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Abstract 

Single-nuclei RNA sequencing remains a challenge f or man y human tissues, as incomplete remo v al of back ground signal masks cell-type-specific 
signals and interferes with downstream analyses. Here, we present Quality Clustering (QClus), a droplet filtering algorithm targeted to w ard 
challenging samples. QClus uses additional metrics, such as cell-type-specific marker gene expression, to cluster nuclei and filter empty and 
highly contaminated droplets, providing reliable filtering of samples with varying number of nuclei and contamination le v els. In a benchmarking 
analysis against seven alternative methods across six datasets, consisting of 252 samples and o v er 1.9 million nuclei, QClus achie v ed the highest 
quality in the greatest number of samples o v er all e v aluated quality metrics and recorded no processing failures, while robustly retaining numbers 
of nuclei within the expected range. QClus combines high quality, automation and robustness with flexibility and user-adjustability, catering to 
div erse e xperiment al needs and dat asets. 
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Introduction 

Single-cell RNA sequencing is a powerful tool for understand-
ing the complex transcriptomes of heterogeneous cell popula-
tions ( 1 ,2 ). Single-nuclei RNA sequencing (snRNA-seq) uses
the same principle, but isolates nuclei instead of cells ( 1 ). Both
methods are growing in use and popularity in biomedical re-
search ( 3 ); however, snRNA-seq is particularly well suited for
solid and frozen tissues, as well as for more challenging tis-
sues, such as the human heart. In these tissues, the whole cells
may be difficult to isolate or the use of the single-cell approach
may lead to biased cell yields due to the differences in cell sizes
between the tissue cell populations [e.g., cardiomyocyte (CM)
and non-cardiomyocyte (non-CM) populations in the heart]
( 4 ,5 ). 

Droplet-based snRNA-seq works by encapsulating single
nuclei in droplets, where each droplet contains RNA from one
nucleus. However, ambient RNA contamination, such as cy-
toplasmic or cell-free RNA from the input solution, can con-
taminate the droplets. This is a significant concern for solid
tissues, leading to misidentification of cell types and states ( 6 ).
For example, in the human heart, CMs, the contractile units
of the heart, are tightly bound together ( 7 ), large in size, with
high mitochondrial count, and they produce high amounts of
transcripts due to their size and metabolic activity ( 8 ), which
can lead to more cell debris and cytosolic RNA in the nu-
clei suspensions (Figure 1 A) and the resulting droplets ( 8 ,9 ).
This can result in mistaken interpretation of gene expression
patterns ( 6 ), especially when CM transcripts are confused for
genuine signals from other cell types. Such complications ne-
cessitate rigorous quality control in snRNA-seq workflows. In
addition to heavily contaminated droplets, accurate exclusion
of empty droplets is pivotal to avoid bias and ensure accuracy
of the subsequent analyses ( 10 ). 

Conventional methods for empty droplet removal in
snRNA-seq often combine Unique Molecular Identifier (UMI)
distribution filtering [generally included in preprocessing pro-
grams, such as 10X Genomics Cell Ranger ( 11 )] and mito-
chondrial percentage-based filtering ( 6 , 10 , 12–15 ). These tech-
niques rely on a clear distinction between empty and nuclei-
containing droplets, which is typically true for samples with
average contamination levels. However, in several tissue types,
including the heart, elevated cytoplasmic contamination lev-
els render standard removal methods inadequate ( 6 ). Recently,
multiple snRNA-seq atlases have been shown to include clus-
ters of low quality (defined by high splicing levels), demon-
strating the need for improved quality control methods ( 16 ).
Recognizing this, recent years have seen the advent of bioin-
formatics tools aimed at identifying empty and highly con-
taminated droplets for removal or modeling contamination
and correcting the expression count matrix directly ( 6 , 10 , 17–
19 ). Studies highlight the importance of splicing information
( 6 ) and nuclear gene expression ( 20 ), in addition to the pre-
viously established metric that is mitochondrial gene expres-
sion. This suggests that droplet filtering methods could use
a combination of these metrics to remove empty and highly
contaminated droplets. 

In this study, we focused on determining the most effec-
tive method of droplet filtering in extensive datasets of chal-
lenging samples with minimal manual input, using human car-
diac tissue data as an example. After reviewing current meth-
ods ( 6 , 9 , 10 , 17–19 , 21 ) and testing them on heart snRNA-seq
data, we opted for a new approach to improve data quality
by contamination-based droplet filtering. Our primary objec- 
tive was to develop a method that reliably and automatically 
works for large datasets, even when such datasets demon- 
strate high inter-sample variability. We sought to construct a 
method that needed minimal manual input and no sample- 
level parameter tuning. To this end, we developed a quality 
clustering algorithm, QClus, an innovative droplet filtering 
method that employs unsupervised clustering of general as 
well as cell-type-specific quality metrics. QClus, when com- 
pared with standard practices and prior algorithms, showed 

enhanced results across samples. It was specifically designed 

for nuclei calling instead of count decontamination, as our 
goal was to ensure the accurate identification of individual 
nuclei in the dataset, rather than attempting to filter or ad- 
just the expression counts of detected transcripts. By focus- 
ing on nuclei calling, we aimed to lay a foundation for sub- 
sequent analyses, ensuring that any interpretations or insights 
derived from the data would be based on correctly identified 

cellular components. By ensuring more dependable datasets,
our methodology may help offer deeper insights into tissue 
biology. 

Materials and methods 

Datasets and preprocessing 

For the four external datasets, the FASTQ files from 

each sample were downloaded from their respective repos- 
itory. The Hill et al. ( 22 ) and Koenig et al. ( 23 ) data
were obtained from GEO (respectively GSE203275 and 

GSE183852). The Litvi ̌nuková et al . ( 5 ) dataset was ob- 
tained from ENA ( https:// www.ebi.ac.uk/ ena/ browser/ view/ 
PRJEB39602 ). The Chaffin et al. ( 24 ) data were obtained 

from dbGaP ( https:// www.ncbi.nlm.nih.gov/ projects/ gap/ cgi- 
bin/study.cgi?study _ id=phs001539.v1.p1 ) with proper autho- 
rizations. The CAREBANK and PERIHEART data originate 
from Linna-Kuosmanen et al. ( 33 ) ( https:// doi.org/ 10.5281/ 
zenodo.10822323 ). 

