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Abstract

High-throughput spatial transcriptomics (ST) now profiles hundreds of thousands of cells or locations per section, creating computational bottle-
necks for routine analysis. Sketching, or intelligent sub-sampling, addresses scale by selecting small, representative subsets. While effective for
single-cell RNA sequencing data, existing sketching methods, which optimize coverage in expression space but ignore physical location, can intro-
duce spatial bias when applied to ST data. To explore the impact of sketching on ST analysis, we systematically benchmarked uniform sampling,
leverage-score sampling, Geosketch (minimax/Hausdorff), and scSampler (maximin) across multiple real ST datasets (mouse ovary, MERFISH
brain, human breast cancer, lung) and simulations, using three input representations: Principle Component Analysis (PCA) embeddings, spatial
coordinates, and spatially smoothed embeddings. We show that expression-only designs capture global transcriptomic heterogeneity but distort
tissue architecture by oversampling high-variability regions and under-sampling homogeneous areas. Coordinate-only sampling restores tissue
coverage but misses transcriptional extremes. A simple spatially aware extension, computing leverage scores from a randomized singular value
decomposition (SVD) basis smoothed by a spatial weights matrix, strikes a favorable balance, recovering rare cell states while maintaining uni-
form tissue coverage and avoiding edge effects. Across robust Hausdorff distances, clustering stability (Adjusted Rand Index), PCA loading drift,
and local cell-type mean squared error (MSE), spatially smoothed leverage scores match or outperform alternatives. These results motivate joint
spatial-transcriptomic sketching objectives to enable fast, unbiased analyses of increasingly large ST datasets.
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Introduction ment. Rather than sampling uniformly at random, principled
Sketching sketching techniques aim to preserve the geometric and sta-
As high-throughput genomic assays have driven datasets into ~ tistical structure of the data to maintain coverage of rare
the millions of observations and thousands of features, intel-  states, boundary regions, and transitional trajectories [1-3].
ligent down-sampling, or sketching, has become a core strat- Design-based (explicit sampling-design) approaches formal-
egy for scalable analysis, visualization, and method develop- ize this goal: minimax criteria (often expressed via Haus-
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dorff distance) choose subsets that minimize the worst-case
distance from any point to the sketch, controlling coverage
gaps, whereas maximin criteria maximize the minimum pair-
wise distance among selected points, promoting well-spread
and nonredundant samples [4]. In addition to influence-based
(importance-weighted or leverage/score-driven) schemes such
as leverage score sampling, these strategies provide general-
purpose recipes for constructing small, representative sketches
that support exploration, inference, and benchmarking across
large-scale datasets [5].

Sketching for single-cell RNA sequencing data

Single-cell RNA sequencing (scRNA-seq) datasets are increas-
ingly analyzed with “sketching” or intelligent sub-sampling:
selecting a representative subset of cells that preserves tran-
scriptomic diversity while dramatically reducing computa-
tional load. A naive approach is uniform random sampling,
which is simple and unbiased with respect to sampling proba-
bility but often fails to capture rare cell types and transitional
states, especially when data are highly imbalanced. Uniform
sampling also tends to over-represent dense regions in the
gene-expression manifold and under-represent sparsely pop-
ulated regions, leading to loss of important biological varia-
tion. Additionally, it has been demonstrated that over-sampled
cell types tend to be over clustered i.e. a single biological pop-
ulation is artificially split into multiple small, highly similar
clusters driven by local density fluctuations, technical noise,
or batch effects, while under-sampled cells are under clus-
tered i.e. distinct rare or transitional populations are merged
into a single broad cluster because there are too few points
to resolve clear boundaries [6]. Down-sampling can also im-
prove the signal-to-noise ratio in a dataset by reducing ran-
dom correlations caused by variation in data quality and read-
mapping bias [7, 8]. To address these issues, existing nonuni-
form methods seek to sample evenly across transcriptomic
space: they identify or construct a low-dimensional represen-
tation (e.g. PCA, latent embeddings), quantify each cell’s “cov-
erage” or influence within that space, and then preferentially
sample points that increase coverage of underrepresented re-
gions while de-emphasizing redundant points in dense clus-
ters. In scRNA-seq, such approaches, including leverage score-
based sampling, minimax/Hausdorff-based geometric sketch-
ing, and maximin designs, have become standard tools for
creating compact yet faithful summaries of large datasets [3,
9-15].

Sketching for ST data

High-resolution array-based platforms such as 10x Genomics
Visium HD produce measurements at millions of subcellular-
sized locations per slide; in practice, data are commonly ag-
gregated into roughly 300 000-600 000 spatial bins to bal-
ance resolution and computational tractability, with each bin
carrying transcriptome-wide counts for 20 000+ genes. I situ
hybridization—based platforms such as 10x Genomics Xenium
routinely profile on the order of 200 000-500 000 cells per tis-
sue section, with larger studies exceeding a million cells, across
targeted panels of 5000 genes. As these technologies mature,
multi-section studies and atlases now comprise hundreds-of-
thousands to tens-of-millions of spatial locations, each with
high-dimensional gene expression and precise spatial coordi-
nates [16-26]. While the scale of these datasets promises un-
precedented views into tissue architecture, it also creates a

big-data bottleneck: standard exploratory workflows, cluster-
ing, visualization, neighborhood enrichment, spatial domain
detection, become prohibitively slow, and memory-intensive
without principled sub-sampling strategies that respect both
transcriptomic and spatial structure.

Despite their successful use for scRNA-seq analysis, current
sketching algorithms operate solely on the gene expression
manifold and ignore physical location. One widely used strat-
egy, implemented in Seurat [5], computes approximate statis-
tical leverage scores for each cell using an efficient random-
ized algorithm. These leverage scores are then converted into
sampling probabilities for sketching. This approach is moti-
vated by the fact that cells with high leverage are those that
exert strong influence on the embedding and higher sampling
probabilities for these cells enriches for transcriptomic diver-
sity [5, 11]. Geometric sketching methods further formalize
the objective of achieving approximately uniform coverage of
the data manifold by controlling point-wise approximation
error and reducing coverage gaps across regions of varying
density. Geosketch [10] and Hopper [12] cast sketch selection
as a minimax (Hausdorff) design problem: choose a subset S
of size k that minimizes the maximum distance from any point
in the dataset to its nearest neighbor in S. Concretely, letting
X be all points (cells/locations) in an embedding and S € X
the sketch, the (directed) Hausdorff distance from X to § is
the worst-case nearest-neighbor distance, which measures the
largest “hole” in coverage. Minimizing this objective ensures
that every region in transcriptomic space is close to at least
one selected point, limiting coverage gaps that would other-
wise exclude rare or transitional cell states. Geosketch uses
approximate farthest-point sampling over a grid to efficiently
reduce this maximum distance, while Hopper accelerates the
search and pruning to further tighten the Hausdorff criterion.
A related approach, scSampler [9], adopts a maximin design:
it selects points to maximize the minimum pairwise distance
within the sketch, spreading selected samples as uniformly as
possible across the high-dimensional expression space. Collec-
tively, these methods target the same goal; uniform coverage
of transcriptomic variability, via different optimization strate-
gies and implementations.

