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Abstract

Summary: Cell population plots are visualizations showing cell population distributions in biological samples with single-cell
data, traditionally shown with stacked bar charts. Here, we address issues with this approach, particularly its limited scal-
ability with increasing number of cell types and samples, and present scellop, a novel interactive cell population viewer com-
bining visual encodings optimized for common user tasks in studying populations of cells across samples or conditions.

Availability and implementation: scellop is available under the MIT licence at https://github.com/hms-dbmi/scellop, and is
available on PyPI (https://pypi.org/project/scellop/) and NPM (https://www.npmjs.com/package/scellop). A demo is avail-

able at https://scellop.netlify.app/.

1 Introduction

Cell population plots are visualizations showing cell types, states,
or clusters in a stratified manner, for instance among samples or
conditions. These are used for comparing cell types within and
between samples. They support analyzing heterogeneity across
cell populations, examining present cell types, and comparing cell
counts, often in different populations, such as disease states
(Sultana et al. 2025), locations (Okendo et al. 2022), and sub-
groups of cell types (Li et al. 2024). In publications, these are often
accompanied by dimensionality reduction plots (Yu et al. 2019).
They can also be used for antibody isotypes in different cells
(Dominguez Conde et al. 2022). Cell populations are traditionally
shown using stacked bar charts, with samples as individual bars,
cell types as colored segments of various lengths corresponding
to the number or proportion of cells.

Cleveland & McGill (1984) highlight a crucial issue with com-
paring multiple segments in stacked bar charts in their study
of human perception, noting participants are better at compar-
ing position than length. Shifted segments are especially hard
to compare. Only the bottom cell type in a stacked bar chart
has the same starting point and can therefore be compared by
the position of the top of its segment. Talbot et al. (2014) ex-
pand their study to highlight the effect of comparing lengths
with separated bars, noting that comparison between sepa-
rated bars is harder than adjacent bars. Nobre et al. (2024)
show that users achieve lower accuracy and take more time for
various tasks using stacked bar charts compared to other com-
mon chart types.

Now, with larger single-cell atlas studies that have the in-
creasing ability to detect more and rarer cell types across sam-
ples and conditions, the challenge of visually comparing cell
populations by the size of the segments in the stacked bar chart
has become more pronounced, as bar segments are smaller and
separation between bar segments in different datasets is in-
creased. Additionally, increasing the number of cell types also
requires more colors to distinguish categories. Sultana et al.
(2025) include 30 cell types in their cell population plot. The av-
erage number of cell types in annotated RNAseq datasets from
the Human BioMolecular Atlas Program (HuBMAP) (Jain et al.
2023) is 33 (see Supplementary Materials). However, using seven
or more colors to visually encode categories impacts readability
(Giovannangeli et al. 2021), and identification accuracy
decreases with more colors (Tseng et al. 2023). Therefore, an al-
ternative encoding is necessary for scalable population plots.

Here, we evaluate the user tasks and needs for cell population
plots. We redesign these plots and introduce scellop, a flexible
viewer for comparison and communication of cell populations.

2 Methods

2.1 Design considerations

To evaluate the issues with the traditional cell population view
(stacked bar chart approach) and gain an understanding of de-
sired features, we performed a user study (N=14) using the cell
population plot in the HuBMAP Data Portal Tissue Blocks
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Comparison as an example (https://hubmapconsortium.github.
io/tissue-bar-graphs/) (Fig. S1). See Supplementary Materials
for details.

The main desired interactions of a visualization of cell popula-
tions were normalization, grouping by cell type hierarchy,
overview-to-detail navigation, the ability to filter and group by
metadata, and showing additional context for cell types and
samples. Additional interactions raised were related to cell type
sorting and exporting the visualization. The main issues raised
were related to the color scheme. Users could not understand
what the different colors represented with many samples, and
were unable to change the color scheme to better represent the
sample distribution. Other raised issues were regarding the
amount and granularity of cell types, making it challenging to
get an overview of the distributions. With larger numbers of cell
types and samples, identifying absent and universally present
cell types proves to be challenging. Samples with different cell
type granularities, e.g. with cell type annotation performed by
different algorithms, are hard to compare. Other potential issues
arise from small fractions, which can be hard to identify and
compare. Additionally, when the order of cell types is deter-
mined by their overall abundance, this order may not reflect the
relative cell type proportions in each sample, confusing the
viewer when examining a single sample.

We distinguish different groups of user tasks: (i) viewing the
structure of a single sample (e.g. what is the most common cell
type, what is the proportion of a given cell type, how do the pro-
portions of multiple cell types in the same sample compare), (ii)
comparing the structures of multiple samples (e.g. how do pro-
portions of a given cell type compare in different samples, in
how many samples is a particular cell type identified, what per-
centage of total cells of all samples does a given cell type con-
tribute), and (iii) comparing the structures of multiple samples
in relation to their metadata (e.g. what is the most common cell
type for a given organ, is there a correlation between proportion
of a cell type and sample metadata). In all of these tasks, the
ability to show cell type hierarchy and group and filter on these
is imperative.