More information about the datasets, their experimental 
processing and the patient’s conditions, can be found in their 
respective papers ( 5 , 22–24 , 33 ). 

All samples from each dataset were processed in parallel 
using a dedicated high-performance computing cluster in our 
laboratory, managed via the SLURM workload manager. 

Package versions were as follows: 

• CellBender 0.2.2; 
• Velocyto 0.17.17; 
• Scanpy 1.9.2; 
• SampleQC 0.6.6; 
• DIEM 2.4.1; 
• Celda 1.14.1 for the use of DecontX; 
• DropletQC 0.0.0.9000; and 

• EmptyNN 1.0. 

Cell Ranger v7 ( 11 ) was run for all samples, with default 
parameters, and the GRCh38 reference file provided. Then,
Velocyto ( 25 ) was run using the run10X-command, providing 
as input, in addition to the Cell Ranger output, the genome an- 
notation file from the Cell Ranger GRCh38 reference genome.
In addition, as advised by the Velocyto tutorial, the repeat re- 
gions were masked and a repeat masker file was downloaded 

from UCSC genome browser, and provided as input. 

https://www.ebi.ac.uk/ena/browser/view/PRJEB39602
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs001539.v1.p1
https://doi.org/10.5281/zenodo.10822323
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Figure 1. Modeling ambient RNA contamination using general as well as cell-type-specific quality metrics in human heart snRNA-seq data. ( A ) Tightly 
connected CMs in living human cardiac tissue (left panel) and nuclei (post isolation), containing significant amounts of debris and contamination (right 
panel). ( B ) General as well as cell-type-specific metrics for modeling contamination that is heavily contributed to by CMs. ( C ) Density-colored plots of the 
metrics comparisons for a single sample (CAREBANK, sample CB-S00). ( D ) Metrics across six datasets and 252 samples, showing high inter-sample and 
inter-dat aset variabilit y. Created in BioR ender [Linna-kuosmanen, S. (2024); https://BioR ender.com/j43n205 ]. 
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To benchmark the effectiveness of QClus against six previ-
usly published methods of nuclei filtering, in addition to an
dapted implementation of a decontamination method, each
ethod was run for all samples through a custom pipeline,
hich outputted the list of barcodes to keep. All methods, in-

luding QClus, were executed with their default parameters
henever possible, following available tutorials in their re-

pective documentation. Specific input was made only when
equired or to ensure consistency across comparisons. Details
bout specific parameter settings for each method are given
elow. As a base filter, Cell Ranger ( 11 ) default filtering (when-
ver a method did not specifically call for the unfiltered count
atrix as input), in addition to conservative thresholds of

ommonly used quality control (QC) metrics (total counts, to-
al genes and ‘mitochondrial percentage’), was applied. This
nsures applicability of the benchmark results. Exact values
or these thresholds are given in Supplementary Table S1 . 

The brain dataset was obtained from GSE243639 ( 26 ).
reprocessing was performed the same way as for the heart
atasets. 
The dataset was then processed using QClus default param-

ters with the following exceptions. First, ‘minimum_genes’
as set to 400 (based on the dataset distribution of that pa-
rameter). Second, since CMs are not present in the brain,
the ‘cytoplasm-enriched CM-specific gene expression fraction’
and ‘nuclear-enriched CM-specific gene expression fraction’
metrics were excluded. Third, the cell-type-specific marker
genes used to calculate the non-CM specific metric were up-
dated to reflect the different tissue type. We used gene sets
provided by the HuBMAP ( 27 ) Azimuth web application
( https:// azimuth.hubmapconsortium.org/ references/ ). Fourth,
since there is no CM cluster to identify, the k parameter for
k -means was set to three instead of four. Fifth, since there is
no CM cluster, the reference cluster for the outlier filter was
selected to be the cluster with the highest mean ’unspliced frac-
tion’ value. All other settings were set to default values. 

QClus 

Initial filter 
To remove droplets with poor QC metrics, the lower bound of
the number of detected genes is set at 500, the upper bound of
the number of detected genes at 6000 and the initial cutoff for
mitochondrial percentage to be 40%. The initial number of
detected genes parameter can be adjusted based on the overall

https://BioRender.com/j43n205
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://azimuth.hubmapconsortium.org/references/
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Clustering features: unspliced fraction 

After annotating reads as ‘spliced’, ‘ambiguous’ or ‘unspliced’
using Velocyto ( 25 ), a ‘fraction_unspliced’ metric is calculated
for each droplet. It is the total number of unspliced reads over
the total number of reads (spliced, unspliced and ambiguous)
in each droplet. 

We have also implemented our own method to calculate this
metric from the Cell Ranger ( 11 ) output, thus removing the
need to install and run Velocyto to run QClus. It is included
in our Python package and comes with its installation. 

Clustering features: mitochondrial percentage 
This metric corresponds to the percentage of reads align-
ing to the mitochondrial genome ( MT -ND1, MT -ND2, MT -
CO1, MT -CO2, MT -ATP8, MT -ATP6, MT -CO3, MT -ND3,
MT -ND4L, MT -ND4, MT -ND5, MT -ND6 and MT -CYB ), for
each droplet. The metric is calculated using the Scanpy ( 28 )
function calculate_qc_metrics on raw counts. 

Clustering features: nuclear fraction 

This metric corresponds to the fraction of reads aligning to the
following genes: MALA T1, NEA T1, FTX, FO XP1, RBMS3,
ZBTB20, LRMDA, PBX1, ITPR2, AUTS2, TTC28, BNC2,
EXOC4, RORA, PRKG1, ARID1B, PARD3B, GPHN,
N4BP2L2, PKHD1L1, EXOC6B, FBXL7, MED13L,
TBC1D5, IMMP2L, SYNE1, RERE, MBD5, EXT1 and
WWOX . These were chosen as they exhibit high correlation
with MALAT1 , which is known to be highly expressed
in the nucleus. The metric is calculated using the Scanpy
function calculate_qc_metrics () on logarithmized counts.
Logarithmization is performed using the Scanpy function
log1p (). 