We note that sketching is not the only paradigm for scaling
analyses of large ST datasets. An alternative is to learn prob-
abilistic low-dimensional representations (e.g. variational
latent-variable models) [27-29] in which all cells/locations re-
main represented but computations proceed in a compressed
space. Such approaches can preserve the full dataset and en-
able efficient downstream operations, and increasingly scal-
able stochastic training procedures continue to improve their
applicability. However, in practice, for many ST datasets the
computational bottleneck arises before downstream analy-
sis: constructing neighbor graphs, running PCA/latent model
training, or even materializing dense intermediate matrices
can be challenging at the scale of hundreds of thousands to
millions of locations, especially for atlas-scale studies. In these
settings, sketching provides a complementary and often sim-
pler strategy that reduces memory and runtime up front, en-
abling exploratory analysis pipelines that would otherwise be
infeasible on typical hardware. Moreover, sketching has begun
to enter standard ST workflows, for example, Seurat provides
a sketch-based workflow for large spatial datasets (including
Visium HD) [5, 11], highlighting the growing practical rele-
vance of understanding how different sketching objectives af-
fect spatial analyses. Importantly, sketching and probabilis-
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Figure 1. Examples of transcriptomic-based sketching bias. (A) Regional oversampling leads to biased cell type proportions and over-representation in
transcriptional hotspot. (B) Regional oversampling leads to over clustered tissue niches in transcriptional hotspot. (C) Oversampling at cell type or

neighborhood boarder leads to exaggerated neighborhood enrichment.

tic embeddings are not mutually exclusive: sketches can be
used to accelerate model fitting or to prototype analyses, with
results subsequently projected or transferred back to the full
dataset.

However, transcriptome-only sketching can distort spa-
tial structure in ST data. If high-variability or high-leverage
profiles cluster in a particular region of a tissue, a purely
expression-based sketch will over-sample that region and
under-sample others. In ST data, where neighborhood re-
lationships, cell-cell contact patterns, and spatial gradients
of expression are essential for interpretation, such imbal-
ances can systematically bias downstream analysis. Over-
representing a spatial hotspot inflates the apparent frequency
of certain cell-cell adjacency and co-localization relation-
ships, leading to biased estimates of neighborhood enrich-
ment or depletion and misleading microenvironment niches
(Fig. 1A). Methods that integrate ligand-receptor expression
with spatial proximity will overestimate interactions preva-
lent in over-sampled regions and underestimate interactions in
under-sampled regions, skewing inferred communication net-
works and hub cell types. Over-coverage of one region and
under-coverage of others distorts estimated spatial trajecto-
ries and continuous expression gradients (e.g. along anatom-
ical axes), flattening or exaggerating trends and misplacing
boundaries between niches (Fig. 1B). Biased sketches also alter
the apparent spatial distribution of gene expression and do-
main boundaries, potentially merging distinct regions or frag-

menting coherent tissue compartments due to uneven sam-
pling density (Fig. 1C). Because most downstream tasks rely
on the same sampled subset, either directly or for building ref-
erence embeddings early spatial bias propagates through the
entire pipeline, compounding errors in subsequent inferences
and reducing reproducibility across datasets and laboratories.

To further explore these challenges, we benchmarked cur-
rent sketching approaches on real and simulated ST datasets
to evaluate their ability to preserve both transcriptomic het-
erogeneity and spatial organization. Our results highlight
scenarios in which transcriptome-driven sketches distort tis-
sue architecture and underscore the need for spatially in-
formed sampling strategies. By systematically comparing ex-
isting methods on real spatial datasets, we lay the groundwork
for adapting sketching algorithms to the unique challenges of
ST data, coupling coverage in expression space with balanced
coverage in physical space to maintain fidelity for downstream
spatial analyses.

Methods

Evaluated ST datasets

We benchmarked four families of sketching methods (see Ta-
ble 2) across eight public ST datasets spanning multiple plat-
forms and spatial resolutions (MERFISH, Xenium, Visium
HD) and six different simulation models. For real data, we per-
formed quality control by excluding cells/locations with fewer
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Table 1. Dataset summary

Tissue Species Technology # locations # genes Study

Sagittal brain Mouse MERFISH 81452 cells 1122 Zhang et al., 2023 [26]
Ovary Mouse MERFISH 43038 cells 228 Huang et al., 2024 [30]
Coronal brain Mouse 10x Visium HD 393434 locations’ 19059 10x Genomics

Mouse embryo Mouse 10x Visium HD 513290 locations” 25028 10x Genomics

Human ovary Human 10x Visium HD 439300 locations" 29936 10 Genomics

Lung Human 10x Xenium 295 883 cells 541 10x Genomics

Breast cancer Human 10x Xenium 565916 cells 541 Bhuva et al., 2024
Mouse pup Mouse 10x Xenium 1219863 cells 5101 10x Genomics
Visium-like complex — Simulated 100000 locations 500 —

Visium-like radial — Simulated 100000 locations 500 —

Visium-like stripes — Simulated 100 000 locations 500 —

Xenium-like complex — Simulated 100000 cells 500 —

Xenium-like complex — Simulated 100 000 cells 500 —

Xenium-like stripes — Simulated 100000 cells 500 —

28 um binned locations.

than 100 detected counts and removing outliers exceeding five
times the mean absolute deviation. After filtering, data were
library-size scaled and log-normalized, followed by truncated
principal component analysis to 50 components for down-
stream sketching and evaluation.

