
he “multi” functionality in CellRanger [ 33 ], the bioinformatics
ipeline used to analyze data from the popular 10X Genomics
ingle-cell platform using a Gaussian mixture model. While the
xact model used has not, to our knowledge, been independently
enc hmarked, mixtur e model-type methods have shown to be
or e consistentl y performant in this study and else wher e. How-
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e v er, this a ppr oac h may come with some disadv anta ges. Pr e vi- 
ousl y, dem ultiplexing was carried out as part of downstream anal- 
ysis, where the hashing quality could be r e vie wed and visualized 

and different algorithms tested. The incor por ation of this step 

within the CellRanger pipeline will str eamline downstr eam anal- 
ysis but may consequently impede r ecov ery of negativ e cells or 
identification of misassigned cells. Ongoing efforts to optimize 
labor atory pr otocols and w orkflo ws [ 34 , 35 ] to impr ov e data qual- 
ity or alternative labeling technologies [ 36 ] less susceptible to non- 
specific binding will be k e y in resolving this. 

Conclusion 

Ov er all, we hav e shown that a multimodal framew ork allo ws de- 
m uxSNP to r ecov er hashing negativ e cells, r eassign cells mis- 
called by hashing algorithms based on their SNP profile, and 

overcome class size imbalance and doublet rate issues incurred 

by genotype-free SNP-based methods and hybrid methods that 
le v er a ge them. The w orkflo w has been implemented in the 
R/Bioconductor pac ka ge dem uxSNP, pr oviding additional func- 
tionality for assisting in SNP selection and selecting training data.
The pac ka ge pr ovides inter oper ability with the Bioconductor Sin- 
gleCellExperiment class. 

Methods 

demuxSNP w orkflo w 

1. SNPs are filtered to those located within genes expressed 

across most cells in the dataset (optional). 
2. VarTrix [ 37 ] uses the filtered SNP list to call SNPs in each cell.
3. Probabilistic hashing methods are leveraged to determine 

high-confidence singlets. 
4. Labels from high-confidence singlets are used to infer multi- 

variate mode per group and train a nearest-neighbor classi- 
fier based on adapted J accar d distance and predict negative,
uncertain, and doublet cells. 

Adapting Jaccard binary distance metric for 
missing data 

J accar d distance is a common distance measure that can be ap- 
plied to binary data. Where n is the contingency matrix between 

two binary vectors and a = n 11 , b = n 01 , and c = n 10 , then the J accar d
index j is 

j = a/ ( a + b + c ) . 

This can be computed using the matrix product where m is the 
binarized matrix for SNP locations supporting the alternative al- 
lele such that 

a = m x m 

T , 

b = ( 1 − m ) x m 

T , 

c = m x ( 1 − m 

T ) . 

The standard implementation of Jaccard distance does not take 
into account missing values—in this case, whether a read was 
present at a given SNP location. To account for this, we perform 

an additional element-wise multiplication step on each side of the 
matrix pr oduct suc h that locations wher e no SNP r ead is pr esent 
in either of the two vectors being compared are not counted. The 
above can be adapted to remove missing data where p is the bi- 
nary matrix for whether there are reads at a given SNP location 

such that 
a = ( m ∗ p ) x (m ∗ p) T , 

b = ( ( 1 − m ) ∗ p ) x ( m ∗ p) T , 

c = ( m ∗ p ) x ( ( 1 − m ) ∗ p) T . 

o further mitigate the impact of missing data on classification,
he m ultiv ariate mode is computed for eac h sample to infer a

ore complete SNP profile. Doublet profiles are calculated from 

inglet SNP profiles. As we calculate the distance between each
ell to be predicted and the inferred centroids (training data),
ather than between all cells, the final implementation looks like 

a = ( m train ∗ p train ) x 
(
m predict ∗ p predict 

)T 
, 

b = ( ( 1 − m train ) ∗ p train ) x 
(
m predict ∗ p predict 

)T 
, 

c = ( m train ∗ p train ) x ( ( 1 − m predict ) ∗ p predict ) 
T 
. 

