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Abstract

The advent of spatial transcriptomics has opened new avenues for exploring spatial heterogeneity in gene expression across tissues.
However, effectively quantifying the influence of specific cell populations on their niche remains a key challenge. Here, we present stGrads
(Spatial Transcriptomic Gradients), a computational framework designed for both spot-size and bin-size spatial data to characterize the
spatial gradients induced by specific cell types at both gene expression and cell composition levels. By integrating spatial proximity
modeling with attenuation-based signal propagation, stGrads computes multiple distance-dependent metrics, including expression
gradients, compositional shifts, and interaction strengths, to reveal local patterns of cellular responses. Meanwhile, stGrads could identify
the gradient-related genes for downstream work. We demonstrate the utility of stGrads on multiple spatial transcriptomic datasets,
successfully identifying disease-associated spatial gradients. stGrads offers a generalizable and efficient tool for characterizing spatial
interactions and functional responses in complex tissue environments.

Keywords spatial transcriptomics, spatial gradient modeling, tissue microenvironment, stGrads, gradient-related gene identification

Tissue function fundamentally depends on the spatial organization

Introduction of structural components and the regional specificity of cell popu-

Spatial transcriptomics (ST) integrates spatial coordinate information
with high-throughput sequencing technology to achieve precise
localization and visualization of gene expression patterns within
tissue contexts [1, 2]. This integration has greatly advanced our under-
standing of tissue microenvironments, physiological homeostasis,
and pathological processes [3, 4]. With the ongoing development of
platforms such as Visium, Xenium, and Stereo-seq [2, 5], the spatial
resolution and throughput of ST data have significantly improved,
enabling a transition from method development to widespread
application in both basic and clinical research [6].

lations [7]. Under various pathological conditions, such as cancer,
inflammation, and fibrosis, the original tissue architecture is often
destroyed or remodeled, resulting in abnormal cell aggregation and
enhanced spatial heterogeneity [8]. In these tissues, areas rich in
immune cells, necrotic areas, or hypoxic areas are often regarded
as biologically meaningful spatial reference areas [9]. Due to their
unique cell density, functional status, or pathological characteristics,
these areas may have a perturbing effect on the surrounding spatial
gene expression profile [10]. Identifying and modeling such spatial
perturbations is crucial to revealing the mechanisms of local microen-
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vironment regulation, tissue repair response, and intercellular com-
munication [11].

Although existing tools such as SpatialDE and Giotto have been
widely used to detect spatially variant genes, clustering, and visual-
ization, they have significant limitations in handling spatial continuity
and quantifying the effects of region-specific perturbations. While
SpatialDE uses a Gaussian process framework to model spatial covari-
ance, it is primarily used to identify spatial variation rather than ana-
lyze directional effects of user-defined reference regions [12]. Giotto
provides spatial coherence detection through neighborhood-based
enrichment analysis, but it relies heavily on expression binarization
and cannot model how expression gradients evolve with increasing
distance from a specific spatial domain [13]. These limitations are
particularly evident when analyzing structurally disordered or highly
heterogeneous tissues such as solid tumors, as traditional binary
classification methods (tumor versus non-tumor) cannot capture the
subtle biological gradients that underlie spatial regulation.

To address these gaps, we introduce stGrads, a simple, general,
and automated framework for spatial gradient modeling. stGrads
allows users to flexibly define spatial reference regions based on prior
knowledge or automated annotations and to systematically construct
gradient models describing how gene expression or cell-type propor-
tions vary with distance from these regions. By integrating spatial dis-
tance decay models, gradient intensity visualization, and expression
correlation analysis, stGrads provides a reusable and interpretable
pipeline tailored for spatial transcriptomics. It is particularly suitable
for studying spatial regulatory patterns and functional responses in
complex tissue microenvironments.

Results
Overview of the stGrads framework

To investigate the spatial influence of defined tissue regions on their
niche, we developed stGrads, a general framework for quantifying
expression gradients based on spatial distance (Fig. 1 and Methods).