Clustering features: nuclear CM marker genes 
A set of genes found to be specifically expressed in CMs,
but absent from ambient RNA contamination were selected
as highly expressed in CM nuclei: RBM20, TECRL, MLIP,
CHRM2, TRDN, PALLD, SGCD, CMYA5, MYOM2, TBX5,
ESRRG, LINC02248, KCNJ3, TACC2, CORIN, DPY19L2,
WNK2, MITF, OBSCN, FHOD3, MYLK3, DAPK2 and
NEXN . Droplets with a high level of expression of these
genes are expected to contain CM nuclei. The metric is calcu-
lated using the Scanpy function calculate_qc_metrics () on raw
counts. These genes were derived from cell-type marker dis-
covery from https://www .biorxiv .org/content/10.1101/2021.
06.23.449672v2.abstract (see supplementary figures for vio-
lin plots showing the genes in question and their specificity). 

Clustering features: cytoplasmic CM marker genes 
A set of genes found to be specifically expressed in CMs,
but present in high level from ambient RNA contam-
ination were selected as highly expressed in CM cyto-
plasm: TTN, RYR2, PAM, TNNT2, RABGAP1L, PDLIM5,
MYL7 and MYH6 . The metric is calculated using the
Scanpy function calculate_qc_metrics () on raw counts.
These genes were derived from cell-type marker discov-
ery from https://www .biorxiv .org/content/10.1101/2021.06.
23.449672v2.abstract (see supplementary figures for violin
plots showing the genes in question and their specificity). 

Clustering features: cell-type-specific fractions 
For each of the 11 remaining cell types, a set of genes
was selected as markers of these cell types from Wilcoxon
rank sum test differential expression analysis ( Supplementary 
Table S1 ). The fraction of reads aligning to those sets of 
genes was calculated for each droplet, using the Scanpy func- 
tion calculate_qc_metrics () on raw counts. Next, for each 

droplet, the maximum value out of those 11 metrics was se- 
lected. These genes were derived from cell-type marker dis- 
covery from https://www .biorxiv .org/content/10.1101/2021. 
06.23.449672v2.abstract . 

Clustering method 

Once the clustering features have been computed for the re- 
maining nuclei, the features are scaled using the MinMaxS- 
caler function implemented in the scikit-learn ( 29 ) package.
Next, the k -means algorithm was used, as implemented in the 
scikit-learn package, to partition the nuclei into four clusters,
using all six clustering features. By default, the cluster demon- 
strating the lowest mean value of ‘unspliced fraction’ is re- 
moved, as this cluster is predicted to contain empty droplets.
However, the user can choose to remove any number of clus- 
ters. The default number of clusters is four, but that number 
can be changed to adapt the software to different contami- 
nation profiles ( Supplementary Figure S1 ). The list of cluster- 
ing features can also be modified, to allow for adaptation of 
QClus for other tissue types than heart (as exemplified in the 
brain dataset that we process). 

Outlier filtering 
Filtering threshold values are calculated for the fraction of ‘un- 
spliced reads’ in addition to mitochondrial percentage, based 

on the distribution of these metrics in the r non-CM clus- 
ter, defined as the cluster with the highest mean value for the 
pct_counts_nonCM metric. The unspliced fraction threshold 

is chosen as the lower quartile minus 0.1. The mitochondrial 
percentage threshold is chosen as the upper quartile plus 5%.
These values can be adjusted by the user. Droplets are then 

filtered out if they go beyond these thresholds in both met- 
rics (below the threshold for unspliced fraction and above for 
mitochondrial percentage). 

Doublet removal 
The Scrublet algorithm is used in each sample, and droplets 
whose doublet score exceeds 0.1 are removed. This filters out 
both doublets and highly contaminated droplets, whose dis- 
tribution can resemble doublets ( Supplementary Figure S2 ). 

Other methods 

Traditional threshold filtering based on QC metrics only 
As a baseline, we employed standard QC filtering (thresh- 
old filtering) that is routinely run in snRNA analysis, and of- 
ten not accompanied by more filtering methods. Metrics used 

were mitochondrial percentage, total counts and total genes.
The exact threshold values utilized were set based on the de- 
tails given in the respective studies and can be reviewed in 

Supplementary Table S2 . 

DIEM 

DIEM ( 6 ) is a droplet filtering method that is based on a model 
of RNA expression, taking into account contamination and 

cell-type-specific patterns, using a multinomial distribution.
The initialization phase requires users to set a stringent count 
threshold based on a barcode rank plot, subsequently tagging 
nuclei below this threshold as debris, meaning they are ex- 

https://www.biorxiv.org/content/10.1101/2021.06.23.449672v2.abstract
https://www.biorxiv.org/content/10.1101/2021.06.23.449672v2.abstract
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://www.biorxiv.org/content/10.1101/2021.06.23.449672v2.abstract
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
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ected to represent the profile of ambient RNA contamina-
ion. Using the expectation-maximization algorithm, DIEM
etermines model parameters. Each droplet receives a score
eflecting its expression of genes attributed to the debris set,
nabling users to implement further filtration based on the de-
ris score. The debris score was calculated using default set-
ings and a debris score cut-off of 0.5, which is the default
alue, was set to filter out empty and highly contaminated
roplets. 

odified DecontX 

econtX ( 21 ) employs a Bayesian framework to decipher the
istribution of background contamination and ascertain con-
amination levels in each droplet. This model is then used to
emove contamination from the gene expression matrix. In
his study, we focus on droplet filtering and not decontam-
nation per se . Thus, the contamination score derived from
econtX results was used to filter droplets. Droplets that had
 contamination score of more than 0.43 were removed. The
hreshold was established to compare DecontX results with
Clus results, as it resulted in the same number of droplets
eing filtered out in the PERIHEART ( 30 ) dataset in both
ethods. 