SNPs may be filtered to reduce computational cost. We provide
dditional data to show robustness to subsetting to SNPs within
ost commonly expressed genes ( Supplementary Fig. S5 ). VarTrix

 37 ] was used in consensus mode to call SNPs in single cells with
efault settings. High-confidence cells were determined using de- 
uxmix with an acceptance threshold of 0.75. Classes of cells de-

oted as uncertain, negative, or doublet were then predicted using
earest neighbors. 

atasets 

ingle-cell RNA sequencing of renal cell cancer 
ataset 
ingle-cell RNA-seq experiments were performed by the Brigham 

nd W omen’ s Hospital Center for Cellular Profiling. Sorted cells
ere stained with a distinct barcoded antibody (Cell-Hashing an- 

ibody, TotalSeq-C; Biolegend). After washing, the stained cells 
er e r esuspended in 0.4% bovine serum albumin in phosphate-
uffered saline at a concentration of 2,000 cells per μL, then
oaded onto a single lane (Chr omium c hip K; 10X Genomics), fol-
o w ed b y enca psulation in a lipid dr oplet (Single Cell 5 ′ kit V2; 10X
enomics), follo w ed b y cDN A and libr ary gener ation according to

he manufacturer’s protocol. A 5 ′ mRNA library was sequenced 

argeting an average of 50,000 reads per cell, and a protein (hash-
a gs) libr ary was sequenced to an av er a ge of 15,000 r eads per cell,
ll using Illumina Novaseq. 

imula ted da tasets 

ata preparation 

round truth was obtained from a multiplexed renal cell cancer
xperiment by a ppl ying dem uxmix [ 24 ] with a high acceptance
hr eshold to gener ate a list of barcodes associated with each sam-
le . From this , an individual bam file was generated per group us-

ng subset-bam [ 38 ], which formed the basis for SNP simulation. 

NP simulation 

or the aligned reads, we followed the simulation strategy of We-
er et al. [ 14 ] le v er a g ing samtools [ 39 ]. Briefly, beg inning with a
ingle bam file per biological sample, a suffix was added to each
ell barcode to identify cells from that group. The bam files were
hen mer ged. To sim ulate doublets, a lookup file was generated
her eby r andoml y selected barcodes from a fixed number of cells
er e eac h r enamed to the barcode fr om a differ ent cell. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae090#supplementary-data
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ashing simulation 

ow-quality hashing/uncertain cells wer e r emov ed as part of the
ata pr epar ation step. Using the same lookup file generated in
he pr e vious step, RNA and hashing counts for each doublet
air described in the lookup file wer e mer ged, and the sum of
heir r espectiv e RNA and hashing counts was r etained. To r epli-
ate low-quality hashing data, the hashing signal was scaled
own. 

P er cent simulated doublets included both single-sample and
ultisample doublets. For the purposes of measuring demulti-

lexing performance, single-sample multiplets were considered
inglets and multisample multiplets considered doublets, as de-
 ultiplexing methods ar e onl y ca pable of identifying m ultisam-

le doublets, and single-sample doublets are indistinguishable
rom true singlets. Data simulation steps and analysis are in-
or por ated into an adaptable and reproducible Nextflow [ 40 ]
ipeline. 

emultiplexing summary statistics 

umber of singlets , doublets , negatives , their percentages , and
umber of multiplexed samples w ere recor ded from 14 recent
atasets from the Harvard T.H. Chan School of Public Health
ioinformatics Cor e. Hashing dem ultiplexing was carried out
sing HTODem ux. SNP dem ultiplexing was carried out using
r eem uxlet. 

enchmarking methods 

ouporcell [ 12 , 26 ] was applied to the case study and simulated
atasets using 1000 Genomes common variants [ 10 ], skipping
 ema pping with default par ameters. For dir ect comparison in sim-
lated benchmarking, the filtered SNP list, as generated by soupor-
ell, was used as input for demuxSNP. cellhashR [ 20 , 21 ] “Gener-
teCellHashingcalls” was used to accommodate use of multiple
lgorithms [ 4 , 20 , 22 , 24 ] and ensure consistency acr oss pr epr o-
essing. 

enal cell cancer case study 

em uxSNP was a pplied using common variants from 1000
enomes with > 5% fr equency filter ed to SNPs located within

he top 100 commonly expressed genes. souporcell was applied
sing default parameters and common variants supplied from
000 Genomes common variants with > 5% frequency. Hashing
ata were normalized using the centered log ratio method from
ormalizeData() and demultiplexed using HTODemux with de-

ault parameters. Low-quality cells were determined as those with
ewer than 1,500 UMIs (unique molecular identifiers) per cell and
,000 genes per cell. 