Specifically, stGrads follows four key steps and is applicable to
different types of spatial transcriptomics data. For spot-based ST data
such as 10x Visium, cell-type proportion matrices are used to visualize
the distribution of specific cell types, and cell-enriched regions are
selected as reference spots for downstream modeling. For bin-based
high-resolution ST data (Stereo-seq and 10x Visium HD), biologically
meaningful bins are identified through prior annotations or unsuper-
vised clustering results. In either case, user-defined spatial reference
spots (immune infiltrate regions, necrotic regions, or specific anno-
tated cell clusters) are first selected, and the remaining locations are
designated as query spots.

After defining reference and query spots, stGrads computes the
nearest distance matrix by calculating the Euclidean distance from
each query spot to the nearest reference spot in spatial coordinates.
stGrads supports linear, logarithmic, and exponential decay models to
represent different forms of spatial attenuation. Exponential decay
reflects diffusion-like short-range effects observed in morphogen
gradients such as Decapentaplegic and Wingless [14, 15]. Logarithmic
decay captures more gradual long-range influence [16]. Linear decay
provides a simple monotonic approximation and is recommended as
a default starting point. Importantly, stGrads also allows fully user-
defined decay functions, which can be passed through the self_decay
argument, enabling customized distance-to-strength transformations
for case-specific biological contexts.

In the final step, a variety of downstream analyses can be conducted
to interrogate spatial gradients. These include visualizing spatial
maps of distance and interaction strength, assessing correlations
between gene expression and spatial proximity, and identifying
distance-responsive genes (DRGs) that exhibit significant spatial
variation. Through these steps, stGrads provides a flexible and
interpretable solution that is compatible with both low-resolution and
high-resolution spatial transcriptomics datasets, making it broadly
applicable to a variety of tissue types and spatial scales.

Core principles of the stGrads framework visualized
by spot-size data

The spot-size data (10x Visium) was first applied to visualize the
core principles and general framework. One of the vital differences
between low- and high-resolution is whether the single data point
could reach single cell (or sub-cellular) level, which means for low-
resolution data, we should first identify the composition of spots.
While the high-resolution data would be input with bin/spot-based
cellular type labels.

To quantify spatial regulatory effects originating from defined tis-
sue regions, stGrads models gene expression and cell composition
as continuous functions of spatial distance. The core computational
principles of stGrads are shown in Fig. 2, comprising three conceptual
layers: distance computation, interaction strength estimation, and
expression-gradient analysis.

First, stGrads calculates the Euclidean distance between each query
spot (a tissue spot or bin) and all reference spots. For each query spot,
the shortest distance to any reference spot is retained as the nearest
distance (Disy). This establishes a spatial proximity field radiating from
the region of interest.

Second, to model the influence that reference spots may exert
on their niche, stGrads estimates an interaction strength score for
each query spot. This is achieved by summing contributions from
nearby reference spots, weighted by a user-defined distance-decay
model. stGrads supports three decay functions (linear, logarithmic,
and exponential) to accommodate different biological assumptions
about spatial signal propagation. Importantly, distant reference spots
beyond a defined radius (Dmax) are excluded from the calculation,
allowing for local interaction modeling.

Third, the resulting distance and strength profiles are used to
explore the relationship between spatial proximity and biological
response. stGrads provides tools to correlate expression levels of
individual genes with either distance or interaction strength, enabling
the identification of distance-responsive genes. Expression trends can
be visualized and statistically evaluated using Spearman correlation
and Loess regression, revealing genes whose activity increases or
decreases in relation to spatial location.

Through this distance-strength-expression modeling, stGrads
provides a flexible and quantitative framework for capturing
gradient-like regulation in tissue sections without requiring prede-
fined structural boundaries. At the same time, it allows users to specify
reference spots or cell populations, enabling targeted detection of
genes influenced by particular cell types while maintaining flexibility
in spatial modeling.

