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Automated integration of multi‑slice spatial 
transcriptomics data in 2D and 3D using 
VR‑Omics
Denis Bienroth1†, Natalie Charitakis1,2†, Dillon Wong1, Yunhan C. Zhang1, Sabrina Jaeger‑Honz3, Jialin Ding1, 
Kevin I. Watt1,6, Julian Stolper1,2, Hazel Chambers‑Smith4, Duncan MacGregor4, Bronwyn Christiansen4, 
Celine Vivien1, Adam T. Piers1,5, Lisa N. Waylen1, Lucas B. Hoffmann6, Jessica Tang1, Hue M. La7,8, Mei R. M. Du1, 
Monika Mohenska9,10,11, Jose M. Polo9,10,11, Sean Grimmond7, Ethan Scott6, Fernando J. Rossello1,12,13, 
Enzo R. Porrello1,5,6†, Karsten Klein3†, Hieu T. Nim1,2,13†, David A. Elliott1,2,13*†, Falk Schreiber3,14*† and 
Mirana Ramialison1,2,13*† 

Abstract 

The field of spatial transcriptomics is rapidly evolving, with increasing sample com-
plexity, resolution, and tissue size. Yet the field lacks comprehensive and intuitive 
solutions for automated integration and analysis of multi-slice data in either co-planar 
(2D) or stacked (3D) formation. To address this, we develop VR-Omics, a free, platform-
agnostic software that provides end-to-end automated processing of multi-slice 
data through a biologist-friendly interface. Benchmarking against existing methods 
demonstrates VR-Omics’ unique strengths to perform comprehensive end-to-end 
analysis of multi-slice stacked data. Through co-planar slice analysis, VR-Omics uncovers 
previously undetected, dysregulated metabolic networks within rare pediatric cardiac 
rhabdomyomas, demonstrating its potential for biological discoveries.

Background
Spatial transcriptomics (ST) is a ground-breaking technology allowing the capture of 
spatial gene expression at unprecedented resolution to advance our comprehension of 
cellular processes and molecular mechanisms [1–3]. Capitalising on the potential of ST 
approaches, the size of tissue samples being profiled often exceeds a standard vendor-
provided chip size, necessitating the generation of multi-slice datasets. Those datasets 
are typically either co-planar, where adjacent slices within the same anatomical plane to 
form a continuous composite (e.g., twelve prostate cryosections sections [4]) or three-
dimensional (3D) stacked, consisting of consecutive parallel slices where sequential 
sections preserve spatial continuity along the tissue depth (e.g., thirteen E16.5 mouse 
embryo sections [5]). Facilitating multi-slice data analysis enables tissues to be studied 
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in their complete native spatial context, providing crucial insights, and understanding of 
the tissue structure and characteristics.

Several ST algorithms have been developed to process and mine ST multi-slice data, 
including Stitch3D [6] and VT3D [7]. However, these specialised multi-slice pipelines 
and analytical programs have limited functionality within the scope of an end-to-end 
analysis pipeline of ST data while also requiring advanced computational skills, creating 
a substantial barrier for end-users. Several online portals allow visualisation of existing 
multi-slice ST datasets (SpatialDB [8], STOmicsDB [9], SODB [10], SOAR [11]) but limit 
the user to the datasets that are publicly available and do not allow the analysis of user-
uploaded multi-slice data. Finally, there is a lack of ST tools that allow manual interac-
tive alignment and downstream processing of multi-slice data (both co-planar and 3D 
stacked formations), by providing an interactive graphical user interface (GUI).

Here we present VR-Omics, an interactive, end-to-end platform to process, analyse, 
and visualise ST data, all through a user-friendly GUI. VR-Omics is designed to democ-
ratise ST data analysis, making it accessible to both bioinformaticians and non-bioin-
formaticians while generating reproducible results in a timesaving manner compared 
to traditional coding methods. VR-Omics is platform-agnostic, supporting input data 
from both sequencing and imaging-based ST technologies, as well as custom ST data 
matrices [12–14]. VR-Omics primarily functions as a conventional desktop application, 
with the inclusion of virtual reality (VR) integration as an optional feature (Additional 
file  1: Video 1). While fully supporting single-slice ST data analysis and visualisation, 
VR-Omics further facilitates these functions for multi-slice ST data with additional 
capabilities, including merging or manual alignment of slides and comprehensive 3D 
visualisation.

Within the framework of ST data processing, following sample preparation, data gen-
eration (via sequencing- or imaging-based technologies), and upstream data process-
ing usually done by the vendor, VR-Omics encompasses and executes the downstream 
analysis steps (Fig. 1a). VR-Omics enables data filtering, cluster analysis, and the identifi-
cation of spatially variable genes (SVGs), alongside interactive visualisation and the gen-
eration of publication-ready outputs such as images, videos, and data files (Additional 
file 2: Fig. S1).

We demonstrate the utility of VR-Omics through the analysis of both single and multi-
slice rare pediatric cardiac rhabdomyomas (cRMs) for which the disease mechanism 
remains unknown [15, 16]. cRMs are non-cancerous tumours that, while extremely 
rare in the general population, with a prevalence between 0.0017% and 0.28%, are the 
most common form of primary pediatric cardiac tumour [17, 18]. Depending on the 
anatomical presentation of cRMs in cardiac muscle, these tumours can impair normal 
heart function by causing respiratory distress, arrythmias, ventricular obstructions, and 
cardiac failure [19, 20]. When their presence leads to severe health complications, treat-
ment options are very limited and include surgical resection [19], which may lead to 
additional mortality or morbidity complications for the patient [18]. cRMs can be char-
acterized morphologically by the large, cytoplasmic glycogen vacuoles present within 
cardiomyocytes [21]. To decipher the molecular mechanisms underlying cRM forma-
tion, limited transcriptomics studies of 10 marker genes have been performed on these 
tumours, identifying abnormal regulation of the mTOR signaling pathway associated 
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with cell proliferation [22]. Abnormal activity of the mTOR pathway has also previously 
been linked to tumour cells requiring increased anabolic activity to sustain their abnor-
mal growth [23]. Using VR-Omics to analyse multi-slice Visium data generated from 
these cRMs, we identified transcriptome-wide robust novel transcriptional signatures 
distributed in discrete niches across the cRM.

Additionally, we showcased the precision of VR-Omics for interactive 3D analysis by 
performing studying transcriptomic profiles of the mammalian heart by Asp et al. [24], 
rigorously validating its performance against state-of-the-art ST tools: STitch3D [6], VR-
Cardiomics [12], Loupe Browser [25, 26], Xenium Desktop-Explorer [27], MERSCOPE 
Web-Vizualizer [28], Stereopy [29], SODBView (through its visualiser SOView) [10], and 
VT3D [7]. The mammalian heart contains spatially restricted genes that display complex 
spatial expression in the heart sub-compartments [30, 31], for instance the atrial mark-
ers Myl2 and Myh7 were found to be differentially expressed between the right ventricle 
and right atrium. To evaluate the 3D multi-slice capability of the current ST algorithms, 
we performed comparative analysis using a standard workflow designed to cover all the 
necessary procedures for a typical differentially expressed gene (DEG) analysis. We show 
that published markers for chamber-specific markers could be faithfully retrieved using 
the VR-Omics interactive interface compared to command line pipelines.

Finally, we sought expert feedback from ST specialists with experience in analysing 
2D and 3D Visium, Xenium, and MERFISH spatial transcriptomics data. This feedback 
demonstrated that VR-Omics successfully delivers major advantages to users over other 
benchmark platforms by streamlining the analysis pipeline, presenting an “incredible” 
visual quality and a “well-designed and user-friendly interface.” VR-Omics also accu-
rately captured the same results as other pipelines previously tested by users. “The 
automated outputs generated by VR-Omics were highly consistent with manual analy-
sis, making it an appealing option for users working with spatial transcriptomics data.” 

(See figure on next page.)
Fig. 1  Overview of analytical workflows and capabilities of VR-Omics. a Schematic representation of 
the overarching workflow, from the generation of ST data to its inclusion in publications, highlighting 
the analytical workflows performed within VR-Omics. From left to right, the workflow illustrates sample 
preparation steps for imaging-based or sequencing-based ST methods. Data typically undergoes initial 
processing by the vendor before being made accessible to the end-user. The orange section highlights 
VR-Omics’ ability to seamlessly incorporate vendor-processed data, enabling automatic mining through 
AWs. Processed data can then be visualised and interactively explored in the Visualiser, which provides 
multiple publication-ready output formats, including images, videos, and files. b Schematic overview of data 
generation through co-planar sectioning and subsequent data processing workflow for multi-slice co-planar 
ST datasets with VR-Omics. c Schematic overview of data generation through 3D workflows from consecutive 
slide sectioning and subsequent data processing workflow for multi-slice 3D ST datasets with VR-Omics. 
d Gene search functionality of the VR-Omics Visualiser. di Genes can be searched using the search bar. dii 
Example of normalised gene expression visualised in a heatmap-like manner, ranging from low expression 
(blue) to high expression (red). diii Example of normalised binary gene expression, highlighting all locations 
in green with expression levels exceeding a user-defined threshold. e Schematic overview of spatial analysis 
workflows in VR-Omics for sequencing- and imaging-based technologies producing clustering and SVG 
results. f Interactive visualisation of Xenium breast cancer data [15]. fi Visualising of cluster regions of spatial 
coordinates. fii Visualisation of cluster regions on UMAP and t-SNE coordinates. fiii Automated selection of 
unique cluster regions through the interactive cluster legend. g Schematic of ROI selection using VR-Omics 
Visualiser. gi Schematic representation of selecting locations in 2D or 3D datasets, with up to 4 ROI groups 
that can be exported. gii Visualisation of MERFISH mouse brain data, including selection of individual regions, 
which can be exported and re-imported into the VR-Omics Visualiser
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Fig. 1  (See legend on previous page.)
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These multifaceted use-cases collectively exemplify the versatility and robustness of VR-
Omics as a pivotal tool for effective and novel spatial transcriptomics research.

