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Abstract

Differential expression is a key application of imaging spatial transcriptomics,

moving analysis beyond cell type localization to examining cell state responses

to microenvironments. However, spatial data poses new challenges to differential
expression: segmentation errors cause bias in fold-change estimates, and correlation
among neighboring cells leads standard models to inflate statistical significance. We
find that ignoring these issues can result in considerable false discoveries that greatly
outnumber true findings. We present a suite of solutions to these fundamental
challenges, and implement them in the R package smiDE.

Keywords Spatial transcriptomics, Differential expression, Segmentation error
mitigation, Spatial correlation, Spatial random effects model

Background

Imaging-based spatial transcriptomics (ST) technologies detect tissues’ RNA molecules
in situ, producing single cell expression data while preserving cell’s spatial locations [1,
2]. This pairing of gene expression data with spatial context creates an opportunity to
survey how cells respond to their environment or to interactions with other cell types.
Consider, for example, a tumor containing cancer cells, T-cells, and other cell types
(Fig. 1a) falling in two distinct regions: the tumor bed and the stroma (Fig. 1b). Spa-
tial transcriptomics allows us to answer questions such as: how do one or more cell
types modulate their gene expression differently across functional regions of the tis-
sue (Fig. 1¢)? Or, how does it change gene expression when co-localized with another
cell type (Fig. 1d)? Or how does the cell type change expression in treated vs. untreated
tumors?

These questions can be answered through differential expression (DE) analysis. Here
we define DE as identifying changes in the expression level of genes associated with
another factor, such as tissue region, treatment condition, or co-localization with another
cell type. DE analysis has been a mainstay of gene expression studies, and becomes even
more powerful in the context of single cell spatial transcriptomics. Many methods for
DE analysis are available, such as DEseq2 [3], limma [4], and MAST [5], which were
originally developed for traditional bulk or single cell gene expression studies. However,
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Fig. 1 Examples of spatially informed DE analyses and illustration of spatial confounding. We illustrate several
ways DE can be formulated in spatial transcriptomics data. Assume we are interested in T-cells and cancer cells
(@), which are located either in a tumor bed or stroma (b). Possible examples of DE analysis are: contrasting gene
expression between T-cells in tumor bed vs stroma (c); analyzing how expression of genes of cancer cells in tumor
bed differentiates based on distance to nearest T-cell (d); or determining how expression of genes of T-cells in
stroma depends on distance to tumor bed (e). Panels f-i show a toy example illustrating how spatial correlation
can induce spurious DE if ignored. We simulate data in two spatial contexts, tumor bed and stroma (f), with gene
expression generated independently of region but following a spatially autocorrelated pattern (g). Panel i shows
fold-change estimates of stroma vs. tumor bed: the independent model yields biased estimates with confidence
intervals that fail to cover the true value of 1, falsely suggesting DE, whereas the spatial model properly accounts
for spatial correlation and controls type | error

spatial transcriptomics data presents unique challenges that these methods were not
designed for. First, imperfect segmentation of cell boundaries means some RNA mol-
ecules are incorrectly assigned to neighboring cells, inducing spatially-dependent bias in
expression profiles. Second, cells that neighbor each other are likely to have correlated
expression profiles, reflecting dependence that arises from shared microenvironments
or tissue structure. If unaccounted for, this correlation can distort differential expression
results (Fig. 1f-i). Finally, sample sizes can be enormous, with > 10° cells assayed per
sample. While this problem is not unique to spatial transcriptomics, it makes it compu-
tationally expensive to model the spatial correlation between cells.
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Despite their importance, the main challenges of DE analysis in spatial transcriptomics
have not been fully addressed. A commonly used approach, CSIDE [6], is designed for
spot-level data where each observation contains multiple cells, and it accounts for cell
type composition through deconvolution. While CSIDE can also be applied to single-cell
data, doing so requires an additional deconvolution step, making the application cum-
bersome. Moreover, like most existing DE approaches, CSIDE does not directly account
for spatial correlation, which may be less problematic in spot-based data but can lead
to misleading results in single-cell settings. Another recent approach is niche-DE [7],
which performs DE to identify genes whose expression within a given cell type is up-
or down-regulated depending on the presence of neighboring cell types (termed spatial
niches or effective niches). While niche-DE leverages spatial information about local cell-
cell composition, it does not include an explicit spatial random effect and therefore does
not directly model residual spatial correlation. Importantly, it targets a single kind of DE
question—association with a predefined effective-niche covariate—rather than allowing
arbitrary contrasts (e.g., multi-region or one-vs-all comparisons, continuous spatial gra-
dients, or interaction terms).

The importance of accounting for spatial correlation in DE analysis has been empha-
sized by Ospina et al. [8], who demonstrated that ignoring spatial dependence can lead
to model misspecification and inflated false positives. Their framework uses Gaussian
models and existing spatial methods, but it does not address the prevalence of zero infla-
tion or overdispersion in count data, and the approaches they consider are computation-
ally intensive.

A different class of methods, including SpatialDE [9], SPARK [10], Trendscreek [11]
and BOOST-GP [12], focuses on identifying genes with spatially variable expression
(SE). These methods perform variance component tests that decompose the variability
between spatial and non-spatial sources. However, instead of finding genes with expres-
sions that vary across space, many studies aim to interrogate how genes respond to spe-
cific, pre-defined variables, a problem not addressed by a simple search for variability
[13-15]. This represents a distinct problem that existing SE-focused methods do not
directly address.

Here, we introduce a comprehensive pipeline for spatial DE analysis that tackles
these key challenges. Our framework accommodates different distributional assump-
tions, incorporates metrics to mitigate cell segmentation errors, and evaluates multi-
ple strategies for modeling spatial correlation, including cluster-based approximations
and stochastic partial differential equation (SPDE) representations, with an emphasis
on computational efficiency. Through extensive simulations and real data analyses, we
demonstrate that accounting for these factors is essential to reduce false discoveries and
improve the reproducibility and generalizability of findings. An open-source implemen-
tation is provided in the R package smiDE, together with practical recommendations for
best practices in spatial DE analysis.

Results
smiDE: a pipeline for differential expression in spatial transcriptomics
The smiDE pipeline aims to facilitate highly flexible regression modeling suitable for

DE analysis with spatial transcriptomic data, where the scientific question involves one



Vasconcelos et al. Genome Biology (2026) 27:21 Page 4 of 31

or more covariates hypothesized to be associated with gene expression across physical
space in a tissue.

The first step in the pipeline is to pose our question in a regression framework. Impor-
tantly, this definition of DE is intentionally broad: the factor of interest may represent a
binary contrast (e.g., tumor bed vs. stroma), a categorical variable (e.g., multiple niches),
or a continuous measure (e.g., distance to another cell type or anatomical landmark). By
treating all of these as covariates in the design matrix, smiDE provides a unified frame-
work for testing how gene expression varies with respect to spatially or biologically
meaningful features. Once the contrast is defined, an appropriate distributional model
can be selected. smiDE supports Poisson, Negative binomial, and Gaussian models,
allowing users to balance computational efficiency and accuracy according to the char-
acteristics of their data. The software automatically returns a rich set of results for each
gene and covariate, and provides a unified syntax for fitting models across distributional
models, as well as with or without sample level random effects.

To address technical challenges unique to spatial assays, smiDE incorporates two com-
plementary procedures for mitigating bias from cell segmentation errors: filtering genes
that are particularly prone to bias, and adjusting for the effects of segmentation errors
within the modeling framework. In addition, the pipeline implements multiple strategies
for handling spatial correlation, including Gaussian process-based models and scalable
cluster-level approximations. These options balance statistical rigor with computational
feasibility, making the framework adaptable to datasets of varying resolution and size.

Together, these components define a workflow tailored to the challenges of differential
expression analysis in single-cell spatial transcriptomics, encompassing contrast specifi-
cation, distributional modeling, and adjustments for contamination and spatial correla-
tion. The pipeline is implemented in the open-source R package smiDE (available at htt
ps://github.com/Nanostring-Biostats/CosMx-Analysis-Scratch-Space/tree/Main/_code/
smiDE). In the sections that follow, we describe each component in detail and provide
practical guidelines for analysis, beginning with distributional modeling, then address-
ing contamination, and finally outlining and benchmarking strategies for incorporating
spatial correlation.

Choosing parametric distribution for DE regression model
For scRNA-seq data, Negative binomial regression models are commonly used to model
the observed expression of RNA transcripts across cells, often using random effects in
multisubject studies to account for heterogeneity across independent biological samples
[16].

Assuming the data are generated from a Negative binomial distribution is a reasonable
a priori assumption, as count data are often overdispersed relative to a Poisson distribu-
tion due to both technical and biological sources of variation [17]. Due to the increasing
scale of modern ST datasets, with potentially millions of cells across multiple biologi-
cal samples, we compared performance tradeoffs of the principled choice of a reference
Negative binomial regression model against approximations which may be more compu-
tationally tractable in large-scale studies.

A mixed Negative binomial model with random effects (RE) predicted for biological
samples (Negative binomial RE) may be chosen from the first principles as the model
that is expected to best describe the data. We may specify the regression model as
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yijglNijy Hijg ~ Negative biIlOII’lial(]Vij/,Lijg7 ¢g)a (1)

where y;;, are the observed counts for cell i, biological sample j, and gene g. N;; are
the total observed transcripts for cell i across all genes, and f;;4 is the expected rate of
expressed transcripts for cell i, gene g. The parameter ¢, is a size factor that correlates
with the level of overdispersion in gene expression g relative to the Poisson distribution.