Visualization of SNP profiles within and between gr oups pr o-
ided a useful assessment of whether misassigned cells are
resent in the data. Plotted as a heatmap, distinct SNP pro-
les a ppear ed within gr oups. Quantifying the genetic v ariability
ithin each assigned group allo w ed for assessment of the de-
 ultiplexing r esults. We used the “vegdist” function from the
 egan [ 41 ] pac ka ge to calculate the binary J accar d distance be-
ween cells within the same assigned group. Homogeneous groups
containing mostly cells from a single sample) a ppear ed uni-

odal, wher eas gr oups containing misassigned cells from differ-
nt groups were more heterogeneous and appeared multimodal. 

Plots were generated using ComplexHeatmap [ 42 ], ggpubr [ 43 ],
nd ggalluvial [ 44 ]. 
vailability of Source Code and 

equirements 

. Bioconductor: 

roject name: demuxSNP 
r oject homepa ge: https://doi.or g/doi:10.18129/B9.bioc.
emuxSNP [ 27 ] 
perating system(s): Windows, MacOS, Linux 
r ogr amming langua ge: R 

ther r equir ements: VarTrix 
icense: GNU GPL 3.0 
iotoolsID: demuxSNP 
RID: SCR_025,703 
OI: https:// doi.org/ doi:10.18129/ B9.bioc.demuxSNP 

. Workflow: 

roject name: demux-doublet-simulation 

r oject homepa ge: https://w orkflo whub.eu/w orkflo ws/1160 [ 18 ] 
perating system(s): Linux 
r ogr amming langua ge: Nextflow, Bash, R 

ther Requirements: Nextflow, Slurm Workload Manager, Envi-
onment Modules, Apptainer, Conda 
icense: Cr eativ e Commons 4.0 
OI: https:// doi.org/ 10.48546/ w orkflo whub.w orkflo w.1160.2 

. GitHub for software: 

roject name: demuxSNP 
r oject homepa ge: https:// github.com/ mic haelpl ync h/
em uxSNP/tr ee/main [ 45 ] 
perating system(s): Windows, MacOS, Linux 
r ogr amming langua ge: R 

ther r equir ements: N/A 

icense: GNU GPL 3 
ID:swh:1:snp:277a881b370531cd76c6e2235be60e3fb23f2b87 

. GitHub for benchmarking datasets: 

roject name: demuxSNP-benchmarking-datasets 
r oject homepa ge: https:// github.com/ mic haelpl ync h/
em uxSNP-benc hmarking-datasets [ 46 ] 
perating system(s): Windows, MacOS, Linux 
r ogr amming langua ge: R 

ther r equir ements: N/A 

icense: GNU GPL 3 
ID: swh:1:snp:430acb307f302cec54e28fd1f3a086930b14f517 

. GitHub for figures: 

roject name: demuxSNP-paper-figures 
r oject homepa ge: https:// github.com/ mic haelpl ync h/
em uxSNP-pa per-figur es [ 47 ] 
perating system(s): Windows, MacOS, Linux 
r ogr amming langua ge: R 

ther r equir ements: N/A 

icense: GNU GPL 3 
ID: swh:1:snp:b0395ee3802e07f0a3b5142f9bb1fcffa42c64de 

dditional Files 

upplementary Fig. S1. Alluvial plot comparing ground truth with
ouporcell and demuxSNP assignment at 45% doublets. 
upplementary Fig. S2. HTOreader cluster assignment. 
upplementary Fig. S3. Doublet assignment considerations. 
upplementary Fig. S4. Distance heatmap for HTODemux Nega-
ive and Hashtag2 groups. 

https://doi.org/doi:10.18129/B9.bioc.demuxSNP
https://scicrunch.org/resolver/RRID:
https://doi.org/doi:10.18129/B9.bioc.demuxSNP
https://workflowhub.eu/workflows/1160
https://doi.org/10.48546/workflowhub.workflow.1160.2
https://github.com/michaelplynch/demuxSNP/tree/main
https://github.com/michaelplynch/demuxSNP-benchmarking-datasets
https://github.com/michaelplynch/demuxSNP-paper-figures
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Supplementary Fig. S5. Accur acy for dem uxSNP and souporcell 
depending on number of genes used to subset SNP list. 
Supplementary Table S1. Demultiplexing summary statistics for 
a sample of 14 datasets. 
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scRN A-seq: single-cell RN A sequencing; SNP: single-nucleotide 
pol ymor phism; ARI: adjusted Rand index; QC: quality control; 
UMI: unique molecular identifier. 
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