Results
VR‑Omics enables end‑to‑end ST analyses in 2D and 3D

With VR-Omics, we developed the first automated, interactive tool with a GUI that 
allows both the concatenation and analysis of multiple co-planar slices, as well as the 
generation of a harmonised coordinate system of stacked multi-slice tissues in 3D. This 
integration is achieved through the utilisation of the Unity Gaming Engine [32] com-
bined with Python-based analysis incorporated in VR-Omics as Automated Workflows 
(AWs) (Additional file 3: Methods).

For the analysis of multiple co-planar slides, we developed a user interface utilizing 
the Unity Gaming Engine. This interface enables users to visualise and manipulate tissue 
slides, allowing them to be freely arranged and rotated to approximate the native struc-
ture of the tissue (Fig. 1b, Additional file 4: Video 2, 0:36 s). This spatial arrangement is 
captured in the world space of Unity, where the position of the tissue slides relative to 
each other are meticulously collected. These coordinates are subsequently transferred to 
a Python-based workflow, which concatenates the data objects according to their spatial 
alignment. Rotation of the slices is facilitated by applying transformation matrices to the 
array of data points. Once aligned, the separate data objects are concatenated into a single 
entity and converted into formats typically compatible with downstream processes (e.g., 
h5ad, csv). Additionally, the interface provides options for users to customise the filtering 
and processing parameters necessary for subsequent analysis (Additional file 5: Video 3).

For the analysis of 3D-stacked datasets, we designed a GUI interface that allows users 
to manually align multiple ST sections of a 3D structure. To achieve this, the Unity-based 
user interface facilitates the rotation, alignment, and reconstruction of consecutive sec-
tions into a cohesive 3D dataset (Fig. 1c) through VR-Omics’ Visualiser component. This 
interface provides tools for precise manipulation, enabling users to set the distances 
between consecutive slides as well as adjust the rotation of individual slides (Addi-
tional file 4: Video 2, 0:15 s). Users can explore 3D datasets dynamically, gaining deeper 
insights into the spatial organisation and intricate architecture of the tissue, while still 
generating the static output files (such as those available for 2D datasets) for incorpora-
tion into publications or further downstream analysis.

The Visualiser enables comprehensive, interactive exploration of 2D and 3D datasets, 
allowing users to seamlessly investigate gene expression data. Through a convenient 
search bar (Fig.  1di), gene expression can be visualised in multiple formats, including 
a heatmap-like representation (Fig.  1dii) or a binary visualisation (Fig.  1diii). Beyond 
gene-level visualisations, the platform supports the exploration of spatially relevant data 
by incorporating purpose-built packages, such as STAGATE [33], for fully automated 
cluster analysis (Fig. 1e). Additionally, standard clustering algorithm in form of Leiden is 
included for robust comparative analyses (Fig. 1e).

To further enhance spatial data exploration, we integrated SpatialDE [34], which iden-
tifies SVGs. These analyses can be visualised directly within the interface or exported for 
downstream use. The Visualiser’s runtime capabilities extend to dimensional reduction 
visualisations, such as UMAP and t-SNE. Users can dynamically switch between spatial 
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visualisation (Fig. 1fi), UMAP (Fig. 1fii), or t-SNE representations, offering flexibility in 
data interpretation. By interacting with the cluster legend (Fig. 1fi), users can isolate spe-
cific clusters for detailed investigation (Fig. 1fiii), with the option to export these subsets 
as CSV files for further analysis.

An additional feature of the Visualiser is the ability to manually define regions of inter-
est (ROIs) directly within the interactive visualisations. Users can select specific loca-
tions (Fig. 1gi) on a single slide, or including for 3D datasets, where the Visualiser can 
automatically detect and include underlying regions in the ROI selection. This function-
ality can be toggled on or off, providing tailored control over the analysis. The tool sup-
ports the selection of up to four distinct regions simultaneously (Fig. 1gii), which can be 
exported as CSV files containing gene expression data. These exported ROIs can also be 
re-imported in future sessions for extended analysis, streamlining workflows and ena-
bling iterative exploration of complex datasets.

These AWs enhanced with the Visualiser’s user-friendly interface streamline the anal-
ysis of multi-sliced tissue sections by ensuring consistency and robustness throughout 
the analytical process. By standardizing workflows through containerized pipelines, our 
software minimises difficulties that could otherwise arise from increased number of 
analytical steps. This uniform approach ensures reliable and a simplified integration and 
analysis across slices.

Comparison of VR‑Omics to other tools for spatial transcriptomics analysis

To demonstrate the comprehensive capabilities of VR-Omics, we conducted an extensive 
evaluation on common analysis workflows encompassing data input/export handling, 
visualisation, and general utility, among a broad spectrum of ST tools outlined in Fig. 2a 
[6, 7]. We systematically identified the essential steps required for analysing both co-
planar multi-sliced tissues and depth-stacked datasets. Our comparison with a diverse 
array of ST tools revealed that VR-Omics is the only platform capable of executing many 
of the necessary procedures integral to this analysis (Fig. 2a). However, certain capabili-
ties, such as batch correction, cell segmentation, and spot deconvolution are currently 
lacking from VR-Omics. These analytical steps cannot be implemented across data gen-
erated from all platforms, rendering them a more niche analytical step. However, the 
number of steps available within the ST analysis pipeline underscores the necessity of a 
unified platform that consolidates comprehensive data analysis within a single environ-
ment, as these tasks often require integrating multiple tools and navigating diverse cod-
ing languages such as R and Python (Additional file 6: Questionnaire).

To exhibit VR-Omics’ capabilities for analysis and visualisation of ST datasets gener-
ated through multiple ST platforms, we performed a high levels cross-platform compar-
ison using a similar biological dataset. Here we analysed and visualised clusters across a 
mouse brain dataset generated with the Visium, Xenium, STOmics, and MERFISH plat-
forms (Additional file 2: Fig. S2). Despite differences in platform resolution and slight 
differences in anatomical brain sections displayed, VR-Omics successfully identifies 
similar spatial patterns and clustering across all four datasets generated with different 
platforms (Additional file 2: Fig. S3).
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Fig. 2  VR-Omics comparison with existing ST workflows and AWs performance tests a Heatmap comparison 
of analytical features supported by VR-Omics and other available software for ST analysis. Tested software 
is outlined on the y-axis while analytical features are listed on the x-axis and colored according to their 
applicability to multi-slice co-planar or 3D stacked datasets. Feature labels are colored on the x-axis according 
to their availability for solely 2D (yellow) or 3D datasets (orange), or whether this is available for both (purple). 
The heatmap is then colored according to whether features supported by the specific software are displayed 
in teal with a tick while unsupported features are displayed in dark blue. b Results of the expert user study 
benchmarking VR-Omics against state-of-the-art workflows. bi Results for single-slice users: User A (Visium 
single slide, mouse spleen) VR-Omics compared to Seurat, R analysis workflow, User C (Xenium single slide, 
pancreatic cancer) VR-Omics compared to Python package Squidpy, and User E (MERFISH single slide, adult 
mouse brain) VR-Omics compared to Python package Squidpy. bii Results for multi-slice users: User B (Visium 
co-planar slides, mouse brain) comparing VR-Omics and R analysis workflow in Seurat and User D (Xenium 3D 
mouse brain) comparing VR-Omics and Python package Squidpy. c Performance test results of AWs, showing 
time, memory, and RAM usage across different workflow settings for two replicates. ci Performance results 
for Visium: (1) no filter, no SVG; (2) no filter, with SVG; (3) filter, no SVG; and (4) filter, with SVG. cii Performance 
results for Xenium: (1) no filter; (2) no filter, with dimensionality reduction; (3) no filter, with SVG; and (4) no 
filter, with both SVG and dimensionality reduction
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VR‑Omics expert feedback

Five independent experts familiar with different ST platforms but first-time VR-
Omics users participated in a systematic assessment of how VR-Omics performed 
compared to non-automated approaches for data analysis. Two experts analysed 
Visium data (single slide and concatenated co-planar datasets respectively), two 
experts analysed Xenium data (single slide and 3D datasets respectively), and one 
expert analysed MERFISH data (single slide) (Fig. 2b).