We compared differentially regulated genes in pancreatic cancer
tissue identified by stGrads with those obtained using Giotto,
SpatialDE, and HEARTSVG [17]. In addition to gene set compar-
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Figure 1 Schematic overview of the stGrads workflow. The framework consists of four steps: (1) selection of spatial reference spots based on biological
annotations or marker expression; (2) computation of nearest distances between query and reference spots; (3) modeling of spatial influence as a
distance-decay function; and (4) downstream analysis of gene expression patterns and cell-type proportions in relation to spatial proximity.

isons, we performed runtime and peak memory benchmark-
ing to evaluate computational efficiency across these methods
(Supplementary material Table S1, Fig. S1). The results show
that stGrads is faster and more memory-efficient than the other
frameworks, while providing the unique capability of defining query
and reference cell populations for targeted spatial gradient modeling.

Although Giotto detected a larger number of genes, it lacks
the ability to specify query and reference populations, limiting
its capacity to model gradients originating from selected cell
types. HEARTSVG and SpatialDE similarly operate on global or
latent spatial signals without user-controlled gradient targeting. In
contrast, stGrads allows the definition of spatial reference spots,
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Figure 2 Core principles of the stGrads framework. (a) Euclidean distances between query and reference spots are computed, and the nearest distance
is retained for each query. For each query spot i, the distance D; to the nearest reference region j is computed in Euclidean space. The strength S; is
derived from Dy using a user-defined decay function (linear, logarithmic, or exponential). Dnax denotes the maximum radius within which reference
regions are considered. (b) Interaction strength is estimated based on distance-weighted reference contributions, using a linear, logarithmic, or
exponential decay function. (c) Gene expression or cell proportions are modeled against distance or strength, enabling identification of distance-

responsive gradients.

enabling focused detection of genes whose expression is influenced
by specific cell populations. A Venn diagram highlighted that
stGrads captured unique genes not detected by Giotto or SpatialDE
(Fig. S2A). Functional enrichment analysis of these stGrads-specific
genes using FGSEA revealed enrichment in pathways associated
with apoptosis, epithelial-mesenchymal transition, hypoxia, IL2-
STATS5 signaling, inflammatory responses, and PI3K-AKT-mTOR
signaling (Fig. S2B). Rather than yielding a broad set of candidate
genes, stGrads highlighted a more focused repertoire associated
with stress responses and microenvironmental adaptation, pro-

viding a precise scope of genes potentially regulated by spatial
gradients.

Tumor ductal cells establish localized gradients in
fibroblasts and macrophages

To investigate how tumor epithelial cells influence their surrounding
microenvironment in pancreatic ductal adenocarcinoma (PDAC), we
applied stGrads to simulate spatial gradients originating from Type
2 ductal cells (Duct 2 cells), a malignant epithelial subpopulation
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characterized by proliferative and invasive features, elevated copy
number variations (CNVs), and enrichment of proliferation-associated
gene programs [18]. Duct 2 cells represent a transformed branch of the
ductal epithelium and are spatially positioned at the tumor core. Duc-
tal cells in pancreatic cancer exhibit heterogeneity, with at least one
other major malignant subpopulation identified in our dataset, Type
1 ductal cells (Duct 1 cells), which display metabolic and epithelial
programs. Using Duct 2 cells as spatial reference points, we examined
their impact on adjacent fibroblasts and immune populations.

As shown in Fig. 3a, spatially resolved cell-type annotations reveal
the distribution of Duct cell 1, Duct cell 2, macrophages, myofibrob-
lastic cancer-associated fibroblasts (myCAFs), and T cells. We selected
Duct 2 cells as the reference population to compute distance and
signal strength toward surrounding cells. The distribution of query
spots within a 100 pm radius from Duct 2 cells (Fig. 3b) suggests that
myCAFs are more closely associated with Duct 2 cells compared to
macrophages, as indicated by the density curve.

We next computed interaction strength using both linear and expo-
nential decay models. In the Duct 2 to myCAFs (Fig. 3¢), spatial signal
strength is concentrated around Duct 2 clusters, suggesting a strong
and localized interaction. In contrast, macrophages showed weaker
and more dispersed signals (Fig. 3d), indicating a less structured spa-
tial association. It is worth noting that relying solely on spatial distance
may not fully capture the complexity of cellular crosstalk, particu-
larly in microenvironments where immune cells interact via secreted
cytokines or chemokines [19]. In such conditions, we propose that the
interaction strength should be viewed as a combined manifestation of
both cellular infiltration density and spatial proximity. By integrating
decay functions with cell density data, our framework provides a more
nuanced quantitative metric than simple distance-based clustering,
allowing for a better representation of how cumulative paracrine
signals shape the local tissue landscape.

