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Abstract

Spatial transcriptomics technologies such as Xenium, MERFISH, and Visium HD enable high-resolution profiling of gene expression while pre-
serving tissue architecture. However, most computational methods for spatial analysis do not explicitly model local tissue context, such as
boundaries, neighborhoods, or gradients. Here, we present SpNeigh (https://github.com/jinming-cheng/SpNeigh/), an R package for spatial
neighborhood analysis and spatially aware differential expression modeling. SpNeigh includes tools for boundary detection, spatial neighborhood
extraction, distance-based weighting, and gradient-based statistical testing. It supports both region-based differential expression and smooth
spatial modeling using spline-based regression, along with a spatial enrichment index that identifies genes enriched near defined spatial features.
We demonstrate the utility of SpNeigh across multiple platforms and tissues, including mouse brain, human breast cancer, and human liver,
revealing intermediate populations at tissue interfaces, immune microenvironment differences, and spatially zonated gene expression patterns.
SpNeigh offers a flexible and interpretable framework for dissecting spatial gene expression dynamics in complex tissues.
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patial transcriptomics technologies such as 10× Genomics
enium [1], Vizgen MERFISH (MERSCOPE) [2], and 10×
isium HD [3] enable high-throughput measurement of spa-

ially resolved gene expression across hundreds to thousands
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of genes, preserving spatial context within tissues. These plat-
forms provide rich opportunities to investigate cellular organi-
zation, tissue structure, and microenvironmental interactions
at unprecedented resolution. To analyze such data, a grow-
ing number of computational frameworks have been devel-
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oped, including general-purpose toolkits such as Giotto [4]
and Squidpy [5], which support spatial clustering, neighbor-
hood graph construction, visualization, and exploratory anal-
ysis.

While these frameworks offer broad analytical capabilities,
many spatial transcriptomics analyses ultimately rely on dif-
ferential expression (DE) to detect transcriptional differences
across spatial contexts. Existing DE methods for spatial data,
such as SpatialDE [6] and SPARK [7], are primarily designed
for the global detection of spatially variable genes (SVGs) us-
ing Gaussian process regression or spatial autocorrelation.
However, they do not explicitly model local spatial contexts—
such as boundaries between regions or proximity to specific
tissue structures—which are critical for understanding tissue
interfaces, transitional zones, and niche-specific gene regula-
tion.

To address this gap, we developed SpNeigh, an R pack-
age that provides a spatially informed neighborhood analy-
sis framework tailored for high-resolution spatial transcrip-
tomics data. SpNeigh introduces a novel design that lever-
ages boundary-aware and centroid-aware spatial weights to
quantify local context, enabling downstream analyses such as
differential expression between boundary-adjacent and inte-
rior cells, gradient-based modeling of gene expression along
spatial gradients, and spatial enrichment scoring. The pack-
age integrates multiple components—including spatial bound-
ary detection, neighborhood interaction analysis, and spatial
weight computation—into a unified and reproducible work-
flow, with built-in visualization and statistical testing func-
tionality.

Building on this framework, SpNeigh introduces a novel
analytical approach that explicitly models spatial neighbor-
hoods and structural boundaries. Unlike existing methods that
treat spatial variation in a global or continuous manner, Sp-
Neigh enables directional, region-aware comparisons by in-
corporating spatial geometry into gene expression modeling.
This allows for more interpretable analyses of tissue organi-
zation and cellular interactions at boundaries and interfaces.

SpNeigh supports data from multiple spatial transcrip-
tomics platforms, including Xenium, MERFISH, and Visium
HD, and can be flexibly applied across a range of tissues
and biological contexts. By modeling local spatial neighbor-
hoods and continuous gradients, SpNeigh complements ex-
isting tools and provides a unified framework for dissecting
region-specific transcriptional variation.

We demonstrate the utility of SpNeigh across diverse
datasets, including mouse brain, human breast cancer, and
healthy human liver. In each case, SpNeigh reveals spatially
enriched genes and local transcriptional gradients that are not
easily captured by global or unsupervised methods. Together,
these results highlight the value of neighborhood-aware spa-
tial modeling and establish SpNeigh as a versatile toolkit for
spatial expression analysis.

Materials and methods

SpNeigh framework for spatial neighborhood
modeling

Spatial boundary detection and outlier removal
To identify the spatial boundaries of a cell population or clus-
ter, we first remove spatial outliers based on local density. Let
sc denote the spatial coordinate of cell c. For each cell, we com-
pute the average Euclidean distance to its k nearest neighbors
using the k-nearest neighbor (k-NN) algorithm:

d̄c = 1
k

k∑
j=1

‖sc − sNN j (c)‖2,

where NN j(c) denotes the j-th nearest neighbor of cell c, and
d̄c is the mean k-NN distance. Cells with d̄c greater than a
user-defined threshold τ are considered spatial outliers and
removed.

After filtering, spatial boundaries are identified using the
concave hull algorithm [8], which estimates a smoothed outer
boundary encompassing each connected spatial region. If a
cluster contains multiple disjoint regions, subregions can be
detected using either DBSCAN [9] (density-based clustering)
or k-means. Each subregion is then processed independently
to construct its boundary polygon.

The resulting boundaries are represented as a set of spatial
polygons or LINESTRINGs, which are used for computing
spatial weights, enrichment indices, or visualization.

To remove spatial outliers prior to boundary detection, we
used a default k of 5 for the k-NN search. This choice aims to
capture immediate local neighborhoods while minimizing the
influence of spurious or isolated cells. The optimal k may vary
depending on dataset resolution, cell density, and tissue archi-
tecture. We recommend adjusting this parameter based on the
spatial scale and expected continuity of the cell populations.

Spatial neighborhood interaction matrix
To characterize spatial relationships between distinct cell clus-
ters, we compute a neighborhood interaction matrix based on
k-NN counts. For each cell, we identify its k nearest spatial
neighbors using Euclidean distance and record their cluster
identities.

Let C denote the set of all clusters, and define Ci as the set
of all cells belonging to cluster i ∈ C. Let Nk(c) be the set of
the k nearest neighbors of cell c, and let cluster(n) denote the
cluster identity of neighbor cell n.

We define the spatial interaction matrix M ∈ R|C|×|C| such
that:

Mi j =
∑
c∈Ci

∑
n∈Nk (c)

I(cluster(n) = j),

where I(·) is the indicator function, equal to 1 when the con-
dition is true and 0 otherwise.

