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Abstract 
Advancements in spatial transcriptomics and single-cell RNA sequencing have enhanced our understanding of gene expression within 
tissues. Spatial transcriptomics retains spatial context at the expense of resolution, often resulting in cell mixtures, whereas single-cell 
RNA sequencing offers single-cell resolution with the loss of spatial information. Some computational methods aim to integrate data from 
these two technologies; however, a ground truth for their evaluation is typically lacking. Thus, simulation techniques may be used to 
generate artificial gold or silver standards, offering the possibility for standardized analysis. This not only requires an accurate replication 
of real tissue types, but also sufficient sample diversity, calling for a unified evaluation of these properties between present techniques. 
Existing benchmark metrics and platforms often favor simulations that closely replicate the input data rather than promoting novel 
tissue layouts. This paper introduces a comprehensive benchmarking platform that evaluates spatial transcriptomics simulation methods 
across data property distributions, biological signal preservation, and similarity-based metrics. Our framework ensures that simulations

go beyond simple data replication, instead introducing biologically meaningful variation. BEASTsim can be easily integrated into analysis

pipelines and provides a practical tool for evaluating and developing computational methods, thereby advancing the integration of spatial

transcriptomics and single-cell RNA sequencing data to yield more accurate biological insights. As a result, we have utilized BEASTsim

to create a decision tree that helps users select the most suitable simulation model based on their data and goals. This work provides

a practical tool for evaluating and developing computational methods, thereby advancing the integration of spatial transcriptomics and

single-cell RNA sequencing data to yield more accurate biological insights.
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Introduction 
Over the past few decades, developments in molecular biology have 
enhanced our ability to investigate complex biological systems. Among 
the advancements is the field of transcriptomics, the study of RNA 
expression, revealing the molecular properties of tissues and cells. 
Initially, bulk RNA sequencing was used to quantify the average 
gene expression at the tissue level, offering valuable insights into the 
average signal across a heterogeneous cell population. The limita-

tion of only studying the average cell was later addressed with the 
emergence of single-cell RNA sequencing (scRNA-seq), enabling the 
profiling of gene expression at the cell level rather than at the tissue

level, allowing for the discovery of novel cell types (CTs). Recently, a

new field of technology emerged known as spatial transcriptomics

(ST). ST extends the capabilities of scRNA-seq by preserving the spa-

tial context of the gene expression within a tissue, allowing for the

analysis of cellular neighborhoods. Despite its ability to maintain the

spatial context, ST often suffers from reduced gene coverage and

reduced cellular resolution, making the higher quality scRNA-seq data

essential for downstream analysis [1]. In particular, cell mapping 
is a computational approach designed to integrate ST and scRNA-

seq data, thereby combining the spatial context of ST with the high-

resolution transcriptomic profiles of scRNA-seq. For biological data, 
however, no ground truth exists for such a mapping due to the 
destructive nature of each technology, making it difficult to assess per-

formance rigorously. Simulations can be used to address this challenge 
by providing an artificial dataset with a known, user-defined ground

truth, free from the limitations of current technologies. Despite their

potential, the relative youth of the ST field means that no standard-

ized simulation benchmarking framework currently exists, resulting

in inconsistent method comparisons and consequently complicat-

ing method development. The development of such a benchmarking

framework is therefore essential to accelerate the progress of ST

research.

To address these challenges, we present BEASTsim, a standardized 
benchmarking and analysis platform for evaluating ST simulation 
techniques. BEASTsim is designed to be both accessible for researchers 
seeking to identify the most suitable simulation method and exten-

sible for developers aiming to integrate new simulation techniques 
or benchmarking metrics. The framework encompasses a range of 
benchmarks, from basic data properties such as libr ary size and

mean expression to more advanced metrics capturing biological sig-

nals, including differentially expressed genes. It also includes a novel

similarity-based benchmark aimed explicitly at detecting replicative

simulations that merely return a slightly modified version of the

ground truth. In addition, BEASTsim provides analysis tools for visu-

alizing benchmarking results through detailed and informative plots

and charts.

This study makes the following contributions: 

1. A comprehensive benchmarking framework for evaluating ST 
simulation techniques, with a modular, extensible, and open-

source Python implementation.

2. Novel similarity-based benchmarking metrics to detect trivial

simulations.

3. A region-based consideration of cell locations, instead of point-

wise, enabling the comparison of both reference-free and

reference-based simulations.