To understand how gene expression changes with distance from
tumor ductal cells, we examined spatial expression gradients. In the
Duct 2 to myCAFs (Fig. 3e), multiple pro-fibrotic and extracellular
matrix (ECM)-related genes, including COLIA2, and TNFRSF12A,
showed significant negative correlations with distance, consistent
with myCAFs activation near tumor cells. The volcano plot further
illustrates the enrichment of these ECM genes. Previous studies have
shown that myCAFs promote pancreatic cancer progression and
fibrosis through ECM remodeling [20, 21], supporting the functional
relevance of our observation.

Conversely, along the Duct 2 to macrophage axis (Fig. 3f), pro-
inflammatory and pro-tumorigenic genes such as COL1A1, SPARC,
CXCL8, and CXCL5 showed higher expression in regions proximal to
Duct 2 tumor cells, indicating a spatial association with macrophage-
enriched zones. This pattern is consistent with prior evidence
that CXCL8 is expressed in areas enriched for tumor-associated
macrophages [22]. In contrast, genes such as APOL1 showed higher
expression at increasing distances from the tumor, revealing a
spatial expression gradient within the stromal microenvironment.
Notably, APOL1 has been reported to promote pancreatic cancer
cell proliferation and inhibit apoptosis via activation of the NOTCH1
signaling pathway [23], suggesting that its function may be modulated
by spatial context. Evidence from pancreatic tissue indicates that
ATG16L1, particularly its WD40 domain, is critical for non-canonical
autophagy and cellular protection, highlighting its role in localized
autophagic activity [24, 25]. Autophagy supports cell survival and
metabolic adaptation, implying that the spatially patterned expression
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of ATG16L1 could indicate localized autophagic activity and immune
modulation. While these observations are associative, they provide
biological context for the detected gradients and warrant further
functional validation.

These findings demonstrate that tumor ductal cells generate cell-
type-specific, spatially resolved expression gradients, potentially influ-
encing stromal activation and immune modulation within the tumor
niche.

Spatial gradient analysis reveals lobule zonation in
steady-state liver

To characterize the spatial organization of gene expression within
liver lobules, we applied the stGrads framework to high-resolution
Stereo-seq data from mouse liver under homeostatic conditions.
Unlike layered structures such as the cerebral cortex, the liver displays
a radial architecture centered on the central vein (CV), giving rise to
functionally distinct regions: pericentral, midzonal, and periportal
zones.

We divided the spatial landscape into nine concentric zonation
layers (Fig. 4a), with Layer 1 corresponding to the pericentral region
immediately surrounding the CV, Layers 3-6 representing the mid-
zonal area, and Layers 8-9 enriched around the portal triads. This
annotation is consistent with canonical models of liver zonation [26].

Taking Layer 1 as the spatial reference, we computed the Euclidean
distance of each spatial bin to the Layer 1 (Fig. 4b). This continuous
spatial metric captures the pericentral-to-periportal axis, enabling sys-
tematic quantification of radial gene expression gradients. Projection
of all bins onto this axis revealed a progressive increase in distance
from Layer 1 to peripheral layers, confirming radial zonation (Fig. 4c).

To identify genes exhibiting spatial gradients, we applied the
stGrads framework to compute Spearman’s correlation coefficients
between gene expression levels and the Euclidean distance from
Layer 1 across all spatial bins (Fig. 4d). This analysis systematically
profiled gradient patterns for the entire transcriptome, revealing a
spectrum of zonation-associated genes. Among them, Ciart showed a
strong negative correlation with distance (p=-0.80, P=3.1 x 1079,
peaking in the pericentral region (Layer 1) and decreasing toward
the periportal area. Conversely, Ly6d exhibited a strong positive
correlation (p=0.91, P<22x10-16), with expression increasing
along the radial axis and reaching a maximum in midzonal and
periportal regions (Fig. 4d).