All experts commented on the ease of using VR-Omics compared to their default 
platforms, highlighting the streamlined analysis pipeline, which required no coding 
background to navigate, as a key advantageous feature (Additional file 6: Question-
naire). One expert remarked “Loading the input and starting the analysis were very 
straightforward thanks to the streamlined pipeline” while another said, “The soft-
ware is user-friendly and well-suited for users with limited bioinformatics experi-
ence, providing a straightforward way to gain a preliminary overview of the data.”

VR-Omics consistently scored a rating of 5/5 from all experts for its “Visual Qual-
ity/GUI” while its “Intuitiveness/Ease of Use” was rated higher than or equal to the 
benchmark platforms by all users (Fig. 2b). VR-Omics’ “Speed/Efficiency of Analysis 
Pipeline” and “Cluster Selection Automation” were rated as equivalent or better than 
benchmark platforms by four out of five experts.

One expert analysing multi-slice data rated VR-Omics “3D visualisation” and 
“Multi-Slice Alignment” 5/5 remarked “I like the way the software visualises the con-
catenated slices. Very impressive.” They also commented that these features were not 
available in SpatialBenchVisium [35] which “showed limited support for slice concat-
enation” (Additional file 6: Questionnaire). A second expert analysing 3D data “loved 
the interaction” possible, rating VR-Omics’ “3D Visualisation” higher than Xenium 
and scoring VR-Omics “Multi-Slice Alignment” 4.5 compared to Xenium’s 5.

Three out of five experts rated the benchmark platform higher for “Effectiveness 
Answering Biological Questions” identifying a lack of annotation “doesn’t identify 
specific cell types and markers,” and limited customisation of analysis output as the 
main features requiring improvement (Fig.  2b, Additional file  6: Questionnaire). 
“Without annotation, interpretation remains challenging beyond visualising the spa-
tial expression patterns of genes of interest.” While the software is excellent for get-
ting started, further in-depth or manual analyses are necessary to address specific 
biological questions.

Experts reported that they were able to retrieve similar results using the VR-
Omics pipeline “The outputs were nearly identical, largely due to the use of the 
same Squidpy analysis framework.” This was as expected for Xenium users given 
that Squidpy was used as the backends of VR-Omics’ AW. “Since the same analysis 
framework is employed, the automated outputs generated by VR-Omics were highly 
consistent with manual analysis, making it an appealing option for users working 
with spatial transcriptomics data.” SpatialBenchVisium [35] users remarked that 
they observed “similar genes among the top SVGs” and “clear clusters correspond-
ing to expected main regions/structures that are expected in spleen during malaria 
infection.”
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VR‑Omics performance tests

We further benchmarked VR-Omics AWs performance against ST platforms Visium and 
Xenium (Fig. 2c, Additional file 7: Table S1). These tests assessed processing time, mem-
ory usage, and RAM consumption, with results based on two replicate measurements.

For Visium datasets, processing times ranged from ~ 110 s for standard processing 
(without filtering, SVG, or dimensional reduction) to ~ 125 s when performing SVG 
analysis (Fig. 2ci, Additional file 7: Table S1). This measurement used a dataset contain-
ing ~ 5000 locations, which represents the maximum size of a standard Visium experi-
ment, constrained by the 5000 barcoded spots available on the platform.

For Xenium datasets, processing times for standard analysis were 135 s for a data-
set containing 167,782 locations. As expected, more complex analyses, including 
SVG, required around 15 min, while the full analysis—incorporating filtering, SVG, 
and dimensional reduction—took approximately 39 min (Fig.  2cii, Additional file  7: 
Table S1).

For MERFISH datasets, VR-Omics AW measurements aligned closely with those from 
Xenium AW due to the use of the same core analysis packages, primarily Squidpy, and 
consistent methods for dimensional reduction and SVG detection (Moran’s I). Process-
ing times ranged from ~ 84 s for standard analysis to just under 10 min for full analysis, 
including clustering, SVG identification, and dimensional reduction, for a dataset con-
taining approx. 78,000 spatial locations (Additional file 7: Table S1).

Furthermore, except for Xenium datasets which required ~ 39 min to run a full pro-
cessing pipeline, generally there is a small difference between running pipeline purely for 
visualisation or running a pipeline selecting all analysis options, including SVG identifi-
cation and clustering. This was further emphasised by responses in the expert feedback, 
which stated that when analysing Xenium data “The entire analysis was completed in 
under 30 min, including clustering, visualisation of top genes defined by Moran’s I score, 
neighborhood enrichment, and co-occurrence scoring.”

We also note that changes in clustering resolution does not greatly affect processing 
time or memory requirements. The largest requirements were for a Xenium dataset 
requiring just under 40 min processing time with 167,782 locations. Additionally, we 
tested multi-slice visualisation capabilities for Visium up to 2048 slides which included 
5,533,696 locations (Additional file  8: Table  S2). Even at this large experimental size, 
visualisation was possible after a significant lag and rendered data interaction difficult, 
indicating the significant upper limits of VR-Omics current capabilities to handle large 
datasets (Additional file 8: Table S2). Conversely, only ~ 0.58 s were required to visualise 
a single Visium datasets filtered to 2702 locations (Additional file 8: Table S2).

Benchmarking VR‑Omics 3D reconstruction workflow

To illustrate the capabilities of VR-Omics in comparison against multi-slice ST tools, 
we designed and performed a standardised workflow to analyse a 3D multi-sliced data-
set derived from the developing human heart at 6 days post coitum (dpc) by Asp et al. 
[24] (Fig. 3a, Additional file 9: Table S3). The workflow included: (1) inputting ST data; 
(2) clustering spots/locations; (3) assembling slices into a 3D structure; (4) manually 
selecting two ROIs; and (5) identifying the top DEGs between these ROIs (Fig. 3a). This 
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approach is critical for unraveling spatial gene expression patterns and comprehend-
ing the architectural complexities of tissues, where preserving the native 3D context 
is crucial for understanding the developmental intricacies that shape complex organ 
structures such as the heart. To standardize the comparison, we employed the same bio-
informatics methods for identification of DEGs for all tools compared.

We conducted this workflow comparing VR-Omics against several other tools: 
STitch3D [6], VR-Cardiomics [12], Loupe Browser [25, 26], Xenium Desktop-Explorer 
[27], MERSCOPE Web-Vizualizer [28], Stereopy [29], SODBView (through its visual-
iser SOView) [10], and VT3D [7] (Fig. 3b, Additional file 9: Table S3, Additional file 3: 
Methods). Each tool was evaluated based on its ability to complete each workflow step, 
with scores assigned for full (score = 1), partial (score = 0.5), or unsuccessful (score = 0) 
execution. Here partial execution refers to relying on additional custom code, executed 
outside of the tool, required to execute this step.

Firstly, the comparative analysis underscored that most tools are tailored primarily for 
2D data, with limited capabilities for integrating 2D slices into a coherent 3D structure. 
Therefore, Loupe Browser, Xenium Desktop-Explorer, MERSCOPE Web-Vizualizer, 
Stereopy, and SODBView were excluded from further comparison (Additional file  2: 
Fig. S3a). VR-Omics successfully completed all five steps (Fig.  3bi); however, VT3D 
(Fig. 3bii), VR-Cardiomics (Fig. 3biii), and Stitch3D (Fig. 3biv) could not proceed beyond 
completing task three (assemble slices). Secondly, while VT3D and STitch3D support 
the assembly of 2D slices into 3D (Fig. 3bii and biv), they lack functionality for native 3D 
ROI selection, limiting the ability to isolate and investigate spatially restricted cell popu-
lations across the 3D stack. ROI selection in 3D (step 4) is fully supported by VR-Omics 
(Fig. 3bi). Thirdly, our previous tool, VR-Cardiomics, facilitates steps 3 to 5 of the work-
flow but is constrained by its inability to perform steps 1 and 2, to process novel input 
data and perform clustering, highlighting VR-Omics’ unique flexibility and compre-
hensive support for 3D ST data analysis [12] (Fig. 3bi and biii). Notably, only VR-Omics 