4. A benchmark study comparing five different ST simulation 
techniques, with a decision tree provided to guide method

selection.

Materials 
Datasets 

Three publicly available datasets were used from the MERFISH, 10x 
Visium, and Xenium ST technologies. The Mouse Ileum MERFISH
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dataset was generated b y [2, 3] and includes ∼5800 cells obtained 
from cryosections of fresh-frozen mouse ileum, downloadable from

bioconductor. The mouse brain (sagittal-anterior) 10x Visium dataset, 
containing 2695 spatial spots, was produced by 10x Genomics [4] from 
a fresh-frozen C57BL/6 male mouse br ain and is publicly available

at 10xgenomics. Lastly, the human colorectal cancer Xenium dataset,

containing ∼388 000 segmented cells and a gene panel comprised 
of 480 assayed genes, was generated by 10x Genomics [5] and is 
publicly available at 10xgenomics. As a reference for CT annotation 
for the 10x Visium dataset, we used the cortical cell dataset provided

by the Allen Institute [6], from an adult mouse cortex with a total 
of 14 249 single cells, 23 CTs, and 34 617 genes, downloadable from

dropbox. For CT annotation of the Xenium colorectal cancer dataset, 
we used an scRNA-seq reference derived from the Healthy Reference

subset of the Pan-Gastrointestinal (Pan-GI) Cell Atlas [7], restricted to 
large-intestine-derived tissue and comprising 280 847 single cells

annotated into 42 intermediate-resolution CT.

See the Supplementary Section 2 for a more detailed description of

each dataset.

Data filtering 

The MERFISH and Visium datasets were filtered in two different ways, 
by selecting spatially variable genes (SVGs) and Spapros genes [8]. 
This approach focuses our benchmarks solely on these spatial features 
while also reducing simulation time. This type of filtering was not 
applied to the Xenium dataset due to the generally low gene counts 
inherent to the technology, diminishing the applicability of spatial 
variability-based filtering methods. Instead, the worst quality cells, 
having extremely small expression counts, have been removed. After

this processing, the Xenium dataset contained 273 660 cells. As a

result, we acquired five datasets for our benchmarking study: MER-

FISH SpatialDE, MERFISH Spapros, Visium SpatialDE, Visium Spapros

filtered, and Xenium. The specifics of the selection process and the

rationale behind the chosen thresholds for the filtering are detailed

in the Supplementary Section 4.2. 

Simulation techniques 

Several ST simulators exist, differing in their approach to generating 
synthetic spatially resolved gene expression data. Some simulators

generate data exclusively from ST, such as scCube [9], SRTsim [10], 
and scDesign3 [11]. Others generate from voxel-based ST combined 
with scRNA-seq data, such as SpatialcoGCN [12], generating voxelized 
SC data. As a result, these simulations can only be reasonably bench-

marked via comparison with a real reference when that reference 
is voxel-based, such as Visium, and are not applicable for MERFISH

or Xenium. Lastly, some methods generate ST profiles purely from

scRNA-seq data, such as spider [13], scMultiSim [14], synthspot [15], 
and spaSim [16]. However, in this study, we focus on simulators that 
take at least ST data as input and are also capable of returning ST 
data similar to the input ST data. The primary reason for this choice 
is the challenge of benchmarking methods that rely solely on scRNA-

seq data. Without corresponding spatial ground truth, evaluating the

accuracy of spatial reconstructions becomes inherently difficult. By

using ST-based simulators, we ensure that spatial structure is pre-

served and that benchmarking can be performed with a known refer-

ence, improving the reliability of method comparisons. The methods

in focus are SRTsim [10], scCube [9], scDesign3 [11], and SpatialcoGCN 

[12]. For a short overview of these methods, see the Supplementary 
Section 1.3. 

In addition to differences in input data sources, ST simulators can 
also be classified based on their reliance on spatial reference infor-

mation. In general, they fall into three groups: reference-based, input-

reference-free, and output-reference-free. Reference-based methods 
explicitly use spatial information from the input data to guide the 
generation of synthetic tissues. Input-reference-free methods generate 
spatial patterns without any spatial reference. Output-reference-free 
methods technically incorporate spatial information but do not use

exact cell locations when constructing the new tissue. As a result, their

generated tissues may exhibit different shapes and sizes compared

with the original data. For clarity and consistency, we will refer

to both input- and output-reference-free methods as reference-free

throughout the rest of this study. This distinction does not affect our

later benchmark results or selection process.