The expected expression rate fi;;, may be parameterized by covariates
log(pijg) = BT Xij + bj, 2)

where X;; and 3 represent the observed covariates of interest associated with cell i in
sample j and their regression coefficients. The term b; is a random effect shared by all
cells belonging to sample ;.

As an alternative to the Negative binomial RE model, we also consider a Poisson model
(Poisson RE) parametrized as

Yijg|Nijs ijg ~ Poisson(Ni;piijq), 3)

with the same parameterization for ji;;4 as in (2). Finally, we also consider a simple
Gaussian model (Gaussian RE). Due to the importance of the total transcript count NV;;
as a cell-specific scaling term which accounts for technical variation in cells’ measure-
ment efficiency, and the desire to compare fold change estimates on the same scale as
the log-linear Negative binomial and Poisson models, we consider the following normal-
ization for regression with Gaussian family:

Yijg = Ni:g (4)
y;kjgl/uijg ~ Normal(pijg, €ijg), (5)

where N is the average total transcript count across all cells. For the Gaussian RE case,
we avoid a direct log transformation of the normalized counts. Use of a log transforma-
tion would require taking the form log(y;;, + ), where a constant ‘c’ must be chosen to
avoid infinite values when the raw count is zero. In this transformation, the choice of ‘¢’
is arbitrary and can potentially have a non-negligible impact on the regression model
and its error distribution, particularly for low expressed genes where zero counts are
frequent.

Using the CosMx NSCLC dataset [1] with 487,819 cells from 5 NSCLC tissues, we
compared the above parametric models (Negative binomial RE, Poisson RE, and Gauss-
ian RE) in terms of computation time, concordance in estimation of effect size, and sig-
nificant gene calls. We ran DE regression models for 7 cell types (macrophage, T-reg,
T-CD8, T-CD4, plasmablast, neutrophil, and tumor). A categorical covariate ‘niche’
annotates the functional region of tissue the cell resides in, and was treated as the pri-
mary covariate of interest in the regression models. This ‘niche’ covariate had 9 cat-
egories (tumor interior, storma, tumor-stroma boundary, myeloid-enriched stroma
lymphoid structure, immune, plasmablast-enriched stroma, and macrophages). For each
cell type, we assessed whether a gene was DE in a particular niche compared to the cell-
weighted average of all other niches.
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We found that concordance in fold change estimates between all three parametric
families was high, with fold change estimates between Negative binomial and Poisson
families virtually identical in macrophage cells (Fig. 2a), and across cell types (Additional
file 1: Figure S1). Poisson RE models produced consistently larger test-statistics (in mag-
nitude) and smaller p-values compared to Negative binomial and Gaussian RE models
(Fig. 2b). Such inflated type I errors are expected from models that fail to account for
count overdispersion, resulting in standard errors which are too small. Gaussian regres-
sion tended to call fewest significant genes of any family in macrophages (Fig. 2b-c) and
across cell types (Additional file 1: Figure S2); however, a higher proportion of Gaussian
RE significant gene-contrasts overlapped with Negative binomial RE (238/284 = 83%)
compared to Poisson RE (320/408 = 78%) (Fig. 2¢), a pattern which persisted across cell
types (Additional file 1: Figure S3). We observed that the degree of overlap in significant
gene sets between families tended to increase with the number of cells analyzed (Addi-
tional file 1: Figure S3).

In terms of computation efficiency, Gaussian RE models were fastest in elapsed time
per single gene when the number of cells modeled were small, though the gap in mod-
eling time became smaller as the number of cells increased. Model estimation time
was similar overall at roughly 30-40k cells (Fig. 2d). Somewhat surprisingly, Negative
binomial RE models were fastest at the largest sample size of DE for 227k tumor cells.
Negative binomial and Poisson RE models were estimated using the NEBULA package,
which implements a fast large sample analytical approximation to the model estima-
tion, resulting in computation times which are orders of magnitude faster than other
package implementations [16]. However, NEBULA does not support analysis of spatially

a Comparison of Fold Change Estimates b Comparison of effect sign and -log10(p)

corr (gaussian): 0.85

2 corr (poisson): 0.97

counts per cell
X 0.01-0.05

A 0.050.1

O >0

T2 _| alternative model
@ gaussian RE
@ poisson RE

log2(fold change) Gaussian/Poisson
(effect signed) -log10(p) (alternative model)

1 [ i 3 -30 1o [ 10 20
log2(fold change) Negative Binomial (effect signed) -log10(p) (negative binomial RE)

Significant gene sets across contrasts Model fitting time per gene
C by model type d

negative binomial RE poisson RE

68
(14.7%)

cell type (# of cells)

" ——

o1 10 EX)

0.3
elapsed (seconds)

gaussian RE model typB3 gaussian REEH negative binomial RES poisson RE

Fig. 2 Comparison between parametric families for cell type specific DE between spatial niches. a log2 fold
changes for genes DE in macrophage cells between Negative binomial RE models (x-axis) compared to the cor-
responding log2 fold change estimates in gaussian or poisson RE models. b -log10(p-values) multiplied by the es-
timated direction of effect (+/-) compared between Negative binomial RE models (x-axis) with gaussian or poisson
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types. d Computation time comparisons between gaussian, Negative binomial, and poisson RE models across 7
cell types
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correlated random effects, so the optimal models discussed in Spatial Modeling do not
benefit from the speed described here.

Countermeasures for cell segmentation error

Often a key challenge in cell type specific analysis of ST data is dealing with the impact
of erroneous transcript assignment due to imperfect or overlapping cell boundaries.
While many methods have been developed for single cell segmentation of ST data [18,
19], even minor errors may potentially confound or distort cell type specific downstream
analyses. As an illustrative example, we consider an analysis of macrophage cells which
seeks to identify genes DE in tumor cell infiltrated regions (tumor-interior) of the tis-
sue compared to the rest of the tissue. Identifying genes in macrophage cells that are
DE in the tumor-interior may reveal important biological mechanisms by which mac-
rophages promote immunosuppression or regulate cancer progression in the tumor
[20-22]. Figure 3a shows a macrophage cell surrounded by cancer cells in a tumor bed.
Due to imperfect definition of cell boundaries, a small number of KRT17 transcripts
expressed by a neighboring cancer cell are falsely assigned to the macrophage cell. In
the DE model, these errors are correlated with our scientific question in a way that con-
founds the DE analysis (Fig. 3b); the tumor-interior region is more likely to have KRT17-
impacted macrophage cells than non-tumor regions of tissue due to the abundance of
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Fig. 3 Impact of segmentation error on DE analysis. a Illustrative example of a macrophage cell (pink) surrounded
by cancerous cells in a tumor cell-infiltrated region of tissue. KRT17 transcripts (red dots) expressed by a neigh-
boring epithelial cell breaches the estimated border of the macrophage cell. The cell borders are ambiguous;
evident by overlapping nuclei of the two cells when viewed in two dimensions result in false positive counts of
KRT17 assigned to the macrophage. b DAG showing causal path by which segmentation error correlates with both
the response (KRT17 expression in macrophage) and estimand of interest (DE variable), acting as an unobserved
confounder. Covariate adjustment via KRT17 expression in neighboring tumor cells can act as a proxy variable to
reduce confounding bias. ¢ Estimates of log2 fold change, with and without covariate adjustment for neighboring
cell expression in macrophages. Genes which are more expressed in neighboring cell types (red, Overlap Ratio
Metric >1), are attenuated towards zero after adjustment, while genes which are expressed more in the cell type
of interest (blue, Overlap Ratio Metric < 1) have similar estimates with and without covariate adjustment. d A
comparison between ‘Unadjusted’and ‘covariate-adjusted’volcano plots. Each gene is colored by a condensed de-
scription of the annotation provided for “Immune cell specificity”in the Human Protein Atlas (HPAR)[23, 24]. Based
on prior biology, blue annotated genes are known to be expressed in the analyzed cell type (macrophage) and
are the least controversial while brown genes (“Not detected in immune cells”) are the most prone to be suspect.
The majority of significant suspect genes become non-significant in the adjusted model. Some remaining suspect
brown genes may be further disregarded in an analysis which applies a gene filtering metric
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surrounding cancer cells—the abundance of cancer cells being a primary signature of
the ‘tumor-interior!

Next, we introduce two countermeasures to the artifacts caused by segmentation
errors. First, we propose a rule for flagging genes within a celltype most likely to be
impacted by segmentation errors. Second, we expand our models to explicitly model
gene expression in neighboring cells as a control variable, thereby weakening the effect
of segmentation error as a confounder.

A segmentation overlap ratio metric for cell type-specific gene filtering
We motivate a metric for preemptively excluding genes likely to return spurious DE
results due to imperfect or overlapping cell segmentation boundaries, which we call an
“overlap ratio metric” (ORM). Intuitively, when analyzing a specific cell type, we expect
that a gene may be prone to error if it has low expression in the cell type of interest and
high expression in cells spatially adjacent to the cell type of interest (Fig. 3a).

Let y(t), denote the average expression of a particular gene g for the type ¢ cells of
interest. Further denote the average expression per cell of the gene in the neighboring
cells of other cell types by §(t'),. Then the we define the ORM as

y(t')

ORM, = Lt (©)
A more detailed formulation of the ORM is provided in Methods section. This metric
quantifies susceptibility to confounding bias from overlapping or erroneous cell bound-
aries. To get a sense of how different choices of cutoff may reflect the number of ana-
lyzed genes and plausibility significant DE results, we used the CosMx NSCLC dataset
(Additional file 1: Figure S4). The cumulative distribution plot in Figure S4a shows the
number of accepted genes corresponding to different cutoffs for each of 7 cell types
(macrophage, T-reg, T-CD8, T-CD4, plasmablast, neutrophil, and tumor). Thus number
varies substantially by cell type; for example in tumor cells 67.2% (645/960) of all genes
have ORM < 1, while only 13.5% (180/960) meet the same criteria for macrophage
cells, and even fewer 5.6% (54/960) for plasmablast cells. This can reflect a cell type’s
heterogeneity of gene expression, accuracy of detection, and spatial density. For exam-
ple, tumors from different patients display large heterogeneity in cellular composition,
chromosomal structure, developmental trajectory [25] leading to highly heterogenous
expression profiles. Plasmablast cells, on the other hand, are highly specific in function
with a comparatively narrow expression profile.