mptyNN 

mptyNN ( 17 ) is a cell-calling algorithm to differentiate be-
ween droplets that contain cells and those that are empty or
ell-free. It utilizes a PU (Positive-Unlabeled) learning bagging
trategy, based on the idea that barcodes with very low total
ounts are likely to represent genuine cell-free droplets. 

ampleQC 

ampleQC ( 18 ) fits a Gaussian mixture model spanning mul-
iple samples, subsequently filtering outlier nuclei. The metrics
e used as inputs were counts, genes, mitochondrial percent-

ge and unspliced fraction. The ‘ k _all’ argument was set to
 k _all = 2’, which was observed to fit the data well in most
ases. The method suggests testing different values of that pa-
ameter between groups of samples. However, further opti-
ization is outside of the scope of our study, as it renders
enchmarking more subjective: we thus concentrate on fully
nsupervised methods, and setting parameters to their default
alue. 

ropletQC 

ropletQC ( 19 ) utilizes both splicing fraction and total de-
ected UMIs to discern among empty droplets, intact nuclei
nd contaminated nuclei. Estimated thresholds are employed
o identify nuclei positioned above or below these designated
alues. We executed the identify_empty_drops function of the
ackage to identify and remove empty droplets. 

ellBender 
ellBender ( 31 ) is a tool designed to decontaminate data by

onstructing a probabilistic model to differentiate between
rue biological counts and background noise in the observed
eature count matrix, using a deep generative model. CellBen-
er was run with the expected-cells parameter set to 5000, the
otal-droplets-included parameter set to 40 000, the fpr pa-
ameter set to 0.01 and the epochs parameter set to 150. Cell-
ender uses its modeling of contamination to identify empty
nd non-empty droplets, in addition to the decontamination
tself. This droplet selection feature was used for the bench-
marking. However, the contamination removal part of the
output was not used, and the original count matrix is used
to calculate quality metrics for benchmarking. 

Benchmarking 

After running each of the droplet filtering methods on all
samples, for all datasets, quality metrics were calculated at
the sample-level. Standard scaling was performed with Stan-
dardScaler from scikit-learn to standardize quality metrics
for each unique sample. Each piece of sample data was iso-
lated and scaled independently. Embeddings for each sample–
method combination were constructed using Scanpy, using
standard dimension reduction and embedding procedures, as
laid out in the Scanpy tutorial. The sc.pp.filter_genes func-
tion filtered genes in the AnnData object present in < 10 nu-
clei. Subsequently, highly variable genes were identified us-
ing the sc.pp.highly_variable_genes function with parameters
min_mean = 0.005, max_mean = 5 and min_disp = 0.5.
The dataset was then narrowed down to these highly variable
genes. Data corrections for total counts and the percentage
of mitochondrial counts were applied with sc.pp.regress_out.
The sc.pp.scale function scaled the data to a maximum value
of 10. 

Results 

Description of datasets 

To understand how contamination is distributed in snRNA-
seq data, we set out to explore the distribution of the known
contamination metrics, such as mitochondrial percentage, as
well as to develop novel metrics specific to the tissue type of
interest (e.g. human heart tissue) that could be used during the
quality control step of the workflow. 

To explore the distribution of contamination metrics in hu-
man heart snRNA-seq datasets and benchmark droplet filter-
ing methods, we collected six datasets. They consisted of four
external datasets and two datasets of our own. The Chaf-
fin et al. ( 24 ) data comprise 95 samples from the left ven-
tricles of 11 patients with dilated cardiomyopathy, 15 with
hypertrophic cardiomyopathy and 16 control hearts. The Hill
et al. ( 22 ) data provide 30 samples from nine pediatric pa-
tients with congenital heart disease and four control hearts.
The Koenig et al. ( 23 ) data include 35 samples from the left
ventricles of 17 patients with dilated cardiomyopathy and 28
control hearts. The Litvi ̌nuková et al. ( 5 ) data have 42 sam-
ples from six anatomical cardiac regions from seven healthy
hearts. Our own two datasets originate from our previous
study, Linna-Kuosmanen et al. ( 30 ), including 50 right atrial
appendage samples, from 15 patients with ischemic heart dis-
ease, nine with myocardial infarction, 11 with ischemic heart
failure, three with non-ischemic heart failure and 10 control
patients. These samples originate from the CAREBANK and
PERIHEART datasets. 

Description of contamination metrics 

Two well-established universal snRNA-seq contamination
metrics are the unspliced and mitochondrial percentage (Fig-
ure 1 B). As the names suggest, the unspliced fraction measures
the fraction of unspliced reads observed in the droplet and
the mitochondrial percentage measures the fraction of reads
originating from mitochondrial genes. Given the higher num-
ber of unspliced transcripts in the nucleus compared with cy-
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toplasm, the metric tied to it is anticipated to show an in-
verse correlation with contamination, whereas mitochondrial
pecentage is expected to positively correlate with contamina-
tion, as mitochondria are only present in the cell cytoplasm.
Both metrics have been established and utilized in previous
research to measure ambient RNA levels ( 6 , 15 , 18 , 19 ). Ex-
pectedly, our findings in the heart data confirmed a strong
negative correlation between the two metrics (Figure 1 C),
and the Uniform Manifold Approximation and Projection
(UMAP) plots of the samples showed a central cluster exhibit-
ing high levels of mitochondrial and low levels of unspliced
fraction ( Supplementary Figure S3 ), corresponding to putative
empty and highly contaminated droplets, thereby confirming
the value of these metrics for measuring ambient RNA levels.

The third metric used in our study was the ‘nuclear frac-
tion’ (Figure 1 B), which represents a nuclear-enriched gene ex-
pression fraction ( 6 ,19 ). MALAT1 produces a transcript that
localizes to nuclear speckles ( 32 ) and is believed to regulate
the distribution and activity of splicing factors within these
speckles. As nuclear-enriched genes possess a relative expres-
sion that should decrease in droplets with more cytoplasmic
RNA, this fraction is expected to be inversely correlated with
ambient RNA contamination in snRNA-seq. Consistent with
previous literature ( 20 ), we observed positive correlation with
unspliced fraction and negative correlation with mitochon-
drial percentage for the metric (Figure 1 C). 