Real ST datasets included: a mouse ovary MERFISH
dataset with eight ground-truth cell-type labels from the orig-
inal study [30]; a human breast cancer 10x Xenium dataset
with histology-derived annotations [31]; a human lung 10x
Xenium dataset without ground-truth labels, for which we
generated full-data reference clusters; a sagittal mouse brain
MERFISH dataset [26] with region, class, and type anno-
tations, where Adjusted Rand Index (ARI) was computed
against cell-class labels; a coronal mouse brain 10x Visium
HD dataset spanning cortex, subcortex, and hippocampus,
evaluated against full-data graph-based clusters due to the
lack of ground truth; a mouse embryo 10x Visium HD dataset
with manually annotated cell lineages; a human ovarian can-
cer 10x Visium HD dataset with manually annotated cell lin-
eages; and a whole mouse pup 10x Xenium dataset with man-
ually annotated cell lineages.

For datasets with multiple levels of annotation available
(mouse brain, embryo, and pup), we used higher-level cell type
categories rather than fine-grained annotations. This choice
was intentional: for several datasets, no reliable ground-truth
fine-grained annotation was available, and we did not want
to impose overly specific labels without sufficient biological
or domain expertise. Using coarser cell type labels ensures a
more defensible and consistent benchmark across all datasets.
We note that the majority of our metrics, including the cluster-
ing comparison framework, are expected to be robust to anno-
tation resolution. For ARI specifically, the number of clusters
was set a priori before comparison to the full dataset, ensur-
ing the benchmarking was not driven by post hoc tuning of
resolution.

Simulated data comprised six datasets (three Visium-like on
a grid, three Xenium-like with randomly distributed coordi-
nates) with complex, radial, and striped spatial layout (see
Table 1 for details). Simulated ST data was generated with
SRTsim [32] using a fixed seed and included six label classes
(A-F) with specified high/low-signal and noise gene counts,
dispersion, baseline mean expression, zero-inflation, and dis-
tinct class-specific log-fold changes to induce separable spa-
tial domains (see Table 1). See Extended data Section 1.1 for
dataset-specific preprocessing details.

Evaluated sketching algorithms

We compared four sketching algorithms: uniform sampling,
Leverage score [5], Geosketch [10], and scSampler [9]. Each
was applied to three input representations when applicable:
(i) transcriptomic embeddings derived from PCA (50 compo-
nents), (ii) raw spatial coordinates, and (iii) spatially smoothed
embeddings that incorporate local neighborhood composi-
tion. Uniform sampling selected indices without replacement
using equal probabilities and distinct random seeds per repli-
cate. Leverage score methods prioritize statistically influential
observations either from the original expression space (vari-
able feature selection as appropriate) or from a low-rank em-
bedding with sampling probabilities were proportional to nor-
malized leverage values. For the standard leverage-score com-
putation, we follow Seurat’s implementation, which uses ran-
dom projection followed by QR decomposition to approx-
imate leverage scores efficiently on large matrices. For the
spatially smoothed leverage-score variant (our simple exten-
sion), we first compute a low-rank randomized SVD (rSVD)
of the cell-by-gene matrix to obtain U (left singular vectors).
We then apply spatial smoothing by multiplying U by a pre-
computed spatial weights matrix W, yielding U= WU. Lever-
age scores are computed from the smoothed basis U (row-
wise squared norms), normalized to probabilities, and sam-
pled without replacement. Geometric sketching implements a
minimax (Hausdorff coverage) objective to distribute samples
so that all regions of the embedding are close to at least one se-
lected point. Maximin designs aim to maximize the minimum
pairwise distance among selected points, yielding a uniformly
spread subset in high-dimensional space. Spatially smoothed
variants use a precomputed spatial weights matrix to smooth
the low-dimensional representation prior to sketch selection,
thereby encouraging balanced sampling across physical space
while preserving major transcriptomic variation. All sketches
were drawn without replacement at pre-specified sampling
fractions; procedures with inherent randomness were repeated
10 times with different seeds to assess stability. See Table 2 for
all listed algorithms. See Extend data Section 1.2 for details on
sketching algorithm design and implementation.

Evaluation metrics

We evaluated each sketch along complementary transcrip-
tomic and spatial criteria. Robust (partial) Hausdorff dis-
tance quantified worst-case nearest-neighbor discrepancies
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Table 2. Sketching algorithms evaluated and their configurations

Algorithm Input representation Design/criterion Language Study

scSampler PCA matrixSpatial coordinates Maximin Python Song et al., 2022 [9]
Spatially smoothed PCA

Geosketch PCA matrixSpatial coordinates Minimax Python Hie et al., 2019 [10]
Spatially smoothed PCA

Leverage score Cell-by-gene matrixPCA matrix Statistical influence R Clarkson & Woodruff, 2017 [5]
Spatially smoothed U

Uniform Cell index Random sampling Python/R —

between the sketch and full data, computed both in expression
space (e.g. PCA) and in physical coordinate space. We used
a quantile-based, outlier-robust formulation to reduce sensi-
tivity to extreme points and employed approximate neighbor
search to scale to hundreds of thousands of locations. The
ARI assessed concordance between sketch-derived clusters
and reference labels: ground-truth annotations when avail-
able (MERFISH ovary, MERFISH brain class, Xenium breast
cancer), manually annotations (Xenium mouse pup, Visium
HD ovarian cancer, and mouse embryo), or full-data graph-
based clusters otherwise (Xenium lung, Visium HD brain). To
evaluate preservation of global variance structure, we com-
puted a PCA projection difference by comparing the sketch’s
projections onto principal components learned from the full
dataset versus components learned from the sketch; lower
values indicate more consistent low-dimensional structure.
To measure structural compositional fidelity we computed
global spatial autocorrelation (Moran’s I) on the cell type or
cluster labels from the full and sketched datasets and com-
pared the log, fold change (log;FC) between the full and
sketched dataset values, summarizing which cells/labels has
an increased or decreases spatial association. Finally, to in-
vestigate preservation of neighborhood group structure, we
identified both small and large spatial domains or niches in
the full and sketched datasets and computed the ARI be-
tween the sketched and full spatial domain labels. See Ex-
tended data Section 1.3 for detailed metric computations. To
assess the performance of each algorithm across the datasets
evaluated, we aggregated results using a rank-based compari-
son at a fixed sampling fraction (0.1). For each dataset and
each evaluation metric, methods were ranked according to
the direction of improvement (higher-is-better for ARI-based
metrics; lower-is-better for distance- or error-based metrics
such as Hausdorff distance and PCA projection difference).
Because many metrics differed only marginally between meth-
ods, we allowed ties by rounding metric values prior to rank-
ing so that negligible differences were treated as equivalent.
We then computed rank-sums across datasets for each metric
to provide an overall comparison of method performance for
each criterion, and performed these aggregations separately
for real and simulated benchmark datasets. This rank-sum ap-
proach emphasizes relative performance while reducing sen-
sitivity to dataset-specific scaling of metrics (Supplementary
Information 1.3.6).