To visually validate these patterns, we plotted the spatial expression
maps of top-ranking genes, including Ccl2 and Ly6d (Fig. 4e). These
maps confirmed their opposing distribution patterns along the radial
zonation axis, further supporting the gradient relationships detected
by stGrads. This zonation pattern complements the mouse liver home-
ostatic atlas, although its relationship with metabolic and immune
functions in the liver remains to be explored.

In summary, stGrads offers a robust computational framework for
quantifying spatial gene expression gradients relative to histological
landmarks such as the CV. Applied to the mouse liver, this approach
reveals lobule-scale zonation patterns that reflect radially structured
metabolic specialization.

Spatial gradient analysis validated colocalization of
neutrophil and T cell in sweet syndrome

To further validate the feasibility of applying stGrads to real data
and uncover new scientific questions, we utilized the previously
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Figure 3 Spatial gradients from Duct 2 cells to myCAFs and macrophages. (a) Spatial map showing annotated cell types in a tumor section. Duct 2
cells were selected as reference cells for gradient simulation (n =977 bins). (b) Query bins within 100 xm of Duct 2 cells and corresponding cell-type
distributions; density plot shows distance distributions for myCAFs and macrophages. (c-d) Spatial maps showing distance (left) and signal strength
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Duct 2 cells to myCAFs (e) or macrophages (f). Top: LOESS-smoothed expression versus distance plots for representative genes. Bottom: Volcano plots
showing the Spearman correlation and statistical significance for all genes; distance-associated genes are labeled.
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employed 10x Visium HD dataset of Sweet Syndrome [27]. After
cellular deconvolution, we selected a 50 um bin for analysis and
mapped the distribution of neutrophils, keratinocytes, and T cells in
Sweet syndrome skin tissues before and after Spesolimab treatment
(Fig. 5a and b). Using the stGrads analytical framework, we identified
spatially interacting regions. We observed significant co-localization
of neutrophils and differentiated keratinocytes (dKC) before treat-
ment, while after treatment, a substantial number of CD8 T cells
co-localized with neutrophils, confirming the previously reported T
cell delay phenomenon. To further substantiate these findings, we
performed multiplex immunofluorescence staining on adjacent tissue
sections, validating the spatial transcriptomic results after-treatment
(Fig. 50).

Discussion

In this study, we present stGrads, a general and flexible computa-
tional framework for modeling spatial gene expression gradients from
spatial transcriptomics (ST) data. stGrads introduces several practical
innovations: (1) a standardized workflow compatible with both spot-
based and bin-based platforms, (2) an explicit separation of geomet-
ric distance and biologically motivated decay (interaction strength),
(3) support for user-defined reference regions and fully customiz-
able decay functions, and (4) a reproducible pipeline for identifying
distance-responsive genes (DRGs) and spatially resolved cell composi-
tion gradients. By quantifying continuous, distance-dependent effects
of biologically defined regions, stGrads provides a gradient-centric
perspective that enables nuanced insights into how specific anatomi-
cal or pathological regions shape local gene expression and cell-state
dynamics across tissues.

We demonstrate the versatility and robustness of stGrads through
applications to both pathological (tumor and skin) and physiologi-
cal (healthy liver) tissue contexts. In the tumor microenvironment,
stGrads captured distinct spatial gradients originating from malignant
ductal cells toward surrounding stromal and immune populations. By
simulating interaction strengths between Duct 2 cells and neighboring
myofibroblasts and macrophages, we uncovered localized expression
of ECM remodeling genes such as COL1A2 and TNFRSF12A, as well
as pro-inflammatory mediators like CXCL8 in macrophage-enriched
zones. These findings highlight the value of spatial distance modeling
in resolving niche-specific activation states that may be overlooked in
global or binary comparisons. Moreover, the application of stGrads to
Sweet Syndrome further substantiated its applicability to real datasets,
as confirmed by multiplex immunohistochemistry.