To build intuition for how a cutoff may correlate with an analyst’s tolerance for false
discoveries, we summarized the descriptions provided for “Immune cell specificity” in
the Human Protein Atlas (HPAR)[23, 24] and looked at their distribution by cell type
and by cutoff Figures S4b-d. For example, for macrophage cell type (Additional file
1: Figure S4c) we see that of the 180 genes with ORM < 1, 11.1% are labeled as “Not
detected in immune cells” according to HPAR, while 37.2% are noted to be enhanced
or enriched with any of a relevant monocyte, macrophage, myeloid, or dendritic (DC)
descriptor, and an additional 26.1% marked as having low immune cell specificity Fig-
ure S4c. Including genes for analysis beyond this threshold shows a sharp increase in
the rate of genes “Not detected in immune cells’, as well as genes that are “enhanced/
enriched” in other cell types. Increasing the threshold to include more genes in a DE
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analysis increases the risk that we may find a significant DE result due merely to segmen-
tation errors. However, setting the threshold too low runs the risk of missing some real
and interesting DE gene discoveries.

Genes where ORM, > 1 are higher expressed, on average, in neighboring cells of
other types than that of the cell type of interest; hence the observed number of tran-
scripts in analyzed cells may contain unacceptable levels of error when the ORM is much
greater than 1. While values other than 1 might be considered as cutoffs for determining
whether to analyze a particular gene for a given cell type, we use the threshold of 1 as an
intuitive cutoff in our analysis (Fig. 3c-d). The optimal cutoff will vary with the accuracy
of cell segmentation and with the analyst’s tolerance for false discoveries. Regardless of
the cutoff, this statistic provides a measure of the skepticism each gene deserves.

A covariate adjustment approach using gene expression in neighboring cells

An alternative or complementary approach to removing a gene from analysis via ORM,
is to adjust for propensity of transcript assignment error within the regression model.
In practice, the exact amount of erroneous transcripts in individual cells is unknown,
but is correlated with the expression of the analyzed gene in spatially neighboring cells,
making ‘total neighbor expression’ a useful proxy covariate to include in the regression
model (Fig. 3b).

Consider a gene and a set of cells of the same type. To capture the gene’s propensity
for error within the analyzed cells, we measure its total expression in neighboring cells
of other cell types (we expect that error from neighbors of the same cell type will have
negligible impact on analyses where neighboring cells have highly similar values of pre-
dictor variables). Denote this propensity for error in transcript assignment with a spa-
tially lagged expression vector l;, where I, = W (r)y(t')4; here, W(r) is a neighborhood
indicator matrix indicating the neighboring cells of other cell types within a distance r
of the cells to be analyzed, and y(t’) is the expression of the gene in cell types other than
type t. If we assume that errors in transcript assignment increase the average observed
expression by a factor proportional to [;, we can update our regression model in Eq. (2)
to include this factor as a proxy covariate for unobserved transcript assignment error.
The updated model is specified as

log(pijg) = BT wij + bj + 0lijg. (7)

While we describe the expression in neighboring cells as having an additive effect, the
inclusion of this covariate in log-linear regression models with a multiplicative effect can
be a convenient and effective approximation.

Given that extremely close neighboring cells may be more likely to impact a cell of
interest compared to farther neighboring cells, we may also choose to weight the neigh-
boring expression by the distance of the neighboring cell, such that the elements of the
neighborhood matrix W(r) follow

wij =

1/dijdij S T
0 dij >,

where d;; is the distance between a cell i to a neighbor cell j. To stabilize model estima-
tion with this covariate (which is typically heavily right-skewed) we apply a rank-based
inverse normal transformation to /g, i.e., l~g = <I>*1(lg), where ® denotes the cumulative
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distribution function for a standard normal distribution. In practice, [, may be a noisy
approximation of actual transcript assignment error, but a useful proxy variable, which
may greatly reduce false positives while limiting the number of genes that must be disre-
garded via a gene filtering metric [25].

Covariate adjustment and gene filtering effectively mitigate false positive associations arising
from segmentation error

We compared the behavior of the gene flagging metric and covariate adjustment method
across DE analyses of macrophage, T-CD8, T-CD4, and T-reg cell types across 5 patients
in the CosMx NSCLC dataset [1]. For each cell type, we fit Negative binomial RE
regression models and looked at genes DE in any of the 9 spatial niche regions anno-
tated (Fig. 3c-d). For each cell type, we considered both a naive model without covariate
adjustment for neighboring gene expression, as well as a covariate adjusted version, and
considered the significant genes before and after applying a ORM filter (Fig. 3d).

To quantify the impact of segmentation error, we labeled genes according to their
Human Protein Atlas Reference annotation for “Immune Cell Specificity” [23, 24]. Sig-
nificant DE genes labeled as “Not detected in immune cells” are likely false positives that
arise from segmentation errors, while genes labeled as “Enhanced or enriched” in the
corresponding cell type may be considered plausible. Figure 3d compares volcano plots
for macrophage cell DE genes in the tumor interior, where the naive unadjusted model
identifies a number of cancer cell enriched keratin genes, which are over-expressed in
the tumor-interior due to errors in segmentation. Fold changes and p-values for false
positive genes were largely attenuated by covariate adjustment, and almost entirely
eliminated when removing genes according to the ORM (Fig. 3c-d). For example, likely
false positive genes were removed for 112/138, 68/72, 27/27, and 14/16 significant genes
labeled as “Not Detected in Immune cells” in macrophage, T-CD4, T-CDS8, and T-reg
cell types, respectively, when using a combined approach of covariate adjustment and
gene filtering (Fig. 3d, Additional file 1: Figure S5).

In practice, we recommend a combined approach of filtering as well as covariate
adjustment. Filtering is an effective and easy way to remove a majority of problematic
genes, and covariate adjustment further refines estimated effect sizes and inference.

Accounting for spatial correlation

Spatial transcriptomics techniques offer the advantage of preserving the cell organiza-
tion within tissue samples. A key consequence is that neighboring cells often exhibit
more similar gene expression profiles compared to cells located at greater distances.
Ignoring this spatial correlation can bias inference, as illustrated by the simulated exam-
ple in Fig. 1f-i.

Here, we consider whether a gene is differentially expressed in T cells located in the
tumor bed versus the stroma (Fig. 1f). Two modeling approaches are considered: one
that accounts for spatial correlation (Gaussian Process explained further in Meth-
ods section) and one that assumes independence of cells (“Naive”). In this example, gene
expression in some cells is higher due to a spatially smooth factor unrelated to niche
(Fig. 1g), such as a localized inflammation for example. These factors generate spatial
dependence in gene expression. Examining the residuals of the two models (Fig. 1h)
reveals a spatial pattern under the Naive model, indicating poor model fit. This lack of
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fit is mitigated when the spatial correlation is modeled. By not accounting for this cor-
relation when testing for differential expression between T cells in tumor bed or in the
stroma, we would incorrectly conclude that the gene is downregulated in T cells inside
the tumor (Fig. 1i), when in reality the difference in expression is related to other unre-
lated factors. This simple example highlights the importance of accounting for spatial
correlation in order to avoid the spatial bias and correctly understand the true underly-
ing signal.

Modeling strategies

The toy example above illustrates how ignoring spatial correlation can lead to false dis-
coveries in differential expression testing. To address this issue, we extend the baseline
Negative binomial mixed model in Eq. (2) to include spatially structured random effects.
Formaly, let y;, denote the transcript counts of the gth gene (g =1, ..., p) in the ith cell
(i =1,...,n). For each gene g we model the conditional mean 4 of ¥4 = (Y1g,- -, Yng)
as

9(ng) = Za+ Xp +s, ®)

where g is a link function, either the identity for Gaussian distribution, or log function
for Negative binomial. The vector X represents the covariate of interest, with 3 the DE
effect sizes associated with it, and Z represents the covariates to be adjusted for, for
example the spatially lagged expression vectors [y, ..., 1, with a the coefficients asso-
ciated with it. The random component s is assumed to have mean zero and covariance
matrix Y, which describes the correlation between cells. Different specifications of
lead to alternative strategies for modeling spatial dependence. In smiDE, we consider
four main approaches: (i) Gaussian Process (GP) models, where correlation is deter-
mined by a distance-based kernel; (ii) cluster-based models, which capture dependence
within local groups of cells; (iii) SPDE-based approximations, which provide scalable
representations of GP models using sparse precision matrices; and (iv) the BYM2 model,
which combines structured and unstructured spatial effects in a Bayesian framework.
These strategies represent a spectrum of trade-offs between flexibility, interpretability,
and computational efficiency, and are described in detail below.