CMs as a source of contamination 

CMs, one of the most abundant cell types in cardiac tissue,
possess a high RNA content in their cytoplasm due to their size
and function. Accordingly, we observed CM-expressed genes
to account for an important amount of the ambient RNA con-
tamination in the samples ( Supplementary Figures S4 and S5 ).
Thus, we hypothesized that some of these genes could be used
as contamination metrics, provided that the method would
not falsely filter out real CM nuclei. 

To take this into account, we first needed to define a met-
ric that would help us to distinguish CMs from non-CMs.
Droplets that contain a single non-CM nucleus will have high
levels of gene expression corresponding to marker genes from
the non-CM cell type. We thus defined a metric called ‘non-
CM-specific gene expression fraction’ (Figure 1 B), represent-
ing the fraction of reads aligning to the most highly expressed
non-CM marker gene set (details, including the definitions of
gene sets, described in methods). Furthermore, we observed
that genes that were specific to other cell types than CMs con-
tributed to contamination at a much lower level than CMs
( Supplementary Figure S5 ). A droplet that was enriched in
one of the gene sets constituted by cell-type-specific marker
genes was very likely to contain a nucleus of that cell type,
instead of being empty. It was also less likely to be highly con-
taminated, since that would drive down this percentage. We
confirmed this by the correlations with unspliced fraction and
mitochondrial percentage in Figure 1 C. 

Droplets that contain a single CM nucleus are expected
to display a high level of CM-specific gene expression. How-
ever, it can be difficult to distinguish true, high-quality CMs
from contaminated droplets (either empty or containing a CM
or non-CM nucleus) due to the high level of expression of
CM-specific genes in the contamination. Interestingly, we ob-
served CM-specific genes diverging into two groups: those
contributing heavily to contamination and those contributing
less ( Supplementary Figure S6 ), putatively corresponding to 

cytoplasm- and nuclear-enriched genes, respectively. Derived 

from this observation, we then defined two additional met- 
rics: ‘cytoplasm-enriched CM-specific gene expression frac- 
tion’ and ‘nuclear-enriched CM-specific gene expression frac- 
tion’ (Figure 1 B) . Cytoplasm-enriched CM-specific gene ex- 
pression fraction can serve as a metric of contamination, as 
demonstrated by its strong correlation with mitochondrial 
percentage and negative correlation with unspliced fraction 

(Figure 1 C). Conversely, nuclear-enriched CM-specific gene 
expression fraction helped to distinguish true CM-containing 
droplets with low contamination from empty or highly con- 
taminated droplets that may still contain significant amounts 
of CM marker gene expression due to the high contri- 
bution of CM-specific genes to ambient background RNA 

(Figure 1 C). 

Contamination metric values vary within and 

between datasets before preprocessing 

After exploring and creating contamination metrics based on 

their specific distribution across droplets, we investigated their 
global distribution patterns across samples and datasets (Fig- 
ure 1 D) to establish an automated, universal filtering method.
We observed a wide range of values for the created met- 
rics within and across datasets, demonstrating the need for a 
method that automatically applies a flexible approach depen- 
dent on the sample-specific expression patterns and contam- 
ination levels. Full results for the mean values of the above 
quality metrics in unfiltered samples across the 252 samples 
can be found in Supplementary Table S3 . 

QClus efficiently removes empty droplets and 

highly contaminated nuclei 

To answer the need for an automated method that can handle 
sample-specific expression patterns and contamination levels,
we built QClus. QClus is centered on clustering droplets based 

on their defined quality metrics (Figure 1 C). In addition, it 
uses CM-specific and non-CM-specific gene expression pat- 
terns as well as nuclear and cytoplasmic gene expression frac- 
tions in the metrics to distinguish CM nuclei, non-CM nuclei,
highly contaminated droplets and empty droplets, further im- 
proving the clustering. The QClus pipeline is divided into five 
steps: 

Step 1 : Input data. The pipeline starts with data filtered by 
Cell Ranger (10X Genomics) ( 11 ), which attempts to remove 
empty droplets using an algorithm based on the EmptyDrops 
( 10 ) method (Figure 2 A). The Cell Ranger algorithm identi- 
fies low-RNA content cells in samples with mixed cell pop- 
ulations. It initially uses a UMI count-based cutoff to detect 
high-RNA content cells, followed by a detailed RNA profile 
analysis of remaining barcodes to separate actual cells from 

empty droplets. To illustrate this, we used a sample from the 
CAREBANK ( 30 ) dataset as an example. After Cell Ranger 
filtering, the nuclei were found in a star shape on the dimen- 
sion reduction map (UMAP), where all cell types seemed to 

originate from a common cluster. We hypothesized that the 
star center was composed of empty droplets and highly con- 
taminated nuclei, as the cell types in the adult human heart 
are differentiated and therefore expected to form independent 
clusters. This hypothesis is confirmed by the high level of mi- 
tochondrial percentage and low level of unspliced fraction in 

the star center ( Supplementary Figure S3 ). 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
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Figure 2. Ov ervie w of empt y and highly cont aminated droplet remo v al using QClus. T he UMAP progression sho ws sample CB-S00 from the 
CAREBANK dataset. ( A ) The QClus algorithm begins with the pre-filtered count matrix from Cell Ranger ( 11 ). ( B ) A conservative initial filter is applied to 
remo v e tail ends of known quality metrics. ( C ) General as well as cell-type-specific quality metrices are used for k -means clustering of droplets. The 
cluster displaying the lowest quality is removed by default. The user can choose to remove further clusters. ( D ) An outlier filter based on the underlying 
distribution of mitochondrial percentage and unspliced fraction. ( E ) Doublet filtering is applied to remo v e doublets as well as droplets exhibiting 
doublet-lik e e xpression due to the presence of a non-CM nucleus and CM-deriv ed ambient RNA. Created in BioR ender [Linna-kuosmanen, S. (2023); 
https:// BioRender.com/ f33a459 ]. 
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Step 2 : Initial filtering . The second filtering step removes
learly empty and low-quality droplets based on the detected
umber of genes and mitochondrial percentage, using high
hresholds. The gene-level filtering ensures that all nuclei have
nough genes to be of significant biological interest in the
ownstream analyses, whereas a high mitochondrial thresh-
ld is used to remove clear outliers (Figure 2 B). 
Step 3 : K -means clustering. In this step, the method cal-

