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Abstract

Motivation: Single-cell spatial transcriptomics provides gene expression measurements of individual cells while preserving
their spatial positions within tissue. Cell-cell communication (CCC) can be inferred by comparing the predictions of held-
out gene expression levels by a pair of models: one that incorporates cellular neighborhood information and another that
does not. The performance gap indicates the influence of CCC. However, existing methods that adopt this general ap-
proach often rely on spatially informed models that use simplistic representations of spatial context. This reliance on
such representations does not merely lead to suboptimal predictions: it undermines the validity of the model comparison
itself, which hinges on the accurate estimation of conditional expectations.

Results: We propose using a graph convolutional network (GCN) as a highly expressive spatially informed model, with cells
as nodes and spatial proximity as edges. In semi-synthetic datasets, we show that several existing approaches relying on
simplistic neighborhood features can produce spurious inferences about CCC, whereas our GCN-based approach avoids
these pitfalls. In MERFISH and Xenium mouse brain tissue, our method identifies genes with known spatial variation, sug-

gesting that it successfully infers CCC-affected genes.

Availability and implementation: Code to reproduce our results is available from https://github.com/prob-ml/spice.

1 Introduction

Single-cell spatial transcriptomics is a revolutionary technology
that measures both the gene expression and the positions of in-
dividual cells within a tissue sample (Marx 2021). The availability
of these cell positions allows distances between cells to be com-
puted and used to model cell-cell communication (CCC).
Ligands emitted by sender cells can trigger a variety of cell
responses in receiver cells. Prior to single-cell spatial transcrip-
tomics, gene expression was commonly measured using bulk
RNA-seq (Mortazavi et al. 2008, Wang et al. 2009) and single-cell
RNA-seq (Tang et al. 2009), neither of which preserves cell posi-
tions. Before the availability of this spatial information, model-
ing CCC effects involved constructing networks using prior
biological knowledge, such as known ligand-receptor interac-
tions or pathway databases (Fortelny and Bock 2020).

While ligand-receptor interactions and signaling mechanisms in
CCC are well studied, quantifying these effects in individual tis-
sues remains an open challenge and has important applications
(Foster et al. 2021). For example, knowing the extent of spatial de-
pendence among genes is useful for identifying genes that drugs
can target to inhibit or activate specific pathways, thereby

altering disease progression (Yang et al. 2024). Statistical frame-
works for ranking genes based on improvement in predictive per-
formance from including CCC information may streamline drug
development by prioritizing high-potential targets and reducing
experimental validation costs. Even non-target genes with spa-
tially dysregulated expression in diseased tissue may help guide
experiments. For example, if genes known to drive cancer display
clear spatial patterns, it may suggest that the tumor microenvi-
ronment modulates gene expression and influences tumor pro-
gression (Tirosh et al. 2016). Understanding the spatial
dependence of gene expressions is essential to understanding cel-
lular heterogeneity within tissues (Satija et al. 2015).

In this work, we examine cell-cell communication (CCC)
through the lens of model selection. We consider gene expres-
sion at the single-cell level and distinguish two drivers of expres-
sion: local expression, defined as the expression level of each
gene within a specific cell, and neighborhood expression, de-
fined as the gene expression levels observed in neighboring
cells. To assess the impact of spatial context on gene expres-
sion, we compare two types of models: spatially informed mod-
els, which explicitly incorporate the influence of neighboring
cells on local gene expression, and spatially ignorant models,
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which assume that local gene expression is independent of
neighboring cells. The comparison between these two classes of
models is based on their predictive performance. For each re-
sponse gene of interest, we attempt to predict its expression us-
ing both model types. Genes involved in CCC are identified as
those for which the spatially informed model yields substantially
more accurate predictions than the spatially ignorant model, in-
dicating that intercellular interactions within their spatial envi-
ronment influence their expression.

The effectiveness of this model-selection approach for identi-
fying spatially regulated genes depends on the quality of the
models being used. A misspecified spatially informed model
may fail to produce better predictions than a spatially ignorant
model, even in the presence of CCC-based dependencies. In this
case, the model-selection approach may fail to identify that
genes are regulated through CCC. The model-selection ap-
proach, therefore, depends on high-quality spatially informed
models. Models relying on manually engineered neighborhood
summaries discard relevant spatial information, which contrib-
utes to model misspecification (Fig. 1).