Gaussian process models

GP models describe spatial correlation as a smooth function of pairwise (Euclidean)
distances between cells. Typically a Matérn kernel is used, with the range parameter
p determining the spatial scale of correlation and the variance parameter o captur-
ing the overall magnitude of spatial variability (Methods section). This formulation is
highly flexible and often considered the gold standard [8], but comes with significant
computational cost. Spatial single-cell transcriptomics data often contain hundreds of
thousands of cells, and modeling correlation at the single-cell level requires dealing with
a covariance matrix of extremely large size. Since DE analysis is typically performed for
thousands of genes, the computational challenge is further amplified. For these reasons,
approximate strategies are necessary to make GP modeling feasible in practice.
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Cluster-based models

A practical strategy to reduce computational burden is to model spatial correlation not
between individual cells, but between clusters of cells obtained by clustering based on
location (Fig. 4a). In this framework, random effects are defined at the cluster level,
assuming cells within each cluster are similar to one another. We can either assume inde-
pendence between clusters (capturing only within-cluster similarity) or model between-
cluster correlation using BYM2 (adjacency of clusters) or a GP (distance between cluster
centroids).

Modeling correlation at the cluster level introduces the challenge of choosing the
number of clusters, which reflects a trade-off between computational efficiency and the
granularity of spatial adjustment. Under the independence assumption, increasing the
number of clusters approaches the case of no spatial correlation at all (Additional file 1:
Figure S6). For spatial models, a larger number of clusters provides finer resolution and
approximates single-cell modeling, but comes at the cost of increased computational
burden. To make recommendations comparable across datasets with different number
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phasizing the advantage of spatial approaches
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of cells, we parameterize by the cluster-to-cell ratio (K/x) rather than a fixed K, since a
fixed number of clusters has different implications depending on 7.

SPDE-based approximations

A further approach to scalability is to approximate GPs using stochastic partial differ-
ential equations (SPDE) [26]. The SPDE formulation discretizes the spatial domain into
a triangular mesh, enabling the use of sparse precision matrices to represent correla-
tion. The mesh resolution controls how finely spatial variation can be captured: coarser
meshes improve speed at the expense of short-range fidelity, while denser meshes pro-
vide better accuracy but are more computationally demanding (Fig. 4b). Within smiDE,
estimation is performed in a Bayesian framework using Integrated Nested Laplace
Approximations (INLA) [27], which combine Laplace approximations with SPDE dis-
cretization. INLA achieves substantial computational gains over sampling-based meth-
ods, though it requires careful prior specification. We place penalized complexity (PC)
priors on the correlation range and marginal variance to regularize the spatial field and
avoid overfitting (see Methods section for details). These priors are specified relative
to the spatial extent of the slide and typical cell-cell distances, balancing flexibility with
stability.

BYM2 model

Finally, we consider the BYM2 model, a Bayesian framework originally developed for
disease mapping [28]. BYM2 combines two random effects: a structured component,
which smooths expression across neighboring units, and an unstructured component
that captures independent variation. Instead of using pairwise distances, the structured
component is defined by an adjacency matrix indicating which cells or clusters are con-
sidered neighbors. The BYM2 model assumes that the expression level of a given unit
is primarily explained by its neighbors, such that once neighbor effects are accounted
for, there is no additional dependence on more distant units. While this framework does
not capture long-range smooth correlation in the same way as GP models, it provides a
computationally efficient and interpretable alternative when tissues are partitioned into
discrete domains such as clusters.

Evaluating type | error and gene ranking under spatial dependence

To benchmark methods, we conducted simulations designed to isolate the impact of spa-
tial correlation on DE testing under controlled conditions. We anchored the simulations
to a real FFPE non-small-cell lung cancer dataset by fixing the observed coordinates of
5,878 macrophages located in stroma and myeloid-enriched stroma niches (Fig. 4b) and
testing for DE between these two niches.

As motivating examples, we first generated data under the null hypothesis of no niche
effect. In one case, counts were simulated from a log-Gaussian Cox process (LGCP) [29],
where the log-intensity includes a spatial GP random field with range 1. In another, we
imposed an artificial spatial pattern by assigning higher expression values inside a square
region (Fig. 4d). In both simulations (Fig. 4e-f), not accounting for spatial variation
would identify the gene as differentially expressed between niches. When accounting for
this correlation, regardless of the model, we achieve the correct conclusion that there
is no difference between the niches. In Fig. 4g-h we can further investigate the spatial
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random effects of each model. We see that the pattern obtained by the independent clus-
ter, BYM2 and GP are similar, and all models are able to identify the patterns generated
by the spatial effects.

We then conducted systematic evaluations under both Gaussian, with normalized
counts, and Negative binomial likelihoods (Methods section). To provide a baseline,
we included commonly used single-cell DE methods—Seurat’s Wilcoxon rank sum test,
Negative binomial regressions and MAST [30], DESeq2[3], and CSIDE [6] —alongside
our spatial models. We assessed type I error, power, gene-ranking accuracy, and compu-
tational performance.

Naive non-spatial methods, including Seurat Wilcoxon, NB GLMs, MAST, and
DESeq?2, are the fastest(<1s per gene) but consistently exhibited severely inflated type
I error, ranging from 0.86 (CSIDE) to 0.95 (DEseq2). By contrast, the cell-level GP
achieved near-nominal calibration (type I error 0.057) but at the highest computational
cost (7 hours per gene for NB, Fig. 4i). With the Gaussian likelihood, we observed a
type I error of 0.067 with runtimes of ~20 min per gene. Cluster-based GPs offered a
trade-off between calibration and efficiency: at K/n=30%, type I error was near-nominal
(0.077-0.097) with runtime reduced by more than 10fold. Independent-cluster models
partially mitigated false positives at K/n around 5% (~ 0.38—0.45) but showed increased
type I error as cluster size grew (up to 0.80). SPDE approximations using INLA provided
the best balance of accuracy and scalability. Calibration depended on mesh resolution
and likelihood: for NB, denser meshes improved type-I error control, whereas for Gauss-
ian, denser meshes increased type-I error, making moderately coarse meshes prefer-
able. Overall, SPDE models achieved near-nominal error rates (~ 0.05 — 0.07) with
runtimes of only 5-6 s per gene. The BYM2 model—based on adjacency rather than
distance—showed elevated type I error (~ 0.25) under this design. Given that the data
were generated from a continuous, distance-based GP with longer-range dependence,
adjacency-based local smoothing mitigated some spatial confounding but did not fully
capture the correlation structure.

Across non-null genes, models that explicitly model spatial correlation also delivered
superior rankings (Fig. 4j). Spearman’s correlation between estimated and true effects
was ~0.98 for NB and ~0.93 for Gaussian fits with spatial terms, with broadly similar
ranking across spatial models at comparable resolution. Even lightweight specifica-
tions—e.g., independent clusters at K/n = 5% or SPDE with a coarse mesh—achieved
substantially better ranking at less time than with DESeq2 and NB-GLMs. Power anal-
yses, restricted to models that at least partially controlled type I error (i.e., the spatial
models), further highlight differences across distributions (Additional file 1: Figure S7).
Negative binomial fits consistently achieved higher power than Gaussian fits, reflecting
their better fit to overdispersed count data. For SPDE, power was largely robust to mesh
resolution, with only minor differences between dense and coarse meshes, and slightly
higher power for the coarse mesh in the Gaussian setting. For GP and BYM2, the num-
ber of clusters influenced power, with smaller clusters tending to reduce power at small
effect sizes but higher power emerging at larger effects.

We also evaluated the influence of prior specification on the spatial parameters in
the SPDE and BYM2 models (Additional file 1: Table S1). For the SPDE model, the true
range parameter was set to 1, and we varied the prior by specifying the median range
to 0.1, 1, 2, or 5. Under the negative binomial distribution, these choices had minimal
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impact on type I error, whereas for the Gaussian distribution shorter priors produced
higher type I error and longer priors produced lower type I error. For the variance of
the spatial field, we set priors ranging from conservative, which shrink the spatial com-
ponent, to weaker priors that allow more spatial variation (see Methods section). In the
Gaussian setting, these choices led to only minor fluctuations in type I error (from 0.095
under the Moderate prior to 0.101 under the Permissive prior), while negative binomial
models were essentially unaffected.

For the BYM2 model, we varied priors on ¢, the parameter balancing spatially struc-
tured and unstructured effects, considering a balanced prior, one favoring i.i.d. struc-
ture, and one favoring spatial dependence. These choices had no effect on type I error.
Priors on the precision parameter were varied analogously to the o2 priors in the SPDE
model, and again resulted in only minimal differences.

Analysis of MERFISH whole brain dataset

We applied smiDE to the Allen Institute MERFISH whole-brain dataset (coronal sec-
tion 51), which includes 98,934 cells profiled with a 500-gene panel [31, 32]. For our
motivating example, we focused on excitatory projection neurons (class 01 IT-ET Glut)
in the Isocortex, the largest cell population in the dataset, with 18,197 cells. We stud-
ied how these neurons modulate gene expression in response to contact with microglia
(n = 523). Specifically, we ran DE models against a “microglia exposure” variable defined
using a kernel-smoothed density of microglia cells centered at the neuron (Fig. 5a-b,
Methods section).

To compare the tradeoffs of different DE analysis workflows and their impact on infer-
ence, we evaluated three analysis models built on the methodology above. (i) Naive:
regression on the microglia exposure covariate without gene filtering for segmenta-
tion/contamination (no overlap-ratio filter), without neighbor-expression adjustment
(Countermeasures for cell segmentation error section), and without spatial terms. (ii)
Semi-naive: as in (i), but removing genes with ORM > 1 and adding the cross-type
neighbor-expression covariate (Countermeasures for cell segmentation error section).
(iii) Spatially aware: taking the approach of (ii) plus specifying an additional spatial ran-
dom effect; we examined cell-level GP, and SPDE specifications (with multiple mesh res-
olutions), as well as cluster-based variants at cluster-to-cell ratios K/n € 5%, 25%, 50%.
All models were fitted under both Negative binomial (counts) and Gaussian (normalized
expression) likelihoods. For context, we also report results from CSIDE and niche-DE,
both which controls the false discovery rate. Frequentist fits report both Bonferroni-
adjusted p-values unless specified, whereas Bayesian fits report posterior means with
Bonferroni-adjusted credible intervals at level 1 — 0.05/p (Methods section). All analy-
ses were run using 5 CPU cores.