This matrix M quantifies how often cells from cluster i are
spatially adjacent to cells from cluster j in their local neigh-
borhood. It can be visualized directly or row-normalized (e.g.
Z-scored) to highlight enriched spatial associations.

For constructing the spatial neighborhood interaction ma-
trix, we used a default k of 10 for defining each cell’s nearest
neighbors. This setting provides a balance between capturing
sufficient local context and avoiding overly diffuse neighbor-
hoods. As with outlier removal, the appropriate k depends on
the spatial resolution and structure of the tissue. Users are en-
couraged to tune this parameter based on their specific data
and biological questions.

Spatial weights from boundaries and centroids
To model gene expression variation relative to spatial struc-
tures, we assign each cell a spatial weight based on its distance
to a reference geometry such as a boundary or a centroid. Let
sc denote the 2D spatial coordinate of cell c.
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For centroid-based weighting, we compute the centroid po-
ition of a selected cell population as:

s0 = 1
N

N∑
c=1

sc,

here N is the number of selected cells. The Euclidean dis-
ance between each cell and the centroid is

dc = ‖sc − s0‖2.

For boundary-based weighting, the shortest distance from
ell c to the nearest boundary location is

dc = min
b∈B

‖sc − b‖2,

here B denotes the set of all boundary points, and b ∈ B
epresents a specific boundary location.

To ensure comparability across regions of varying scale, we
pply min-max normalization:

d̃c = dc − minc dc

maxc dc − minc dc
.

The spatial weight wc for cell c is then computed using one
f several decay functions applied to the normalized distance

c̃

Inverse: wc = 1

1 + d̃c

Gaussian: wc = exp

(
− d̃2

c

2σ 2

)

Linear: wc = 1 − d̃c

Quadratic: wc = (1 − d̃c)2,

here σ is a user-defined scale parameter used in the Gaussian
ernel. These weights can be used directly in enrichment anal-
sis or as input covariates in downstream modeling of gene
xpression.

radient-based spatial differential expression
o identify genes with expression patterns that vary smoothly
long a spatial distance gradient, we modeled gene expression
s a continuous function of spatial distance using a reparame-
erized spline basis, similar to approaches used in pseudotime
rajectory analysis [10]. Let t = (t1, t2, . . . , tn) be a vector of
patial distances for n cells, such as proximity to a boundary
r centroid. We construct a natural cubic spline basis ns(t) us-
ng the splines::ns() function with k degrees of freedom
default k = 3), yielding a design matrix X ∈ Rn×k.

An augmented matrix A = [1, t, X] is formed by concate-
ating an intercept vector 1, the distance vector t, and the
pline basis. We then apply QR decomposition to orthonor-
alize the matrix (excluding the intercept), producing a fi-
al design matrix Z ∈ Rn×k, with orthogonal and unit-norm
olumns. The first column of Z is adjusted to be positively
orrelated with t, ensuring alignment with the primary gradi-
nt direction.

For each gene g, expression is modeled as a linear combi-
ation:

Yg = Zβg + εg,

here Yg ∈ Rn is the expression vector for gene g, βg ∈ Rk is the
oefficient vector, and εg represents residual errors. Hypothesis
testing is performed across all coefficients using the limma [11]
framework.

To aid interpretability, we report the sign of the first co-
efficient βg,1 as the primary trend direction. A positive value
indicates increasing expression with distance, while a negative
value indicates decreasing expression.

Spatial enrichment index
To quantify the spatial bias of a gene toward spatially defined
regions (e.g. near boundaries or centroids), we compute a SEI
for each gene. For gene g and cell c, let ygc denote the ex-
pression level of gene g in cell c, and let wc denote the spatial
weight assigned to cell c. The SEI is defined as the weighted
mean expression of gene g across all cells

SEIg =
∑

c wcygc∑
c wc

μg = 1
N

∑
c

ygc

S̃EIg = SEIg

μg + ε
,

where μg is the unweighted mean expression of gene g, N is
the number of cells, and ε is a small constant (e.g. 10−6) added
to avoid division by zero. The normalized SEI, S̃EIg, is used to
compare spatial enrichment independently of absolute gene
expression levels. Genes with large normalized SEI values are
considered spatially enriched relative to the provided spatial
weights.

Spatial transcriptomics and single-cell datasets

The following spatial transcriptomics and scRNA-seq datasets
have been used in this study:

1. The raw mouse brain tiny Xenium dataset was
downloaded from 10× Genomics dataset website:
https://www.10xgenomics.com/datasets/fresh-frozen-
mouse-brain-for-xenium-explorer-demo-1-standard.

2. The processed human breast cancer Xenium dataset
(Sample 1) was obtained from Cheng et al. [12], and
the raw data were from 10× Genomics dataset web-
site: https://www.10xgenomics.com/products/xenium-
in-situ/preview-dataset-human-breast [1].

3. The processed human healthy liver MERFISH dataset
was downloaded from https://datadryad.org/stash/
dataset/doi:10.5061/dryad.37pvmcvsg [13], and the
hepatocytes were used in this study.

4. The processed mouse brain scRNA-seq dataset was
downloaded from Gene Expression Omnibus with ac-
cession number of GSE185862 [14]. A subset of 10 000
cells was extracted from the processed scRNA-seq data
as a reference for cell type annotation of mouse brain
Xenium data.

5. The mouse brain Visium HD dataset was down-
loaded from 10× Genomics dataset website:
https://www.10xgenomics.com/datasets/visium-hd-
cytassist-gene-expression-mouse-brain-fresh-frozen.

Data preparation for SpNeigh

The mouse brain tiny Xenium dataset was processed us-
ing the Seurat (v5.1.0) pipeline [15]. Cells with fewer than
10 detected genes or fewer than 15 total counts were ex-

https://www.10xgenomics.com/datasets/fresh-frozen-mouse-brain-for-xenium-explorer-demo-1-standard
https://www.10xgenomics.com/products/xenium-in-situ/preview-dataset-human-breast
https://datadryad.org/stash/dataset/doi:10.5061/dryad.37pvmcvsg
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE185862
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-mouse-brain-fresh-frozen
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cluded as part of the quality control procedure. The fil-
tered dataset was normalized using NormalizeData, fol-
lowed by variance stabilization with ScaleData. Dimension-
ality reduction was performed via RunPCA and RunUMAP,
and clustering was carried out using FindNeighbors and
FindClusters.

