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Abstract

Summary: Gene signature scoring provides a simple yet powerful approach for quantifying biological signals within single-
cell omics datasets. UCell and pyUCell offer fast and robust implementations of rank-based signature scoring for R and
Python, respectively, integrating seamlessly with leading single-cell analysis ecosystems such as Seurat, Bioconductor,

and scanpy/scverse.

Availability and implementation: UCell v2 is distributed as an R package by BioConductor (https://bioconductor.org/pack
ages/UCell/) and as a Python package by pyPI (https://pypi.org/project/pyucell/).

1 Introduction

Single-cell technologies have transformed our ability to charac-
terize cellular heterogeneity by profiling gene expression at the
resolution of individual cells. A central computational task in
single-cell analysis is quantifying the activity of predefined gene
sets (or “modules”) within individual cells-an approach com-
monly referred to as gene signature scoring or module scoring.
Gene sets can be derived from a variety of sources, including cu-
rated pathway databases such as MSigDB, Reactome, or KEGG
(Liberzon et al. 2015, Kanehisa et al. 2017, Milacic et al. 2024);
literature-defined marker panels describing specific cell types or
activation states; and data-driven approaches in which modules
are inferred from co-expression networks, differential expres-
sion analyses, or latent factors modeling (Aibar et al. 2017,
Stein-O’Brien et al. 2018, Morabito et al. 2023). In single-cell
studies, such gene sets are routinely used to annotate cell clus-
ters, identify activation programs, and quantify pathway activity
at the single-cell level (Luecken and Theis 2019).

To provide a robust and scalable solution for single-cell gene
signature scoring, we previously introduced UCell, a method
based on the Mann-Whitney U statistic. UCell’s rank-based scor-
ing framework ensures robustness to dataset size and heteroge-
neity, while enabling efficient computation in both memory and
runtime (Andreatta and Carmona 2021). Since its introduction,
UCell has become a widely adopted tool in the single-cell

community for reproducible and computationally efficient
quantification of gene signature activity. For alternative state-
of-the-art signature scoring tools, we refer readers to recent
reviews and benchmarks (Noureen et al. 2022, Fan et al. 2024,
Wang and Thakar 2024). In this work, we present algorithmic
updates and extensions to UCell (v2), including support for posi-
tive and negative gene sets, improved handling of missing
genes, and the option to smooth signature scores using nearest-
neighbor relationships in gene expression space. We discuss key
parameters of the method and introduce pyUCell, a native
Python implementation designed for seamless integration into
common single-cell analysis ecosystems such as Scanpy (Wolf,
Angerer and Theis 2018) and scverse (Virshup et al. 2023).

2 Implementation

2.1 Input formats

The essential input to UCell is a gene-by-cell expression matrix,
which may originate from single-cell RNA sequencing (scRNA-
seq), spatial transcriptomics, or other single-cell modalities.
UCell scores can be calculated directly on raw counts or on nor-
malized expression data (see Supplementary Note, available
as supplementary data at Bioinformatics online for more
details). UCell v2 supports multiple input formats, including
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SingleCellExperiment and Seurat objects (for R), as well as
AnnData (for Python).

2.2 UCell score calculation

Given a (genes by cells) gene expression matrix M and a gene
signature s = (sy, Sy, ..., Sp) composed of n genes, we calculate
UCell scores independently for each cell using:

UCell =1 — v

max

where the Mann-Whitney U statistic (Mann and Whitney 1947) is
calculated with:

and the normalization factor U,y is:

n(n+1)
Umax = N * Imax T

The vector r = (ry, 1y, ..., I;) contains the relative ranks of the
genes in signature s = (s3, Sy, ..., Sp) in column M. ; of the gene
expression matrix, corresponding to a vector of expression val-
ues for cell j. To account for data sparsity, rank values are
capped at the maximum rank value rp,,y.

rie—=min(r, rme), i=1,...,n

See below for a discussion of the rp,., parameter. We note
that the first implementation of the UCell algorithm used U,,,qx =
N - rmax, Which overestimated the theoretical maximum value for
the Mann-Whitney U statistic.