Beyond pathological applications, we applied stGrads to high-
resolution mouse liver Stereo-seq data and successfully recapitulated
canonical radial zonation patterns of the hepatic lobule. By defining
the pericentral zone (Layer 1) as the spatial reference, we constructed
a continuous radial axis reflecting the pericentral-to-periportal
organization of liver tissue. Genes such as Ciart and Ly6d exhibited
monotonic expression gradients along this axis, validating the
ability of stGrads to capture structured spatial gene regulation
in steady-state conditions. Importantly, this zonation emerges
without the need for explicit segmentation or prior knowledge
of liver architecture, underscoring the generalizability of our
framework.

A major strength of stGrads lies in its flexibility and modular-
ity. It supports both spot-based (10x Visium HD) and bin-based
(Stereo-seq) ST platforms, allows user-defined or unsupervised
identification of reference regions, and provides multiple models

for distance decay. These features make stGrads adaptable to a
wide range of biological questions, including immune infiltration,
tissue remodeling, developmental gradients, and environmental
exposures. The integration of statistical correlation, visualization, and
customizable parameters also facilitates intuitive interpretation and
biological hypothesis generation.

Nevertheless, stGrads has limitations. The current implementation
assumes that spatial proximity reflects biological influence, which
may not account for long-range signaling events (endocrine regu-
lation or neural projection). Additionally, the accuracy of gradient
inference depends on the correct identification of spatial reference
regions, which may be challenging in noisy or poorly annotated
datasets. Variations in reference region boundaries or density may
affect the smoothness and dynamic range of inferred gradients. In
cases where reference regions are small or a substantial number of
spots lie at the boundaries, we recommend expanding the selected
regions or including multiple reference areas to achieve more robust
results. Our framework is designed to provide a general and practical
computational approach, without modeling spots outside the selected
analysis regions. Future extensions of stGrads could incorporate lig-
and-receptor communication, cell-cell contact modeling, or machine
learning-based spatial domain segmentation to enhance biological
interpretability and robustness.

In conclusion, stGrads provides a quantitative, interpretable, and
scalable framework for modeling spatial expression gradients in com-
plex tissue environments. By capturing the continuous nature of
spatial influence, it complements existing spatial analysis methods
and enables the discovery of spatially responsive genes and localized
biological processes. We anticipate that stGrads will serve as a useful
tool for spatial biology research and contribute to a deeper under-
standing of tissue organization, disease mechanisms, and intercellular
communication.

Methods
Spatial transcriptomics data acquisition

10x Visium spatial transcriptomics data used for the schematic
overview of the stGrads workflow (Fig. 1) and the core principles of the
stGrads framework (Fig. 2) were obtained from a previously published
pancreatic cancer spatial transcriptomics study [28]. 10x Visium HD
spatial transcriptomics data were generated from pancreatic cancer
tissues by a commercial service provider using a customized protocol
(Fig. 3). Stereo-seq data were downloaded from CNGBdb, based on
a published mouse liver study [26] (Fig. 4). Raw sequencing data
of human skin samples were obtained from the Genome Sequence
Archive in the National Genomics Data Center, China National Center
for Bioinformation / Beijing Institute of Genomics, Chinese Academy
of Sciences [27] (Fig. 5). In addition, an in-house 10x Visium dataset,
also derived from pancreatic cancer tissue, was included as a data
source (Fig. S1). In addition, single-cell RNA-seq data were used to
assist cell-type annotation [29].

Preprocessing and cell type annotation

stGrads directly accepts user-provided cell type annotation matri-
ces, so no additional preprocessing of spatial transcriptomics data is
required. Gene expression values are also determined by the user’s
input. For Visium data, we used default Cell2location deconvolution;
for Visium HD data, RCTD outputs according to the Seurat workflow
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were used; for STO data, preprocessed matrices were obtained from
the BGI website [30-32].

stGrads framework implementation

The stGrads framework models how specific cell types exert
spatially decaying effects on their surrounding tissue environment
by integrating spatial distance and feature gradients in spatial
transcriptomics data. The algorithm consists of three key computa-

tional steps: nearest distance calculation, signal decay modeling, and
distance-related feature analysis (Fig. 2).