To perform cell type annotation at the single-cell level, a
small reference scRNA-seq dataset consisting of 10 000 cells
was sampled from the mouse brain dataset published by Yao
et al. [14], which contains ∼1 million cells. During the sam-
pling process, at least 50 cells were retained for each cell type
to ensure sufficient representation of all annotated popula-
tions in the reference. Annotation of the Xenium dataset was
then conducted using SingleR (v2.8.0) [16], and predicted cell
labels were manually merged into broader categories follow-
ing the taxonomy defined by Yao et al. to reduce annotation
granularity.

The processed human breast cancer Xenium dataset from
Cheng et al., including SingleR-based cell type annotations,
was used directly for downstream analysis.

The human healthy liver MERFISH dataset underwent sim-
ilar quality control, removing cells with low gene or UMI
counts. After normalization with NormalizeData, author-
annotated hepatocyte populations were extracted for down-
stream analysis.

For the mouse brain Visium HD dataset, a similar Seu-
rat preprocessing and clustering pipeline was applied. The
dataset was read using the Load10X_Spatial function with
bin.size = 8. Clustering was performed at a resolution of
0.2.

For all datasets, the spatial coordinate data frame (with
columns x, y, cell, and cluster) was extracted from the
Seurat object using the ExtractCoords function from Sp-
Neigh. The normalized expression matrix was retrieved us-
ing GetAssayData from Seurat. These coordinate and ex-
pression inputs were used throughout the SpNeigh analysis
pipeline.

Analysis of mouse brain Xenium dataset using
SpNeigh

To identify spatial boundaries for cluster 2 in the mouse brain
Xenium dataset, we applied the GetBoundary function with
a refined eps parameter of 120 to detect spatially coherent
outlier-free contours. Boundary polygons were subsequently
constructed from these points using the BuildBoundary-
Poly function. To define the surrounding neighborhood, ring
regions were generated using the GetRingRegion function,
which by default applies a 100-unit buffer to the original
boundary polygons via GetOuterBoundary.

Cells located within the cluster 2 boundaries or neigh-
borhood rings were extracted using the GetCellsInside
function. Cell composition statistics for these regions were
computed with StatsCellsInside. Differential expres-
sion analysis between cluster 2 cells located inside the bound-
aries and those in the surrounding rings was conducted using
RunLimmaDE.

To further dissect spatial structure, the primary boundary
polygon of cluster 2 was segmented into individual edges using
the SplitBoundaryPolyByAnchor function. Focusing on
the cerebral cortex, spatial weights to a specific edge (edge 2)
were computed for relevant cells using ComputeBoundary-
Weights. Finally, spatial differential expression along this
boundary gradient was assessed using the RunSpatialDE
function.

Analysis of mouse brain Visium HD dataset using
SpNeigh

To identify spatial boundaries for cluster 3 in the mouse
brain Visium HD dataset, we applied the GetBoundary func-
tion with refined parameters (eps = 100, k = 100, and
distance_cutoff = 200). The GetRingRegion func-
tion was then used to construct the neighborhood ring sur-
rounding the primary boundary, with a buffer distance of
dist = 1000. Cells located inside the primary boundary
and within the corresponding neighborhood ring were ex-
tracted using GetCellsInside and used to examine spatial
expression patterns of selected marker genes.

Benchmarking differential expression and spatial
modeling in SpNeigh

To evaluate the performance of differential expression anal-
ysis in SpNeigh, we compared the RunLimmaDE function
against the widely used FindAllMarkers function from the
Seurat package. Both methods were applied to the mouse
brain Xenium dataset using consistent parameter settings
(min.pct = 0) to identify marker genes for each cell type
based on cluster-level annotations. We recorded the total run-
time for each method and computed the Spearman correla-
tion between log2 fold changes (log2FC) across all identified
marker genes to assess the concordance between the two ap-
proaches.

The spatial modeling functions RunSpatialDE and Com-
puteSEI represent novel contributions introduced in Sp-
Neigh, and are not directly comparable to existing meth-
ods. While SpatialDE [6] is a popular tool for identifying
SVGs, it is primarily designed for unsupervised detection of
broad spatial patterns and does not explicitly account for spa-
tial boundaries or region-specific structures. Moreover, Spa-
tialDE’s reliance on Gaussian process modeling introduces
substantial computational overhead, limiting its scalability for
large-scale datasets such as Xenium or MERFISH. In contrast,
SpNeigh models spatial gradients directly using user-defined
spatial weights derived from boundaries or centroids, enabling
region-aware and computationally efficient analysis.

We assessed the concordance between RunSpatialDE and
ComputeSEI by analyzing cluster 0 cells from the mouse
brain Xenium dataset. Spatial weights were computed based
on both boundary and centroid distances. Genes were ranked
by Z1 coefficients from RunSpatialDE and by normal-
ized SEI from ComputeSEI. Spearman correlation was used
to quantify agreement between rankings. Additionally, top-
ranked genes were manually inspected to confirm spatial
enrichment patterns and biological relevance. As RunSpa-
tialDE shares the same limma-based modeling framework
as RunLimmaDE, its runtime was not reported separately due
to similar computational efficiency.

Analysis of human breast cancer Xenium dataset
using SpNeigh

Neighborhood analysis of tumor and DCIS regions
To characterize the local neighborhoods of tumor and DCIS
in the human breast cancer dataset, boundaries were com-
puted for all spatially distinct tumor and DCIS regions us-
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ng the GetBoundary function. Neighborhood ring regions
urrounding the tumor and DCIS were then generated us-
ng GetRingRegion, which constructs outer boundaries at

specified distance from the original boundaries. Cells lo-
ated within these ring regions were extracted with Get-
ellsInside, and their cell type composition was quan-
ified using StatsCellsInside. Donut plots were gener-
ted with PlotStatsPie (plot_donut = TRUE) to vi-
ualize the proportion of each cell type in the tumor and
CIS neighborhoods. Additionally, Student’s t-test was used

o assess statistically significant differences in the propor-
ion of each cell type between the tumor and DCIS ring
egions.

To quantify cell–cell interactions within these local
eighborhoods, the ComputeSpatialInteractionMa-
rix function was applied to the ring-localized cells, gener-
ting a matrix of interactions between focal clusters and their
eighboring clusters. This matrix was row-scaled and visual-

zed using PlotInteractionMatrix.

ifferential expression and spatial modeling of tumor and
CIS cells
o explore molecular differences between DCIS cells in dis-
inct spatial locations, differential expression analysis was per-
ormed using RunLimmaDE to compare DCIS cells located in-
ide versus outside of tumor boundaries.