To support these user tasks, we developed an interactive tool
called scellop. We redesign cell population plots to better sup-
port cell type comparisons. We use a central heatmap for gen-
eral trends, encoding samples and cell types as rows and
columns. Several tools exist for heatmap-like views with flexible
encodings [Bertifier (Perin et al. 2014), Clustergrammer
(Fernandez et al. 2017), Funkyheatmap (Cannoodt* et al. 2025)],
building on Bertin’s matrix principles (Bertin 1977). Although
these can show overall patterns and help users to compare
trends in multiple samples, they do not support inspection of in-
dividual sample structures, various normalization and transfor-
mation operations (except Clustergrammer), and operations on
cell type hierarchies. Furthermore, they require significant pre-
processing to show cell populations of single-cell data. In scel-
lop, to allow for within-sample and between-sample compari-
sons, each heatmap row can be expanded into a bar chart. Bar
and violin plot panels aligned to the heatmap display cell counts
and distributions. scellop supports all desired interactions iden-
tified from our design study, including normalization, grouping
and filtering. Together, these features comprise the full set of
tasks from Schneiderman’s task taxonomy for information

visualization: overview—zoom—filter—details-on-demand—re-
late—history—extract (Shneiderman 1996).

2.2 Implementation

scellop is available as a Python package on PyPI (https://pypi.
org/project/scellop/) and a JavaScript package on npm (https://
www.npmjs.com/package/scellop). The Python package pro-
vides a Jupyter widget implemented with anywidget (Manz et al.
2024). scellop is implemented in React, using visx (https://
airbnb.io/visx/) to incorporate D3-based visualizations (Bostock
et al. 2011) for various scales and axis rendering. Undo and redo
are supported through the Zustand state manager (https://
zustand.docs.pmnd.rs/) with zundo middleware (https://github.
com/charkour/zundo). All visualization panels can be resized,
and the heatmap allows for zooming in on rows and columns. A
configuration panel allows users to select theme and color
schemes, set normalizations and transformations, determine
side panels (bars, stacked bars, or violin plots), transpose the
heatmap, and set different zoom levels. Users can select rows to
display as bar charts embedded into the heatmap. Users can
sort by counts, alphabetical, or sample and cell type metadata,
such as donor age or cell ontology hierarchy. Data can be fil-
tered based on related metadata values. Colors can also be con-
figured individually for samples and cell types for bar charts and
side panels. The resulting visualization can be exported as a
high-resolution PNG or SVG file. All interactions are also avail-
able from the context menu. Information on the performance of
scellop’s interactions is included in the Supplementary
Materials. By transposing the view, removing the heatmap, and
using stacked bars in the side panel, the traditional stacked bar
charts cell population plot can be created. This configuration
can be accessed instantly as a preset from the settings. Data
loading from (zarr-indexed) AnnData (Virshup et al. 2024) are
supported, making this an scverse-compatible visualization tool
(Virshup et al. 2023). The Python package includes additional
data loading functionality, supporting Pandas DataFrames
(McKinney 2010) and various ways of supplying metadata.

A demo with kidney RNAseq datasets is available at https://
scellop.netlify.app/. scellop is integrated within the HuBMAP
Data Portal (Jain et al. 2023) as a default visualization to show
organ-level overviews of cell type populations (e.g. https://por
tal.hubmapconsortium.org/organs/kidney#cell-population-plot)
and as a Python analysis template in the integrated JupyterLab
analysis environment for HUBMAP members (Workspaces).

3 Results

Figure 1 shows the scellop viewer with data from the Human
Lung Cell Atlas (Sikkema et al. 2023) (available from https://cellx
gene.cziscience.com/collections/6f6d381a-7701-4781-935¢c-db10
d30de293), which constitutes of 484 datasets with over 2.3 mil-
lion cells of 51 cell types (including “unknown”). scellop’s default
view shows a heatmap of cell counts with bar charts of total cell
and sample counts on the side (Fig. 1A). Sorting and filtering al-
low for grouping of cell types and datasets. Additional settings
allow for log normalization and setting colors of bars, aiding
communication of interesting results. It shows that donors with
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Figure 1 scellop showing populations in Human Lung Cell Atlas datasets. (A) scellop view sorted by diseases and cell type annotation. (B) Two

datasets are converted to bar charts to compare. (C) Stacked bar chart view.

cystic fibrosis have a different cell type population, especially
for immune cells (highlighted in Fig. S2). Certain datasets of
donors with covid have different populations, so we can expand
these datasets to compare them to different diseases (Fig. 1B).
The traditional stacked bar chart view can also be shown
(Fig. 1C). The amount of datasets complicates comparisons, es-
pecially those separated by distance (Talbot et al. 2014). Absent
cell types and small fractions are hard to directly see, compared
to scellop’s main view. Individual datasets cannot be examined
in a detailed view. Although datasets can be grouped in the
stacked bar chart view, cell types hierarchies cannot be indi-
cated. Because the scellop viewer can sort by subsequent hierar-
chy orders, we can show cell type relations. Thus, scellop is
better suited for the identified user tasks than the commonly
used stacked bar charts. Overall, the redesigned visualization

approach proposed here allows for more granular exploration of
cell populations. To facilitate inclusion in presentations and
manuscripts, scellop views can also be exported as high-
resolution images.

4 Discussion

scellop allows users to better explore cell populations with its in-
teractive viewer, with easier pattern detection with its heatmap
overview, and increased accuracy in comparing populations
with its expandable bar charts. It better supports all of the user
tasks identified via the design study, and can be integrated in
Python and web environments for easy usage. scellop can also
be used in other domains where stacked bar chart visualizations
are prevalent, such as in metagenomics (Xiang et al. 2025,
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Zhang et al. 2025). A potential extension of scellop can include a
network graph for hierarchical cell types, such as Collapsible
Tree (Gao et al. 2024). Sorting and filtering by hierarchies is sup-
ported by scellop, showing their relation can aid the exploration
process. Hierarchical features would also support datasets with
different cell type granularities better. Additionally, while scellop
supports the widely used AnnData data format, data loading
options can be expanded to alternative file formats.
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