We propose to use graph convolutional networks (GCNs),
which are highly flexible, as the spatially informed model
class. Unlike several prior CCC inference methods that rely
on fixed or manually engineered neighborhood summaries,
GCNs operate directly on the spatial graph, preserving the
full structure of local neighborhoods. We demonstrate that
GCNs can effectively leverage spatial context to predict re-
sponse gene expression, making them more useful for draw-
ing robust conclusions about spatial dependence and CCC.
Furthermore, the added flexibility of GCNs ensures that both
the spatially ignorant and spatially informed models are suf-
ficiently expressive, so that differences in predictive perfor-
mance can be attributed to the inclusion of spatial
information rather than to representational constraints.
GCNs use similar inputs to preceding work but allow the
model to learn which aggregations of neighboring expres-
sions are useful for downstream predictions, rather than
committing to a predetermined summary statistic.
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Figure 1 Illustration of the limitations of a manually engineered, fixed-
dimensional representation of neighboring gene expression. Each circle
represents a cell, with target cells (green, in the center) receiving
signals from neighboring cells (blue). The neighborhood representation
for each target cell is produced by averaging the gene expression
vectors from neighboring cells. This representation is the same for
every target cell, even though their neighborhoods differ greatly in
many ways.

1.1 Related work

Since the emergence of single-cell spatial transcriptomics in
2015, many methods have been proposed to gain insights into
CCC from this type of data. We summarize established model se-
lection approaches for isolating spatial effects (Section1.1.1)
and discuss how GCNs have already been used in spatial tran-
scriptomics (Section 1.1.2).

1.1.1 Models for isolating spatial effects

A growing body of work seeks to quantify CCC by comparing
spatially informed models to spatially naive baselines or by dis-
entangling spatial variance from total variance.

COMMunication analysis by Optimal Transport (COMMOT)
(Cang et al. 2023) infers cell-cell communication (CCC) in spatial
transcriptomics by solving an optimal transport problem that
incorporates spatial distance and ligand/receptor expression
while modeling competition among molecular signals. To assess
CCC effects, a random forest predicts target gene expression using
non-target genes and a CCC vector summarizing local communi-
cation. Gini importance is used to infer signaling impact, assum-
ing both that the CCC vector captures relevant spatial context and
that feature importance reflects predictive relevance—assump-
tions that may not hold in practice (Strobl et al. 2007).

nnSVG (Weber et al. 2023) identifies genes that vary continu-
ously across tissue samples in a regression setting, using a
Gaussian process to encode spatial correlation through a covari-
ance structure that decays with distance and assesses spatial in-
fluence by conducting a likelihood ratio test between a null
Gaussian process (with no intercellular correlation) and a
Gaussian process with a spatially informed correlation structure.
The expressiveness of Gaussian processes is limited by the use
of a fixed class of kernel functions that define spatial similarity.
In contrast, GCNs learn how to weight neighboring signals
through message passing, rather than relying on a predefined
formulation of similarity.

Spatial Interaction Modeling using Variational Inference
(SIMVI) (Dong et al. 2025) uses variational inference to approxi-
mate posterior distributions over latent intrinsic and spatial var-
iation for each cell. After performing archetypal analysis to
transform spatial variation into archetype weights, the arche-
type weights and log-transformed expression values are
regressed against intrinsic variation. The R? between the pre-
dicted expression and the true expression represents the vari-
ance explained by intrinsic variation alone. To obtain the spatial
effect, the residuals of the expressions are regressed against the
residual archetype weights as well as an interaction between ar-
chetype weights and intrinsic variation. The R? of this regression
represents the result for spatial variation. While the approximate
posteriors have sufficient flexibility, SIMVI assumes a specific
parametric form for intrinsic and spatial variation. Furthermore,
the spatial effect is derived by estimating latent variables from a
single trained generative model rather than comparing sepa-
rately trained models that explicitly isolate spatial effects, which
could be problematic if variability is attributed to spatial effects
when it instead arises from intrinsic variation that the genera-
tive model does not capture.

SPAtial CEllular NETworks from omics data (SpaCeNet) (Schrod
et al. 2024) model intercellular gene dependencies using a
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Gaussian graphical model in which a precision matrix is parame-
terized with the assumption that intercellular associations are re-
lated via some function of the Euclidean distance between cells.
Their precision matrix is broken down into intracellular and inter-
cellular components: A = Ayithin + Abetween- COMparing results
with estimated parameters for Apetween to those generated by
setting Apetween = 0 quantifies the CCC effect under the SpaCeNet
model. However, the reliance on a structured precision matrix
imposes strong assumptions about the form of gene-gene inter-
actions, and a predefined function for cell-cell relationships as a
function of Euclidean distance may limit flexibility when modeling
complex, nonlinear signaling relationships.