To further investigate intra-tumoral heterogeneity and
patial gradients in gene expression, ComputeCentroid-
eights was used to compute spatial weights based on
roximity to the tumor centroid. These weights were used
s a covariate in RunSpatialDE to identify genes with spa-
ially varying expression patterns along the centroid-based
radient. Differentially expressed genes were ranked by ad-
usted P-values. In parallel, ComputeSEI was applied to the
ame cells using centroid weights to identify spatially en-
iched genes, which were ranked based on normalized SEI
cores.

nalysis of human healthy liver MERFISH dataset
sing SpNeigh

o investigate spatially varying gene expression along liver
onation gradients, boundaries were first identified for hep-
tocyte populations corresponding to the periportal, mid-
obular, and pericentral zones using the GetBoundary func-
ion. Spatial weights reflecting proximity to each zone-specific
oundary were then computed with ComputeBoundary-
eights. These weights were used as input to RunSpa-
ialDE, which models gene expression as a smooth func-
ion of spatial distance using natural splines. To assess the
trength and direction of spatial variation, Spearman corre-
ation coefficients were calculated between normalized gene
xpression and spatial weights for the top-ranked genes iden-
ified by RunSpatialDE. Finally, PlotSpatialExpres-
ion was used to visualize the average expression trends of
elected genes along the spatial gradients.

esults

verview of the SpNeigh framework

o characterize local tissue architecture and spatial gene ex-
ression patterns, we developed SpNeigh, a modular R pack-
ge for spatial neighborhood analysis and spatially aware dif-
ferential expression analysis. The SpNeigh workflow consists
of five core components (Fig. 1): (i) data input, (ii) boundary
detection and neighborhood construction, (iii) spatial weight-
ing, (iv) neighborhood interaction analysis, and (v) spatial dif-
ferential and enrichment analysis.

(i) Input data. SpNeigh operates on a coordinate data
frame containing the x, y, cell, and cluster
columns, together with a normalized gene expres-
sion matrix or dgCMatrix. These inputs can be ex-
tracted from commonly used spatial transcriptomics
platforms, including 10× Genomics Xenium, Vizgen
MERFISH, and 10× Visium HD..

(ii) Boundary detection and neighborhood construction.
Spatial boundaries are identified for a specified cell
population using clustering and density-based outlier
removal. Optional buffer regions can be constructed
around these boundaries to define concentric neigh-
borhood rings, enabling comparative analysis between
intra-region and peri-region cells.

(iii) Spatial weighting. For cells within a region, SpNeigh
computes spatial weights based on distance to either
the region boundary or the population centroid. These
weights are scaled between 0 and 1, with higher values
indicating closer proximity to the spatial feature of in-
terest. Multiple decay schemes (e.g. inverse, Gaussian)
are supported.

(iv) Neighborhood analysis. Cells located in neighborhood
rings are extracted, and their composition is visualized
using pie charts and bar plots. A spatial interaction ma-
trix is computed by counting the k nearest neighbors
for each focal cluster and tabulating the frequencies of
neighboring cluster identities.

(v) Downstream spatial modeling. SpNeigh supports dif-
ferential expression testing between cells inside and
outside a region via RunLimmaDE, which leverages the
widely used limma framework for linear modeling and
empirical Bayes moderation [11]. Spatial expression
gradients are modeled using RunSpatialDE, which
fits gene expression as a smooth function of spatial
weights using a spline-based linear model, also imple-
mented within the limma framework. In parallel, spa-
tial enrichment is quantified using the spatial enrich-
ment index (SEI), which measures the weighted aver-
age expression of each gene relative to spatial proxim-
ity.

Together, these components provide a flexible and inter-
pretable framework for dissecting fine-grained spatial or-
ganization and gene expression dynamics in diverse tissues
and technologies. For convenience, several functions such as
boundary detection and spatial plotting support direct input
from Seurat and SpatialExperiment objects, though
core modeling functions require explicit expression matrices
and spatial weights.

To our knowledge, SpNeigh is the first method to combine
boundary detection with directional distance-based weighting
and spline-based spatial differential expression modeling in
a unified framework. These components enable biologically
meaningful comparisons of cells located near tissue interfaces
or across spatial gradients.
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Figure 1. Overview of the SpNeigh workflow. (a) Input includes a spatial coordinate data frame (x, y, cell, cluster) and a normalized expression matrix.
Data can originate from platforms such as Xenium, Visium HD, MERFISH, or others. (b) Spatial boundary detection and neighborhood extraction. Left:
Cluster boundaries are identified after removing spatial outliers based on local k-nearest neighbor density. Right: Ring regions are constructed by
buffering outward from the cluster boundaries. Black lines denote cluster boundaries; blue lines indicate outer ring boundaries. (c) Spatial weight
computation. Cells are assigned weights based on their distance to either the boundary (left) or the centroid (right) of the cluster using inverse distance
decay. Weights range from 0 (far) to 1 (close), reflecting proximity. (d) Neighborhood composition and interaction analysis. Top: Pie chart showing the
proportion of neighboring cell types within the rings. Bottom: Heatmap of spatial interaction scores between focal and neighboring clusters. (e)
Downstream analyses enabled by SpNeigh. Left: Differential expression analysis between cells of the same cluster in the inner region versus the ring.
Middle: Spatial differential expression analysis using smooth functions of distance-based weights. Right: Spatial enrichment analysis quantifying
expression bias relative to spatial proximity.
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pNeigh reveals intermediate cell populations at
rain region boundaries in mouse cortex

he mouse brain is anatomically well-characterized and
idely used for benchmarking spatial transcriptomics tools,
ith extensive references available for cell type classifica-

ion and regional annotations [17–19]. To demonstrate the
tility of boundary-aware analysis in SpNeigh, we analyzed
publicly available mouse brain Xenium dataset (tiny ver-

ion) from 10× Genomics. After quality control filtering to
emove low-quality cells (total count or gene count thresh-
lds), 36 402 high-quality cells remained out of 36 602 to-
al. The Seurat [15] pipeline was applied for preprocessing
nd clustering, resulting in 12 clusters at a resolution of 0.1.
hese clusters were manually annotated based on known
rain anatomical regions. To refine cellular identity, we also
erformed cell-level annotation using SingleR [16], referenc-
ng a curated subset of the large-scale mouse brain single-cell
NA sequencing (scRNA-seq) dataset from Yao et al. [14].
he resulting SingleR annotations (Supplementary Fig. S1a)
ere manually merged based on known taxonomy to re-
uce redundancy (see Supplementary Table S1). The clus-
ering, region-level, and cell-level annotations are shown in
ig. 2a.
We focused our initial analysis on cluster 2, corresponding

o the white matter region dominated by oligodendrocytes.
his area connects the outer cerebral cortex to deeper brain
egions and lies between the cortex and hippocampus. Us-
ng SpNeigh, two spatial boundaries and their corresponding
eighborhood ring regions were detected for cluster 2. Cells
ithin the primary (largest) boundary and surrounding ring
ere extracted for comparison (Fig. 2b). Inside the boundary,
0% of cells belonged to cluster 2, with clusters 10 and 0 con-
ributing 13% and 10%, respectively. In contrast, within the
eighborhood ring, cluster 4 accounted for 33% of cells, fol-
owed by clusters 2 (21%), 3 (16%), and 0 (15%). These dis-
inct neighborhood compositions suggest that cluster 2 cells
ocated within the boundary and in the surrounding ring may
eside in different microenvironments.