ulates the six contamination metrics defined earlier (Figure
 B; details in ‘Materials and methods’ section). These val-
ues are then used as input for k -means clustering to identify
four clusters (Figure 2 C; Supplementary Figure S7 ): (i) non-
CM nuclei with low levels of contamination, low CM-specific
gene expression, both nuclear and cytoplasmic and high non-
CM-specific gene expression ( Supplementary Figure S8 ); (ii)
CM nuclei with low levels of contamination, high CM-specific
gene expression, both nuclear and cytoplasmic and low non-
CM-specific gene expression ( Supplementary Figure S9 ); and
(iii) highly contaminated nuclei ( Supplementary Figure S10 )
and (iv) empty droplets ( Supplementary Figure S11 ), both

https://BioRender.com/f33a459
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
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of which have high contamination, high cytoplasmic CM-
specific gene expression, low nuclear CM-specific gene expres-
sion and low non-CM-specific gene expression. The default
settings instruct QClus then to remove the empty droplets
cluster only, but the user can choose to also remove the
highly contaminated nuclei cluster, on a sample-by-sample ba-
sis ( Supplementary Figure S1 ). In most samples this step will
remove the highest number of droplets and show the most sig-
nificant improvements in sample quality. 

Step 4: Outlier filtering. The fourth filtering step removes
highly contaminated nuclei in a more adjustable manner by
identifying additional outliers based on the unspliced fraction
and mitochondrial percentage distribution within the sample
(Figure 2 D). In this process, outliers are selected and filtered
based on a threshold determined by quantiles of the distribu-
tion within the non-CM cluster, defined as the cluster showing
the highest level of the non-CM marker gene expression met-
ric. This stage identifies and excludes those nuclei that deviate
substantially from the expected distribution of the two met-
rics. It allows for a finer control over the quality and number
of retained nuclei. Our method proposes default parameters
for this step, used throughout the paper, which are meant to
provide balanced results. 

Step 5: Doublet filter. To finalize the filtering, our pipeline
uses the Scrublet ( 33 ) algorithm, which removes doublets.
However, in addition to removing doublets, the Scrublet algo-
rithm also removes highly contaminated nuclei in the heart,
as remaining highly contaminated nuclei can appear as dou-
blets (Figure 2 E). These pseudo-doublets are non-CMs that
have high levels of contamination ( Supplementary Figure S12 )
and also appear to contain CM-derived RNA ( Supplementary 
Figure S2 ). 

After QClus preprocessing, the final UMAP showed a clear
separation of the 11 major cell types observed in the illustrated
sample. No single metric alone predicted which nuclei were re-
moved and which were kept ( Supplementary Figure S13 ), con-
firming that our multi-metric approach taken during the qual-
ity control maximizes the biological signal for downstream
analyses. 

QClus outperforms other methods across multiple 

distinct quality metrics 

To test our hypothesis regarding the effectiveness and versatil-
ity of the QClus method, we performed a comparative analysis
of its performance against seven alternative droplet filtering
methods across the six heart snRNA-seq datasets. QClus was
run without the doublet filtering step to provide a fair com-
parison against other methods which do not include doublet
filtering. In addition, QClus was set to its default parameters
regarding Step 3, removing only the empty droplet cluster in
this step ( Supplementary Figure S8 ), allowing for fully auto-
mated execution. Utilizing the six datasets, we selected four
distinct quality metrics for evaluation: unspliced fraction, mi-
tochondrial percentage, total counts and the number of genes
expressed (for full results, see Supplementary Table S4 ). For
each sample, the metrics were standardized across methods
(for full results, see Supplementary Table S5 ). This normaliza-
tion ensures the standardized comparison of the performance
of each method, across all samples. 

Across all four QC metrics, QClus displayed the highest
number of samples with the best result for that metric (Figure
3 A), outperforming other methods in 138 out of 252 samples
(54.76%) for unspliced fraction, in 116 samples (46.03%) 
for mitochondrial percentage, 78 samples (30.95%) for to- 
tal counts and 96 samples (38.10%) for the mean number of 
genes expressed per nuclei. 

Another important metric in the assessment of droplet fil- 
tering methods is the resulting number of kept nuclei. Due 
to the distribution of quality metrics across nuclei, a more 
stringent threshold decreases the number of nuclei and in- 
creases their quality. There is thus an inherent trade-off be- 
tween the number of nuclei retained and the quality achieved.
While retaining more nuclei can potentially enhance the rich- 
ness of the dataset, it might do so at the expense of quality,
which could lead to noise or false conclusions. Conversely,
being overly stringent might result in the omission of high- 
quality nuclei, thereby limiting the scope of insights that could 

be drawn. Investigation of this aspect across the datasets and 

methods revealed that QClus, although retaining fewer nu- 
clei compared with some methods, such as EmptyNN ( 17 ),
DropletQC ( 19 ) and SampleQC ( 18 ), remains within the ex- 
pected range for nuclei retention across various datasets (Fig- 
ure 3 B). In addition, compared with other methods, the nuclei 
retention counts appeared more stable. Given the consistent 
nature of experimental procedures within each dataset, large 
fluctuations of nuclei retention could be indicative of less re- 
liable filtering. 