2.3 Positive and negative gene sets

A major enhancement to UCell since its initial release is the ability
to incorporate both positive and negative gene sets within a single
signature. Given two gene sets, s* and s”, UCell scores are com-
puted independently for each set and then combined as follows:

UCell = UCell ™ — w - UCell™

where w is a weighting parameter (w=1 by default) controlling
the relative contribution of the negative component. The result-
ing combined score is clipped at zero to ensure that UCell values
remain within the [0,1] range. In practice, positive and negative
gene sets are provided to the algorithm as a single signature,
with each gene labeled using a + or - suffix, following standard
conventions in the biological literature (Fig. 1A).

2.4 The r,,.x parameter

Single-cell omics datasets are typically sparse, with a substantial
fraction of zero expression values. Consequently, gene rankings
are only meaningful within the range of non-zero measure-
ments. To prevent the spurious ranking of a large tail of zeros,

UCell caps rank values at a maximum threshold defined by the
parameter ry.. As a practical guideline, r,. should be set
approximately to the median number of detected (non-zero)
genes per cell. This choice ensures that rankings focus on the in-
formative portion of each cell’s expression profile. The default
I'max = 1500 is suitable for 10X Chromium scRNA-seq, which is the
most common application. The selection of r,,, is particularly
important for datasets with limited feature space. For example,
probe-based spatial transcriptomics platforms (e.g. Xenium,
CosMx) typically measure a few hundred to a few thousand
genes, while antibody-derived tag (ADT) data in CITE-seq experi-
ments usually include up to a few hundred proteins. The r,. pa-
rameter should therefore be adjusted according to the
dimensionality of the experiment. When comparing multiple
samples, it is recommended to set the same value of r,,,, for all
samples (see also Supplementary Note, available as supplemen-
tary data at Bioinformatics online).

2.5 Handling missing genes

An important technical consideration is how to handle features
(e.g. signature genes) that are absent from the input matrix.
UCell v2 offers two options for dealing with missing genes,
reflecting different assumptions about the data. Option 1—im-
pute missing genes as zero counts: assumes that genes absent
from the count matrix have zero (or below-detection) expression
in the cell. This situation commonly arises in processed scRNA-
seq datasets deposited in public repositories, where lowly
detected genes are often filtered out during preprocessing.
Under this assumption, missing genes are treated as unex-
pressed and contribute accordingly to the signature score.
Option 2—skip missing genes: assumes that missing genes were
not measured by the assay rather than being unexpressed. This
option should be selected for targeted or panel-based single-
cell technologies, such as Xenium and CosMx, where only a pre-
defined subset of genes is profiled. In this case, missing genes
are excluded from score computation to avoid penalizing signa-
tures for genes that could not be observed.

2.6 Parallelization

Because gene-ranking matrices are dense, their calculation may
require substantial RAM. For efficient computation, UCell pro-
cesses expression matrices in mini-batches, or “chunks,” typi-
cally consisting of a few hundred cells. This approach
significantly reduces the method’s memory footprint, but also
enables parallel execution of mini-batches over multiple
threads. In the R implementation, UCell relies on BiocParallel
(Morgan et al. 2014) for parallelization, whereas the Python im-
plementation relies on joblib. Parallel with the default “loky”
backend (Joblib Development Team 2020). With parallelization,
pyUCell can process 10° cells in <105, and half a million cells in
about one minute on a standard desktop computer.