To investigate this difference, we applied RunLimmaDE to
ompare cluster 2 cells inside the boundary versus those in
he ring. We found that the cortical marker gene Slc17a7
as highly expressed in cluster 2 cells within the neighbor-
ood ring but nearly absent within the boundary (Fig. 2c
nd Supplementary Fig. S1b). In contrast, the oligodendro-
yte marker gene Sox10 was consistently expressed in both
roups. This suggests that cluster 2 cells in the ring may rep-
esent intermediate cells at the interface between cortical neu-
ons and white matter oligodendrocytes. We further examined
he expression patterns of Slc17a7 and Sox10 in an indepen-
ent mouse brain Visium HD dataset. Cells located near the
oundary between cortical neurons and white matter oligo-
endrocytes exhibited concurrent expression of both Slc17a7
nd Sox10 (Supplementary Fig. S2). This observation is con-
istent with the results obtained from the mouse brain Xenium
ataset and supports the presence of transcriptionally inter-
ediate cell populations at the cortex–white matter interface.
Given the layered architecture of the cortex, we next ex-

lored expression gradients in cerebral cortex cells adjacent
o the white matter. The primary boundary of cluster 2 was
plit into two directional edges; edge 2 delineates the bound-
ry between cortex and white matter (Fig. 2d). Spatial weights
elative to edge 2 were computed and used as input for gra-
dient modeling with RunSpatialDE (Fig. 2e). A heatmap of
the top 10 spatially varying genes showed distinct expression
trends along this axis (Fig. 2f). Notably, Ccn2 (also known as
Ctgf) and Cplx3 were enriched near edge 2, consistent with
prior studies identifying these genes as markers of layer 6b
(L6b)—the deepest cortical layer [14, 20–22]. Both genes ex-
hibited strong expression in L6b cells, with intermediate levels
in neighboring L4/5/6 neurons, astrocytes, and oligodendro-
cytes (Fig. 2g and Supplementary Fig. S1c), further supporting
the presence of transitional or mixed-identity cells near the
white matter boundary.

These findings highlight the ability of SpNeigh to de-
tect spatial gene expression gradients and reveal boundary-
associated intermediate populations that may otherwise be
overlooked. This boundary-aware modeling is especially valu-
able for understanding the fine-grained organization and de-
velopmental transitions in complex tissues such as the brain.

Benchmarking differential expression and spatial
modeling methods in SpNeigh

To evaluate the performance of the DE function RunLimmaDE
in SpNeigh, we benchmarked it against the widely used Find-
AllMarkers function in Seurat using the mouse brain Xe-
nium dataset. Both methods were applied to identify marker
genes for five major cell types based on cluster-level anno-
tations. RunLimmaDE completed in ∼2 s, >10 times faster
than FindAllMarkers, which required 26 seconds (Fig. 3a).
The top marker genes identified by RunLimmaDE clearly sep-
arated distinct cell types and showed strong agreement with
the results from FindAllMarkers, as illustrated in the dot
plot of average expression and detection percentage (Fig. 3b).
DE results from both methods were highly concordant, with
an overall Spearman correlation of 0.81 between log2 fold
changes across all cell types (Fig. 3c).

The spatial modeling methods implemented in SpNeigh
(RunSpatialDE and ComputeSEI) are not directly com-
parable to tools such as SpatialDE or SPARK, which are de-
signed for detecting general SVGs but do not incorporate spa-
tial features such as boundaries or centroids. To assess the
concordance between the two SpNeigh approaches, we an-
alyzed cluster 0 (meningeal fibroblasts) using both boundary-
and centroid-derived spatial weights (Fig. 3d). We then com-
pared the ranks of genes based on Z1 coefficients from Run-
SpatialDE and normalized SEI values from ComputeSEI.
The rank correlation was high, with Spearman coefficients of
0.75 (boundary weights) and 0.80 (centroid weights) (Fig. 3e),
suggesting strong agreement between the two methods.

Notably, RunSpatialDE identified genes with increasing
or decreasing trends along spatial gradients. For example, Dcn
and Col1a1, markers of fibroblasts enriched near boundaries,
were ranked among the top positive spatial DE genes, whereas
Slc17a7 and Car4, markers of cortical neurons, showed nega-
tive spatial trends (Fig. 3f). The same fibroblast markers were
also recovered by ComputeSEI (Fig. 3g), reinforcing the bio-
logical relevance of both approaches.

Both functions are computationally efficient and completed
in under one second per run. While RunSpatialDE provides
statistical inference and directionality of expression changes,
ComputeSEI offers a complementary enrichment-based per-
spective that may capture biologically relevant genes over-
looked by hypothesis testing. Together, these methods offer