Detection of differentially expressed genes across workflows

We analyzed 426 genes with average expression above 0.1 across neurons. CSIDE
detected 252 DE genes, comparable to niche-DE, which identified 269 DE genes under
the negative binomial model and 241 under the Gaussian model. Both methods yielded
results similar in scale to smiDE naive (178 with Bonferroni adjustment and 262 with
FDR adjustment under the negative binomial, and 152 and 214 under the Gaussian)
(Fig. 5¢). However, many of these discoveries were not shared across methods, with each
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approach identifying roughly 30 unique genes negative binomial (Fig. 5d). Applying
the overlap ratio metric (ORM < 1) to reduce the impact of contamination, 258 genes
remained for downstream analyses. Within this set, the semi-naive workflow uncov-
ered 114 significant genes after FDR adjustment, including 11 additional DE genes not
detected by the naive model (Fig. 5d). Due to additional internal computations for the
contamination metric the computational cost increased from 9.61 to 11.8 minutes.
Independent clustering and GP gave results similar to the semi-naive workflow at a
cluster-to-cell ratio of K/n = 5%, suggesting that, unlike in the simulation setting, this
cluster size does not capture spatial correlation. Both methods produced nearly identi-
cal results, likely because the data are very dense, so modeling correlation within clus-
ters while ignoring correlation between them is sufficient. At K /n = 25%, the number
of DE genes dropped to around 50 for both Gaussian and negative binomial models,
with Gaussian being faster (about 1 minute for independent clusters and ~30 minutes
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for GP). Results at K/n = 50% were similar, and this stability across cluster ratios dem-
onstrates the robustness of the clustering approach: the number of DE genes and over-
all inference remained consistent across cluster settings, aligning with the simulation
results. The BYM2 model had some convergence issues depending on the number of
clusters and priors, particularly for Gaussian. When it converged, results were broadly
consistent across cluster sizes, though runtime increased substantially. For Gaussian
models, BYM2 failed at K/n = 5%, but at K/n = 25% it detected 31 DE genes in 47
minutes and at K/n = 100% it detected 42 DE genes in 2.1 hours. For negative binomial
models, BYM2 detected 38 DE genes at K /n = 5% in 37 minutes, but only 15 DE genes
at K/n = 100% in 2.2 hours. This number of genes was comparable to those obtained
with SPDE at a coarser mesh. Using the SPDE approximation with INLA, mesh density
strongly influenced both runtime and discovery. Under the negative binomial model, a
coarse mesh identified 25 DE genes in 5.9 minutes, whereas a dense mesh identified only
3 genes but required 30 minutes. Importantly, two of these genes were consistently iden-
tified by all other workflows, while one was not detected by BYM2, highlighting both the
robustness of core signals and the occasional variability across spatial models.

To assess consistency across workflows, we compared rankings of p-values and
pseudo-p-values across the 258 genes that passed contamination filtering, using Spear-
man correlation (Fig. 5e). Non-spatial methods clustered together: CSIDE, niche-DE, and
smiDE naive/semi-naive were highly concordant (r; = 0.72 — 0.86), but each showed
weak agreement with SPDE (dense or coarse; rs ~ 0.25 — 0.41). Independent clusters
and GP produced very similar rankings to each other, and were moderately aligned
with the non-spatial methods (rs ~ 0.44 — 0.62 to smiDE naive). Importantly, both GP
and BYM2 showed high internal consistency across different cluster-to-cell ratios, with
BYM2 reaching rs ~ 0.9, indicating that the use of clusters provides stable rankings
even as resolution changes. Within the spatial models, BYM2 correlated more strongly
with SPDE than did the non-spatial approaches (r; = 0.54 — 0.58 to SPDE dense;
rs = 0.64 — 0.66 to SPDE coarse). SPDE itself was sensitive to mesh resolution (dense vs
coarse, s = 0.63) and aligned more with other spatially aware approaches at lower clus-
ter ratios. For practical ranking, lower-resolution clustering provides reasonable concor-
dance, while finer SPDE meshes improve fidelity to spatially adjusted rankings.

Impact of contamination and spatial adjustment on biological interpretation
The cumulative effect of sequential adjustments is summarized in Fig. 5f. Starting from
the naive smiDE model, which identified 178 DE genes, 56 (31.5%) were excluded by the
contamination filter, and a further 19 (10.7%) were removed by the semi-naive adjust-
ment—many of these had appeared up-regulated in neurons proximal to microglia.
Among the filtered genes were examples predominantly associated with non-IT-ET-Glut
cell classes, including oligodendrocyte markers (e.g., MOG, OPALIN, LPARI, DOCKS),
genes expressed mostly in inhibitory neurons (e.g., CXCL14, VIP, NR2F2, CALB2,
TOX3), and genes showing low or near-zero expression across major cortical classes in
the reference dataset (e.g., GPX3, GPX4, DMRT2, ACTA2, HTR3A) [33](Additional file
1: Figure S8).

Accounting for spatial correlation excluded 100 (56.2%) additional genes, underscoring
spatial confounding as a major source of spurious associations. Among these, NDST4
appeared strongly associated in the naive model but is expressed almost exclusively
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outside the isocortex (Fig. 5g1), marking the signal as an artifact. Similarly, WHRN and
CALNI1 showed apparent associations in the naive model but their expression is clearly
layer-specific, not related to microglia proximity, and they lost significance once spatial
correlation was modeled (Fig. 5g2-g3). By contrast, some genes remained robust to all
adjustments (Fig. 5g). FOSL2, a member of the AP-1 transcription factor family, was
consistently downregulated in excitatory neurons in the presence of microglia, consis-
tent with prior evidence that AP-1/Fos proteins regulate neuron—microglia interactions
and inflammatory activation [34]. In contrast, RASGRP1, a Ras guanine exchange factor
broadly expressed in excitatory neurons, was upregulated near microglia, aligning with
observations of altered neuronal RASGRPI expression in human brain disorders with
immune involvement [35]. ZBTBI6, a transcriptional regulator enriched in motor cor-
tex, was also upregulated in neurons in microglia-rich regions, consistent with knockout
studies showing that neuronal Zbtb16 influences microglial density and synaptic remod-
eling [36]. Despite distinct regional expression patterns (FOSL2 enriched in motor and
outer layers, RASGRPI broadly across isocortex, ZBTBI6 enriched in motor cortex,
Fig. 5g4-g6)), their associations with microglia persisted, suggesting that these these
changes may represent neuron-intrinsic transcriptional adaptations to nearby immune
cells.

In summary, of 426 genes analyzed, 269 were called significant by niche-DE naive,
CSIDE and 178 by smiDE naive but only 3 of these findings remained after employ-
ing countermeasures to segmentation errors and modeling spatial correlation. In other
words, less than 2% of hits from naive models were fully explainable by factors other

than the design variable.

Benchmarking runtime and memory

We benchmarked runtime and memory usage across workflows (Additional file 1: Fig-
ure S9). In terms of memory, non-spatial smiDE naive and semi-naive were the most effi-
cient, using only ~22 MiB. Among existing baselines, niche-DE required ~150 MiB and
CSIDE nearly 1.5 GiB. Most spatially aware approaches were intermediate, requiring ~
100 MiB, with SPDE under a dense mesh reaching 113 MiB. For BYM2, however, mem-
ory scaled with the number of clusters because of the size of the adjacency matrix: while
K /n = 25% required 248 MiB, the largest setting (K/n = 100%) peaked near 1.5 GiB.
Reducing the number of clusters substantially decreased memory requirements, making
BYM2 feasible at coarser resolutions. Overall, despite their added complexity, most spa-
tial models required less memory than nicheDE or CSIDE.

Runtime varied more widely. Some spatial models were faster than baseline methods:
independent clusters with a Gaussian distribution completed in < 2 minutes, and SPDE
with a coarse mesh required ~5 minutes, both faster than naive workflows and niche-
DE (~13 minutes) or CSIDE (~22 minutes).Other settings were slower: independent
clusters with a negative binomial distribution took ~30 minutes, GP models extended
up to 1-4 hours depending on resolution, and BYM2 ranged from ~30 minutes at
K /n = 5% (negative binomial) to over 1 hour at K/n = 50%. Therefore, spatially-aware
models are not inherently more expensive than baseline models, many run in compa-
rable or even shorter time than common baseline, while also requiring less memory.
Moreover, clustering-based or SPDE approximations make fully spatial models compu-

tationally feasible for large datasets.
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Priors specification
We evaluated the sensitivity of spatial models to prior specification on the Matérn range
and variance parameters for SPDE-INLA (Additional file 1: Table S2 and Figures S10—
S15) and on the ¢ and precision parameters for BYM2 (Additional file 1: Table S3 and
Figures S16-S21).

For SPDE (dense mesh), negative binomial results were stable across priors, consis-
tently detecting 2—3 DE genes. Gaussian models were more sensitive: short or weak
range priors increased the number of DE genes (up to 24) and shifted p-values relative to
the standard, with the largest effects observed for lowly expressed genes. Variance priors
had smaller influence, though conservative priors tended to yield smaller p-values and
permissive priors larger ones. Overall, SPDE was most sensitive to the range prior, spe-
cially when considering a Gaussian distribution.