Methods 
The methods we used to perform our benchmarking study on the 
simulated datasets and further analyze the specifics of the different

scores are integrated into a modular, open-source Python package

called BEASTsim. The Supplementary Section 3 provides a detailed 
explanation of the framework itself, where in Subsection 3.1 we 
explain the features of the different modules and their interaction,

while in Subsection 3.2 we provide extensive theoretical explanations

of the benchmarking and analysis tools.

Benchmarking pipeline 

We utilized BEASTsim to run an extensive benchmarking of the 
selected tools. The entire benchmarking process is published on 
GitLab for complete reproducibility. The following is a brief overview 
of the steps we followed, also illustrated in the graphical abstract.

1. Filtering the reference ST data for spatially relevant genes to 
obtain the four datasets we listed in Section Data filtering, and 
removing noisy and low-quality genes from the Xenium data.

2. Preprocessing the five filtered real datasets obtained in the 
previous step, according to the default preprocessing routine

provided by BEASTsim.

3. Running the simulation tools on the preprocessed data with

various settings and hyperparameters.

4. Processing the generated artificial tissues together with the 
respective real references using BEASTsim’s default routine.

5. Run the benchmark metrics on the processed results to gen-

erate an unbiased, spatially aware, fair comparison of the

methods.

6. Visualization of the benchmarking results.

The Supplement Section 4.1 contains a similar list detailing the 
pipeline, with additional references to the related Supplement 
sections. 

In particular, the data processing performed at steps 2 and 4 relies 
on the SpatialDE [17] method to calculate adjusted P-values signaling 
spatial variability for each gene, and the Cell2Location [18]  CT  decon-

volution technique for inferring CT abundances for voxel-based data 
(e.g. 10x Visium). Cell2location was chosen as it is a state-of-the-art tool

for obtaining cell abundances for each voxel, as claimed by several

benchmarking studies [19–22]. For single-cell resolution spatial data

bioconductor
10xgenomics
10xgenomics
dropbox
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
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https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
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(e.g. MERFISH), a CT distribution is calculated by averaging the CTs of

spatial clusters of cells, obtained using K-means clustering.

Benchmarking metrics 

BEASTsim’s benchmarking module is organized into three main cat-

egories of evaluation metrics: Data Properties, Biological Signals,

and Similarity.

The Data Property and count-based Biological Signal bench-

marks, originally developed for nonspatial single-cell datasets by Yue

Cao et al. [23], have been adapted and extended in BEASTsim to incor-

porate spatial information. Specifically, categorical labels are assigned 
for each voxel by clustering their respective CT distribution vectors. 
These categories are used to partition the count matrix, enabling dif-

ferential gene expression analyzes across categories and comparisons

of data properties between real and simulated tissues. A detailed

description of the data processing steps used to generate these voxel

labels is provided in the Supplementary Section 3.1.4. Hereafter, we 
refer to these categorical voxel labels as assigned CT neighborhoods.

While the previous benchmarks extend existing methods, the Spa-
tial Biological Signal and Similarity benchmarks represent novel 
contributions. These methods rely on BEASTsim’s grid transformation

procedure, detailed in the Supplementary Section 3.2.1, Grid Transfor-

mation. In short, tissues are divided into a square grid structure, after 
which, for each region, all voxels located inside it are expressed in a 
region vector. This is crucial for locally comparing real and simulated 
tissues with different shapes and numbers of voxels, as each voxel 
lacks an ID, making it impossible to pair a simulated voxel with its real

counterpart. By comparing the average properties of voxels within

corresponding grid cells, BEASTsim enables localized comparisons,

with the grid resolution controlling the degree of spatial granularity.

Data property benchmarks
In the original version of the data property benchmarking metrics

[23], the count matrix is split according to the CTs of the single cells, 
giving data property values separately per CT. Instead of using CTs, 
which contain no spatial information, we utilize the assigned CT

neighborhoods for this splitting to integrate spatial context into these

benchmarking metrics without altering their fundamental behavior.

The final benchmark scores are then calculated based on P-values 
derived from the two-sample KDE comparison test [24] between a 
sample from the data properties of the real and the simulated ST data. 
The different data property metrics compared in this way are listed in

Supplement Section 1.1.1, while Supplement Section 3.2.2 explains the 
precise score formula.