(See figure on next page.)
Fig. 3  Cross-platform comparison of the workflow for 3D reconstruction of the developing human heart 
dataset. a Schematic of the steps involved in the workflow to identify DEGs between different regions of 
interest (ROIs) of a 3D dataset. This workflow compares gene expression between the right atrium and 
right ventricle. b Overview of the results from each software’s workflow to reconstruct the 3D dataset of 
the developing heart, delineate the right ventricle and right atrium, and find DEGs between them. Includes 
a visualisation of the ROIs selected as the right ventricle (red) and right atrium (blue). On the right under 
scoring a spider plot displays a score out of five for how many of the workflow steps the software can 
complete. Both software available with a GUI and software requiring coding skills are tested. bi Results from 
VR-Omics completing the 3D reconstruction workflow aiming at generating a list of DEGs between right 
ventricle and right atrium. On the left the final visualisation of the right atrium (blue) and ventricle (red) are 
displayed within the VR-Omics GUI and the spider plot on the right displays VR-Omics ability to complete all 
5 steps of the workflow. bii Results from VT3D executing the workflow. On the left the final visualisation of the 
right atrium and ventricle is displayed in a plot generated with VT3D and the spider plot on the right displays 
scoring 4.0 out of 5.0, requiring additional coding for 2 out of the 5 tasks. biii Results from VR-Cardiomics 
executing the workflow using a mouse heart, with the chambers displayed on the left and the spider plot 
on the right displaying the 3.5 steps that can be completed within VR-Cardiomics, requiring additional 
coding for incorporating input data. biv Example results from Stich3D executing the workflow with chambers 
displayed and colored on the left and the spider plot on the right. Selection of specific ROIs to highlight 
the right atrium in black and right ventricle in red performed in R outside of the STich3D framework. c Time 
required for VR-Omics to visualise exponential numbers of multi-slide Visium datasets. This demonstrates 
VR-Omics capabilities to effectively visualise even large datasets
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Fig. 3  (See legend on previous page.)
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achieved a perfect score across all five steps, showcasing its unparalleled capacity for 
conducting comprehensive 3D spatial analyses and DEG identification (Fig. 3bi, Addi-
tional file 2: Fig. S3b, Additional files 10–11: Tables S3 and S4). To showcase the ease 
of selecting 3D anatomical regions in VR-Omics, we repeated the analysis conducted 
by Mohenska et al. [30] which identified DEGs (including Myl2 and Myh7) between the 
right ventricle and right atrium in the adult mouse hearts. We employed two independ-
ent datasets from the developing human heart by Asp et al. [24] and the adult human 
heart by Litviňuková et al. [31], and performed a similar right ventricle vs. right atrium 
analysis, using VR-Omics alongside similar spatial transcriptomics tools (Stitch3D, 
VT3D, VR-Cardiomics). By enabling 3D ROI selection, VR-Omics could generate the 
DEGs between right ventricle vs. right atrium, which included markers genes such as 
Myl2 and Myh7 (Additional file 2: Fig. S3, Additional files 10–11: Tables S3 and S4). This 
consistency with the DEGs revealed by Mohenska et  al. [30] demonstrated that VR-
Omics correctly selected the 3D regions of interest, a feature not available in other ST 
tools at the time of this study (Fig. 3).

Understanding molecular signatures of pediatric cardiac rhabdomyomas using VR‑Omics

To further illustrate VR-Omics’ unique end-to-end capabilities in the analysis of multi-
slice datasets, we tested it on a multi-slice co-planar dataset to interrogate a disease 
mechanism that has not previously been transcriptomically investigated. To elucidate 
the molecular and cellular perturbations leading to these abnormal cell populations and 
to explore tumour heterogeneity in a spatial context, we profiled multiple cRMs with 
10X Genomics Visium platforms and VR-Omics.

A total of four cRMs were obtained from three separate patients. The first sections 
were obtained from patient MCHTB302 diagnosed with Birt-Hogg-Dubé syndrome 
(BHDS) who had two cRMs, one in the left ventricular cavity and a second in the apex of 
the heart (Fig. 4ai). This patient was known to be heterozygous for a mutation in FLCN, 
previously linked to BHDS, that causes a ~ 30% reduction in the production of FLCN 

Fig. 4  Analysis of multi-slice co-planar cRM datasets within the VR-Omics framework. ai Schematic 
representing location of cRM from patient MCHTB302 used for data generation with the Visium platform. 
aii Electrocardiogram displaying location of cRM in left ventricular cavity. aiii Schematic representing 
approximate locations of sections taken for data generation using the 10X Genomics Visium platform. 
aiv Immunostaining of normal myocardium on edge of tumour, highlighted in red box, and tumour cells 
towards center. Ki67 indicates proliferation within the tumour (orange); nuclei staining (Hoechst, blue); 
cardiac troponin T (cTNT, green). bi Example of concatenation interface available within VR-Omics for 
multi-slice Visium datasets. bii Example of filtering parameters available with VR-Omics user interface. biii 
Example of VR-Omics menu within the Visualiser for exploration of gene expression across multi-slice dataset. 
MCHTB302 cRM data is visualised with expression of ATP5IF1 displayed. ci Reconstruction and concatenation 
within VR-Omics of 3 co-planar, H&E stained slices separated onto different Visium capture areas due to 
size of the tissue. cii Example of STAGATE clusters visualised across the reconstructed multi-slice MCHTB302 
co-planar dataset within VR-Omics. ciii GO analysis results of multi-slice co-planar dataset using the STAGATE 
cluster markers as inputs for Metascape. Oxidative phosphorylation and aerobic respiration signatures are 
highlighted in a red box for clusters 0 and 4 located at the center of the tumour. di Reconstruction and 
concatenation within VR-Omics of 2 co-planar, H&E stained slices MCHTB362 atrial cRM data separated 
onto different Visium capture areas due to size of the tissue. dii Example of STAGATE clusters visualised 
across the reconstructed co-planar dataset within VR-Omics. diii GO analysis results of multi-slice, co-planar 
dataset using the STAGATE cluster markers as inputs for Metascape. Oxidative phosphorylation and cellular 
respiration signatures are highlighted in a red box for clusters 2, 3, and 6 located at the center of the tumour

(See figure on next page.)
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compared to wild type due to proteasomal degradation [16, 36]. This gene may be key in 
understanding underlying mechanisms of tumour formation or maintenance, as FLCN 
has also been shown to form a complex with FN1P1 and/or FN1P2 as well as AMPK, 
which plays a key role in regulating cell metabolism through the AMPCK-mTOR path-
way [37–39]. For this study, two sections were taken from the cRM located in the left 
ventricular cavity (Fig. 4aii–iii). Initial immunofluorescence staining performed on this 
tumour indicated evidence of proliferating cardiomyocytes through colocalized staining 
of cTNT and Ki-67 (Fig. 4aiv) [40]. This proliferation was specific to the center of the 

Fig. 4  (See legend on previous page.)
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tumour and associated with vacuolised cardiomyocytes while the expression of Ki-67 
was absent from the surrounding, normal myocardium around the edge of the tumour 
(Fig. 4aiv). Therefore, we sought to identify transcriptional differences that may assist in 
the proliferation or maintenance of the abnormal cardiomyocytes located at the center 
of the tumour.

Due to the size limitations of the Visium capture area, the section originating from 
the center of the tumour was then divided across 3 Visium slides (Fig. 4bi). The 3 slides 
were easily and quickly recombined using VR-Omics’ unique, interactive multi-slice 
concatenation to generate a single data object from the multi-slice, co-planar data-
set that more faithfully recapitulated the biological sample (Fig. 4bi, Additional file 4: 
Video 2, 0:36 s). Once loaded and concatenated, data cleaning can now be performed 
across the joint multi-slice dataset using a variety of parameters, and analytical steps 
such as SVG identification and inclusion of t-SNE and UMAP plots chosen within the 
VR-Omics framework (Fig.  4bii). Once processed and analysed, the dataset can be 
uploaded into the VR-Omics Visualiser for the user to interact with and mine for bio-
logical information (Fig. 4biii).

To better understand the nature of these cRMs, we sought to identify distinct tran-
scriptional signatures within the cell populations of the cRM that would align or provide 
further information to the matched histological image (Fig.  4ci). Using the STAGATE 
algorithm for clustering (within VR-Omics’ AW) (Fig. 4cii) and Scanpy for marker iden-
tification, we identified cell populations (clusters 0 and 4) in this dataset that displayed 
a switch in cellular metabolism to increased aerobic respiration and oxidative phos-
phorylation when all the markers from these clusters (e.g., ACO2, ATP5F1A, ATP5F1B, 
ATP5ME, COX4I1) were used as an input for a gene ontology enrichment analysis with 
Metascape (Fig. 4ciii, Additional file 2: Fig. S4). Overall, the lower of expression of these 
markers in clusters 2, 3, and 5 of the tumour compared to other clusters indicates their 
specificity to the abnormal cardiomyocytes rather than to the primarily fibrotic capsule 
(Additional file 2: Fig. S4). This is also in line with the restricted expression of Ki67 to 
the abnormal cardiomyocytes in the center of the tumour (Fig. 4aiv). These populations 
may generate additional ATP through upregulation of genes such as ATP5IFI, parallel-
ing aspects of the Warburg effect which sustains abnormal cell proliferation in cancer-
ous tumours [41] (Additional file 2: Fig. S4 g). These findings are in line with metabolic 
changes observed in murine models with mutated or knocked out FLCN, similar to the 
patient’s genotype leading to a lower expression of FLCN, that are proposed to be due 
to the dysregulation of the AMPK-mTOR pathway [42, 43]. Furthermore, we can see 
relatively low levels of FLCN expression across these tumour sections (Additional file 2: 
Fig. S5a). FLCN is implicated in other cardiac diseases such as cardiac hypertrophy and 
therefore may be one of many dysregulated genes giving rise to cRMs [43]. Other evi-
dence suggests FLCN plays a role in cardiac homeostasis and this lack of cellular energy 
level regulation may be driving the abnormal proliferation of cardiomyocytes within the 
cRMs [43].