For each sketched dataset, we computed a variety of evalu-
ation metrics to quantify the effectiveness of the associated
sketching algorithm. Previous methods have used the tran-
scriptomic Hausdorff distance as their primary or sole method
for evaluating sketch quality, however, we feel that this met-
ric is insufficient to characterize the spatial characteristics of
the sketched data. To this end, we employed additional met-
rics to better assess sketch quality [9, 10]. These metrics in-

clude the robust Hausdorff distance, ARI between the sketch-
based clustering solution and ground truth annotations, mean
difference between PCA loading vectors, global Moran’s I on
cell type or cluster labels, and ARI between spatial domain la-
bels (see Fig. 2B and C). This evaluation framework provides
a framework to understand the impact of different down-
sampling strategies on the analysis of ST data, facilitating in-
formed decisions in experimental design and data interpreta-
tion. See Section 2.3 for details on evaluation metric calcula-
tions. In brief:

* Robust/partial Hausdorff distance (expression and spa-
tial). Quantifies the worst-case nearest-neighbor discrep-
ancy between the sketch and the full dataset, computed
separately in transcriptomic space and in physical space.
Lower values indicate better coverage (fewer “holes”)
and greater fidelity of the sketch to the full data, with
the partial version reducing sensitivity to outliers.

e ARI. Measures agreement between cluster labels ob-
tained from the sketched data and ground-truth (or full-
data-derived) labels, adjusted for chance. Scores range
from —1 to 1, with higher values indicating better recov-
ery of biological group structure.

e PCA projection difference. Compares how the sketched
data project onto PCs learned from the full dataset ver-
sus PCs learned from the sketch itself. Smaller mean dis-
tances imply that the sketch preserves the dominant vari-
ance structure of the full data and yields consistent low-
dimensional representations.

* Spatial autocorrelation (Moran’s 1) on celltype labels.
Quantifies the degree to which identical (or similar) cell-
type/cluster labels are spatially clustered versus dispersed
across the tissue. We computed Moran’s I on the full
dataset and on each sketch and compared values via
log, FC. Values close to 0 indicate near-random spatial
arrangement, positive values indicate spatial clustering
(patchiness/compartmentalization), and negative values
indicate spatial dispersion. Smaller absolute log, FC be-
tween the sketch and full data indicates better preserva-
tion of global spatial organization of labels.

e Spatial domain preservation. Assesses whether sketch-
ing preserves higher-order tissue organization into spa-
tial domains or niches. We identified both small and
large spatial domains in the full and sketched datasets
(using the same domain-calling procedure with two
sets of parameters) and measured agreement between
sketch-derived and full-data domain assignments using
the ARI. Higher ARI values indicate that the sketch re-
tains neighborhood-scale domain structure and bound-
aries present in the full tissue.
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Figure 2. Analysis pipeline. (A) Sketching protocol. (B) Sketched dataset evaluation metrics. (C) Metric quantifica-tion across sampling fractions.

Results

Across eight diverse tissues, sub-sampling purely on coordi-
nates ensures uniform spatial coverage but pays a price in
transcriptomic diversity; sketching purely on gene expres-
sion values ensures that transcriptomic extremes are included
but biases sampling toward biologically variable sub-regions.
These findings motivate the development of sketching meth-
ods that explicitly weight the tradeoff between spatial unifor-
mity and transcriptomic diversity.

Sketching result summary

We summarize overall sketching performance across metrics
using an aggregated rank-based framework (Fig. 3B and D).
For each dataset (Fig. 3A) and metric, methods were ranked by
performance (with ties allowed), and ranks were then summed
across datasets to obtain a metric-specific rank-sum for each
algorithm; lower rank-sums indicate

better overall performance for that metric. These rank-sums
are visualized as heatmaps for real datasets (Fig. 3B) and sim-
ulated datasets (Fig. 3D), with hierarchical clustering applied
to rows and columns to reveal recurring patterns in metric
performance and method behavior (see Extended data Section
1.3.6 for details).

For the real datasets, we aggregated ranks across tran-
scriptomic and coordinate-space Hausdorff distances, ARI for
small and large spatial domains, ARI for transcriptomic clus-
tering, changes in global spatial autocorrelation (log,FC in
Moran’s I computed on cell-type or cluster labels), and differ-
ences in PCA solutions (MSE between PCA representations).

Across methods, transcriptomic Hausdorff distance was con-
sistently minimized, resulting in relatively similar ranks for
this metric (Fig. 3B, top row). In contrast, clear separations
emerged for spatially informed criteria: uniform sampling and
leverage-score-based approaches generally outperformed ge-
ometric sketching methods for coordinate-space Hausdorff
distance, spatial domain preservation (small and large do-
main ARI), and clustering concordance (cluster ARI). Uni-
form sampling also performed best for preservation of label-
based Moran’s I, which is expected given that it samples with-
out introducing additional structure-dependent bias, while the
remaining methods showed broadly similar performance for
this metric. Coordinate-only sketching was excluded from the
aggregated heatmap because it served primarily as a compar-
ison baseline and is not directly applicable to grid-like plat-
forms such as Visium HD, where spatial locations are already
uniformly arranged.