To further benchmark and compare the eight preprocessing 
methods, we established criteria that, when fulfilled, would 

indicate a processing failure—i.e. an unacceptable result for 
the respective sample. The method-wise numbers on how 

many samples failed for each rule are shown in Figure 3 C 

and Supplementary Table S6 . The first criteria we consid- 
ered was ‘low nuclei count’, which flagged cases where a 
considerably greater number of nuclei of comparable qual- 
ity could have been retained, i.e. any method that retained 

< 3000 nuclei for a particular sample, while another method 

was able to retain over four times as many nuclei with an 

unspliced fraction within 10% for the same sample. Twenty 
sample–method cases fell into this category. These failures 
were spread across DIEM ( 6 ) (13 samples), EmptyNN ( 17 ) 
(six samples) and SampleQC ( 18 ) (one sample). An example 
from the Hill et al. ( 22 ) dataset is shown in Figure 3 D, where
SampleQC retained 147 nuclei, while QClus was able to re- 
tain 12 870 good-quality nuclei (another example can be seen 

in Supplementary Figure S14 ). 
The second criterion we considered was ‘high nuclei count’,

which flagged samples that retained more than 30 000 nu- 
clei after preprocessing. Given the experimental design of the 
datasets, parameters of the preprocessing methods [such as 
the ‘expected cells’ parameter of CellBender ( 31 )] used in 

the publications, and observed ranges of retained nuclei in 

the original publications, samples were expected to contain 

between 3000 and 10 000 nuclei. Of the analyzed sample–
method combinations, 53 met this condition, signaling a fail- 
ure in quality control. These failures were distributed across 
six methods: Modified DecontX ( 21 ) (four samples), DIEM 

( 6 ) (six samples), DropletQC ( 19 ) (10 samples), EmptyNN 

( 17 ) (15 samples), traditional preprocessing (four samples) 
and SampleQC ( 18 ) (14 samples). For example, in a Hill et al.
( 22 ) sample (Figure 3 D), EmptyNN retained 78 639 nuclei,
while QClus retained 11 341 nuclei (another example shown 

in Supplementary Figure S14 ). 
The third criterion we used was ‘low quality’. A method was 

considered to have failed, when the median unspliced frac- 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
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Figure 3. Benchmarking QClus against alternative methods shows improved quality metrics and robust nuclei retention. ( A ) Comparison of achieved 
quality for six published methods and a control method with traditional quality metric threshold filtering (each sample is a datapoint). ( B ) Number of 
retained nuclei by method. ( C ) Failed samples by rule and dataset. ( D ) Three examples of failed samples by alternative methods compared against the 
same samples processed with QClus. The three samples are: Hill et al. , sample Hi_WU198RV_rep1 (top row), Hill et al. , sample Hi_WU13235_rep1 
(middle row) and CAREBANK sample CB-Q34 (bottom row). 
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ion for the retained nuclei of a method–sample combination
as < 0.3, and another method retained a greater number of
uclei from the same sample with a median unspliced frac-
ion of at least 0.2 higher. Thus, the same number of nuclei
f significantly higher quality could be identified using an al-
ernative method. Twenty-six sample–method combinations
ailed using this criteria, namely DIEM ( 6 ) (25 samples) and
ampleQC ( 18 ) (one sample). For example, in a CAREBANK
sample (Figure 3 D), DIEM retained 3645 nuclei with a mean
unspliced fraction of 0.22 and no clear cell-type separation
on the UMAP, while QClus retained 10 703 nuclei with an
unspliced fraction of 0.64 and clear separation (another ex-
ample shown in Supplementary Figure S14 ). 

Taken together, QClus outperformed other methods by
displaying the highest number of samples with the best re-
sults in quality while remaining within the expected range

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
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Figure 4. Comparison of CellBender and QClus processing. The sample is from the PERIHEART dataset, sample PH-V63. ( A and C ) UMAP and dotplot 
f or CellB ender processing of this sample. ( B and D ) UMAP and dotplot of QClus processing. Dot plots sho w the top three genes per L eiden group. 
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for nuclei retention across various datasets, with more sta-
ble nuclear retention counts compared with other meth-
ods. Based on the criteria for processing failures, only two
of the methods, QClus and CellBender ( 31 ), exhibited no
failures across any of the six datasets. However, while
CellBender processed samples passed the set failure crite-
ria, there were samples in which it did not perform well.
These same samples were found to be processed better with
QClus. In an example shown in Figure 4 , CellBender re-
sulted in low cell-type separation and expression signal (Fig-
ure 4 A and C), whereas after QClus, cell types were found
in higher abundance and balanced composition (Figure 4 B
and D). 

The versatility and effectiveness of QClus is 

confirmed in a brain dataset 

To illustrate that QClus performs in non-cardiac tissues
as well, we acquired a publicly available brain snRNA-seq
dataset, consisting of 28 samples. This dataset is composed
of ‘post-mortem’ tissue from 15 individuals with sporadic
Parkinson’s disease and 14 control subjects. Due to the lack of
CMs in brain tissue, the two CM-specific metrics (cytoplasm-
enriched CM-specific gene expression fraction and nuclear-
enriched CM-specific gene expression fraction) were omitted,
and cell type scores were calculated using adjusted gene lists
(details in the ‘Materials and methods’ section). 

Similar to heart samples, QClus successfully retained
high-quality nuclei while removing lower quality droplets
(Figure 5 A). Across all samples, retained droplets showed high
unspliced fraction and low mitochondrial percentage com-
pared with filtered droplets, although a significant variation
in sample quality was observed in the dataset prior to fil-
tering (Figure 5 B and C). The results showed that in low
pre-filtering contamination, very few droplets were removed
(Figure 5 B), whereas in high contamination (Figure 5 C),
the star-shape pattern familiar from the cardiac samples was 
seen, leading to large number of low-quality droplets be- 
ing removed. In both cases, the resulting UMAPs showed a 
good cluster separation in the final stage. Since all samples 
were run automatically with default parameters settings, this 
further demonstrates the ability of QClus to handle signifi- 
cant levels of variation in terms of quality without extensive 
supervision. Results for the brain dataset, with averaged val- 
ues for all quality metrics, can be found in Supplementary 
Table S7 . 

As with cardiac samples, we found that many samples in the 
brain dataset exhibited a very low-quality center of the star- 
shape. When plotting the space of contamination metrics on 

a UMAP, this would often be visible as a large cluster of near- 
zero unspliced fraction droplets ( Supplementary Figure S15 ). 

Discussion 

QClus is a droplet filtering method that is tailored to over- 
come unique challenges in snRNA-seq processing tissue- 
specifically. The benchmarking results advocate for specialized 

preprocessing, especially for samples that show high levels of 
background contamination. 