We undertook multiple avenues of orthogonal validation for these transcriptomic 
signatures. First, comparable signatures of upregulation of oxidative phosphoryla-
tion and aerobic respiration were found in a single slide dataset also taken from patient 
MCHTB302 (Additional file 2: Fig. S6 and Additional file 11: Results), demonstrating the 
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consistent presence of this signature throughout the tumour. Secondly, using the same 
VR-Omics pipeline we identified the same signatures for upregulation of aerobic respira-
tion and oxidative phosphorylation during the individual analysis of sections comprising 
the multi-slice analysis (Additional file 2: Fig. S7). Therefore, we demonstrate that VR-
Omics provides a unique capacity for analysing co-planar datasets to explore novel bio-
logical mechanisms in rare tissue sections. Thirdly, similar signatures were also observed 
when performing a comparable multi-slice analysis using BayesSpace workflow (Addi-
tional file 2: Fig. S8a).

We were fortunate to have access to additional multi-slice samples from a second 
patient to investigate the presence of the transcriptional signature across cRMs with 
distinct etiologies. We expanded our analysis to samples from patient MCTHB362 who 
presented with two cRMs, in the left atrium and atrial valve (Fig. 4d, Additional file 2: 
Fig. S8bi), and whose father was a known carrier of TSC. Like the cRMs resected from 
patient MCHTB302, tissue from both cRMs had to be sectioned to accommodate Visium 
size restrictions and were later virtually reconstructed within VR-Omics; additionally, a 
small single slice of the cRM was included for analysis (Fig. 4ci and di, Additional file 2: 
Fig. S8bi–ci). This allowed direct comparison of multi-slice, co-planar datasets between 
patients to determine if similar signatures were present. In this instance, we noticed 
that the cRMs originating in the atria had a slightly different transcriptional profile than 
previous ventricular samples (Fig. 4ci and di). This is also evidenced in the difference in 
FLCN expression across the tumour samples taken from this same patient compared to 
those from MCHTB302 and MCHTB361 (Additional file 2: Fig. S5). However, upregula-
tion of aerobic metabolism in certain clusters remained constant across this additional 
multi-slice dataset taken from MCHTB362, demonstrating a consistent association with 
the tumour phenotype across all patients (Fig.  4dii–diii, Additional file  2: Fig. S8, and 
Additional file 11: Results). Processing and visualisation of multi-slice samples through 
VR-Omics facilitated the discovery of similar cell populations and molecular signatures 
in MCTHB302 and MCHTB362 that suggest they are characteristic of cRMs (Fig. 4 and 
Additional file 2: Fig. S8). These findings across patients were further orthogonally vali-
dated outside of the VR-Omics framework using a BayesSpace multi-slice analysis work-
flow (Fig. 5, Additional file 3: Methods, and Additional file 11: Results). These findings 
suggest that upregulated aerobic respiration is a characteristic transcriptional signature 
of cRMs (Fig. 4, Additional file 2: Figs. S8–S9).

A final validation step included repeating the same analysis performed on multi-slice 
samples on separate individual sections for samples taken from both MCHTB302 and 
MCHTB362. The clustering performed across multi-slice samples reveals additional 
transcriptional heterogeneity that was not identified when the same analysis was run on 
individual sections separately (Fig. 4, Additional file 2: Figs. S7, S10, and S11). Of note, 
when previously concatenated sections from MCHTB362 were analysed separately, 
a cluster belonging to a seemingly fibrotic capsule along the perimeter of the tumour 
visible in the joint analysis in Fig. 4dii and Supplementary Fig. 8c could not be iden-
tified when the same samples were analysed as individual sections (Additional file  2: 
Figs. S10 and S11). The joint signature of upregulation of aerobic respiration and oxi-
dative phosphorylation was also only visible in one of the sections, displaying how the 
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multi-slice analysis uncovers additional transcriptional heterogeneity (Additional file 2: 
Figs. S10–S11).

Here we undertook multiple avenues for validation, through the identification of sig-
natures in intra- and interpatient samples along with validating signals present outside 
of a multi-slice analysis framework. The ability to generate a single data object across 
multiple planar Visium sections allowed for a better understanding of the distribution 
of cell populations across the tumour, which would have otherwise been lost due to 
artificial tissue separation across capture areas (Fig. 4ci and dii). VR-Omics’ GUI makes 
this process easy and intuitive by simplifying data joining to a simple “drag and drop” 

Fig. 5  Schematic outlining different steps in the analytical workflow for processing multi-slice Visium slices in 
VR-Omics (green) compared to a manual workflow using BayesSpace (blue). Within VR-Omics, boxes outlined 
in gray indicate steps undertaken by the AW, therefore not requiring user interaction
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alignment exercise of Visium slices within the VR-Omics’ GUI, eliminating the need for 
computational steps to generate a single data object (Fig. 4bi and Additional file 1: Video 
1). A VR-Omics user commented that their Visium data (co-planar slices) were “beau-
tifully aligned” and that “I like the way the software visualises the concatenated slices. 
Very impressive.” emphasising VR-Omics effectiveness in accomplishing this task (Addi-
tional file 6: Questionnaire 1). Furthermore, we demonstrate the ease of using an auto-
mated multi-slice workflow in VR-Omics providing an interactive data visualiser rather 
than using a comparable multi-slice workflow in BayesSpace (Fig. 5). VR-Omics mini-
mises the number of steps undertaken by the user for concatenation of multi-slice data 
and automates many of the pre-processing steps compared to workflows like BayesS-
pace (Fig. 5), reducing the overall time needed for analysis while, as demonstrated above, 
generating comparable biological results. Furthermore, VR-Omics circumvents the need 
for the user to navigate multiple complex analysis packages and overcomes data format 
compatibility issues by providing an end-to-end comprehensive pipeline for analysis 
(Fig. 5).

Discussion
The number of experiments generating ST data, as well as the number of locations per 
dataset, is growing rapidly [44], simultaneously presenting great opportunities for spa-
tial biology investigation and data science challenges. To address the lack of technolo-
gies capable of handling multi-slice data, VR-Omics was designed from the ground up 
to manage multi-slice ST data (both co-planar and 3D stacked) through an intuitive, 
customizable graphical interface that requires minimal computational skills (Additional 
file  2: Fig. S1, Additional file  4: Video 2). VR-Omics is designed as a locally installed 
application, focusing on accessibility especially for users without programming knowl-
edge rather than relying on high-performance computing resources, which can be less 
accessible. Consequently, features like cell segmentation and spot deconvolution, which 
often demand significant computational resources, are not supported. However, when 
compared to multiple tools and pipelines (Stitch3D, Merscope Web-Vizualizer, VT3D, 
Spacemake, Loupe Browser, Xenium Desktop-Explorer, SODB, Spateo, and StereoMap) 
for ST data analysis, VR-Omics demonstrates its unique capability in performing com-
prehensive and advanced end-to-end data analysis for multi-slice ST datasets. Bench-
marking VR-Omics against most common ST data analysis and visualisation tools using 
the 3D developing human heart dataset reveals that only VR-Omics fulfills all the neces-
sary criteria for end-to-end analysis and visualisation typically of interest to biologists in 
a 3D stacked dataset.

Expert feedback identified the GUI, ease-of-use for users without a coding or com-
putational background, and the visualisation and concatenation feature as major advan-
tages of VR-Omics over existing analysis pipelines. We hope that increased utilisation of 
VR-Omics will lower the steep barriers of entry, making this platform accessible to peo-
ple who lack computational experience, democratising the analysis of spatial transcrip-
tomics data. Key areas identified by respondents for future improvements were the lack 
of customisation within the data/plot exports and the need for further annotation, e.g., 
no cell type deconvolution available. Several enhancements are already in development 
and will be released as updates later this year, including automated 3D cluster selection, 
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more detailed location-specific information (e.g., p value display), and the integration of 
advanced third-party packages for spatial clustering and SVG analysis. In addition, we 
have improved the GUI and documentation to address features that users struggled to 
locate during the consultation. With the emphasis on processing of multi-slice 2D and 
3D datasets, we tested VR-Omics capabilities to process and visualise datasets gener-
ated from different ST platforms. These measurements were conducted without paral-
lelisation, with processes running in the background to enable continued user activity 
during analysis. While these results demonstrate VR-Omics’ ability to efficiently process 
large datasets, further improvements in processing time can be achieved by executing 
multiple workflow instances in parallel. This parallelisation approach would be especially 
beneficial for handling the simultaneous processing of multiple samples, thus enhancing 
throughput in large-scale studies.