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag039#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag039#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag039#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag039#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag039#supplementary-data
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Figure 2. SpNeigh reveals intermediate cell populations near boundaries in mouse brain Xenium data. (a) Spatial plots showing different annotation
types. Left: Cells colored by clusters with overlaid boundaries of cluster 2. Middle: Manual cluster-level annotations based on brain anatomy. Right:
Reference-based single-cell annotations, with selected subtypes merged. CGE: caudal ganglionic eminence; MGE: medial ganglionic eminence. (b)
Neighborhood analysis of cluster 2. Top: Boundary and ring regions. Bottom: Cells within boundary and ring regions for region 1, with donut plots
showing cluster proportions (labels shown for proportions ≥ 5%). (c) Expression of Slc17a7 and Sox10 in cluster 2 cells inside boundaries and
surrounding rings. Slc17a7, a marker of cortical excitatory neurons, shows elevated expression in outer cells near the boundary. Sox10 is broadly
expressed in oligodendrocytes and remains consistent across both inner and outer cells in cluster 2. (d) Boundary 1 of cluster 2 split into discrete edges.
(e) Spatial weights relative to edge 2 for cortical cells. Black line indicates edge 2. (f) Top spatially varying genes identified by RunSpatialDE using
weights from edge 2. (g) Expression of Ccn2 and Cplx3 near edge 2. Cells include cortical layer 4/5/6 neurons, L6b neurons, astrocytes, and
oligodendrocytes. L6b cells are localized along edge 2.
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Figure 3. Benchmarking and comparative evaluation of differential expression and spatial enrichment methods in SpNeigh. (a) Comparison of runtimes
for marker gene identification using RunLimmaDE (SpNeigh) and FindAllMarkers (Seurat) across all cell types defined by cluster-level annotation. (b) Dot
plot of top marker genes identified by RunLimmaDE and FindAllMarkers for each annotated cell type. (c) Scatter plots comparing log2 fold changes
(log2FC) between RunLimmaDE and FindAllMarkers for each cell type. The overall Spearman correlation is 0.81. (d) Spatial weight distributions for cells
in cluster 0 based on proximity to the cluster’s boundary (left) and centroid (right). (e) Scatter plots comparing the gene-wise ranks of Z1 coefficients
from RunSpatialDE and normalized SEI values derived from boundary and centroid weights. Spearman correlations are 0.75 (boundary) and 0.80
(centroid). (f) Top spatially varying genes identified by RunSpatialDE using boundary-derived weights. A positive Z1 indicates increasing expression
toward the boundary; a negative Z1 indicates decreasing expression. (g) Top spatially enriched genes ranked by normalized SEI from boundary weights.
The x-axis shows normalized SEI minus 1 for visualization.



10 Cheng et al.
a robust and flexible toolkit for modeling spatial expression
gradients.

SpNeigh reveals immune microenvironment
differences between breast tumor and DCIS
neighborhoods

The tumor microenvironment plays a critical role in cancer
progression by influencing tumor growth, immune surveil-
lance, and mechanisms of immune evasion [23, 24]. Although
most invasive breast cancers arise from ductal carcinoma in
situ (DCIS), only 10%–30% of DCIS cases eventually progress
to invasive disease [25]. To demonstrate the utility of neigh-
borhood analysis in SpNeigh, we applied it to a processed
human breast cancer Xenium dataset with SingleR-based cell
type annotations from Cheng et al. [12].

We focused on the spatial neighborhoods surrounding tu-
mor and DCIS regions (Fig. 4a). Neighborhood ring regions
were computed for tumor and DCIS separately, and cells
located within these rings were extracted for downstream
analysis (Fig. 4b). Cell type composition within each neigh-
borhood was summarized (Fig. 4c). In the tumor neighbor-
hood, fibroblasts were most abundant (29%), followed by
T cells (14%), DCIS cells (13%), tumor cells (12%), and
macrophages (11%). In the DCIS neighborhood, fibroblasts
(34%) and T cells (17%) remained the top two cell types, with
macrophages (11%) and DCIS cells (7%) also present.

To investigate cellular interactions within these neighbor-
hoods, we computed spatial interaction matrices using func-
tion ComputeSpatialInteractionMatrix. The row-
scaled heatmap (Fig. 4d) revealed distinct interaction pat-
terns: DCIS cells in the tumor neighborhood primarily in-
teracted with other DCIS cells, whereas DCIS in the DCIS
neighborhood showed interactions with basal cells, DCIS, and
fibroblasts. These differences suggest potential heterogeneity
in DCIS subpopulations depending on their proximity to tu-
mor regions. Moreover, immune cells such as T, B, plasma,
and macrophage populations were observed to interact with
T cells in both neighborhoods, indicating potential immune
modulation.

To assess immune infiltration visually, we plotted the spa-
tial distributions of major immune cell types (T, B, plasma,
and macrophages) relative to tumor and DCIS boundaries
(Fig. 4e). Notably, T, B, and plasma cells appeared more en-
riched around DCIS regions. To quantify these differences,
we compared cell type proportions using a two-sided Stu-
dent’s t-test. T cells were significantly more abundant in
DCIS neighborhoods than in tumor neighborhoods (P = .012;
Fig. 4f), whereas no significant differences were observed for
macrophages (P = .166), plasma cells (P = .413), or B cells (P
= .448). These results suggest a potentially protective immune
environment surrounding DCIS, which may contribute to its
limited progression into invasive carcinoma.

Overall, this case study demonstrates how SpNeigh can re-
veal subtle yet biologically meaningful differences in the cel-
lular and immune landscapes between tumor and pre-invasive
lesions using neighborhood-aware spatial analysis.

SpNeigh reveals expression changes during
early-stage tumor development from DCIS

To investigate transcriptional changes during the transition
from DCIS to invasive breast cancer, we analyzed tumor and

DCIS cells in the same human breast cancer Xenium dataset.
Boundaries were identified for both tumor and DCIS popula-
tions, revealing one major tumor region and multiple spatially
distinct DCIS regions (Fig. 5a). As only a subset of DCIS cases
progress to invasive carcinoma, we hypothesized that DCIS
cells near tumors might show distinct gene expression signa-
tures.

One DCIS region was located entirely within the tumor
boundary (highlighted in red), while the remaining DCIS re-
gions were outside the tumor region (green) (Fig. 5b). We per-
formed differential expression analysis using RunLimmaDE
to compare DCIS cells located inside versus outside the tu-
mor boundary. Compared to DCIS cells distant from the tu-
mor, tumor-adjacent DCIS cells showed elevated expression of
TENT5C and reduced expression of MZB1 (Fig. 5c). Notably,
expression levels of these two genes in the tumor-adjacent
DCIS cells resembled those in tumor cells, suggesting early
transcriptional reprogramming. Previous work based on the
same dataset also identified MZB1 as a specific marker of
DCIS regions distant from the tumor [1]. Interestingly, both
TENT5C and MZB1 are known plasma cell markers [26, 27]
(Supplementary Fig. S3), and the observed shifts in their ex-
pression may reflect immune microenvironment remodeling
associated with early tumor progression.

To further examine intratumoral heterogeneity, we focused
on spatial gradients within the tumor itself. We reasoned
that tumor cells near the boundary may represent earlier de-
velopmental stages, while cells closer to the tumor centroid
may be more advanced. We therefore computed centroid-
based spatial weights for tumor cells (Fig. 5d) and applied
both RunSpatialDE and ComputeSEI to identify spatially
varying and enriched genes along this inferred developmental
axis.

