How Do We Visualize Space in Molecular Biology? A Study of Spatial
Transcriptomics Visualization Practices
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Fig. 1: To characterize how spatial transcriptomics can be visualized in practice, we annotated over 1,800 figures from 171 publications using a structured
taxonomy organized around three dimensions: data (what), tasks (why), and visualization design (how). This approach reveals recurring patterns in how

biological questions map onto visual representations.

Modern omics technologies capture where and when
molecules act within tissues, producing datasets that are
structured, interdependent, and multimodal [8]]. This grow-
ing complexity of biological datasets presents both chal-
lenges and opportunities for the design of informative
visualizations [[10]]. In this work we seek to address the
question: how can we design visual representations and
interactions that enable scientists to reason across space and
molecular scales?

Recent advances in single-cell and imaging-based molec-
ular profiling allow researchers to measure thousands of
genes per cell while preserving spatial coordinates and some-
times temporal information [5]. These spatiotemporal omics
datasets pose challenges in visualization research that extend
well beyond biology. Thousands of expression features (i.e.,
genes) measured for thousands of cells, paired with tissue im-
ages or longitudinal time series, necessitate the development
of perceptually scalable representations [|11}6]. Visualiza-
tion approaches need to preserve spatial autocorrelation and
temporal continuity to reveal inherent data structures, such
as neighboring cells that influence each other, or correlated
trajectories formed from consecutive snapshots [11]. Some
datasets in this domain are deeply multimodal, integrating
transcriptomic, proteomic, and image-based measurements
with distinct resolution and uncertainty profiles, calling for
coordinated visual representations that support cross-modal
reasoning [4, [12]. Many datasets also embody significant
measurement uncertainty, ranging from technical noise to
biological variability [2| [1]], reinforcing the need for visual-
ization strategies that enable robust interpretation.

Despite this rapid growth in data complexity and the
proliferation of analysis tools, the visualization community
lacks a systematic understanding of how visual representa-
tions encode data, support biological reasoning, and align
with the questions researchers seek to answer. Existing work
has primarily focused on developing new methods or sys-
tems, while the relationship between biological inquiry and
visualization design remains underexplored. While prior sur-
veys have characterized genomic visualization techniques [9)]
and single-cell atlas visualization [3], no systematic analysis
has addressed the spatial transcriptomics domain through
the lens of biological tasks. This gap is consequential: with-
out a principled account of how visualization practice maps
onto biological tasks, it is difficult to identify where current
approaches fall short, to compare tools in terms of their ana-
lytical affordances, or to guide the design of next-generation
visual analytics systems. As the field continues to scale—in
data volume, modality, and biological complexity—the cost
of this blind spot grows accordingly.

To address this gap, we performed a systematic anal-
ysis of visualization practices in spatial transcriptomics,
grounded in the structured annotation of figure panels from
published analysis and visualization tools. We constructed
our corpus through targeted searches in Scopus and Google
Scholar, complemented by an Al-assisted search using Asta
by Ai2. We based our search on keywords such as “spatial
transcriptomics visualization”, “spatial omics visualization”,
and “spatial data analysis tool”. These searches yielded an
initial seed collection that we expanded iteratively by in-
corporating tools and methods referenced within selected



works or known to be relevant but not retrieved via keyword
search. We applied inclusion and exclusion criteria to focus
on visualizations that support biological interpretation: we
included computational and statistical methods for spatial
transcriptomics that produce visual representations for anal-
ysis, as well as tools specifically designed for interactive
visualization of spatial biological data. This filtering process
resulted in a curated set of 171 papers, from which we ex-
tracted over 3,000 figure panels. After filtering, more than
1,800 figures were retained and annotated using a coding
system of over 50 metadata terms (Figure|[I).

We adopt a question-driven perspective that centers bio-
logical inquiry as the primary organizing principle. Building
on Munzner’s what—why—how framework [[7] and adapting
it to the spatial transcriptomics domain, each figure is an-
notated along three interconnected dimensions: data (what),
tasks (why), and visualization design (how). The data di-
mension captures data modality and resolution, among oth-
ers; the task dimension encodes biological questions across
multiple scales, including molecular, cellular, intercellular,
tissue, and integrative analyses; and the visualization dimen-
sion characterizes design choices such as layout, abstraction
level, comparative strategies, and scalability mechanisms.
For each figure we additionally annotate the underlying bi-
ological research question it aims to address, capturing an
abstracted representation of the analytical intent driving the
visualization. We formalize these dimensions in a detailed
taxonomy. To ensure consistency, two annotators indepen-
dently coded a shared subset of figures. Through iterative
discussion, we reconciled disagreements and refined the
taxonomy before proceeding with full annotation.

Analysis of the annotated corpus reveals several clear
and recurring patterns. First, visualization practice is heavily
skewed toward tissue structure and cell-type identification
tasks, which together account for the large majority of fig-
ure panels. This reflects the dominance of exploratory and
descriptive analysis in current spatial transcriptomics work-
flows. Second, when comparative analysis is supported,
juxtaposition through small multiples is by far the most
common strategy, typically used to contrast gene expression
patterns across tissue regions or experimental conditions.
Third, a fraction of visualizations discard spatial context
entirely, reproducing single-cell transcriptomics conventions
despite the inherently spatial nature of the data. To make
these findings accessible and reusable, all annotated results
are made available through an interactive web-based figure
browser. This browser allows researchers to query and filter
the full corpus by data type, biological task, visualization
technique, or research question.

Currently, our annotated corpus captures what visual-
izations show and how they are designed in a structured
taxonomy; specific research questions addressed by the fig-
ures were individually added based on the descriptions in the

publications. It remains a challenge and opportunity for fu-
ture work to also systematically organize and abstract these
biological questions themselves. To this end, we are actively
exploring complementary methods for deriving higher-level
task structures from the corpus. These ideas include (i) LLM-
based mappings to existing task taxonomies; (ii) embedding-
based clustering of research questions in a latent space; and
(iii) manual affinity-based organization, in which related
questions are grouped iteratively to surface higher-level pat-
terns in how biologists reason about their data.

Taken together, our collection of resources and the find-
ings we gained from them offer a dual contribution to the
field. For the visualization research community, our work
moves beyond anecdotal observations about biological vi-
sualization to provide an empirically grounded map of the
design space: what has been built, what tasks have been
addressed, and where lie the gaps? For domain scientists
and tool developers, our perspective on existing approaches
and their limitations supports more informed selection and
use of visualization techniques, and provides a vocabulary
for articulating what a given tool does and does not support.
More broadly, we hope this work demonstrates the value
of systematic analysis of visualization practice as a comple-
ment to the development of new methods, an approach that
can be extended to other rapidly evolving domains beyond
spatial biology.
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