The space of ST data analysis urgently requires applications developed for 3D datasets 
to align, visualise, and process multi-sliced data. At the time of writing, to our knowl-
edge, only STich3D [6], VT3D [7], and OpenST [45] and our previous work VR-Car-
diomics [12] support 3D data visualisation and analyses besides VR-Omics. However, 
these applications focus on delivering specific aspects of the analytical pipeline and 
therefore lack critical features to enable end-to-end analysis for users with a range of 
computational expertise. For example, VR-Cardiomics lacks the ability to analyse users’ 
novel data, rather it focuses on the visualisation of a singular pre-processed dataset, thus 
preventing its inclusion in future studies. OpenST focuses on providing a platform and 
framework for data generation, while providing limited 3D data analysis functionality 
[45]. Thus, we have developed VR-Omics to bridge this gap, allowing users to analyse 
and interact with their own 3D data in an intuitive manner.

Our comparative analysis between VR-Omics and other proprietary and open-source 
tools for ST multi-slice analysis (Fig.  2a) reflects a wide range of support for various 
ST platforms and the advanced analytical tasks required by researchers. Despite the 
inclusion of tools specialised for enhancing spatial analysis in three dimensions, such 
as Stitch3D and VT3D, which primarily focus on visualisation and data mining (i.e., 
analysis of ST data using an array of bioinformatic methods implemented in VR-Omics), 
only VR-Omics was able to complete all five essential steps for a comprehensive analysis 
(Fig. 3, Additional file 12: Table S5). This evaluation confirmed VR-Omics’ unique ability 
to support a complete analytical workflow, significantly outperforming existing meth-
odologies in efficiency and thoroughness of data analysis. VR-Omics’ singular success 
in completing all steps of the biological case study, particularly in identifying DEGs that 
characterise unique transcriptional signatures of two cardiac regions, further highlights 
its unparalleled capability to provide a robust and comprehensive framework for analys-
ing complex spatial transcriptomics data.

Through the analysis of rare cRM samples, we demonstrate that VR-Omics over-
comes two major challenges in multi-slice co-planar ST data: (1) biologically adjacent 
samples being separated for processing which need to be merged for analysis and (2) 
inter-sample comparisons. VR-Omics’ capability to analyse multi-slice datasets and eas-
ily perform inter-sample comparisons permitted the elucidation of key molecular mech-
anisms contributing to the growth of rare cRM tumours. The workflow available within 
the VR-Omics framework identified shared signatures of increased aerobic respiration 
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across patients within abnormal cardiomyocytes faster than comparable workflows 
implemented across multiple disaggregated packages. This indication of potential dys-
regulation of the AMPK-mTOR pathway is known to have an effect on mitochondrial 
metabolism and has been demonstrated in murine models with mutations in FLCN, 
which is homologous to the same gene known to be mutated in patient MCHTB302 
[43]. Without platforms for the generation of ST data and tools for its effective analy-
sis through framework tools such as VR-Omics, rare clinical samples preserved in FFPE 
such as these cRMs (prevalence 0.0017%–0.28%) would remain largely inaccessible. The 
need for specialized bioinformatics tools and computational skills makes analysis of 
these rare samples and others like them challenging and inaccessible to many research-
ers. VR-Omics overcomes these barriers by empowering biologists and facilitating anal-
ysis for bioinformaticians.

Conclusion
Multi-slice ST data analysis is quickly evolving and the need for tools to support this is 
growing [46], and VR-Omics rapidly evolves to address development and improvement 
cycles. VR-Omics natively supports multi-slice ST data from Visium, Xenium, Stereo-
Seq, and MERFISH, Nanostring (CosMX) and visualisation capabilities for Slide-Seq V2. 
VR-Omics modularity facilitates the future incorporation of new platforms such as Visi-
umHD. By addressing existing computational limitations in current multi-slice ST tools, 
VR-Omics offers unique advantages as demonstrated in this study using both stacked 3D 
and co-planar 2D multi-slice datasets. In this study, we leverage VR-Omics to dissect the 
mechanisms underlying the growth of pediatric cRMs. Our discovery unlocks potential 
insights into the regeneration of cardiac muscle for therapeutic purposes as the tumours 
develop within striated muscle and cause abnormal levels of proliferation after birth. 
VR-Omics stands out from other tools with unique software architecture, an immersive 
environment, cross-platform compatibility, and a fully AW, all aiming at simplifying and 
democratising ST analyses in the spatial biology community.

Methods
VR‑Omics architecture

To deliver a seamless user experience, VR-Omics was conceived as a sophisticated end-
to-end analysis tool, integrating two primary components via a user-friendly interface 
(Fig.  1a). The first component, the purpose-built AW, focuses on the processing and 
mining of raw ST data (Fig. 1a). The second component, the Visualiser, utilizes the pro-
cessed data to facilitate advanced data visualisation, equipped with multiple features for 
enhanced data interaction and exploration through a fully interactive interface, designed 
with intuitive data mining processes in mind (Fig. 1a).

VR-Omics was developed utilising the Unity Game Engine by Unity Technologies, 
starting with Unity version 2019.4.26f1 [47]. An upgrade to version 2021.3.11f1 (Long-
Term Support, or LTS) [32] was later implemented to ensure complete compatibility 
with the Virtual Reality toolkit plugin (XR Interaction Toolkit version 2.0.3) (Additional 
file  3: Methods). For each integrated ST platform, we developed specific state-of-the-
art AWs using Python executables and open-sourced tools and packages, which are 
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embedded within the application to function as a unified software solution (Additional 
file 3: Methods).

The software was developed for Windows 10 and later optimised for Windows 11 to 
ensure compatibility across modern systems. In addition, we also provide a macOS ver-
sion that supports the full suite of Visualiser features. However, this version currently 
does not include the AW component, focusing instead on enabling users to access the 
key visualisation features seamlessly.

Features of VR‑Omics

Automated Workflow

For each of the integrated ST platforms, a purpose-built AW was developed to optimise 
data processing and allow advanced analysis of the ST raw data. This optimisation is 
achieved through a user-friendly interface that enables end-to-end processing and analy-
sis of raw data, thus eliminating the need for time-consuming data formatting steps. All 
proprietary data is supported as provided by the vendor, and VR-Omics automatically 
detects the necessary files by selecting the main directory of each sample, reducing the 
risk of incorrect file selection. Within the AW, users can perform a variety of operations 
to tailor data analysis (Additional file 2: Fig. S1), including standard filtering metrics to 
ensure data quality such as (i) number of counts per location, (ii) percentage of overall 
mitochondrial gene expression, and (iii) number of cells expressing a certain gene. These 
metrics can all be easily visualised across the tissue section to highlight regions of poor 
data quality and capture inter- or intra-tissue heterogenety (Additional file 2: Fig. S1a).

The default normalisation methods (as recommended by each analysis package) are 
applied, and data is log-transformed before highly variable genes (HVGs) are identi-
fied. Subsequently, principal component analysis (PCA) is performed, neighbours are 
computed, and UMAP or t-SNE coordinates are generated prior to performing spatially 
agnostic Leiden clustering or STAGATE-enhanced Leiden clustering depending on the 
dataset (Fig. 1e–f). The AW executes spatial analyses using various Python libraries such 
as Scanpy v1.9.3, SpatialDE v1.1.3, and STAGATE v1.0.1, for different commercialised 
and open-source ST platforms and custom data.

SVGs, crucial for understanding cell differentiation and tissue organisation, are iden-
tified using SpatialDE (1.1.3) for Visium data or Moran’s I statistic for other data types 
(Additional file 2: Fig. S12a) [34].

Visualiser capabilities

Across these ST platforms, different terms are used for the smallest individual capture 
area of each technique, e.g., spots, locus/loci, bins, or locations. For consistency, we will 
use the term locations throughout the manuscript, always referring to the smallest indi-
vidual capture area of the respective ST methods.

After processing their data through the AW or loading the requisite files, irrespec-
tive of the data platform used, users can explore their datasets within the Visualiser. The 
Visualiser offers an array of interactive features designed with input from biologists to 
create intuitive analysis tools and ensure availability of the right resources to address 
various biological questions. These features support the systematic exploration and 
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comparison of gene expression data across samples within a 2D desktop or VR environ-
ment (Additional file 2: Fig. S12).

Key capabilities include the visualisation of gene expression, enabling insights into the 
expression of significant markers, such as EPCAM in breast cancer, which is associated 
with poor prognosis [48] (Fig.  1d). This visualisation aids in correlating disease sever-
ity with tissue characteristics, further enhanced by the superimposition of metadata like 
clustering results or images alongside gene expression data, allowing for rapid assess-
ment of alignment between clustering, gene expression, and tissue histology.