Biological signal benchmarks
We defined two categories of biological signal benchmarks: count-

based and spatial.

The count-based benchmarks comprise various types of differen-

tially significant statistical gene detection methods between groups of 
expression vectors, grouped according to assigned CT neighborhoods.

For a more thorough explanation of comparison scores defined based

on these tests, see Supplement Section 3.2.2, Count-based Biological

Signals. 
The spatial benchmarks are inherently based on the spatial vari-

ance of genes and connectivity between CTs. These new scores are

the following:

• SVGs: spatially variable gene overlap, assess the spatial variable

gene retention of the simulation.

• CT neighborhoods: measures at a tunable level of locality, the 
probability of CTs being spatially next to each other, then compares

the distribution of this CT with CT connectivity between tissues.

• Tissue border neighborhoods: measures at a tunable level of local-

ity, the probability of CTs being spatially next to the tissue border,

then compares the distribution of these CTs with border connectiv-

ity between tissues.

See the Supplementary Section 3.2.2, Spatial Biological Signals

for comprehensive theoretical explanations of these benchmarks.

Figure 1, created with BEASTsim’s analysis module, visualizes the 
raw values of the CT-to-CT and CT-to-border connectivity conditional 
distribution matrices of an example real and simulated tissue as

heatmaps, which are compared and aggregated with the latter two

benchmark scores.

Similarity benchmarks 
Lastly, similarity benchmarks assess whether patterns in the simu-

lated tissue are structurally preserved rather than merely copied.

• Global patterns: overall spatial overlap of CTs and SVG expressions

• Local patterns: spatially specific overlap of CTs and SVG expres-

sions

• Average patterns: average overlap of CTs and SVG expressions

See the Supplementary Section 3.2.2, Similarity for comprehensive 
explanations of these scores. Figure 2, created with BEASTsim’s anal-

ysis module, visualizes the raw values as varying grid resolution

heatmaps, which are aggregated into the mentioned similarity scores.

Results 
Overview 

Every simulation was performed on the UCloud server equipped 
with Intel Xeon Gold 6230 CPUs, 46 GB of memory, and an NVIDIA 
V100 GPU. For an overview of the runtime and memory usage of

each method across each dataset, see the Supplementary Section 5.3.1. 
The Supplementary also include a usability and sustainability analysis 
of all methods, focusing on general user experience and maintenance.

For each dataset, simulation performance was evaluated across 
three benchmark categories: data properties, biological signals, and 
local similarity. Within each category, raw benchmark metrics were 
aggregated to enable a comparative assessment of the evaluated

simulation techniques. Detailed results and visual summaries of

these aggregated scores are presented and discussed in the following

section, with additional metric-level analyses provided in the

Supplementary Material, Section 5. 

Scalability 

To assess the scalability of the simulation techniques, we evaluated the 
performance on the 273 660-cell Xenium dataset, which is substan-

tially larger than the Visium and MERFISH Datasets. This experiment 
served as a stress test of computational feasibility under realistic

high-throughput conditions. SpatialcoGCN was excluded from this

scalability experiment, as it is designed for spot-based ST data and

aims to simulate SC resolution from mixed spot-level measurements

such as Visium, as explained previously in Section 2.2. As a result,

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
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Figure 1. CT neighborhood analysis plot of real and simulated reference-free SRTsim [10] SpatialDE [17] filtered Visium data; details on matrix 
construction and comparison scores can be found in the Supplementary Section 3.2.2, Neighborhood benchmark and 3.2.4, Neighborhood analysis. 

Figure 2. CTD similarity analysis of scCube [9] simulated SpatialDE [17] filtered Visium data, with heatmap values and a ggregated benchmark scores 
detailed in the Supplementary Section 3.2.2, Similarity benchmark and 3.2.4, Similarity analysis. 

the scalability assessment focused on the remaining simulation tech-

niques.

None of the evaluated techniques was able to complete on the full 
Xenium dataset within the computational constraints previously men-

tioned, indicating that the dataset size exceeds the practical capacity of 
all tested methods. We repeated the experiment by slicing the dataset 
in half according to the median x-coordinate, reducing it to 136 830 
cells. Despite this substantial size reduction, all methods still failed

due to memory exhaustion. The experiment was repeated a final time

by slicing the dataset again according to the median y-coordinate,

reducing it to 68 415 cells, selecting the top-right quadrant of the full

tissue. At this scale, scCube [9], scDesign3 [11], and the reference-based 
version of SRTsim [10] ran to completion, whereas the reference-

free version of SRTsim [10] failed due to exceeding the allocated

memory.

