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Abstract

Motivation: Single-cell sequencing data analysis requires robust quality control (QC) to mitigate technical artifacts and en-
sure reliable downstream results. While tools like alevin-fry and simpleaf (and augmented execution context for
the alevin-fry), offer flexibility and computational efficiency to process single-cell data, this ecosystem will further
benefit from a standardized QC reporting tailored for its outputs.

Results: We introduce QCatch, a Python-based command-line tool that generates comprehensive and interactive HTML
QC reports designed specifically for single-cell quantification results. Taking the output directory of alevin-fry or
simpleaf as the input, QCatch is able to perform essential processing steps, like cell calling, and generate detailed QC
reports that contain informative visualizations and statistics, including unique molecular identifier (UMI) count distribu-
tions, sequencing saturation estimates, and splicing status information, for QC assurance. Built for seamless integration
into downstream analysis workflows, QCatch exports the processed results in a richly-annotated H5AD format file, a
widely used data format common among many downstream single-cell data analysis tools.

Availability and implementation: The source code and documentation of QCatch are available on GitHub at https://

github.com/COMBINE-lab/QCatch. QCatch can be installed via both Bioconda and PyPI.

Introduction

Quality control (QC) of pre-processed data is a critical step in se-
quencing data analysis. It helps ensure data integrity by identify-
ing technical artifacts, failures and biases introduced during
sample preparation and library sequencing. This process is es-
pecially important in large-scale single-cell RNA-seq studies,
where data quality directly influences the accuracy and robust-
ness of downstream analyses.

As with most technologies, QC assessment in single-cell RNA
sequencing (scRNA-seq) typically relies on detailed, comprehen-
sive QC reports. While general-purpose QC tools exist (Hong
et al. 2022), many scRNA-seq processing tools include their own
reporting modules, enabling QC summaries that are tailored to
their specific quantification outputs. For example, Cell Ranger
(Zheng et al. 2017) generates a web-based QC report that
includes not only standard metrics but also highlights potential
issues by displaying warnings when signs of low-quality or failed

samples are detected for 10X Genomics assays. Recently, we de-
veloped a software ecosystem for single-cell data processing ap-
plicable for a wide range of UMI-based assays, accessible
through the simplified command-line interface provided by
simpleaf (He and Patro 2023). This ecosystem is built on top
of alevin-fry (He et al. 2022), a fast, accurate, and memory-
efficient tool for splice-aware quantification of single-cell se-
quencing data. By setting flags for splice-aware quantification,
alevin-fry separately reports spliced and unspliced tran-
script counts for genes, making it suitable for a wide range of
downstream analyses.

Despite the streamlined interface provided by simpleaf for
end-to-end raw data processing, and the excellent performance
of alevin-fry, and various backend tools such as piscem
(https://github.com/COMBINE-lab/piscem), salmon (Patro et al.
2017) and cuttlefish (Khan et al. 2022), this ecosystem currently
lacks a feature-rich post-processing module for QC reporting
and other essential tasks such as cell calling, sometimes also
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called empty droplet detection. This gap is particularly notable
when assessing splice-aware quantification results. Although
AlevinQC (https://github.com/csoneson/alevinQC), which was
designed for results produced by alevin (Srivastava et al. 2019),
has been extended to support some outputs from alevin-
fry, a more comprehensive and fully-integrated QC solution
tailored specifically to alevin- fry is still needed.

To meet the growing demand from our user community, we
have developed QCatch, an open-source, Python-based
command-line tool specifically designed to support a range of
post-processing tasks for quantification results generated by al -
evin-fry. As the newest addition to our single-cell software
ecosystem, QCatch fills an important gap in our single-cell data
analysis pipeline by performing essential processing steps includ-
ing cell calling. Furthermore, QCatch provides a comprehensive
set of QC metrics tailored for both traditional and splice-aware
quantification by alevin- fry, presented through easy-to-read
tables and interactive visualizations in the resulting QC report.

The open-source, modular architecture of QCatch promotes
transparency, ensures reproducibility, and enables usability and
adaptability across diverse single-cell sequencing datasets from
a wide range of UMI-based assays. Prioritizing usability and
comprehensiveness, QCatch produces visually intuitive, inter-
active QC reports that facilitate accurate evaluation of data
quality. These reports empower researchers to interpret quanti-
fication results with greater confidence, supporting more robust
biological conclusions. Designed with user-friendliness in mind,
QCatch accepts the output directory of either alevin-fry or
simpleaf as input and outputs both an HTML report and a
richly-annotated H5AD object (one of the most widely used on-
disk formats for single-cell data storage). This design choice
enables seamless integration with the scVerse ecosystem
(Virshup et al. 2023), which currently includes over 80 tools for
single-cell and spatial transcriptomics data analysis, such as
scanpy (Wolf et al. 2018).