The top menu provides the ability to select the visualisation of clustering results, 
including Leiden clusters, which are run by default through the AW, or STAGATE clus-
ters if this option was selected during AW configuration. This flexibility allows users to 
compare multiple clustering approaches directly within the Visualiser, enabling deeper 
exploration and validation of spatial patterns across the tissue. Furthermore, the user 
can access SVG results directly from the top menu, which displays an interactive table 
containing key information such as p values for each gene identified as spatially signifi-
cant (Additional file 2: Fig. S12a). Genes identified as significant are also highlighted in 
teal within the search bar, allowing for quick identification and exploration. The SVG 
cut-off value can be manually adjusted by the user to apply more or less stringent fil-
tering criteria, providing additional control over the selection of SVGs. This dynamic 
approach enhances the user’s ability to focus on specific genes or patterns of interest, 
further streamlining the visualisation and interpretation of ST data.

The platform also enables the exploration of gene expression profiles, crucial for lev-
eraging the full potential of ST data. Features like visualising two different gene expres-
sion profiles on adjacent slides or within the same tissue section, as well as vector-based 
gene expression differences, facilitate comparisons of markers linked to disease prog-
nosis or aggressiveness such as EPCAM and ELF3 in breast cancer [48, 49]. This com-
parison is valuable for understanding their impact on specific regions or cells within a 
tumour. Replication of actions across duplicated slides, such as ROI selection, is sup-
ported (Additional file 5: Video 3).

Gene search functionality allows users to find and visualise a gene of interest’s expres-
sion through a heatmap, showcasing relative expression at each location (Fig.  1d). An 
alternative binary visualisation mode highlights locations with nonzero expression of 
the selected gene, enhancing the visibility of gene activity (Fig. 1d). Users can adjust the 
visualisation granularity by modifying location size or filtering out low-expression loca-
tions, applying thresholds to streamline the display (Additional file 2: Fig. S12b). If SVGs 
were identified using the AW, these genes are highlighted with a turquoise-colored result 
button for easy identification (Additional file 2: Fig. S12a).

Superimposition of other metadata, such as H&E staining or clustering results from 
Leiden or STAGATE calculated in the AW, is facilitated for enhanced data interpreta-
tion. When available, serial sections across a sample enable the uploading of a 3D model 
to improve spatial and anatomical orientation (Additional file 2: Fig. S1d), with various 
adjustments available to align the 3D model with the dataset.

The Visualiser’s side-by-side comparison feature allows visualisation of two different 
gene expression profiles on adjacent slides or the same tissue section, enabling precise 
ROI delineation and ensuring identical analysis areas across slides (Additional file  13: 
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Video 4). This feature can be toggled off to merge the expressions of both genes into a 
normalised, vector-based difference calculation at each location, highlighting significant 
expression differences between the two gene profiles (Additional file 2: Fig. S1e).

Facilitating analysis of multi‑slice Visium datasets

For Visium datasets, VR-Omics overcomes two common analytical challenges: (1) facili-
tating concatenation of multiple Visium sections taken from the same tissue in 2D for 
joint analysis (Fig. 1b) and (2) loading of multiple, serial sections for visualisation in 3D 
(Fig.  1c). The first feature is enhanced through the introduction of a visually intuitive 
concatenation interface. Here, each sample is represented by its histologically stained 
image, allowing users to rearrange slides into their original configuration via a user-
friendly drag-and-drop mechanism (Additional file 4: Video 2). Additionally, slides can 
be effortlessly rotated, enabling precise and flexible alignment for the accurate recon-
struction of original tissue sections. Following alignment, users have the capability to 
specify processing parameters, including the filtering of cells, genes, and mitochon-
drial values, as well as adjusting the sensitivity of the clustering algorithm. These inputs 
initiate the seamless concatenation of slides, followed by subsequent analyses and 
cell type clustering, streamlining the entire process for optimal data integration and 
interpretation.

In the second scenario, VR-Omics offers the unique option to simultaneously load 
multiple Visium samples if they represent serial sections of the same tissue, to visualise 
the tissue in 3D (Additional file 2: Fig. S1c). For this, VR-Omics provides a straightfor-
ward alignment process consisting of selecting multiple Visium sample folders that have 
been processed and/or analysed with the AW (Additional file 2: Fig. S1ci). The selected 
datasets will be in unison, allowing the user to set the correct anatomical order from 
front to back of the slides. Next, all H&E images will be overlapped in a simple user 
interface that allows the user to rotate the slides individually, correcting misalignments 
of the samples on the capture areas (Additional file 2: Fig. S1cii). Furthermore, the user 
can set the distances between each slide in depth direction (Additional file 2: Fig. S1cii). 
Finally, the user can visualise the merged dataset rendered from the selected slides with 
the set distances and rotations as a 3D object (Additional file 2: Fig. S1ciii).

The virtual reconstruction offered through VR-Omics GUI allows datasets to be inter-
preted by biologists in a representation that is more faithful to the whole tissue. To pro-
vide training for prospective users, the AW and Visualiser capabilities can be explored 
by processing of the 3D demo data of the human developing heart [24]. When dealing 
with 3D datasets, the user can upload a 3D model of their tissue or organ of interest and 
align spatial data within it. In the case of the developing human heart [24], an overlay of 
the 3D model provides the user a more intuitive understanding of which clusters corre-
spond to anatomical structures within the heart, allowing for easier selection of biologi-
cally relevant ROIs across the depth of the dataset (Additional file 2: Fig. S1 d).

Expert feedback

We consulted ST experts who were first-time VR-Omics users to provide feedback 
assessing the effectiveness and efficiency of the end-to-end VR-Omics workflow com-
pared to non-interactive benchmark pipelines. Experts had high spatial transcriptomics 
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fluency, and prior experience using analysis pipelines for the platforms Xenium 
(Squidpy), Visium (Seurat), and MERFISH (Squidpy). All VR-Omics analysis was per-
formed using v3.0 of the application. A questionnaire was provided during the expert 
consultation to collect qualitative and quantitative feedback. All original questionnaire 
responses and feedback are included as Additional file 6: Questionnaire. Experts were 
not financially or otherwise compensated for their participation.

VR‑Omics performance tests

Testing of VR-Omics processing and visualisation capabilities was conducted using VR-
Omics v3.0. Tests on single slices were performed in duplicate and the mean reported. 
For comparison purposes, we selected a single mouse brain slide from each of the tested 
ST platforms. All datasets are publicly available on respective vendor websites (see Data 
availability). Tests were performed on a windows machine with 64 GB RAM, NVIDIA 
RTX A4500 graphics card, and Intel(R) Core (TM) i9-12900 K Processor 3.20 GHz. A 
custom python script employing psutil and GPUtil libraries was employed to measured 
peak GPU, CPU, and RAM usage at 0.1-s intervals.

Visium data were filtered using gene count thresholds set between 1000 and 35,000 
counts, while mitochondrial reads exceeding 10% were excluded. Additionally, genes 
expressed in fewer than 10 locations were filtered out. In contrast, datasets from Xenium 
and MERFISH were processed without applying specific filter parameters (Additional 
file  7: Table  S1). In addition to the performance tests of the AWs, a stress test of the 
Visualiser GUI was performed. For this test, the above mentioned Visium dataset was 
filtered to 2702 locations. To simulate larger datasets, we employed a modified version of 
VR-Omics that allowed exponential duplication of slides, creating 3D datasets by repeat-
ing the same slides. This approach enabled us to do time measurements from initiating 
the process until the slides were fully loaded. The dataset was scaled up incrementally to 
a maximum of 2048 slides, resulting in a total of 5,533,696 locations (Fig. 3c). No further 
interaction tests were performed after loading the data into the Visualiser. To conduct 
this test, the same workstation as described above was used.

Scoring ST tools using the 3D developing heart dataset

We designed a typical workflow to identify the DEGs between the right ventricle and 
right atrium of the heart. The workflow covers 5 steps: (1) inputting ST data; (2) clus-
tering spots/locations; (3) assembling slices into a 3D structure; (4) manually selecting 
two ROIs; and (5) identifying the top DEGs between these ROIs. For each step, if the ST 
tool has a native feature to perform the task, we assign a score of 1. If the feature is not 
available natively in the ST tools, we wrote additional command-line based script (avail-
able at https://​figsh​are.​com/s/​0c9d9​cc265​b45b5​d9441) to achieve the tasks. When the 
DEG was performed using 3D-Cardiomics, the EdgeR [50] method was used as imple-
mented natively in 3D-Cardiomics. When performing DEG analysis using VR-Omics and 
command-line based script (STitch3D, VT3D), the FindMarkers() function of Seurat v5 
was used [51]. The right ventricle vs. right atrium DEG analysis was performed on the 
Litviňuková et al. [31] single-cell sequencing dataset also using the FindMarkers function 
of Seurat v5 [51] (R script available at https://​figsh​are.​com/s/​0c9d9​cc265​b45b5​d9441). 
These well-defined regions (right ventricle vs. right atrium) have established differences 

https://figshare.com/s/0c9d9cc265b45b5d9441
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in gene expression described in the published mammalian heart studies [30, 31] used as 
a chamber-specific reference marker gene set, making this dataset an optimal candidate 
for testing the capabilities of ST algorithms to easily identify, subset, and compare gene 
expression across biological ROIs.