Main observations 

The aggregated benchmarking results are summarized using three 
bubble plot visualizations, which compare simulation performance

across datasets for data properties, biological signals, and local sim-

ilarity. Figures 3 and 4 report aggregated scores for data properties 
and biological signals, while Fig. 5 summarizes local similarity .

Consistent with the SpatialSimBench [25] paper, the reference-

based version of SRTsim [10] demonstrates the highest performance 
in nearly every data property and biological signal metric across

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
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Figure 3. Summary of the data properties across the five evaluated 
datasets for each simulation method. For each method, the bubble color 
indicates the average rank computed from the data property metrics for 
a given dataset. The individual metrics contributing to this average a re
illustrated for one representative dataset in Fig. 6. The bubble size reflects 
the corresponding relative ranking of the method compared with other 
simulation approaches.

Figure 4. Summary of biological signal preservation across the five 
evaluated datasets for each simulation method, where bubble color 
indicates the average rank computed from the biological signal metrics. 
The bubble size reflects the corresponding relative ranking of the method 
compared with other simulation approaches.

each dataset. Among the remaining methods, only scDesign3 [11] 
and the reference-free version of SRTsim [10] achieve comparable 
results. As expected, reference-based methods that rely heavily on the 
spatial locations of the real data generally outperform reference-free

approaches across most metrics. An exception is the reference-based

version of scCube [9], which scores among the worst in terms of data

properties.

We observed that in these simulations, some genes are being highly 
over- or underrepresented, in particular, genes that are sparse in the

real data are sometimes removed altogether in the simulated scCube

[9] datasets, with a global expression of zero. This significantly impacts

the metrics that depend on gene presence.

SpatialcoGCN [12], much like scCube [9], underperforms in data 
property distributions. This is as expected, as it generates SC resolution 
data and subsequently voxelizes them to produce a spatially struc-

tured output. Therefore, the expression values are not taken directly 
from the ST dataset, but rather the expression of mixtures of SCs

from the scRNA-seq data, leading to entirely different scaled datasets.

Figure 5. Summary of local similarity across the five evaluated datasets 
for each simulation method. For each method, the bubble color indi-
cates the average similarity score computed from the local SVG and CT
similarity metrics. The bubble size reflects the corresponding categorical
similarity classification, defined as low (≤ 0.4), medium (0.4-0.8),  or  h  igh
(> 0.8 ). 

Since SpatialcoGCN [12] was created as a method for benchmarking 
their cell mapping tool, the specific expression values were not of

importance during the design process, and the underperformance is

therefore expected.

As illustrated by the raw benchmarking results in Fig. 6,  the  
reference-based version of SRTsim [10] achieves almost perfect local 
similarity scores, indicating that the method not only preserves global 
expression patterns but also reproduces fine-grained local structure.

Capturing local patterns to this extent suggests that SRTsim [10] closely 
replicates the reference tissue, providing a plausible explanation 
for its consistently high performance. This interpretation is further

supported by Supplementary Figure 11, where differences in mean 
and variance expression are negligible. Importantly, this behavior 
is not limited to the representative Visium example. As summarized

across all datasets in Fig. 5, the reference-based version of SRTsim [10] 
consistently attains medium to high local similarity scores.

As an example, we included a visualization of all the individual raw

metrics for the SpatialDE filtered Visium dataset in Fig. 6. Similarly 
detailed spider-charts are also available for the other five datasets

in the Supplementary Section 5.3. Note that GT-real_st, seen in 
each spider chart, is a cop y of the real dataset with the same anno-

tations, etc.

Interpretation of r esults

While reference-free approaches generally perform worse than 
reference-based methods across most metrics, this does not imply 
that their performance is inherently poor. It is important to note

that the scores presented in Figs 3 and 4 are relative, ranking 
model performance rather than showing absolute difference. To 
assess the true performance of an individual model, one must 
examine the r aw metric values. A notable example of a reference-

free method performing better than expected is the reference-

free version of scCube [9]. As seen in the r aw biological signal

values (Fig. 6) compared with the aggregated ranks (Fig. 4), scCube 
[9] appears to perform poorly relative to other methods, but its 
absolute scores remain reasonably good. The key distinction is

that it achieves high global similarity scores while maintaining

low local similarity scores, suggesting that the model effectively

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
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Figure 6. Raw spider chart comparison of SpatialDE [17] filtered Visium data generated by scCube [9], SRTsim [10], and SpatialcoGCN [12]. Due to the 
random sampling of cells used for the Pearson and Spearman cell correlation benchmarks, e ven the raw scores of the same tissue are not a perfect 1.