Methods

Datasets

In this study, we applied QCatch to a publicly available dataset
of human peripheral blood mononuclear cells (PBMCs) obtained
from the 10X website at https://www.10xgenomics.com/data
sets/1-k-pbm-cs-from-a-healthy-donor-v-3-chemistry-3-standard-
3-0-0. This dataset comprises scRNA-seq data from 1k PBMCs iso-
lated from a healthy donor, generated using the Chromium
Single Cell 3’ Gene Expression v3 chemistry.

Design and implementation

QCatch is an open-source Python package available on GitHub
(https://github.com/COMBINE-lab/QCatch), and can be installed
via Bioconda (Gruining et al. 2018) or PyPI (https://pypi.org/proj
ect/qcatch/). Designed for command-line use, QCatch takes as
input a alevin-fry or simpleaf output directory to gener-
ate a comprehensive QC report by automatically locating the
quantification results and log files within that directory.
Furthermore, QCatch exports cell calling results to a modified

H5AD file or a user-specified output directory to facilitate down-
stream analysis.

Functionality

QCatch first loads the quantification results from the input direc-
tory to assemble an AnnData object using the pyroe package ver-
sion 0.9.0. The default count layer, X, contains the total UMI counts.
For splice-aware quantification results generated by alevin-fry,
in which spliced, unspliced and ambiguous UMI counts are
reported separately, QCatch generates the X layer using the sum
of all three types of UMI counts, and also stores them in different
layers, namely the S, U and A layers, respectively. Then, QCatch
parses the log information from the “quantification” and “generate
permit list” steps of alevin-£fry, using the respective log files.
This information is summarized in a tabular form under the “Log
info” section of the resulting QC report. If the input directory is gen-
erated by simpleaf version 0.19.3 or later, which exports the en-
tire data package as a H5AD file, QCatch will directly load the
H5AD file using the scanpy package (v1.10.4).

QCatch implements a customized cell calling algorithm
based on the methodology established in CellRanger. This algo-
rithm consists of two primary components: Order of Magnitude
(OrdMag) estimation and EmptyDrops (Lun et al. 2019). The
OrdMag-based method, inspired by a thorough discussion
with the EmptyDrops team (https://github.com/MarioniLab/
DropletUtils/issues/88), provides an initial estimate of the set of
high-quality, live cells present in the experiment, based on the
distribution of UMI counts of observed barcodes. Barcodes iden-
tified by this method are considered reliable, and are directly in-
cluded as the initial set of retained cells, bypassing the
subsequent filtering performed by EmptyDrops.

Specifically, the OrdMag method estimates the expected num-
ber of high-quality cells based on the distribution of UMI counts
across all observed barcodes. It samples a series of integer values,
¢ ={c5,c5,...,c2}, where each cj € ¢® represents a candidate
number of true cells. Given a full barcode list b, sorted in
descending order by UMI count, for each ¢, bk represents the top
¢, barcodes from b. From this subset, my is defined as the 99th
percentile UMI count. This value is then used to define a dynamic
cutoff for distinguishing true cells from background barcodes:

(1)

= Hb,— € b’count(b,—) > %}

where count(b;) denotes the number of UMIs associated with
barcode b;. In other words, ¢} represents the observed number
of true cells corresponding to the candidate value c;—that is,
the number of barcodes in b with UMI counts greater
than my/10.

Thus, for each candidate ¢, there is a corresponding ob-
served count ¢}, and the OrdMag method selects the expected
number of cells by minimizing the loss function:
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Subsequently, QCatch leverages a custom EmptyDrops im-
plementation (https://github.com/nh3/emptydrops) to call
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additional cells from all cells, excluding those in the primary set
identified by OrdMag, and those having a UMI count less than
500. It calls cells by distinguishing true cells from the ambient
RNA profiles using a multinomial model. The FDR threshold for
calling a barcode as a cell is either 0.01 or 0.001, depending on
the chemistry used. To note that, from the description, this
method mimics the behavior of CellRanger version 9.0.

A basic qualitative visual representation is made available via
UMAP (Mclnnes et al. 2018) and tSNE (van der Maaten and
Hinton 2008) to project the high-dimensional gene expression
data into a 2D space. To produce these visualizations, we adopt
a standard pipeline, implemented using scanpy with default set-
tings, which includes normalization, log transformation, selec-
tion of highly variable genes, and dimensionality reduction.
Potential doublets were identified using Scrublet (Wolock et al.
2019), which simulates artificial doublets by randomly summing
the gene counts of pairs of observed cells. A doublet score was
computed for each cell by constructing a k-nearest neighbor
graph and calculating the fraction of simulated doublets in its
local neighborhood. Cells with scores exceeding an automati-
cally determined threshold, derived from the bimodal distribu-
tion of simulated scores, were classified as doublets and
excluded. Only cells passing the cell calling step were included
in these visualizations, subject to optional doublet exclusion,
with no additional filtering applied. For interactive data visuali-
zation, we use Plotly version 6.0.0 (https://plotly.com/python/),
a powerful graphing library, to generate dynamic plots directly
from Python. These visualizations are exported as HTML compo-
nents that maintain full interactivity in any modern web
browser. We then use Beautiful Soup (https://www.crummy.
com/software/BeautifulSoup/) to parse HTML templates, per-
form DOM manipulation, and embed the necessary components
into predefined templates.