Processing patient samples and data analyses

All samples were sequenced using the Visium FFPE Spatial Solution in conjunction 
with the Advanced Genomics Facility at the Walter and Eliza Hall Institute (WEHI). 
Samples of patient MCTHB302 were sequenced in the first batch, while the samples of 
MCTHB361 and of MCTHB362 were sequenced in a subsequent batch. Samples were 
sectioned as necessary to fit Visium capture areas (Fig. 4 and Additional file 2: Fig. S8). 
Outputs from both batches of Visium experiments were reanalysed through the Spac-
eRanger pipeline v2.0.1 [52] by the WEHI team. The outputs of the SpaceRanger pipeline 
for all samples were used as the inputs VR-Omics. The VR-Omics workflow included 
using the Visualiser to align multiple 2D slices and generated a joint, co-planar data 
object (Additional file 4: Video 2), and Scanpy pre-processing including clustering using 
STAGATE. Filter parameters were established independently for each sample. The 
markers for each cluster were retrieved by identifying DEGs between clusters using a 
Wilcoxon rank sum test within Scanpy v 1.9.6 and then filtered for an adjusted p value ≤ 
0.05. For orthogonal validation of analysis of multi-slice datasets as individual slices, the 
same process was employed with an additional filter of logFC ≥ 0.1 for cluster markers. 
These markers were then used as the input for gene ontology enrichment analysis using 
Metascape v 3.5 [53] or, when inputs exceeded 3000 genes, Webgestalt [54]. Within 
Metascape, inputs were specified as belonging to Homo sapiens, and a standard express 
analysis was run. Results for the GO analysis were reported only when pathways were 
returned with a significant p value associated to the cluster makers used as input. When 
using Webgestalt, the method of interest was set as over-representation analysis and 
Homo sapiens as the organism of interest. The functional database was set to geneontol-
ogy with the additional parameter of “Biological Process noRedundant,” no background 
was chosen.

These findings were then validated orthogonally, outside of the VR-Omics frame-
work using a series of comparable tools requiring coding experience. Samples were pre-
processed and filtered in Seurat; then clustering for individual or joint objects for all 
patients was performed using the BayesSpace algorithm [55]. Gene ontology enrichment 
analysis was performed as outlined above.

Supplementary Information
The online version contains supplementary material available at https://​doi.​org/​10.​1186/​s13059-​025-​03630-6.

Additional file 1: Video 1. Capabilities within VR-Omics for interactions with datasets using VR. Demonstrated here 
with Visium, 3D human developing heart dataset [24]. Ability to visualise clusters across dataset is demonstrated 
along with the ability to customize the visualisation of locations within a 3D dataset

Additional file 2: Supplementary figures. Collection of all supplementary figures

Additional file 3: Methods. Additional information about the input data for ST platforms, the technical specifications 
of VR-Omics and its corresponding AW implementation, and the features of VR-Omics is provided. Furthermore, 
there is additional information on the analysis of cRMs using BayesSpace [71–76]

Additional file 4: Video 2. Tutorial for loading 2D Visium data processed by VR-Omics AW into VR-Omics Visualiser for 
data interaction. At 0:15 s, there is a tutorial for loading 3D Visium data into VR-Omics and then perform alignment 
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of slides by being able to rotate and adjust each slide individually and set distances between each slide. At 0:36 s, a 
tutorial on how to load, easily adjust, and concatenate multiple, 2D co-planar Visium slices is available

Additional file 5: Video 3. Tutorial for loading raw datasets for processing with VR-Omics followed by examples screen 
in the user interface for user-defined filtering parameters and analysis options available for datasets generated with 
each platform

Additional file 6: Questionnaire. Collection of all expert feedback

Additional file 7: Table S1. Comparison of VR-Omics memory usage and time required for process various datasets 
through the AW using different filtering parameters. Datasets tested include the Xenium Human Breast Cancer FFPE 
dataset, the MERFISH Adult Mouse Brain Dataset, and Visium V1 human lymph node dataset

Additional file 8: Table S2. Comparison of VR-Omics time requirement for visualising multiple Visium slides

Additional file 9: Table S3. List of differentially expressed genes between the right ventricle and right atrium identi-
fied in the human embryonic heart at 6 dpc by VR-Omics [30]

Additional file 10: Table S4. List of differentially expressed genes between the right ventricle and right atrium identi-
fied in the adult human heart from the Heart Cell Atlas dataset [31]

Additional file 11: Results. Additional results for cross-platform comparisons of mouse brain slides across multiple ST 
platforms are available. More information on multi-slice 3D data analysis using VR-Omics and orthogonal validation 
of upregulated pathways in cRMs is also provided

Additional file 12: Table S5. Comparison of VR-Omics with commonly used visualisation tools for each of the ST meth-
ods supported by VR-Omics. The features described in this table show the overall capability of VR-Omics compared 
to the tools that are available to visualise and explore ST data

Additional file 13: Video 4. Tutorial for visualising processed datasets within VR-Omics and display of Visualiser capa-
bilities. At 0:00 s, there is a tutorial displaying the gene search function for heatmap display of gene expression val-
ues. At 0:19 s, there is a tutorial demonstrating a binary display of gene expression across the tissue section. At 0:29 s, 
there is a tutorial demonstrating the ability to find regions of co-expression between two genes. At 0:48 s, a tutorial 
displays the capacity to duplicate a tissue section and merge expression of two gene patterns across duplicated 
slices. At 1:07 s, a tutorial exhibits how to select regions of interest on a duplicated slide and at 1:13 s this capability is 
expanded to selected the same region of interest through multiple, stacked 3D slides
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• Figshare (Windows, DOI: https://​doi.​org/​10.​6084/​m9.​figsh​are.​28259​834.​v3): https://​widge​ts.​figsh​are.​com/​artic​les/​28259​
834/​embed?​show_​title=1 [56]
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• Source code (Unity Engine required) is publicly available at <https://​github.​com/​Ramia​lison-​Lab/​VR-​Omics> [58]
The VR-Omics software, including tutorials and demos, is also available at: https://​ramia​lison-​lab.​github.​io/​pages/​vromi​
cs.​html [59]
GitHub source code (licensed under the OSI-compliant MIT license): https://​doi.​org/​10.​5281/​zenodo.​15227​021
Rhabdomyoma samples and third party datasets
The paediatric cardiac rhabdomyomas Visium profiling data have been deposited in NCBI GEO under accession number 
GSE252228 [60]. Third-party datasets used in this study are available under EGAS accession EGAS00001003996 [24]. Data 
for cross-platform comparison can be accessed via Figshare at <https://​figsh​are.​com/s/​78bcc​6320c​f3b2e​e64af> [61].
VR-Omics performance tests and comparison
Custom R scripts for visualising Stitch3D data and performing differential gene expression analysis on datasets by Asp 
et al. 2019 [24] and Litviňukova et al. 2021 [31] are available on Figshare at <https://​figsh​are.​com/s/​0c9d9​cc265​b45b5​
d9441> [62].
The datasets used for performance testing can be accessed at the following links:
• Visium: https://​cf.​10xge​nomics.​com/​sampl​es/​spati​al-​exp/1.​1.0/​V1_​Adult_​Mouse_​Brain/​V1_​Adult_​Mouse_​Brain_​web_​
summa​ry.​html [63]
• Xenium (Mouse Brain Replicate 1): https://​cf.​10xge​nomics.​com/​sampl​es/​xenium/​1.0.​2/​Xenium_​V1_​FF_​Mouse_​Brain_​
Multi​Secti​on_1/​Xenium_​V1_​FF_​Mouse_​Brain_​Multi​Secti​on_1_​analy​sis_​summa​ry.​html [64]
• Stereo-seq: https://​db.​cngb.​org/​stomi​cs/​datas​ets/​STDS0​000234/​summa​ry [65] -
• MERFISH (Vizgen): Available via the Vizgen Data Release Program: https://​info.​vizgen.​com/​mouse-​brain-​data [66]
Additionally, the following public datasets were used for the validation of VR-Omics throughout the manuscript:
• Visium Human Lymph Node V1 dataset: <https://​www.​10xge​nomics.​com/​datas​ets/​human-​lymph-​node-1-​stand​ard-1-​
0-0> [67]
• Xenium Human Breast Cancer FFPE dataset: https://​www.​10xge​nomics.​com/​produ​cts/​xenium-​in-​situ/​previ​ew-​datas​
et-​human-​breast [68]
• MERFISH Mouse Brain Receptor dataset: https://​info.​vizgen.​com/​mouse-​brain-​data [69]
• Visium Multi-Slice Adult Mouse Brain Coronal dataset: https://​www.​10xge​nomics.​com/​datas​ets/​mouse-​brain-​secti​on-​
coron​al-1-​stand​ard [70].
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