Mixture of Experts for Spatial Signaling genes Identification
(MESSI) (Li et al. 2021) leverages a mixture-of-experts model for
gene prediction. Like our proposed approach, MESSI adopts a
model-selection perspective, comparing spatially informed pre-
dictions with spatially ignorant predictions to identify signaling
genes responsible for response expressions by evaluating the
learned coefficients from each expert. However, in contrast to our
proposed approach, MESSI represents neighborhood expression
by aggregating it into summary statistic representations that may
fail to capture the full complexity of spatial organization. As
shown in Fig. 1, such summaries can produce identical neighbor-
hood representations from different spatial structures.

1.1.2 GCNs for spatial transcriptomics

Graph convolutional networks have been used in various ways
to gain insights into CCC from spatial transcriptomics data.

Graph Convolutional Neural networks for Genes (GCNG) (Yuan
and Bar-Joseph 2020) casts detecting CCC gene relationships as
a GCN link prediction problem. In contrast, our approach defines
edges and edge attributes based on cell proximity and uses
them to predict gene expression.

SpaGCN (Hu et al. 2021) uses a GCN to learn an embedding
that is used for spatial domain clustering. GraphST (Long et al.
2023) trains a graph neural network with self-supervised con-
trastive learning, enhancing its ability to generate spatially
informed representations for both clustering analysis and cell-
type deconvolution. In contrast, we use GCNs to predict
response expressions conditioned on neighboring ligand and re-
ceptor activities, which is a regression problem.

Node-centric expression models (NCEM) (Fischer et al. 2023)
represent spatial relationships between cells or spots using
proximity graphs to model how neighborhood composition
influences gene expression. The NCEM variant most similar to
ours in terms of its predictor-target formulation, called
Nonlinear Ligand-Receptor NCEM, uses ligand and receptor ex-
pression as input but performs worse than a spatially ignorant
baseline on a dataset with known CCC activity, in a comparison
that is difficult to interpret due to the lack of model nesting. In
contrast, our proposed method uses a graph convolutional net-
work (GCN) to directly compare spatial and non-spatial models,
enabling the systematic identification of individual genes whose
expression levels are driven by CCC.

1.2 Our contribution

method called SPatial Inference of
Effects (SPICE) for identifying spatially

We develop a
Communication

regulated genes. SPICE uses a GCN to predict gene expression in
spatial transcriptomic data. By explicitly comparing spatially ig-
norant and spatially informed GCN regression models, SPICE
quantifies the predictive value of spatial context to identify CCC-
affected genes.

2 Materials and methods
2.1 Datasets

We assess SPICE’s performance on two large-scale spatial tran-
scriptomics datasets. The first is the MERFISH hypothalamus data-
set (Moffitt et al. 2018). This dataset provides high-resolution
single-cell spatial data, including approximately 1 million cells
profiled across the hypothalamic preoptic region of 36 different
mice, yielding 181 unique tissues. These cells are collected across
several tissue slices across animals and across different locations
within an animal (Fig. 2A). For each cell, the dataset contains its
(i) slice, (ii) position, (iii) cell type, and (iv) gene expression for 161
genes (71 ligands and receptors; 84 responses; and 6 controls).

The second dataset we analyze is the Fresh Frozen Mouse Brain
Replicates dataset provided by the Xenium platform (10x Genomics
2023). In contrast to earlier spatial transcriptomics platforms,
Xenium data has both high spatial resolution and measurements of
more genes. The Fresh Frozen Mouse Brain dataset contains 248
relevant genes, 100 of which are ligands and receptors.

Whereas MERFISH typically images tissue slices tens of
microns apart, Xenium captures multiple adjacent sections with
continuous spatial coordinates across all three dimensions. This
third spatial dimension allows us to understand SPICE’s perfor-
mance in settings with additional non-planar directional infor-
mation. Signals from neighboring cells can come from any
direction, so we assess SPICE’s ability to consider all plausible
cell-cell communication (CCC) interactions. This Xenium dataset
does not include ligand and receptor annotations, so to classify
genes as ligands, receptors, or response genes, we query each
gene in each of the following databases to determine if a gene is
a known ligand or receptor: OmniPath Intercellular Roles and
OmniPath Ligand-Receptor Interaction Database (Turei et al.
2021), ConnectomeDB2020 (Hou et al. 2020), and the Jin 2021
Mouse Ligand-Receptor Compendium (Jin et al. 2021). These cu-
rated sources provide broad and complementary coverage of li-
gand and receptor annotations.