Results

To demonstrate its utility, we applied QCatch to a publicly-
available dataset comprising 1k human peripheral blood mono-
nuclear cells (PBMCs) from 10X Genomics. An overview of the
resulting quality control report is shown in Fig. 1, and the full in-
teractive version can be explored on the QCatch documentation
site: https://combine-lab.github.io/QCatch/. In the following
sections, we describe the procedure of assessing the quality of a
dataset using a QCatch report.

Summary statistics

The “Summary” section at the top highlights key QC metrics
commonly used in single-cell data, offering a quick overview of
overall data quality. The number of retained cells—estimated by
QCatch’s customized cell calling algorithm—should be close to
the number of cells originally loaded onto the kit. For high-
quality 10X Chromium 3’ data, this typically ranges from 500 to
20 000 cells. A much higher number may indicate a failure in the
cell-calling algorithm, often due to the presence of a large frac-
tion damaged or dead cells in the sample, which is likely indica-
tive of issues with sample quality or processing.

The number of processed cells refers to the total number of
corrected cell barcodes detected in the experiment. This num-
ber is typically around 150 000 for a 10X Chromium 3’ experi-
ment, independent of the number of cells loaded onto the kit. A
low number indicates an incomplete dataset, usually caused by
processing only a subset of the FASTQ files of an experiment.

The mean reads, median UMIs, and median genes detected
per retained cell reflect the sparsity of the data set and the
depth of sequencing from different perspectives. For high-
quality 10X Chromium 3’ datasets, we generally expect at least
20 000 reads per cell, resulting in thousands to tens of thou-
sands of UMIs and hundreds to thousands of detected genes,
depending on sequencing depth. As the sequencing depth
increases, the total number of detected genes should approach
the number of genes actually expressed in the sample. If these
numbers are too low, deeper sequencing may be required to de-
tect more genes. Similarly, sequencing saturation measures the
number of sequenced reads per UMIs. Lower saturation implies
that most reads come from distinct UMIs, suggesting potential
returns with deeper sequencing. In contrast, high saturation
indicates that deeper sequencing is not likely to help uncover
more unique UMIs and genes.

The mapping rate represents the percentage of reads that
align to the reference transcriptome. For splice-aware quantifi-
cation, this includes reads mapping to both spliced transcripts
and intronic regions. High-quality datasets typically have a map-
ping rate around 85-90%. A low mapping rate (e.g. below 60%)
may indicate a mismatch between the sample and the refer-
ence—often due to sample contamination or using an inappro-
priate reference transcriptome.

These metrics collectively allow users to assess the quality of
their data. For example, sample contamination or reference mis-
match are suggested by low mapping rates; dead or damaged
cells in the sample are suggested by an unexpectedly-high num-
ber of retained cells; Insufficient sequencing depth is suggested
by low vale of mean reads per cell, median UMIs per cell, or me-
dian genes per cell, and low sequencing saturation.

Visualizations in plots tab

In the Knee Plots section, we visualize both the ranked UMI
counts and the number of detected genes per cell for all
detected barcodes in descending order. In both plots, the x- and
y-axes are shown on a log10 scale for better clarity. For high-
quality data, we expect a sharp drop near the “knee” point,
which corresponds to the cutoff determined by the cell-calling
algorithm. This knee point separates the data into two distinct
populations: one representing high-confidence barcodes with
substantial read counts, and the other corresponding to poten-
tial empty droplets that may contain cell debris or ambient RNA,
separated by the sharp drop. On the contrary, data with com-
promised quality might have a knee plot without a clear drop. In
this case, in addition to high-confidence, live cells and empty
droplets, there might exist other cell populations with low qual-
ity, such as dead or damaged cells. These low quality cells might
be introduced in cell culturing or cell loading, or caused by the
quality of the kit. When these exist, the cell calling algorithm
might report a number of retained cells much higher than the
number of cells loaded onto the kit.
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Figure 1 Preview of the QCatch report illustrating key componen ts and typical content. The figure includes selectively curated and slightly

reformatted sections from the original report.