For simulated datasets, we focused on the subset of met-
rics available and most informative under the simulation de-
sign: transcriptomic and coordinate Hausdorff distances, clus-
ter ARI, and PCA-solution differences (Fig. 3D). While pat-
terns were less pronounced than in the real datasets, uniform
sampling and leverage-based methods again tended to out-
perform geometric sketching, with greater variability across
metrics. We attribute the reduced separation in part to limi-
tations of the simulation framework, which modeled expres-
sion over a smaller feature space (500 genes) than the higher-
dimensional profiles present in the real datasets, thereby di-
minishing the degree to which transcriptome-driven manifold
geometry differentiates sketching objectives.
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Figure 3. Overall sketching performance for 0.10 sampling fraction across datasets. (A) Spatial scatter plots of real datasets colored by cell type or
cluster label. (B) Heatmap of rank-sums for each method aggregated by metric across all real world datasets. Low rank indicates best performance for
that metric. (C) Spatial scatter plots of simulated Visium HD-like and Xenium like datasets. (D) Heatmap of rank-sums for each method aggregated by
metric across all simulated datasets. Low rank indicates best performance for that metric.
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Cell type proportion conservation

Across datasets, we assessed how well each sketching strat-
egy preserves the distribution of cell-type (or cluster) labels
by comparing label proportions in the full dataset to those
observed in the sketch (Fig. 4). Several consistent patterns
emerged. First, coordinate-based sketching methods (e.g. sc-
Sampler or geoSketch applied to physical coordinates) pro-
duced proportion profiles that closely tracked uniform ran-
dom sampling (Fig. 4A-E). This behavior is expected be-
cause these approaches optimize spatial coverage objectives
closely related to Hausdorff-type criteria, and therefore tend
to sample the tissue geometry in a manner similar to uniform
sampling. In some datasets, modest deviations were observed
for labels concentrated at tissue boundaries (e.g. epithelial
populations in the mouse ovary), where boundary-restricted
cell types can become slightly over-represented due to the
emphasis on geometric coverage; nevertheless, coordinate-
based sketches largely serve as useful baselines for compari-
son rather than methods intended to prioritize transcriptomic
structure.

In contrast, the largest shifts in label proportions
arose when comparing leverage-score-based methods to
transcriptome-driven geometric sketching. Spatial smooth-
ing of the input data produced only modest changes within
the same methodological family (e.g. leverage score versus
spatially smoothed leverage score), consistent with smooth-
ing acting primarily as a stabilizer rather than altering
the sampling objective. Across datasets, leverage-score ap-
proaches generally maintained label proportions more faith-
fully, whereas geometric sketching on expression features
(scSampler/geoSketch on RNA) sometimes substantially dis-
torted proportions, particularly in the Visium HD and whole
mouse pup datasets (Fig. 4E-H). For example, in the Vi-
sium HD ovarian cancer dataset, the Fibroblast CAF popu-
lation increased from roughly 20% of the full dataset to over
70% of cells in the scSampler and geoSketch RNA sketches
(Fig. 4H). A plausible explanation is that this population ex-
hibits high transcriptional heterogeneity, causing geometric
sketching methods to preferentially sample it to achieve cov-
erage of the expression manifold. While such behavior may be
desirable when the goal is to capture transcriptomic diversity,
it can bias downstream analyses that rely on representative
cell-type composition (e.g. estimates of cell-type abundance,
comparisons of compositional changes across conditions, and
niche frequency quantification).

These results emphasize that sketch selection should be
guided by the intended downstream task. If preserving ap-
proximate cell-type proportions in the sketched dataset is
important—and particularly if labels inferred from the sketch
will be interpreted directly without being projected back to the
full dataset—then leverage-based approaches provide a more
conservative choice (Fig. 4). Conversely, if the primary objec-
tive is to capture rare transcriptional states or highly variable
populations, transcriptome-driven geometric sketching may
still be warranted, with the caveat that the resulting sketches
may not be compositionally representative. Given that both
leverage-based and geometric sketching methods are relatively
fast to run, we recommend applying both in parallel for cell-
type discovery and then projecting sketch-derived labels back
onto the full dataset to reconcile differences and evaluate ro-
bustness, since accurate cell-type annotation is foundational
to most ST workflows.

Hausdorff distances

At a fixed 10% sampling fraction, we compared sketch quality
using robust (partial) Hausdorff distance computed in both
transcriptomic space and physical coordinate space (Fig. 5).
In transcriptomic space, differences between sketching strate-
gies were modest across datasets: for any given dataset, the
total spread in Hausdorff distances across methods was typi-
cally small (on the order of 1 unit or less), indicating broadly
comparable coverage of the expression manifold at this sam-
pling rate. Consequently, although Fig. SA visualizes method-
to-method differences, the absolute magnitude of separation
is limited at 10% sampling. Consistent with this observation,
larger divergences between algorithms became more apparent
only at higher sampling fractions, as shown in the extended
data figures reporting performance across sampling fractions
(Extended data Figs 5-12, top panel). Because many practical
applications of sketching in ST involve stronger downsam-
pling than 50%, we emphasize that at commonly used low
sampling fractions, transcriptomic Hausdorff distance alone
is unlikely to provide a decisive criterion for choosing between
leverage-based and geometric sketching approaches.

In contrast, coordinate-space Hausdorff distance revealed
substantially larger performance differences and more clearly
separated the methods (Fig. 5B). As expected, coordinate-
based sketching produced the smallest coordinate Hausdorff
distances due to explicitly optimizing spatial coverage;
however, this objective does not necessarily align with
preserving transcriptomic structure. Among transcriptome-
informed methods, leverage-based approaches consistently
achieved lower coordinate Hausdorff distances than geo-
metric sketching methods across all Visium HD datasets,
indicating improved spatial coverage of the tissue while still
selecting points based on molecular structure. No dataset
showed a clear coordinate-space advantage for geometric
sketching, although the sagittal mouse brain and human
lung datasets exhibited broadly similar performance across
methods (Fig. 5B; Extended data Figs 5-12, second panel).
Together, these results suggest that when spatial coverage is
a priority, particularly in highly structured tissues, in samples
with large variability in local cell density, or in settings where
spatial organization and transcriptional heterogeneity are
confounded, leverage-based sketching provides a robust
default for minimizing spatial “holes” while maintaining
comparable transcriptomic coverage.

Cluster concordance and spatial domain
conservation

To investigate how sketching impacts downstream spatial
analyses, we evaluated preservation of spatial domain struc-
ture by identifying tissue domains in the full and sketched
datasets and quantifying concordance between them (Fig. 6).
Spatial domains were inferred using the Randimized spatial
PCA (RASP) workflow [33] (PCA-based smoothing followed
by clustering) under two parameterizations chosen to capture
either smaller, finer-grained niches (Fig. 6A) or larger, coarser
tissue compartments (Fig. 6B; see Extended data Section 1.3.4
for details). For each dataset, we computed an ARI between
the domain labels obtained from the sketch and those ob-
tained from the corresponding full dataset. In parallel, we
performed canonical graph-based clustering directly on each
sketch (i.e. neighbor graph construction in transcriptomic
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space followed by community detection, as commonly used in
standard single-cell and spatial transcriptomics pipelines for
defining clusters prior to cell-type annotation) and computed
the ARI against the corresponding full-data cell type or cluster
labels (Extended data Figs 5-12, second panel from bottom).
This complementary analysis serves a different purpose than
the RASP-based spatial domain comparison: whereas RASP
explicitly integrates spatial context via smoothing and is de-
signed to recover contiguous tissue domains or niches, graph-
based clustering measures whether sketching preserves the in-
trinsic transcriptomic neighborhood structure that underlies
routine downstream analyses such as clustering, differential
expression, and cell-type annotation. Because these two work-
flows emphasize different signal components, spatial compart-
ments versus expression-driven community structure, agree-
ment under both provides a more complete picture of sketch
fidelity and helps distinguish methods that preserve spatial do-
mains from those that primarily preserve transcriptomic clus-
ters.