CEACAM6 and AGR3 were among the top genes show-
ing decreasing expression along the centroid weights (Fig. 5e),
while DUSP2 emerged as a highly enriched gene in cells near
the centroid with high average expression across tumor cells
(Fig. 5f). Visualization of these genes in both DCIS and tu-
mor cells showed distinct spatial expression patterns (Fig. 5g).
Notably, the DCIS region located inside the tumor boundary
contained both tumor and DCIS cells. CEACAM6, a canoni-
cal DCIS marker [1], was highly expressed in all DCIS cells,
including those within the tumor region, but was downreg-
ulated in neighboring tumor cells, showing a clear negative
trend (Z1 <0) along the centroid weights. AGR3 expression
also decreased progressively from DCIS cells to adjacent tu-
mor cells and was lowest in tumor cells near the centroid.
In contrast, DUSP2 was most highly expressed in centroid-
proximal tumor cells and nearly absent in DCIS cells.

These results highlight the ability of SpNeigh to reveal spa-
tial expression gradients and transitional states during tumor
evolution. By modeling spatial context and neighborhood re-
lationships, SpNeigh provides valuable insights into early tu-
mor development and cellular reprogramming at the invasive
front.

SpNeigh reveals gene expression changes along
spatial gradients of liver zonation

The liver exhibits a highly structured lobular architecture,
consisting of three zones: periportal (zone 1), midlobular
(zone 2), and pericentral (zone 3) [28]. Midlobular hepato-
cytes are thought to contribute to hepatocyte renewal during
homeostasis and regeneration [29]. To investigate zonation-

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag039#supplementary-data
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Figure 4. Neighborhood analysis reveals immune cell distribution differences around tumor and DCIS regions. (a) Spatial plot of Xenium breast cancer
tissue colored by cell type annotations. Neighbor ring regions surrounding tumor and DCIS are shown separately for clarity. Blue indicates
tumor-associated rings; yellow indicates DCIS-associated rings. (b) Cells located within tumor and DCIS neighbor rings. (c) Overall cell type proportions
in tumor and DCIS neighbor rings. Cells from all rings are aggregated for each condition to compute relative frequencies (labels shown for proportions ≥
2%). (d) Row-scaled spatial interaction matrices showing the frequency of neighboring cell types around each focal cell type within tumor and DCIS
neighborhoods. (e) Spatial distribution of major immune cell types, including T cells, macrophages, plasma cells, and B cells. Blue and yellow polygons
indicate boundaries of tumor and DCIS, respectively. Notably, T, B, and plasma cells appear more enriched near DCIS than tumor regions. (f) Bar plot
comparing T cell proportions between tumor and DCIS neighbor rings. Blue bars represent tumor-associated neighborhoods and yellow bars represent
DCIS. The T cell proportion is significantly higher near DCIS (Student’s t-test, P = .012).
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Figure 5. Spatial differential expression analysis of DCIS and tumor cells. (a) Spatial plot of tumor and DCIS regions with boundaries. Blue and yellow
polygons represent tumor and DCIS boundaries, respectively. (b) Spatial mapping of DCIS boundary regions located inside versus outside tumor
boundaries. The intratumoral DCIS region is highlighted in red; extratumoral regions are shown in green. (c) Expression of TENT5C and MZB1 in DCIS
cells located inside versus outside tumor boundaries. TENT5C is upregulated in DCIS cells within or near tumor regions, while MZB1 is downregulated.
Expression profiles of these genes in intratumoral DCIS resemble those of tumor cells. (d) Spatial weights based on distance to the centroid of tumor
cells. Weights range from 0.5 (farther from the centroid) to 1 (closer to the centroid). (e) Top 10 spatially varying genes in tumor cells ranked by Z1 from
centroid-weighted RunSpatialDE. The sign of Z1 (x-axis) indicates the direction of spatial expression trend. (f) Top 10 spatially enriched genes in tumor
cells based on normalized SEI. To aid visualization, the x-axis shows 1000 times (normalized SEI - 1), emphasizing subtle variation near the baseline value
of 1. (g) Expression of CEACAM6, AGR3, and DUSP2 in tumor and DCIS cells. In tumor cells, CEACAM6 and AGR3 expression decreases with
increasing distance from the centroid, while DUSP2 increases. CEACAM6 is also a DCIS marker gene and shows distinct expression between tumor
and DCIS populations. The red polygon indicates the boundary of the intratumoral DCIS.
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ssociated gene expression patterns, we applied the spatial dif-
erential expression analysis in SpNeigh to a publicly available

ERFISH dataset of healthy human liver tissue [13].
Low-quality cells were filtered out, and 23,144 hepatocytes

ere retained for downstream analysis. The hepatocyte sub-
opulations annotated by the original authors—hepatocyte 1,
, and 3—correspond to periportal, midlobular, and pericen-
ral zones, respectively. Boundaries for each hepatocyte popu-
ation were computed and visualized in spatial plots (Fig. 6a).

e then computed spatial weights to the boundaries of each
opulation (Fig. 6b) and applied RunSpatialDE to identify
patially varying genes along these gradients.

The top 10 spatially differential genes for each hepatocyte
opulation, identified using boundary-based weights, showed
lear zonation-related expression trends (Supplementary
ig. S4a). For example, ASS1 and SDS were enriched near the
oundaries of hepatocyte 1, with highest expression in hep-
tocyte 1 and intermediate expression in hepatocyte 2. Sim-
larly, CYP1A1 and CYP3A4 were enriched near the bound-
ries of hepatocytes 2 and 3, with highest expression in hep-
tocyte 3 and intermediate levels in hepatocyte 2 (Fig. 6c and
upplementary Fig. S4a).

Expression levels of representative genes were correlated
ith their corresponding spatial weights using Spearman cor-

elation. The correlations for ASS1, CYP1A1, and CYP3A4
ith boundary weights for hepatocytes 1, 2, and 3 were 0.48,
.21, and 0.41, respectively (Fig. 6d). Binned expression plots
urther demonstrated smooth gradients in gene expression
long these spatial axes (Fig. 6e). Additional examples in-
lude GLS2, which showed peak expression in hepatocyte 1
nd intermediate expression in hepatocyte 2, and CYP2E1,
hich showed the opposite trend, peaking in hepatocyte 3

Supplementary Fig. S4b).
These findings are consistent with previously reported liver

onation markers, including periportal genes (GLS2, ASS1,
DS) and pericentral genes (CYP1A1, CYP3A4, CYP2E1)
13,30–33]. Interestingly, although canonical midlobular
arkers such as HAMP, HAMP2, and CCND1 [29,30] were
ot included in the 317-gene MERFISH panel, we identi-
ed COL1A1 as a potential negative marker for hepatocyte
(midlobular zone). Its expression was lowest in hepato-

yte 2 and showed a negative trend along the spatial weights
o hepatocyte 2 boundaries (Supplementary Fig. S4a and b).
s COL1A1 is a known marker of hepatic stellate cells—cell

ypes implicated in regulating liver zonation [34]—its expres-
ion in hepatocytes may reflect zone-specific regulatory inter-
ctions.