Figure 7. Decision tree for selecting an appropriate ST simulation method. The decision tree guides method selection based on spatial similarity 
requirements, gene selection strategy, benchmarking priorities, and target ST technology. The root node represents spatial similarity, categorized as 
low, medium, or high as defined in Fig. 5, reflecting whether the simulated data should closely resemble real tissue or intentionally diverge from it. 
For high similarity requirements, the reference-based version of SRTsim [10] is recommended across technologies and gene selection strategies. For 
medium similarity, the reference-free version of SRTsim [10] is recommended for SpatialDE [17]-filtered datasets, while scDesign3 [11] is preferred for 
Spapros [8]-filtered Visium and Xenium data; for Spapros [8]-filtered MERFISH, scDesign3 [11] is suggested when data property estimation is prioritized, 
whereas the reference-based version of scCube [9] is preferred when biological signal preservation is emphasized. For low similarity requirements, the 
reference-free version of scCube [9] is recommended in most settings, assuming the use of a normalized expression matrix. When Visium data are 
specifically required in single-cell resolution, SpatialcoGCN [12] is suggested 

captures the overall cell distribution while also generating a new 
and diverse tissue layout. This behavior is characteristic of reference-

free approaches and is supported by the raw metric results across all

datasets. An extended interpretation of these results is provided in

Supplementary Section 5.3. 
A visualized overview of the interpretation of the results can be

found in Fig. 7, providing a guideline for determining which simula-

tion technique is more suitable for a given ST technology and a set of

properties.

Discussion 
Interpretation of similarity benchmarks

An important aspect of the similarity benchmarks is that they are 
not primarily designed to assess the quality of a simulation method, 
but rather their type or nature. It is up to the user to decide which 
method best fits their purposes, and these benchmarks help inform 
that decision. According to this basic idea, a low score in similarity 
benchmarks is not a necessary indicator of an undesirable technique. 
For example, reference-free simulations are expected to produce low 
local similarity scores, as the tissue shape and CTs’ spatial occurrences

may be drastically different from those in real tissue. At the same

time, global similarity can easily be large, as CTs and genes occur in

overall similar numbers, albeit at different locations. Therefore, these

scores provide a way for us to distinguish between highly similar

reference-based methods, which may only introduce a slight noise

on top of the real data, and techniques aiming at creating entirely

new tissues with possibly similar overall biological properties as the

reference.

Novelties of BEAST sim

ST is a relatively new technology, and as a result, most computational 
tools have only been introduced within the past few years, providing

a newfound need for robust benchmarking. A recent contribu-

tion, Spatial SimBench [25], like our BEASTsim framework, adopts 
benchmarking metrics previously introduced by SimBench [23], 
extending them from SC to ST simulation benchmarking. In contrast to

Spatial SimBench [25], our framework further extends the nonspatial

benchmarks from SimBench [23] by incorporating assigned CT 
neighborhoods. Furthermore, we provide additional benchmarks for 
SVG detection and neighborhood-based analysis. Since a simulation 
technique that simply replicates the input data with some slight

added noise would most likely outperform most genuine simulations,

Spatial SimBench [25] may unintentionally favor such approaches.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag144#supplementary-data
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Our framework, therefore, also contributes similarity-based bench-

marks to fix this inherent design flaw by identifying simulation

techniques that produce data highly similar to the input. See the

Supplementary Section 6.2 for a more detailed demonstr ation of this

effect.

Finally, we provide explicit support for reference-free simulation 
methods through our grid transformation, enabling the c omparison

of ST datasets with differing cell coordinates, cell numbers, and tissue

shapes.

Limitations 

Due to the min-max normalization of spatial coordinates inherent to 
the grid-transformation method, we recommend removing significant 
spatial outlier cells and avoiding datasets with substantially varying

cell densities, as these may negatively impact the related benchmarks.