At a 10% sampling fraction, leverage-score-based sketch-
ing methods generally preserved small spatial domains at least
as well as, and often better than, geometric sketching ap-
proaches. In six out of eight datasets, leverage-based methods
were comparable to or outperformed geometric methods in
small-domain ARI, with the spatially smoothed leverage vari-
ant achieving the highest ARI among the four leverage-based
strategies in the majority of cases (Fig. 6A). In contrast, spatial
smoothing applied prior to geometric sketching did not yield a
consistent benefit: depending on the dataset, smoothing some-
times improved and sometimes reduced domain concordance,
suggesting that its effects are context-dependent rather than
uniformly stabilizing.

For larger spatial domains, leverage-based methods again
tended to match or exceed geometric sketching performance
(seven of eight datasets; Fig. 6B), although we observed in-
creased variability in ARI across repeated runs for many meth-
ods and datasets, indicating that at 10% sampling fraction
the inferred domain solutions can be unstable. In some in-
stances, spatial smoothing improved ARI (e.g. Visium HD
brain and mouse ovary), but this trend was not consistent: in
two datasets, smoothing reduced ARI for the leverage-based
method, and only the ovarian cancer dataset showed a clear
advantage for geometric sketching. Taken together, these re-
sults suggest that when spatial domain detection is a key
downstream objective, leverage-based sketching provides a
conservative default choice, a conclusion that is also reflected
in the aggregated rank-sum comparisons (Fig. 3B), which sum-
marize domain-preservation performance across datasets and
metrics.

Cell type spatial structure preservation

We evaluated preservation of global cell-type spatial structure
by computing Moran’s 1 for each cell type (or cluster label)
in both the full and sketched datasets, yielding a label-specific
measure of spatial autocorrelation. For each label, we then
quantified sketch-induced distortion as the log, FC between
the Moran’s I value in the sketch and the corresponding value
in the full dataset. Extended data Fig. 1 illustrates this pro-
cedure using representative spatial scatter plots for selected
labels, alongside method-specific log, FC values. As expected,
uniform sampling produced the smallest deviations from the

full dataset for this metric, consistent with its lack of structure-
dependent sampling bias.

We also provide complete cell-type-level results across all
eight datasets in Supplementary Figs S13 and S14, without
applying minimum baseline autocorrelation filters. This com-
prehensive view reveals that signal in these metrics is primar-
ily driven by cell types with inherently high baseline spatial
autocorrelation—namely, those with strong intrinsic spatial
organization in the full dataset. Cell types that are sparsely or
uniformly distributed across the tissue exhibit low Moran’s
I values regardless of sketching method, reflecting their dis-
persed spatial distribution rather than poor sketch quality. In-
deed, for datasets containing many uniformly distributed cell
types, Moran’s I values across sketching methods converge,
suggesting limited meaningful variation to preserve for these
populations. Consequently, spatial autocorrelation metrics are
most informative for cell types with moderately to highly or-
ganized spatial structure; sparse populations should not be ex-
pected to show stable or differentiated Moran’s I signatures
across methods.

Dataset-wide patterns across all labels are summarized in
Extended data Fig. 2A and B, and Supplementary Figs S13
and S14. To compare sketching methods systematically within
each dataset, we ranked methods separately for every label by
the absolute Moran’s I distortion (|log,FC|) assigning rank
1 to the method with the smallest absolute deviation (best
preservation). We then summed ranks across all labels to ob-
tain a dataset-level rank-sum for each method, reflecting over-
all preservation of label-specific spatial autocorrelation. Be-
cause the datasets contain different numbers of labels, raw
rank-sums are not directly comparable across datasets; there-
fore, we standardized rank-sums within each dataset (row-
wise) using both min-max scaling (Extended data Fig. 2A) and
z-scoring (Extended data Fig. 2B) and visualized the results as
heatmaps. For interpretability, we omitted uniform sampling
from these heatmaps because it was consistently the top per-
former and would otherwise compress differences among the
remaining methods (see Extended data Section 1.3.5 for de-
tails).

Unlike metrics such as spatial coverage or domain preser-
vation, Moran’s I distortion did not yield a single dominant
”best” method class across all datasets. However, the reduced-
rank leverage variant (leverage svd) achieved the best (lowest)
standardized rank-sum in four out of eight datasets and per-
formed comparably to the best method in all but two. No-
tably, this was the only metric for which spatially smoothed
geometric sketching (geoSketch) performed well in a substan-
tial subset of datasets (three out of eight). The stronger per-
formance of leverage svd relative to the full leverage score
is plausible because the truncated SVD can act as a denois-
ing step that emphasizes dominant, spatially coherent sources
of variation while down-weighting high-frequency or sample-
specific transcriptional noise; in turn, this may reduce the ten-
dency to over-sample locally heterogeneous regions that can
perturb global label autocorrelation. Additionally, operating
in a reduced-rank subspace can stabilize the leverage signal
in high-dimensional settings, making sampling less sensitive
to idiosyncratic gene-level variance. Taken together, these re-
sults suggest that when preservation of global spatial auto-
correlation of labels is important for downstream analyses,
a reduced-rank leverage approach provides a robust default
choice, particularly for cell types with intrinsic spatial organi-
zation.
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Simulated dataset sketching results