Together, these results demonstrate the ability of SpNeigh to
eveal spatial expression gradients aligned with liver zonation
nd highlight its utility in boundary-aware analysis of spatial
ranscriptomics data.

iscussion

patial transcriptomics technologies have transformed our
bility to study gene expression in tissue architecture, but ex-
racting biological meaning from spatial organization remains
ethodologically challenging. SpNeigh introduces a flexible

nd interpretable framework for spatial neighborhood mod-
ling, integrating local boundary detection, distance-aware
eighting, spatial differential expression, and enrichment
nalysis. Through modular components, SpNeigh enables
he investigation of cell–cell interactions, microenvironmental
heterogeneity, and spatially varying transcriptional programs
across diverse tissue types and spatial platforms.

Our analysis demonstrates that SpNeigh effectively cap-
tures biologically relevant spatial features across a range of
datasets. In mouse brain, boundary-aware modeling identi-
fied intermediate populations and layered expression gradi-
ents near white matter boundaries. In human breast can-
cer, neighborhood ring analysis revealed distinct immune mi-
croenvironments surrounding tumor and DCIS regions, high-
lighting spatially structured immune infiltration. In healthy
liver, SpNeigh recovered known zonation patterns and iden-
tified new spatially varying genes, including zone-specific
markers and potential regulatory candidates. Together, these
examples showcase the utility of SpNeigh for discover-
ing fine-grained transcriptional variation driven by spatial
context.

Compared to existing methods such as SpatialDE [6],
SPARK [7], and Giotto [4], which primarily focus on
global spatial variability or spatial autocorrelation, Sp-
Neigh is uniquely designed for neighborhood-aware modeling
and boundary-centric analysis. The incorporation of spatial
weights anchored to biologically meaningful structures—such
as cluster boundaries or centroids—allows for directional test-
ing of spatial expression gradients. Unlike Gaussian process-
based methods that may suffer from scalability issues on large
datasets, our use of spline-based linear modeling and weighted
means ensures rapid computation without sacrificing inter-
pretability.

While numerous computational tools have been developed
for spatial transcriptomics analysis, they differ substantially in
their underlying assumptions and analytical goals. Methods
such as SpatialDE and SPARK are primarily designed to iden-
tify globally SVGs by modeling spatial autocorrelation across
an entire tissue section. These approaches are well suited for
detecting broad spatial patterns, but they do not explicitly
model local tissue structure, such as boundaries, neighbor-
hood composition, or directional gradients.

SpNeigh addresses a complementary analytical need by ex-
plicitly incorporating spatial geometry into gene expression
modeling. By defining tissue boundaries, neighborhood rings,
and distance-based spatial weights, SpNeigh enables region-
aware and boundary-aware analyses that focus on local spa-
tial context. This includes differential expression between
boundary-adjacent and interior cells, gradient-based model-
ing along user-defined spatial axes, and enrichment analysis
near specific spatial features. These analyses are difficult to
perform using existing global spatial variability methods, and
direct quantitative benchmarking against such tools is there-
fore not always appropriate.

We note that comprehensive benchmarking of
neighborhood- and boundary-aware spatial analyses remains
challenging due to the lack of ground-truth annotations for
spatial interfaces and gradients. In this study, we focused
on demonstrating biological plausibility, interpretability,
and computational efficiency across multiple platforms and
tissues. Future work may explore simulation-based bench-
marking or community benchmarks as such resources become
available.

While SpNeigh introduces novel capabilities, several direc-
tions for future development remain. For example, automated
region selection, dynamic modeling of cell–cell interactions,
and multivariate spatial analyses could further enhance its ap-
plicability. The current framework focuses primarily on 2D

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag039#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag039#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag039#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag039#supplementary-data


14 Cheng et al.

Figure 6. Spatial differential expression analysis of hepatocytes in healthy liver using MERFISH. (a) Spatial plot of hepatocyte subpopulations and their
detected boundaries in a publicly available MERFISH liver dataset. Hepatocyte 1, 2, and 3 correspond to periportal, mid-lobular, and pericentral zones,
respectively. Blue, red, and yellow lines indicate the boundaries of hepatocyte populations 1, 2, and 3, respectively. (b) Spatial weights derived from
distances to the boundaries of each hepatocyte zone. Higher values indicate proximity to the boundary; a weight of 1 denotes a cell located precisely on
the boundary. (c) Spatial expression of top-ranked spatially varying genes along boundary-based weights. ASS1 and SDS are enriched in periportal
hepatocytes (zone 1); CYP1A1 and CYP3A4 are enriched in mid-lobular and pericentral hepatocytes (zones 2 and 3). (d) Scatter plots showing normalized
expression of marker genes versus spatial weights. Spearman correlation coefficients quantify the association between expression and distance. Only
cells with nonzero expression are shown. (e) Heatmap of average gene expression across spatial weight bins. ASS1, CYP1A1, and CYP3A4 illustrate
representative spatial expression patterns along boundary weights of zones 1, 2, and 3, respectively.
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patial datasets, but extensions to 3D tissue volumes and time-
eries spatial data are conceptually straightforward. Addition-
lly, integrating histological features or multi-modal data may
nable richer modeling of spatial niches.

Although SpNeigh was optimized for high-resolution spa-
ial platforms such as Xenium and MERFISH, it is compati-
le with a broad range of spatial transcriptomics technologies,
ncluding sequencing-based platforms such as Visium HD [3]
nd Stereo-seq [19], provided spatial coordinates and expres-
ion data are available. This flexibility enables users to adapt
pNeigh across diverse datasets and experimental designs.

In summary, SpNeigh addresses a critical need for inter-
retable and efficient spatial modeling tools that account for
ocal context and region-specific variation. Its flexible design
nd compatibility with modern spatial platforms make it a
aluable addition to the spatial transcriptomics toolkit, sup-
orting a broad range of biological and clinical investigations.
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