Nearest distance calculation

For each spatial unit (bin or spot), stGrads calculates the Euclidean dis-
tance between a query spot Q; and each reference spot R; containing
the selected cell type:

DU = \/(RQI 7RR1)2 + (CQI — CR])Z
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Here, R and C denote the row and column coordinates of the spots.
The nearest distance to any reference spot is then defined as:

Dis; = min {Dy}

This defines the proximity of each query spot to the nearest cell
population of interest.

Signal strength computation
Dmax is a user-defined parameter that specifies the maximum spatial
radius within which reference regions are considered for gradient
calculation.
To simulate the spatial influence exerted by nearby reference spots,
stGrads aggregates distance-weighted interactions within a defined
range Dmax The strength for a query spot Q; is calculated as:

Strength,, = ZH ,5. N (Dy) - S, Dj < Dmax

Here, S; denotes a weight assigned based on the biological rele-
vance of each reference spot, typically set to 1 for standard references
or 2 for highly confident or biologically important reference spots.
N (Dj)represents the distance decay function that models how the spa-
tial influence diminishes with increasing distance. stGrads supports
three models:

Dy (Linear model)
1

= = 1logD; (Log model)
Sij D

e’ (Exp model)

By default, an exponential decay function is used to compute spatial
strength, reflecting diffusion-like biological signaling. Linear and log-
arithmic decay functions are additionally provided to capture alterna-
tive spatial assumptions. The framework is extensible, allowing users
to implement custom decay functions when needed.

We emphasize that decay functions in stGrads are not meant to
uniquely representbiological laws, but rather provide pragmatic para-
metric choices for capturing different spatial attenuation patterns.

Expression gradient analysis

Based on the computed spatial distance and interaction strength
between query spots and reference regions, stGrads evaluates
gradient-like changes in gene expression or cell-type proportions.
For distance-based gradients, query spots are ordered by their nearest
Euclidean distance to the reference region. Expression trends are
visualized using LOESS (locally estimated scatterplot smoothing)
smoothing, and the association between gene expression and distance
is quantified using Spearman correlation, capturing monotonic
spatial relationships without assuming linearity. For strength-based
gradients, expression levels are compared against the aggregated
interaction strength scores derived from distance-decay weighting.
Because strength represents a continuous influence metric, stGrads
typically applies linear regression and Pearson correlation to assess
approximately linear relationships.

Visualization and statistical analysis

stGrads includes several visualization functions to facilitate intuitive
interpretation of spatial gradients. PlotNearDis and PlotStrengthDis
generate spatial heatmaps representing distance and interaction

strength, respectively. PlotStrengthExpr and PlotDisExpr provide
scatterplots linking gene expression to spatial metrics, overlaid with
regression fits and correlation coefficients. For cell-type dynamics,
PlotDisProp visualizes changes in cell-type proportions along spatial
gradients. Finally, PlotDRGs summarizes distance-responsive genes
via volcano plots, highlighting spatially regulated transcriptional
programs.

Multiplex immunohistochemistry (mIHC)

Skin tissues from patients with Sweet syndrome underwent mIHC
staining for CD66D, citrullinated histone H3 (citH3), CD3, and CD8, as
well as hematoxylin and eosin (HE) staining. Standard operating pro-
cedures were followed for both mIHC and HE staining. Visualization
of THC signals was performed using the EnVision FLEX+ detection
system (catalog K8009, Dako, Copenhagen, Denmark). The Think Color
staining kit (catalog FH35050R-p, FreeThinking, Nanjing, China) was
used for mIHC staining according to the manufacturer’s protocol. Pri-
mary antibodies used for mIHC included anti-CD66b (1:40000 dilution,
catalog ab207718, Abcam), anti-citH3 (1:2000 dilution, catalog ab5103,
Abcam), anti-CD3 (1:2000 dilution, catalog ab16669, Abcam), and anti-
CD8 (1:500 dilution, catalog 853368, Cell Signaling Technology).

Key Points

® stGrads quantifies distance-dependent gene expression gradients
in spatial transcriptomics data.

® The framework is compatible with both low- and high-resolution
spatial platforms with flexible reference-region definition and cus-
tomizable decay functions.

® stGrads enables identification of distance-responsive genes from
defined tissue regions.
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