The strength of QClus lies in its ability to process heteroge- 
neous datasets in an automated way while adapting to varia- 
tions in sample characteristics, such as nuclei number, overall 
quality and contamination levels. The adaptability reduces the 
need for meticulous manual oversight required in other similar 
methods, and our benchmarking attests to the performance of 
QClus in unsupervised scenarios. The flexibility of the method 

allows the parameters of the algorithm to be tweaked glob- 
ally or at the level of individual samples, providing researchers 
with the opportunity to balance between nuclei retention and 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae1145#supplementary-data
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Figure 5. Evaluation of QClus performance in a brain dataset. ( A ) Box plots of contamination metrics by filter condition across all samples in the dataset. 
Mitochondrial percentage is truncated at the 90th percentile to remo v e the highest 10% of values for each metric for visualization purposes. ( B and C ) 
Example of QClus processing of two samples (left panel: sample SAMN37485439, right panel: sample SAMN37485434) exhibiting high quality (B) and 
low quality (C) prior to filtering. The first row shows a UMAP of the Cell Ranger -filtered count matrix. The left column shows the distribution of 
unspliced fraction and the right column shows which droplets QClus flagged for removal during processing. The second row shows UMAPs for the six 
clustering metrics. After all metrics are calculated for all droplets, the UMAP dimensions are calculated to visualize the clustering feature space. Left is 
the distribution of unspliced fraction and right is which droplets the QClus clustering filter flagged for removal. The third row shows the resulting UMAP 
of the count matrix after QClus-flagged droplets were removed. 
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ontamination control, based on the specific biological ques-
ions at hand. 

As the method is designed to work tissue-specifically, we
ocused here on one specific tissue type known to be chal-
enging, the human heart, and geared our approach toward
eart-specific features that our research corroborated. How-
ver, the method is adaptable to other tissue types by modify-
ng the list of marker genes or the input metrics, as demon-
strated by its performance in the brain dataset. This is es-
pecially important, as recent results from Montserrat-Ayuso
and Esteve-Codina ( 16 ) suggest that several published cell
atlases included large clusters of droplets that are likely to
be empty, but were not successfully removed during qual-
ity control. This leads to them being incorrectly annotated
as cell types, making further findings based on this data less
reliable and highlighting the need for a method that suc-
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cessfully removes these droplets. In addition to Montserrat-
Ayuso and Esteve-Codina ( 16 ), Clarke et al. ( 20 ) have ad-
vocated for the importance of MALAT1 expression thresh-
old for snRNA-seq QC. These studies provide further evi-
dence in favor of our approach, which uses these two met-
rics in addition to mitochondrial percentage as part of its QC
features. 

As QClus is specifically designed to function without su-
pervision and tailored for high-throughput datasets, where
manual intervention is not feasible, it is plausible that some
benchmarked methods would have shown enhanced perfor-
mance had they been given more manual adjustments tailored
to each sample. However, such a procedure would deviate
from our primary objective, which was to identify a method
that reliably and automatically works for extensive datasets
with minimal manual input. With the advent of novel tech-
niques, the decreasing cost of sequencing, and the generation
of larger datasets, there is an unmistakable demand for fully
automated methods that can efficiently handle large volumes
of data while maintaining accuracy and reliability. However,
the parameters of the method are fully customizable, allow-
ing it to be tailored to the needs of the user, if such need
arises. This is especially exemplified in the brain dataset, where
cell-type-specific features were easily adjusted to fit the tis-
sue type. Thus, our method works well unsupervised, but is
still fully adjustable if needed, each step being transparent and
interpretable. 

QClus, though effective, has room for growth. Account-
ing for contamination distributed within cell-type populations
might improve accuracy, given that we observe varying levels
even within non-CMs. Integrating QClus with a decontami-
nation algorithm, such as CellBender ( 31 ) or DecontX ( 21 ),
might further enhance its efficiency, establishing an integrated
solution that both filters and adjusts the count matrix. Thus,
the optimal strategy could involve a careful and balanced ap-
proach to both nuclei calling and decontamination. The spe-
cific choice and combination of methods and strategies might
be guided by the tissue type, cellular complexity and specific
questions asked in a study. 

In conclusion, challenging tissues, exemplified by cardiac
tissue in our study, highlight the need for tissue-specific pre-
processing methodologies that can handle large datasets con-
taining samples of varying qualities in an automated fashion.
The idiosyncrasies of contamination across different tissues
and even disorders demand tailored solutions. QClus emerges
as a potent tool for tissue preprocessing – as shown in car-
diac and brain tissues, with promising avenues for adaptation
to other tissue types – paving way for more precise, tailored
snRNA-seq analyses. 

Data availability 

Datasets for the external dataset, the FASTQ files from
each sample were downloaded from their respective repos-
itory. The Hill et al. ( 22 ) and Koenig et al. ( 23 ) data
were obtained from GEO (GSE203275 and GSE183852,
respectively). The Litvi ̌nuková et al. ( 5 ) dataset was ob-
tained from ENA ( https:// www.ebi.ac.uk/ ena/ browser/ view/
PRJEB39602 ). The Chaffin et al. ( 24 ) data were obtained
from dbGaP ( https:// www.ncbi.nlm.nih.gov/ projects/ gap/ cgi-
bin/study.cgi?study _ id=phs001539.v1.p1 ) with proper autho-
rizations. The CAREBANK and PERIHEART data origi-
nate from Linna-Kuosmanen et al. ( https:// doi.org/ 10.5281/ 
zenodo.10822323 ). The brain dataset was obtained from 

GSE243639 ( 26 ). QClus is a ready-to-use python package,
which is suited for integration with Scanpy processed single 
nuclei data. The current version of code, instructions to down- 
load and install the package, as well as tutorials can be found 

on GitHub ( https:// github.com/ linnalab/ qclus ). Additionally,
the code is also stored on Zenodo ( https:// zenodo.org/ doi/ 10. 
5281/zenodo.13773285 ). 
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Supplementary Data are available at NAR Online. 
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