For BYM2, convergence issues were more frequent, especially for Gaussian models
and smaller cluster sizes. When models converged, differences across ¢ priors (balanced,
i.i.d., spatial) were small, generally 1-2 DE genes, with localized shifts for genes of inter-
mediate expression. Precision priors behaved similarly to the variance priors in SPDE:
conservative settings produced smaller p-values, while flatter priors reduced signifi-
cance. In Gaussian models, very conservative priors frequently failed to converge, while
in negative binomial models the impact was minor and limited to lowly expressed genes.
Thus, BYM2 exhibited modest prior effects but greater convergence instability than
SPDE.

Analysis of FFPE colon cancer tissue

Using a publicly released CosMx 6,000-plex colon cancer dataset [37] with several ter-
tiary lymphoid structures, we explored how B cells responded to the number of immune
cells within a 15 micron radius (Fig. 6a). Among other functions in tumors, B cells form
tertiary lymphoid structures (TLS), consisting of B cell dense germinal centers sur-
rounded by T cells. TLS’s are often associated with positive cancer outcomes [38]. The
number of immune cells (including other B cells) in a B cell’s immediate neighborhood
is a continuous covariate which effectively serves as a measurement of how close that B
cell is to the center of a TLS, and may provide insight into what genes are differentially
regulated in these clinically relevant functional regions.

Using the three DE workflows introduced above (naive, semi-naive, and spatially
aware), we analyzed B cells with the local immune-cell count within 15 pm as a con-
tinuous covariate indexing proximity to TLS centers. Results are summarized in volcano
plots (Fig. 6b-d). In the spatially aware workflow, we included a spatial random effect
using the GP-INLA specification (Accounting for spatial correlation section). All models
were fit using Negative binomial regression.

The naive model discovered 141 significant genes based on a bonferroni p-value
threshold of p < 0.05/5914, composed of 35 down-regulated genes (for which the
expression increases when a B cell is surrounded by fewer immune cell neighbors), and
106 up-regulated genes (for which expression increases when surrounded by a larger
number of immune cells). Unsurprisingly, the naive analysis highlighted a number
of genes which a biologist may deem implausible, particularly among down-regulated
genes not predicted to be expressed in immune cells (for example, ADCY1, COL3A1)
[23, 24], whose expression would challenge the cell type identity of “B cell’; and whose
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Fig. 6 a Colon tissue colored by cell type category; B cells (black), other immune cell types (green) include macro-
phage, mast, mDC, monocyte, neutrophil, NK, pDC, plasmablast, and T cell. ‘Other’category includes epithelial and
stromal cell types. Volcano plots for (b) naive model without gene filtering or covariate adjustment, (c) semi-naive
model, with gene filtering, covariate adjustment, but without spatially correlated random effect (SRE), and (d)
spatial-aware model results which include gene filtering, covariate adjustment, and SREs. For the bayesian GP-INLA
model shown in (d), the x-axis coordinate represents the fold change (FC) credible interval (Cl) bound closest to
the null hypothesis (1), on log2-scale. FC distance is plotted on the y-axis for all genes with 95% Cl's which excluded
1. Genes with a=(1-0.025/2922)% FC Cl's which excluded 1 are highlighted in red. e FC estimates from semi-naive
model without SREs (x-axis) plotted against FC estimates from spatial-aware SRE model (y-axis), colored by esti-
mated standard deviation of SREs. Genes with higher variability in SRE (red color) are more likely to lose significance
in spatial-aware model. Predicted SRE for (f) CD79A and (g) WNT7A are examples of low and high variability in SRE.
WNT7A becomes not-significant in the spatial-aware model, while CD79A remains significant in presence of SRE

significance indicates likely confounding between the primary covariate (number of
immune cell neighbors) and misassigned transcripts arising from segmentation error.

The semi-naive model automatically removed 3,214 genes from analysis by filter-
ing genes with ORM > 1, and discovered 114 significant genes based on a bonferroni
p-value threshold p < 0.05/2700, 98 of which were up-regulated DE genes. All genes
which were significant in the semi-naive model were also significant in the original naive
model.

Finally, the spatially aware model, which included a spatially varying random
effect, discovered 9 significant genes, all of which are up-regulated in the presence
of a larger number of immune cell neighbors. For the bayesian spatial-aware model
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INLA, which does not compute p-values, we determined genes as signficant if their
a =1—0.025/2700 level credible interval for fold change excluded the value of 1. This
smaller set of genes represents a high-confidence gene set composed primarily of genes
which can be defended based on existing literature. For example, FCER2 is known to
initiate IgE-dependent antigen uptake and presentation to T cells [24, 39], which is plau-
sible given the proximity of B cells to T cells in high-immune-cell TLS regions. Another
DE gene, SP100, is a tumor suppressor gene and thought to play a roles in tumorigenesis,
immunity, and gene regulation [24, 40]. In summary, of the 141 genes found significant
by the naive analysis, 27 can be explained as resulting from errors in cell segmentation,
and 105 could be explained by spatial variability unrelated to the biological question. The
methods proposed here thus identified 93.6 percent of the naive method’s findings as
potentially false discoveries.

To give insight into the impact of the spatial random effect on inference, we plotted the
fold change estimates for each gene from the semi-naive model against the fold change
estimates from the spatially aware model (Fig. 6e), and colored the points by the esti-
mated standard deviation of the spatial random effects from the spatially aware model.
Genes with higher variation in spatial random effects tend to be less likely to be signifi-
cant in a spatially aware model, as variability in the primary covariate can be increasingly
explained by a spatially smoothed random effect. To further aid interpretation, we plot-
ted the predicted random effects for CD79A (Fig. 6f) and WNT7A (Fig. 6g). WNT7A
had high spatial variation, and was significant in the semi-naive model, but not in the
spatially aware model. We can see based on the predicted random effects that there are
apparent hyper-specific hot-spots of WNT7A expression that explain away the varia-
tion in expression we might otherwise attribute to our primary DE covariate. CD79A
remained significant in the spatially aware model, and has comparably lower variation
attributable to the spatial random effect, with the variation being visually smoother
compared to the random effects for WNT7A. For this analysis of 2,922 B cells, average
model estimation time per gene was 0.11 seconds for the naive model, 0.13 seconds for
the semi-naive model, and 21.6 seconds for the spatial-aware model.

Discussion

Single-cell spatial transcriptomics has opened the door to new types of biological ques-
tions, such as how the expression of a gene varies with the presence of neighboring cell
types, how gene programs of a specific cell type differ across tissue regions, and how
expression shifts along spatial gradients such as anatomical boundaries. Answering these
questions requires methods tailored to the unique challenges of spatial data, includ-
ing sparse and overdispersed counts, contamination from misassigned transcripts, and
spatial correlation. To address these issues, we developed a comprehensive pipeline for
differential expression analysis that integrates strategies for contamination adjustment
and spatial modeling, with an emphasis on computational efficiency for large datasets.
All methods, including our new GP cluster approach, are implemented in the R package
smiDE.

Our findings highlight several methodological insights. First, while the negative bino-
mial distribution is ideally suited for overdispersed count data, Gaussian regression
models can serve as viable alternatives with appropriate normalization. The Gaussian
distribution provides accurate approximations and shorter runtimes, particularly when



Vasconcelos et al. Genome Biology (2026) 27:21 Page 22 of 31

accounting for spatial correlation, which is especially valuable in large datasets. Second,
we demonstrate that addressing misassigned transcripts due to imperfect segmentation
is essential for reliable DE inference. To this end, we introduce a data-driven metric to
flag and remove genes likely driven by imperfect segmentation, as well as a simple proxy
covariate that can be incorporated into DE regression models. Both strategies reduced
false positives and improved power by filtering out genes driven by contamination. These
strategies mitigate the impact of segmentation errors; fully correcting them involves a
different class of specialized methods beyond the scope of this work. Third, accounting
for spatial correlation is critical to control type I error, consistent with prior work [8],
but our systematic evaluation reveals important tradeoffs across modeling strategies.

Across spatial modeling approaches, we observed tradeoffs between accuracy and
computational efficiency. The GP provided the most accurate results but was compu-
tationally expensive (up to seven hours per gene with ~6,000 cells). Cluster-based GP
models substantially reduced runtime, with sufficient clusters achieving comparable
error control and even small numbers producing reliable rankings. To achieve even
faster computation, clusters can also be modeled independently; while this approach
does not fully control type I error, it yields similar rankings of top genes, making it use-
ful for exploratory analyses. BYM2 models were computationally efficient but struggled
to fully capture spatial correlation and often showed convergence issues, although they
may be advantageous in settings where graph-based adjacency structures are preferable
to Euclidean distances, such as tissues with complex architectures. The SPDE approach
offered a strong balance of speed and accuracy, completing analysis of ~18,000 cells
and 300 genes in roughly 30 minutes. This method required specification of a mesh and
prior distributions, and while prior choices modestly influenced results—particularly
for Gaussian models and lowly expressed genes—standard defaults were generally suffi-
cient. Taken together, both simulations and real-data analyses demonstrate that spatially
aware methods provide markedly better control of type I error than non-spatial models.