For all datasets considered, the genes are annotated by type:
ligand, receptor, or response. Ligands and receptors are treated
as inputs and are preprocessed with loglp transformations.
Response genes are left untransformed and used as predic-
tion targets.

2.2 Graph creation

To apply GCNs to single-cell spatial transcriptomics data, we
construct graphs in which cells are nodes and edges are defined
by cells’ spatial proximity. Specifically, we include an edge in
the graph if the distance between any two cells (i, j) is below a
threshold r. Each edge is a potential channel for CCC. Each node
(cell) is associated with the following node attributes:
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Figure 2 The SPICE method. (A) Tissue extraction. Source tissues are collected from the data source at varying locations. (B) Graph creation. For
each target cell i (orange) measured in the tissue graphs, a neighborhood is created by adding bidirectional edges from i to all cells less than r um
away. (C) Forward model. Each graph is input to the model, with ligands and receptors as predictors. After several convolution and dense layers, the
model outputs predictions for the response genes. (D) Model evaluation. The observed response expressions for all genes across all cells (Y) are

compared with SPICE’s predictions (V) using MSE. (E) Spatial analysis. SPICE model evaluation for multiple neighborhood radii. Downstream analysis
using this information can help identify spatially variable genes affected by CCCs. (F) Identifying spatially dependent genes. By comparing model
performances from a spatially ignorant model (r = 0 um) and a spatially informed model (r = 25 um depicted here), we can identify or rank genes

with spatial dependence.

expression levels of predictor genes (ligands and receptors), re-
sponse gene expression levels, and, optionally, cell type
annotations.

2.3 GCN architecture

Graph convolutional networks (GCNs) are a type of neural net-
work that operates on graph-structured inputs rather than tabu-
lar or grid-like inputs, mapping node attributes to per-node
predictions (Chami et al. 2022). Unlike traditional neural networks
and convolutional neural networks, GCNs are spatially informed
and typically rotation invariant (Mac and Nguyen 2021). By stack-
ing multiple layers, GCNs integrate information from nodes pro-
gressively further away, capturing both immediate neighborhood
interactions and complex, long-range relationships that reflect
signal propagation through biological pathways.

We propose a GCN architecture for use in a spatial transcrip-
tomics setting. The proposed architecture is defined using an
operator developed by Monti et al. (2017), known as the
Gaussian mixture model convolutional operator (GMMConv).
The GMMConv operator is defined in terms of many simpler
units, referred to as “kernels.” Each kernel k is characterized by
learnable parameters: a matrix ©, € R‘”“Xd*, a mean vector
woe RI™E) - and a covariance T, € R4M(E)xdme))  The
GMMConv operator uses the kernel parameters, together with

edge attributes e and node attributes x, to produce transformed
node attributes x'. Specifically, for node i, let A/(i) denote the
set of its neighboring nodes. Then, the GMMConv opera-
tor computes

K

RZ wy(e;;) ® Oxx; =: GMMConv(x;),

x
=~
v

where each wy is a weighting function defined by

wi(e) = exp (= 3o 5 o) ).

The architecture of the GCN in SPICE contains three hidden
layers, each constructed as the sum of a GMMConv and a fully
connected layer that takes in the output (transformed node
attributes) from the previous layer, followed by a RelLU
activation:

H“*+1) — ReLU(GMMConv(H) + HOW),
where H®) € RIY*% denotes the node feature matrix at layer £.

The final layer represents the predicted response gene expres-
sions. The predictions are evaluated by computing the MSE
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between the model outputs and the true response gene expres-
sions. We use polar coordinate vectors describing the distance
between pairs of cells as the edge attributes

Vi—Yi
e = (\/(Xj —x;)* + (= yi)*, arctan (in_ X,,))

and use K =10 kernels for each GMMConv layer. The GCN is
trained using the Adam optimizer with a learning rate of 0.001
and is early-stopped after 10 training epochs if there is no im-
provement on the validation set. The supplementary material
(Section 1) provides additional details about the model architec-
ture, hyperparameter tuning, and memory usage.

The added flexibility of allowing each pair of connected nodes
in a graph to have a weight learned by a network has been
shown to outperform other convolutional approaches to applied
deep learning problems, including classical Euclidean convolu-
tional neural networks (CNNs), spectral CNNs, GCNs, and diffu-
sion CNNs (DCNN) (Monti et al. 2017). Furthermore, several
commonly used message-passing operators can be represented
as a GMMConv operation with careful edge-attribute selection.