In the UMI Counts section, we present three plots to assess
cell quality and transcriptional complexity. The first two plots
show barcodes (cells) ranked by total read count and plotted
against two key metrics: the number of UMIs and the number of

detected genes per barcode. The third plot highlights how gene
detection scales with sequencing depth per cell. Barcodes with
unusually high UMI counts may indicate multiplets, where a sin-
gle droplet contains two or more cells. In contrast, barcodes
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with low read counts typically correspond to empty droplets,
ambient RNA, or dead or damaged cells—suggesting low-quality
barcodes that should be excluded during cell calling. Typically,
high-quality data exhibit a clear positive correlation, meaning
barcodes with higher read counts capture more UMIs and detect
more genes, reflecting higher transcriptional complexity. While
the first plot often appears linear, the last two usually show a
curved trend, indicating gene detection increases rapidly with
sequencing depth but eventually plateaus, reflecting the limit of
gene expression in individual cells.

Further, the report compares the number of mapped reads
and the number of UMIs, i.e.s deduplicated reads, for each
retained cell in the Barcode Collapsing Plot section. The UMI
deduplication rate reflects how many unique UMIs remain after
removing duplicates, compared to the total number of
mapped reads.

QCatch introduces two novel visualizations that leverage the
splicing-aware quantification capabilities of alevin-fry in
USA mode, which categorizes UMIs into Unspliced (U), Spliced
(S), and Ambiguous (A) categories. The first visualization is a bar
chart that displays the total number of UMIs in each splicing cat-
egory, providing a snapshot of the transcript composition across
the dataset. The second is a histogram illustrating the distribu-
tion of the spliced ratio, calculated as (S+A)/(S+U + A), across
all cells. This ratio represents the proportion of spliced tran-
scripts, where ambiguous counts are typically grouped with
spliced counts based on the conventional assumption that am-
biguous reads, in expectation, are likely originate from spliced
transcripts. If the loaded samples are nuclei, unspliced tran-
scripts will dominate, leading to a low spliced ratio. On the con-
trary, when cells are loaded, most transcripts should be
assigned a spliced or ambiguous splice status, since unspliced
transcripts tend to stay in nuclei and to be primed
less frequently.

Finally, QCatch provides several standard QC visualizations
to support QC assessment via cell type separability and RNA
composition. UMAP and tSNE are employed to provide an rough
qualitative overview of the transcriptomic landscape, where
each point represents a high-quality, retained cell, and spatial
proximity reflects, subject to known shortcomings of these com-
mon dimensionality reduction approaches, their transcriptomic
similarity—grouped cells often indicating shared cell types or
states. If the expected cell types in an experiment are heteroge-
neous or well-differentiated, we should observe well-separated
clusters in the embeddings. The presence of bridges or connect-
ing dots between clusters may indicate doublets or multiplets,
usually caused by cells containing mixed signals from more than
one true cell. In such cases, detecting and removing doublets is
essential to maintain data quality.

Moreover, QCatch generates a mitochondrial content plot
showing the proportion of mitochondrial gene expression per
cell. A standardized threshold of 10% mitochondrial gene ex-
pression is commonly recommended for quality control in hu-
man samples—since cells with high mitochondrial content are
often damaged or dying; however, QCatch does not apply this
threshold for automatic cell filtering. Instead, mitochondrial
content is computed and stored in the output H5AD file as meta-
data, allowing users to assess data quality and make informed,
dataset-specific decisions.

Essential tables in the Log info tab

In addition to the interactive visualizations, the “Log info” tab
presents essential information in organized tables, including the
command-line arguments and parameter settings used during
the run—enhancing transparency, reproducibility, and ease
of reference.

Discussion

QCatch provides a robust, automated solution for quality con-
trol tailored specifically to the alevin-fry and simpleaf
frameworks. It streamlines the evaluation of single-cell sequenc-
ing data quality by generating comprehensive HTML reports
that highlight essential metrics—including UMI distributions,
cell-calling results, sequencing saturation, and RNA splicing sta-
tus. By consolidating complex outputs into visually rich and
well-structured summaries, QCatch enables researchers to effi-
ciently assess data quality and make informed decisions
for downstream analysis. Looking ahead, QCatch is well-
positioned to evolve alongside the rapidly expanding landscape
of single-cell sequencing technologies. Its modular architecture
and compatibility with the scverse ecosystem facilitate seamless
integration into diverse analytical workflows. Future develop-
ments will focus on extending QCatch ’s functionality by
introducing more modality-specific features for spatial tran-
scriptomics, scATAC-seq, and multi-modal datasets.

In the future, we anticipate that core components of the
QCatch ’s QC reporting framework can be readily adapted for
use in other open-source scRNA-seq quantification tools. This
expansion will further enhance the availability of community-
driven alternatives to the CellRanger QC reporting.
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