Our evaluation also shows how the proposed framework compares with existing
methods. Non-spatial DE approaches, such as Seurat[30] or DESeq2[3], failed to ade-
quately control error rates in the presence of spatial correlation. While well-suited for
single-cell RNA-seq, they do not translate directly to spatial data, highlighting the need
for caution when applied beyond their original scope. Among methods developed spe-
cifically for ST, C-SIDE [6] is a general DE framework but requires prior deconvolution,
and niche-DE [7] incorporates spatial information through effective-niche covariates
but is restricted to a single DE formulation. Neither method explicitly models spatial
correlation, which explains the inflated type-1 error we observed in single-cell ST. They
are more commonly applied to spot-based ST, where correlation is typically weaker, and
their performance may differ in that setting. The method SpatialGE [8] is equivalent to
a GP model without clustering, relying solely on Gaussian likelihoods that are computa-
tionally intensive and poorly suited for data with higher overdispersion, particularly in
smaller sample sizes. Spatial GEE[41] models clusters independently using generalized
estimating equations, essentially equivalent to our independent cluster specification and
sharing its limitations. In contrast, our framework is more general, accommodating both
Gaussian and negative binomial likelihoods, flexible priors, and multiple spatial model-
ing strategies, representing one of the first systematic evaluations of spatially aware DE
across model classes.
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These findings have direct consequences for interpreting spatial transcriptomics data
and highlight their significance for both basic and translational research. Failing to adjust
for misassigned transcripts can produce DE hits that simply reflect the composition of
neighboring cell types, rather than cell type-specific biology, Meanwhile, ignoring spatial
correlation inflates false positives, amplifies noise, and undermines reproducibility. By
addressing both issues, our framework yields results that are more biologically meaning-
ful and consistent across datasets. In basic research, this enables more reliable hypoth-
esis generation, trustworthy pathway enrichment, and downstream analyses, as well as
valid comparisons across conditions without artifacts from spatial bias. In translational
contexts, these improvements enhance biomarker discovery by avoiding false positives
that waste validation resources. From a practical standpoint, scalable approaches such
as cluster-based GP and SPDE make it possible to analyze tens of thousands of cells in
hours rather than days, enabling spatially aware inference as part of routine workflows.

A key limitation of our framework, and of spatial analyses more broadly, is spatial con-
founding, a well-recognized challenge in the field [42—45]. Spatial confounding occurs
when the covariate of interest has strong spatial structure—such as tissue niches or
brain regions—so that its effect is difficult to disentangle from underlying spatial varia-
tion. The severity of confounding depends on the degree of overlap between covariates
and spatial patterns: when covariates are highly structured in space, the risk is greatest,
whereas when they are more variable across tissue, the model can more easily separate
their contribution from spatial effects. In these settings, adjusting for spatial effects can
attenuate or mask the true covariate signal, while ignoring them inflates significance and
increases false discoveries. The result is both bias in effect estimates and reduced power
to detect true associations when covariates and spatial random effects capture overlap-
ping sources of variation. If a covariate fully explains the variability in expression, no
power is lost (Additional file 1: Figure S7); however, when covariates are only partially
informative, their collinearity with spatial effects can compromise inference. Despite
extensive discussion, the field has not reached consensus on the optimal way to address
spatial confounding [46], and it remains a limitation of most spatial analyses.

Conclusions

This work advances differential expression analysis for single-cell spatial transcriptomics
by explicitly modeling both contamination and spatial correlation—two major sources of
bias that limit current methods. By systematically benchmarking multiple spatial mod-
els, we demonstrate how different formulations balance accuracy, computational fea-
sibility, and interpretability, providing practical guidance for selecting methods under
varying data scales and study goals.

While our framework substantially improves inference and reproducibility, important
challenges remain. Spatial confounding continues to complicate interpretation when
covariates overlap strongly with spatial structure, and further methodological advances
are needed to mitigate its effects. Computational scalability also remains an active area
of development. Emerging approaches such as NEBULA [16] offer promising strategies
to accelerate mixed-model inference, and future extensions may incorporate spatial cor-
relation directly, reducing tradeoffs between speed and accuracy.

Future work should also extend spatial modeling beyond single-sample analyses. Many
biological and clinical applications require comparisons across patients or conditions,
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where consistent modeling of spatial structure is essential. For now, we recommend
performing differential expression separately within each sample and combining results
using meta-analytic strategies such as inverse variance weighting [29], which captures
both average and sample-specific effects. Developing frameworks that jointly model
multiple samples while preserving spatial dependencies represents an important next
step for the field.

Overall, our results highlight that appropriately accounting for spatial correlation and
contamination is critical for extracting biologically meaningful signals from spatial tran-
scriptomics data. By making spatially aware inference both accessible and computation-
ally tractable through the smiDE package, this work lays the foundation for more reliable
and reproducible analyses in both basic and translational research.

Methods

Choosing parametric distribution for DE regression model

Using the CosMx NSCLC dataset [1, 47] with 487,819 total cells from 5 NSCLC tissues,
we compared three parametric regression models (Negative binomial RE, Poisson RE, or
Gaussian RE) in terms of computation time, concordance in effect size estimation, and
significant gene calls. Specifically, we ran DE regression models for 7 cell types (macro-
phage, T-reg, T-CD8, T-CD4, plasmablast, neutrophil, and tumor). We used the rank-
normalized and inverse distance weighted total expression of neighboring cells of other
cell types as described in Eq. (7) as an adjustment covariate in our regression model. A
categorical covariate ‘niche’ annotates the functional region of tissue the cell resides in,
and was treated as the primary covariate of interest in the regression models. This ‘niche’
covariate had 9 categories (tumor interior, storma, tumor-stroma boundary, myeloid-
enriched stroma lymphoid structure, immune, plasmablast-enriched stroma, and mac-
rophages). The emmeans package [48] was used to calculate ‘one vs. the rest’ contrasts
for each niche, such that for each cell type, we assessed whether a gene was DE in a par-
ticular niche compared to the cell-weighted average of all other niches. This constitutes
9 contrasts per analyzed gene. We further subset the number of analyzed genes for each
cell type using Eq. (8), removing genes with overlap ratio metric (ORM) > 1.

Countermeasures for cell segmentation error

We compared the behavior of the gene flagging metric and covariate adjustment method
across DE analyses of macrophage, T-CD8, T-CD4, and T-reg cell types across 5 patients
in the CosMx NSCLC dataset as described above. For each cell type, we fit regres-
sion models and tested whether genes were DE in any of the 9 ‘niches’ compared to a
cell-weighted average of other niches. For each cell type, we fit models both with and
without a control variable. For models including the control variable, the covariate was
defined as the rank normalized, inverse-distance weighted total expression of neigh-
boring cells of other cell types as described in Eq. (7). To determine the effectiveness
of the overlap ratio metric, we considered an unfiltered analysis of all genes, as well as
removing those with ORM > 1. When assessing plausibility of significant genes based
on their annotation for “Immune Cell Specificity” in Human Protein Atlas [23, 24], we
considered them to be “Enhanced or Enriched” in T-reg,T-CD8,T-CD4 if the annota-
tion contained “enhanced” or “enriched” in the description of Immune Cell Specificity, in
addition to any of the phrases “T-cell’, “T-reg’, or “Treg”. For the macrophage cell type, a
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gene was considered to be “enhanced/enriched” if the description contained the phrase
“enhanced”, “enriched’;, in addition to “monocyte’, “macrophage’, “myeloid’;, or “DC".
Genes were considered as “enhanced/enriched (another immune cell type)” if they con-
tained “enhanced” or “enriched” in their description, but did not meet the cell-type spe-
cific criteria described above. Genes were labeled as “Low Immune Cell Specificity” or
“Not Detected in Immune Cells” if this was the exact description for the gene provided

in Human Protein Atlas.

An overlapping cells ratio metric for cell type specific gene filtering
We develop an Overlapping cells ratio metric for filtering out the most implausible genes
in DE which are most likely to arise from segmentation errors.

In a DE model for a specific cell type, let ¢ denote the cell type of interest and ¢’ denote
all other cell types. Intuitively, when analyzing a specific cell type, we expect that a gene
may be prone to error from overlapping segmentation if it has higher expression in spa-
tially close neighboring cells of other cell types ¢/, than the cell type of interest, ¢.

With n; denoting the number of cells of type ¢ and ny denoting the number of cells
in all other cell types ¢, let W{(r) denote an n; x ny spatial neighborhood matrix, where
each element w;; = 1 if cell j is within distance r of cell i/, and 0 otherwise. Let M(r)
denote a ny x ny diagonal matrix with diagonal elements 1/m,; indicating the num-
ber of neighbors to cell i within radius r in other cell types t/, m;; = ;lil w;j. Further
let y(t)4 and y(t'), denote the n; and ny length vectors of expression for gene g. Then,
the average expression of the gene in neighboring cells of other cell types is given by
gt g =n W (r)M(r)y(t'),]. Letting §(t), = ns 'y(t), denote the average expres-
sion of gene g for the type ¢ cells of interest, the ratio

or, = s 9)

<
—~

o~
~
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is a metric by which we quantify the susceptibility to confounding bias from overlapping
or erroneous cell boundaries. Genes with ORM, > 1 are higher expressed, on average,
in neighboring cells of other types than the cell type of interest; hence the observed num-
ber of transcripts in analyzed cells may have an unacceptably high rate of false positives.

Accounting for spatial correlation

Generalized linear mixed models

Assume we have # cells and p genes, let Y;, represent the expression of the gth gene in
ith cell, with conditional expectation ;4 modeled as

g(ﬂig) = ﬁ;FXz + g,

where X is the design matrix for fixed effects, with coefficients 3, and the random effects
b follow a Gaussian distribution with covariance matrix > that models the spatial cor-
relation between cells. This correlation can be modeled in several ways described in the
subsections below.