This analysis consisted three Visium HD-like and three
Xenium-like datasets with different patterns (complex, radial,
and striped; see Extended data Fig. 3A and E). For all six
datasets, minimization of both transcriptomic Hausdorff dis-
tance was similar for all tested algorithms, across sampled
fractions, with RNA-based scSampler performing the worst
across all datasets, and leverage score performing best (Ex-
tended data Figs 3B and F, and 4A and E). For comparison of
coordinate-based Hausdorff distances, note that the Visium-
like datasets are lacking coordinate-based sketching methods,
as they are akin to uniform sampling in this context. For
this metric, spatially smoothed Geosketch and scSampler per-
formed the worst, while uniform and leverage score achieved
the smallest Hausdorff distance for the Visium-like dataset,
with coordinate-based Geosketch performing best on all the
Xenium-like datasets (Extended data Figs 3C and G, and 4B
and F). However, for both Hausdorff distance comparisons
across datasets and between algorithms, all algorithms do a
good job minimizing the distance for both coordinates and
transcriptomic space, as can been seen with the small varia-
tion in values across the sampling fractions. The ARI results
show a divergence in algorithm performance across simulated
datasets. For the Visium like datasets, there is some variability
across sampling fractions, but leverage score and smoothed
leverage score, followed by uniform sampling perform best,
RNA and smoothed scSampler perform worst (Extended data
Figs 3D and 4C). For the Xenium-like datasets, there is no
clear best performing algorithm for the complex and radial
datasets; however, scSampler variants still under-perform (Ex-
tended data Fig. 3H and G). Notably, for both stripe datasets,
leverage score and smoothed leverage score significantly out-
perform all other algorithms (Extended data Figs 3D and H,
and 4G).

Comprehensive spatial analysis vignette

This vignette, based on the Allen Institute MERFISH mouse
brain dataset, illustrates that the downstream consequences of
sketching depend not only on the sampling strategy itself, but
also on the spatial structure and biological scale of the fea-
ture under consideration. Full analytical details, methods, and
extended results are provided in the Supplementary Methods
and accompanying vignette file (allen_vignette.html). Briefly,
we found that the impact of sketching was heterogeneous
across analysis types:

* Globally organized or highly aggregated signals (for ex-
ample, mean pathway activity scores) were generally
well preserved across methods, with only modest differ-
ences between approaches. This likely reflects the redun-
dancy inherent in such signals, which are supported by
many genes or broad expression programs.

* Spatially organized feature-level signals (including
Moran’s 1 of individual genes, ligand-receptor in-
teraction patterns, and spatially structured pathway
or transcription factor activities) were substantially
more sensitive to sampling strategy. In these settings,
leverage-based approaches consistently outperformed
density-agnostic geometric methods, whereas spatial
smoothing provided only partial recovery of perfor-
mance.

* Weakly spatially organized signals (such as broadly dis-
tributed genes or relatively uniform pathway activities)

showed more limited dependence on sketching method,
with most approaches yielding similar results.

¢ High-resolution spatial features (for example, transcrip-
tion factor activity restricted to specific anatomical re-
gions) were especially vulnerable to undersampling by
nonspatially aware methods. In these cases, geometric
sketches could substantially under-represent the very re-
gions most relevant for biological interpretation.

Together, these results highlight a central practical point for
STs analysis: the importance of sketching strategy increases
with the spatial specificity of the biological question. For rou-
tine tasks such as general quality control, broad cell-type vi-
sualization, or coarse pathway summarization, most sketch-
ing approaches may be adequate. By contrast, for analyses
aimed at identifying spatially resolved biological programs,
leverage-based sampling, particularly when combined with
spatial smoothing, more faithfully preserved the signals most
relevant for downstream interpretation while still providing
substantial reductions in dataset size.

Discussion

Our benchmarking across diverse ST platforms and tissues
indicates that sketching method choice should be driven
by the specific downstream quantities one aims to pre-
serve, rather than by transcriptomic coverage alone. At com-
monly used sampling fractions (e.g. 10%), transcriptomic
Hausdorff distance was consistently similar across methods,
suggesting that most algorithms adequately capture broad
expression-space coverage and that this metric is rarely de-
cisive in practice (Fig. 3B, top row). In contrast, metrics
that directly reflect structure and spatial coverage in coor-
dinate space, preservation of spatial domains, and recovery
of cluster labels—showed clearer separation: uniform sam-
pling and leverage-based approaches generally outperformed
transcriptome-driven geometric sketching methods across real
datasets, with similar trends (albeit weaker) in simulated data
(Fig. 3B and D). The weaker separation observed on simu-
lated benchmarks should not be interpreted as evidence that
sketching objectives are inherently less distinct in controlled
settings, but rather reflects limitations of current ST simula-
tors in capturing the multiscale complexity of real tissues. In
particular, SRTsim-style simulations typically operate over a
reduced feature space and generate expression patterns with
comparatively smooth, idealized spatial organization, fewer
sharp anatomical boundaries, and less within—cell type het-
erogeneity than platform data. As a result, (i) transcriptome-
driven manifold geometry is less informative for differenti-
ating sketch objectives, and (ii) spatially informed heuristics
(including smoothing) can align more closely with the simu-
lation’s generative assumptions than with real tissues, which
contain substantial technical variation (e.g. capture efficiency
gradients, segmentation artifacts, ambient RNA) and biolog-
ical microstructure that partially decouple spatial proxim-
ity from expression similarity. These considerations motivate
using simulated benchmarks as complementary stress tests
rather than as fully predictive surrogates for real-data perfor-
mance, and further emphasize the importance of evaluating
sketching methods on diverse experimental datasets.

These results reinforce a key practical point: when users
care about spatially grounded analyses (e.g. domain detec-
tion, neighborhood statistics, spatial differential expression,
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or niche quantification), method selection should prioritize
spatial fidelity metrics rather than minor differences in tran-
scriptomic Hausdorff distance.

Consistent with this, we observed that transcriptome-
driven geometric sketching (scSampler/geoSketch on expres-
sion features) can substantially distort compositional sum-
maries when highly heterogeneous populations dominate the
expression manifold. In several datasets, most strikingly the
Visium HD ovarian cancer and whole mouse pup examples—
geometric sketches altered cell-type proportions far more
than leverage-based sketches (Fig. 4), likely because manifold-
coverage objectives preferentially oversample transcription-
ally variable regions. Such distortion can bias downstream in-
terpretation when sketches are analyzed in isolation (e.g. ap-
parent shifts in cell-type abundance, altered niche frequencies,
or misleading comparisons across conditions). In contrast,
leverage-based sampling more consistently preserved label
proportions while still providing a transcriptome-informed
subset. When the primary objective is to discover rare tran-
scriptional states or characterize high-variance substructure,
geometric sketching remains valuable, but we recommend
projecting sketch-derived labels back onto the full dataset
before making compositional claims. More broadly, running
both a leverage-based and a geometric sketch in parallel and
comparing projected annotations provides an efficient robust-
ness check for cell typing and state discovery.