2.7 Signature kNN-smoothing

To mitigate the effect of single-cell data sparsity, it can be useful
to smooth signature scores by a weighted average of the k near-
est neighbors (kNN) of a given cell-typically calculated in PCA
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Figure 1 Signature scoring with UCell. (A) Gene signatures (comprising both positive and negative gene sets) are evaluated for each cell in one or
several single-cell datasets; several input formats are accepted. (B) Gene signatures can be visualized in low-dimensional spaces and quantified in
different groupings of the data, e.g. unsupervised cell clusters. (C) Distribution of UCell scores for a representative signature (S1) in three
unsupervised clusters (c0, c1, c2) at the single-cell level (left) or aggregated by sample (right). (D) Distribution of UCell scores for a representative
signature (S1) in three unsupervised clusters (c0, c1, c2) and two experimental conditions (Cond1, Cond2) at the single-cell level (left) or aggregated
by sample (right). (E) kNN-smoothing for a representative signature (S2), exemplifying the removal of outlier values and reduction of zeros in UCell
score distributions. Values above the violins indicate the percentage of non-zero scores in each distribution.

space. The kNN-smoothed signature score UCelly is calcu-
lated as:

- Zf'(:l Wi UCelli

= T ,
Zi:l Wi

UCellinn where w; = (1 — 1)

The decay parameter A € [0,1] modulates how much weight
to assign to increasingly distant neighbors. In its extreme values,
A=0 gives equal weight to all k neighbors, whereas 1=1 does
not apply any smoothing. Nearest neighbors are calculated us-
ing BiocNeighbors (Lun 2020) in the R implementation, and us-
ing scanpy.pp.neighbors (Wolf et al. 2018) in the python
implementation.

3 Results

UCell evaluates the activity of one or several gene signatures in
single-cell datasets. Gene signatures (or gene sets) are provided

as lists of genes, optionally annotated with + or - suffixes to indi-
cate inclusion in a positive or negative gene set, respectively.
UCell can be applied in principle to any single-cell technology
and supports inputs in SingleCellExperiment, Seurat and
AnnData formats (Fig. 1A). See also Supplementary Note, avail-
able as supplementary data at Bioinformatics online for applica-
tions to spatial transcriptomics. Rank-based signature scores
(ranging from 0 to 1) are computed independently for each cell
and can be visualized in low-dimensional reductions (Fig. 1B).
The resulting UCell score distributions can then be compared
across intrinsic data structures such as cell clusters (Fig. 1C), or
across sample-level grouping factors including experimental
conditions, disease states, or treatments (Fig. 1D).

We note that directly comparing score distributions at the
single-cell level may introduce pseudo-replication bias, leading
to artificially inflated P-values (Zimmerman et al. 2021). We
therefore recommend, whenever possible, using the sample as
the unit of replication, and performing statistical tests on aver-
age UCell scores per sample (Fig. 1C and D). Another potential
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pitfall arises when signatures are derived from a dataset (e.g. by
differential expression analysis) and subsequently used to test for
differences between clusters in that same dataset. This constitutes
“double dipping” and should be avoided (Squair et al. 2021).

To mitigate sparsity in single-cell data, UCell also allows op-
tional smoothing of signature scores by computing a weighted
average of the scores of each cell’s k-nearest neighbors (kNN).
This smoothing step reduces outliers and mitigates data spar-
sity, producing more coherent score distributions in regions of
high signature activity (Fig. 1E). In contrast to gene-level imputa-
tion, which reconstructs expression values for all genes, UCell
applies kNN-smoothing solely to aggregated signature scores,
improving score stability and visualization while preserving the
original expression matrix.

UCell enables several downstream analyses, including cell type
annotation, pathway and functional scoring, trajectory inference,
and cross-dataset comparisons (Andreatta et al. 2022, Cook and
Vanderhyden 2022, Winkler et al. 2022, Morabito et al. 2023, Liu
et al. 2024). Its robustness and computational efficiency make it
particularly well-suited to large and heterogeneous single-cell
datasets. UCell v2 is available for both R and Python program-
ming languages on BioConductor (https://bioconductor.org/pack
ages/UCell/) and pyPI (https://pypi.org/project/pyucell/).
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