Gaussian process models
The Gaussian Process assumes an exponential covariance model
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S =0’ exp(—%)
p

where d;; is the Euclidean distance between the centroids of cells i and jth, o2 is the
marginal variance of the spatial effect and p > 0 is the correlation range. The variance
parameter o2 represents the marginal standard variability of the spatial random effect:
when 02 = 0 there is no spatial component, while larger values of o2 indicate stronger
spatial heterogeneity. The range parameters p controls the spatial scale of dependence.
In spatial transcriptomics, nearby cells often share signals from the same environment.
A small p means this influence is limited to immediate neighbors, while a larger p means
the effect spreads across a broader tissue area. In the frequentist setting (3,02, p) are
estimated by maximizing the restricted marginal likelihood, as implementer in the R
package spaMM [49].

BYM2 model

Alternatively, the BYM2 model [28], assumes a covariance structure
L= ((1-¢)—¢Q )"

where Q the precision matrix obtained based on the adjacency graph of cells, and

¢ € [0,1] is the proportion of variability explained by the spatially structured compo-

nent. The adjacency matrix was defined using Delaunay triangulation, though any graph

of neighbors could be considered, allowing flexible definitions of local spatial context.
This formulation is equivalent to setting

b:\%(muw&})

where 7 = 1/0? is the precision parameter, u ~ N(0,) represents an unstructured
effect, and v ~ ICAR(Q) is a scaled structured effect following an intrinsic conditional
autoregressive (ICAR) prior.

In practical terms, the parameter ¢ controls the balance between structured and
unstructured variation. Values of ¢ close to 0 indicate that most expression variabil-
ity is independent of spatial location, while values close to 1 indicate that expression is
strongly shaped by the surrounding neighborhood. Thus, ¢ can be interpreted biologi-
cally as reflecting how much of the variability in gene expression is explained by local
tissue context versus random cell-to-cell differences.

Parameters are estimated under a Bayesian framework using the Integrated
Nested Laplace Approximation (INLA). We place Penalized Complexity (PC)
priors [50] on both ¢ and the precision of the spatial effect 7. For ¢ we use as
shrinkage prior P(¢ < ¢9) = 0.5, with default ¢y = 0.5 with alternatives favor-
ing unstructured (¢o = 0.3) or spatial (¢o = 0.7) variation. For the precision, we
define PC priors corresponding to upper-tail probabilities P(7 > 79) = 0.01 with
7o = 0.3,0.5,0.75(default), 1.0, and 2.0 for Negative binomial models, which operate
on the log scale of expression counts, and 75 = 0.5, 1.0, 1.5(default), 2.0, and 3.0 for
Gaussian models of normalized expression. These specifications range from conservative
to flat, and the distinction ensured that priors remained interpretable and biologically
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meaningful across outcome types. Balanced and Standard priors for ¢ and 7 are used,
unless stated otherwise.

SPDE-based approximations

For scalability, we use the stochastic partial differential equation (SPDE) representation
of a Matern field [26], yielding a sparse precision matrix which expedites computation.
To solve SPDE numerically we discretize the tissue into a triangular mesh and random
effects are defined on mesh vertices and values for cell locations are obtained by inter-
polation. The mesh resolution is determined by the cutoff parameter, which specifies the
minimum distance between nodes value, preventing over-refinement where cells are
very dense. Larger cutoff values produce a coarser mesh (fewer triangles, faster compu-
tation, but less ability to capture fine-scale variation); smaller values yield a denser mesh
(better short-range fidelity, higher cost). We set cutoff as m x extent/+/n, where extent
is the maximum span of the tissue in either x or y direction, # is the number of cells, and
m is a coarseness factor (e.g, m = 0.5 dense;m = 2 coarse). Additionally, we add a buffer
around the data domain (set to 5-10% of extent) to avoid boundary effects.

We use INLA for estimating parameters and place PC priors on the correla-
tion range p and marginal standard deviation o. For the range we set priors of the
form P(p < pp) = 0.5 so that py corresponds to the prior median range, defined
relative to the spatial extent of the slide or to the median nearest-neighbor dis-
tance (mnn) between cells. For the default we set (po = 10 X mnn), that is, 50%
prior probability that correlation between cells decays within 10 times the median
distance between two nearest neighbor cells. We also set a long-range prior
(po = 20 x mnn), an alternative allowing shorter range (pp = 5 X mnn) and a weakly
informative choice (pg = extent/3). For the variance prior, in Negative binomial mod-
els we use P(o > 0p)=0.01 with o € {0.5,0.75,1.0(default), 1.5,3.0} whereas
in Gaussian we scale to gene-level dispersion by setting
oo € {0.3,0.5,1.0(default), 1.5,3.0} x sd,, where sd, is the empirical standard devia-
tion of gene g. For both distributions, these specifications range from more conservative
(shrinking the spatial field away from dominating the linear predictor) to less restrictive
cases. Standard priors for p and o are used, unless stated otherwise.

Cluster based

To reduce computational burden while retaining spatial structure, we aggregate cells into
K spatial clusters using k-means on the (x, y) centroids, so that nearby cells are assigned
to the same cluster. We consider cluster-level random effects and model the spatial
dependence at the cluster scale assuming a K x K covariance matrix X x. We consider
three specifications. First an independence model with ¥ 5 = 02T, which assumes sim-
ilarities within clusters and no correlation between clusters. Second we assume a clus-
ter-GP model with ¥ x = 02 exp{—dy;/p}, where dy; is the Euclidean distance between
cluster centroids k and /, providing distance-based smoothing at the cluster level. Third,
a cluster-BYM2 model in which the structured component is defined on a cluster adja-
cency graph (constructed via Delaunay triangulation or k-nearest neighbors, k = 2, 4),
inducing local smoothing across neighboring clusters; the unstructured component cap-
tures residual heterogeneity, as described above for BYM2.
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The number of clusters K acts as a tuning parameter governing the resolution-effi-
ciency trade-off. Larger K increases resolution and makes the GP and BYM2 model
approximate single-cell smoothing, but also increases computational cost; in the inde-
pendence case, letting K grow large approaches a non-spatial model (Additional file 1:
Figure S6). Smaller K yields greater efficiency but risks oversmoothing and loss of lon-
ger-range dependence.

Inference and decision rules

For frequentist models, DE for each gene is tested with two-sided Wald statistics for the
niche coeflicient 3, and p-values are adjusted across genes using Bonferroni correction,
with significance threshold «/p, with o = 0.05 and p the number of genes analyzed. For
Bayesian models fit with INLA (SPDE and BYM2) we summarize the posterior of 5 by
its mean, credible intervals and pseudo p-values. Pseudo-p-values are computed from
the posterior probability that 3 is greater or less than zero, providing a continuous mea-
sure of evidence for ranking genes, while inference is based on credible intervals. The
credible interval can correspond to an acceptance region for a bayesian hypothesis test
under assumptions described in [51] and [52]. Specifically, we form Bonferroni-adjusted
equal-tailed credible intervals and declare DE if its 1 — «/p credible interval excludes
zero. This choice provides a conservative, family-wise multiplicity adjustment that is
directly comparable to frequentist Bonferroni control.

In settings with extremely large sample sizes (on the order of hundreds of thousands of
cells), where even small effects can yield extremely small p-values, we emphasize inter-
preting results using effect sizes, ranked lists of genes, and visualizations such as volcano
plots.

Simulations
To investigate the impact of spatial correlation on DE results under realistic scenarios,
we simulated count data using a log-Gaussian Cox process (LGCP). For each cell i, we

assume
Y; ~ Poisson(p;), logu; =log(N;)+ Bo + B - niche; + s;

where N; is the observed total transcripts counts for the ith cell, 5y is an inter-
cept to guarantee that cell counts are on the scale similar to real data, niche € {0,1}
indicated the cell’s niche (stroma vs. myeloid-enriched stroma), § is the DE effect,
and s = (s1,...,5,))7 is a Gaussian-Process with exponential covariance matrix
i =o? exp(—%). Distances d;; were computed from the observed coordinates of

n = 5,878 macrophages in the CosMx NSCLC dataset.

For each combination of parameters we generated 100 replicates of 21 genes: 6 null
genes with 3 = 0 and 15 non-null genes with 3 spanning 0.1 to 1.5. Each dataset was
analyzed with the spatial models in smiDE (GP, SPDE, BYM2, and cluster-level variants)
and with non-spatial baselines (Seurat, DEseq2 and CSIDE). For Gaussian based models
counts were normalized by observed total counts N;. We report empirical type-I error
using the null genes and power across non-null effect sizes. Ranking accuracy was sum-
marized as Spearman’s correlation between estimated and true 3 across genes and then

averaged across replicates. Sensitivity analyses of prior specifications were performed
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using the values described in the previous section; for the range parameter, priors were
set in terms of pg = 0.1, 1, and 5.

Kernel-smoothed density

In the MERFISH whole-brain analysis, we used a “microglia exposure” variable as the
DE covariate, defined as a Gaussian kernel-smoothed density of microglia centered at
each neuron. This is equivalent to the “spatial (effective) niche” of Mason et al. [7]. For
direct comparability, we computed this covariate using nicheDE’s calculateEffec-
tiveNiche () with 0 = 1000 (native coordinate units), without additional preprocess-
ing. This DE variable is defined as

2

X=X Kallsi— sl Katr) = e~ ).

JEM

where M indexes microglia, distances are Euclidean in the dataset’s native units, and / is
the kernel bandwidth (here h = o = 1000). Intuitively, X, is a distance-weighted count
of nearby microglia: closer microglia contribute more, and larger / spreads the weight-
ing over a broader neighborhood.

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/513059-025-03867-1.

Additional File 1. Contains all supplementary figures and tables. These include further comparisons between Nega-
tive Binomial, Poisson, and Gaussian distributions; sensitivity analysis of the overlap-ratio threshold; number of DE
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heatmap of genes by cell typeand benchmarking of memory usage
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