Among spatially informed metrics, coordinate-space Haus-
dorff distance and domain-preservation ARI most strongly
favored leverage-based approaches. Coordinate-only sketch-
ing (used here primarily as a baseline) unsurpris-ingly opti-
mized spatial coverage but is not broadly applicable across
platforms (e.g. Visium HD’s regular grid) and can miss tran-
scriptional extremes. Leverage-based sketches, by contrast,
frequently achieved substantially better spatial coverage than
geometric expression sketches—particularly in highly struc-
tured tissues or in samples with strong variability in local
sampling density—while maintaining comparable transcrip-
tomic coverage. Similarly, for spatial domain detection us-
ing RASP-derived small and large domain parameterizations,
leverage-based methods were the conservative best choice in
the majority of datasets, although domain solutions at 10%
sampling exhibited nontrivial variance, emphasizing the need
for repeated runs or stability checks. Finally, preservation of
global label spatial autocorrelation (Moran’s I) revealed a nu-
anced pattern: uniform sampling was consistently best, but
among nonuniform methods, reduced-rank leverage (leverage
svd) emerged as a robust choice across datasets, suggesting
that truncated subspace sampling can better maintain global
spatial label structure than full-rank leverage in some settings.
Taken together, these results support the following practical
guidance: use leverage-based sketching as a default when spa-
tial coverage, clustering concordance, or domain detection are
key; prefer reduced-rank leverage when preserving global spa-
tial autocorrelation of labels is particularly important; and
reserve transcriptome-driven geometric sketching for applica-
tions centered on capturing transcriptional heterogeneity and
rare states, ideally coupled with label projection back to the
full dataset for unbiased spatial and compositional interpre-
tation.

It should be noted that several of the evaluation metrics
used here can, in principle, be improved by post hoc heuris-
tics that are not part of the underlying sketch objective, and
we therefore interpret them as diagnostics of *fixed-budget’

sketch fidelity rather than as adversarially robust measures.
For example, starting from a coordinate-or uniform-based
sketch and then augmenting it with spatial k-nearest neigh-
bors of selected points could artificially improve label- and
neighborhood-based metrics (e.g. ARL, Moran’s I, and do-
main concordance), and may also reduce coordinate-space
Hausdorff distance, largely by increasing local redundancy.
Such “completion” strategies, however, effectively change the
sampling distribution and/or increase the information budget
by trading breadth of coverage for nearby, correlated points,
which can reduce the sketch’s ability to capture transcrip-
tomic extremes and rare states under a fixed sampling frac-
tion. In this regard, expression-space Hausdorff distance and
PCA-structure preservation are comparatively less suscepti-
ble to purely spatial neighbor augmentation (and can even
worsen as redundancy increases), whereas spatial label metrics
are more vulnerable when labels are spatially smooth. Future
work could explicitly study budget-matched two-stage base-
lines (e.g. coordinate sketch + neighbor completion with the
same final sketch size), incorporate redundancy penalties or
effective-sample-size measures, and adopt holdout-based task
evaluations (e.g. generalization of clustering/domain assign-
ments or neighborhood composition to withheld cells) to re-
duce opportunities for metric-driven “gaming” and to better
align evaluation with downstream scientific use cases.

Looking forward, our findings motivate sketching frame-
works that explicitly optimize joint objectives over transcrip-
tomic and spatial fidelity while providing predictable behav-
ior for compositional preservation. Promising directions in-
clude multi-objective sampling that balances expression-space
coverage with coordinate-space coverage, adaptive strategies
that account for local density variation, and stability-aware
domain-preserving sketches. As ST datasets continue to scale
in both cell count and complexity, such methods will be es-
sential for enabling rapid exploratory analysis without inad-
vertently distorting the spatial and compositional signals that
often motivate ST experiments in the first place.
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Data availability

Mouse ovary:

Please contact the authors for access the the Mouse ovary
dataset.

Breast Cancer:

We downloaded the Breast cancer 10x Xenium
dataset from the SubcellularSpatialData R package via
Exper-imentHub, dataset # EH8567, sample ID ’IDC’
(https://www.bioconductor.org/packages/release/data/
experiment/html/SubcellularSpatialData.html) (last accessed
date: 18 September 2024).

Human lung;:

We downloaded the healthy human lung 10x Xenium
dataset from publicly available datasets on the 10x web-
site https://www.10xgenomics.com/datasets/xenium-human-
lung-preview-data-1-standard (last accessed date: 17 March
2025).

Sagittal mouse brain:

We downloaded the mouse brain dataset from the Allen
Brain Atlas via their abcatlasaccess Python package. Specifi-
cally we followed the MERFISH whole mouse brain STs (Xi-
aowei Zhuang) tutorial https://alleninstitute.github.io/abc_
atlas_access/notebooks/zhuang_merfish_tutorial.html to ac-
cess section 3.010 from the *Zhuang-ABCA-3’ dataset (last
accessed date: 17 March 2025).

Coronal mouse brain:

We downloaded the coronal mouse brain dataset
from the publicly available datasets on the 10x website
https://www.10xgenomics.com/datasets/visium-hd-cytassist-
gene-expression-libraries-of-mouse-brain-he (last accessed
date: 17 March 2025).

Whole mouse pup:

We downloaded the whole mouse pup Xenium dataset
from the publicly available datasets on the 10x website
https://www.10xgenomics.com/datasets/xenium-prime-ffpe-
neonatal-mouse, (last accessed date: 12 February 2025).

Mouse embryo:

We downloaded the whole mouse embryo Visium HD
dataset from the publicly available datasets on the 10x web-
site https://www.10xgenomics.com/datasets/visium-hd-three-
prime-mouse-embryo-fresh-frozen (last accessed date: 12
February 2025).

Human ovarian cancer:

We downloaded the human ovarian cancer Visium HD
dataset from the publicly avaiable datasets on the 10x web-
site https://www.10xgenomics.com/datasets/visium-hd-three-
prime-ovarian-cancer-discovery-fresh-frozen (last accessed
date: 12 February 2025).

Simulated data:

Please contact the authors for access to the simulated
datasets.

See the following Github: https:/github.com/gingerii/
Benchmarking-sketching-for-spatial-transcriptomics.
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