It is our experience that the data processing step of BEASTsim,

explained in Supplement Section 3.1.4, can consume a significant 
amount of computation time, depending on the properties of the input

data, due to its reliance on Cell2Location [18] and SpatialDE [17]. It 
should be noted that while the framework allows for using these 
methods, it does not inherently require their output as long as the 
input data already have a CT or CT distribution assigned for each voxel

and a probability value for each gene, interpreted as the significance

of spatial variability.

The Cell2Location method [18] requires an integer count matrix to 
fit its model; therefore, it is not directly applicable to methods with 
normalized output, such as scCube. To bridge this discrepancy, we 
performed an additional pre-simulation processing step in case it was

necessary. We note, however, that this may harm the end scores of

scCube [9]. 
Since we rely solely on Cell2Location [18] for deconvolution, the 

results and conclusions may differ if alternative deconvolution meth-

ods were employed.

Future work 

Henceforth, the BEASTsim framework will allow for the comparison 
and analysis of newly proposed simulation methods, providing the 
opportunity to continuously broaden our benchmarking study as the 
field of ST simulation develops. W e invite the ST research community

to use our framework for trying out new techniques and for helping

with their improvement by pointing out their strengths and weak-

nesses.

As for improvements of BEASTsim, future iterations could expand 
the existing ST simulation benchmarks by incorporating relevant com-

ponents from SpatialSimBench [25], thereby enabling broader and 
more diverse comparisons of simulation techniques. Another useful 
possibility would be extending the framework with wrapper functions

to allow the user to run the simulation techniques through BEASTsim

itself.

In addition, BEASTsim could be extended to support benchmarking 
of other computational ST tools, such as cell mapping techniques, 
creating a unified evaluation platform for ST technologies. This would

include state-of-the-art cell mapping tools, such as the recent refine-

ment [26]  of  Tangram [27], as well as cell-cell communication analysis 
methods, which are becoming increasingly important in ST research

[28, 29]. 

Conclusion 
Overall, this study provides a practical and informative tool for evalu-

ating ST methods. By highlighting how different approaches perform 
across three key areas, our framework helps users select the most

suitable method for their specific goals.

A critical aspect of simulation evaluation is ensuring that a model 
is not rewarded for simply reproducing the input tissue too closely. 
Without a proper similarity metric, simulations that lack meaningful 
variability could still receive high scores in other benchmarks. Our 
similarity benchmark addresses this by measuring how closely the 
simulation resembles the original data, helping to identify when a 
simulation lacks novelty. This is especially useful in cases where 
researchers intentionally introduce variation to explore different bio-

logical scenarios, as it provides a way to validate that the simulation 
remains distinct while preserving the key patterns of interest. In addi-

tion, our framework supports researchers working toward generating

ST ground truths, offering tools to replicate key biological patterns,

increase data availability, and design simulations tailored to specific

experimental needs. The framework is implemented in Python and

is publicly available, making it accessible and easy to integrate into

existing analysis pipelines. To further assist users in selecting the

most appropriate simulation model for their specific use case, we also

provide a decision tree (Fig. 7) that guides model choice based on data

characteristics and intended application.

Key Points 

• Comprehensive benchmarking framework: BEASTsim is a uni-

fied, modular Python framework for the evaluation of ST simulation 
techniques. It is publicly available, designed for easy extension, 
and supports the integration of tools from other projects or user 
implementations. The benchmarking framework tests data prop-

erty distributions, biological signal preservation, and the spatial 
similarity of the tissues. Additionally, BEASTsim includes an analysis 
module that offers multiple tools for visualizing and comparing

spatial features, gene expression patterns, and tissue structures.

• Similarity-based metrics: BEASTsim introduces a similarity-

based metric to detect simple data replication, thereby highlighting 
biologically meaningful variation over replication.

• Compatibility with reference-free and reference-based sim-
ulations: The grid-based transformation allows fair benchmarking 
of ST simulations regardless of whether they preserve spatial coor-

dinates or generate them de novo.

• A benchmark study comparing five different ST simulation 
techniques: Our benchmark study tests the SRTsim [10], scDe-

sign3 [11], scCube [9], and SpatialcoGCN [12] ST simulation tech-

niques across several of their own hyperparameters, compares 
their best versions to each other, resulting in a decision tree 
that guides users based on preferences of reference-based or

reference-free simulations, as well as differing benchmark scores.
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