2.4 Identifying spatially regulated genes

To identify CCC-affected genes, first create graphs for each slice
of the spatial transcriptomics data for each of a variety of neigh-
borhood radii. For each radius, split the resulting collection of
graphs into training, validation, and test sets. Then, for each ra-
dius, use the training graphs to train a GCN (cf. Section 2.3) to
estimate the expected response gene expressions conditioned
on the other node attributes: ligand expression, receptor expres-
sion, and cell type annotations. Use the validation graphs to
tune the GCN hyperparameters. Finally, evaluate the mean
squared error (MSE) performance of the trained GCN on the test
graphs, yielding an MSE value for each response gene and each
radius, r. Comparing these values yields insight into which
genes’ expression depends on the behavior of nearby cells; if a
response gene’s expression depends on neighborhood expres-
sion, we expect lower MSE values for predictions from graphs
with larger r. This method is illustrated in Fig. 2.

This approach can be understood formally as performing
model selection. Let Y., denote the expression of a response
gene g for a target cell c. Let X¢ denote the ligand and receptor
expression of all cells in the same tissue as cell ¢ (including cell
¢). Optionally, let Mc denote cell type metadata from those
same cells. For each neighborhood radius r and each response
gene g, SPICE tests a hypothesis H, that the conditional expecta-
tion of the response gene expression at each cell can be mod-
eled as

E[YeglXc, Mc] = fr(Xe, Mc),

where f, refers to our GCN trained on graphs with neighborhood
radius r. In particular, SPICE tests H, by measuring how closely
the corresponding GCN predictions match the observed values.
For each gene g and each neighborhood radius r, we calculate
the mean squared difference between the actual observed gene
expression, Y., and the GCN predicted expression, f,(Xc,Mc),

within our test dataset. This calculation gives us an unbiased es-
timate of
E[||Yeg - fr(Xc, Mc)|*|Xe, Mc],

which we denote as Ef‘g. The exact conditional expectation
would minimize this MSE (Hastie et al. 2001, Ch. 2). Therefore,
we reject the hypothesis H, (that SPICE with radius r accurately
reflects true expression patterns) if we can find another value r
whose estimated MSE G7, , is substantially smaller than 67 ;. The
supplementary material (Section 2) provides additional details
about hypothesis testing.

The choice r=0 is of particular interest, as the value of
fo(Xc,Mc) is invariant to gene expression and metadata outside
the target cell c. In other words, the hypothesis Hy states that a
spatially ignorant predictor can accurately model the condi-
tional gene expression. We are particularly interested in the case
where 83,9 is much less than 839 for some r, as it suggests that a
spatially ignorant model may be inadequate to explain the gene
expression, which, in turn, suggests that the expression of gene
g may exhibit spatial variations.

Other methods, such as MESSI, could also be used to perform
such a test. However, we find that SPICE achieves superior pre-
dictive accuracy across a variety of settings, suggesting that the
MESSI model may not be sufficiently flexible to accurately model
the conditional expectations of interest. Thus, adopting MESSI
for model comparison could lead to inflated false-negative rates
or incorrectly ordered spatial gene rankings.

SIMVI and SpaCeNet can also be used to identify genes exhib-
iting spatial effects. However, these methods require different
inputs and typically require the full gene expression matrix
rather than performing supervised prediction of response genes
from predefined ligand/receptor predictors. As a result, a direct
apples-to-apples comparison with the supervised prediction
task considered here is not straightforward (see Discussion).

3 Results

We demonstrate SPICE for determining CCC-affected genes in
both real and semi-synthetic data. To explore the necessity of
highly expressive spatial models, we also compare the predic-
tive power of the SPICE model with prediction schemes that use
pre-aggregated representations of cellular neighborhoods, in
conjunction with learning algorithms such as LightGBM, mixture
of experts (MESSI), ridge regression, and LASSO. For all
approaches, the response gene in each target cell is predicted
from (i) ligand and receptor expression in the target cell, (ii) av-
erage neighborhood ligand and receptor expression, and (jii) av-
erage neighborhood metadata (e.g. the relative abundance of
different cell types in the neighborhood). Models are evaluated
across a range of tissue graph radii to capture mechanisms act-
ing at different spatial scales—from local (paracrine, juxtacrine)
to distant (endocrine) signaling. This multi-scale evaluation also
helps identify the most relevant neighborhood size for CCC influ-
ence and tests model robustness to varying spatial resolutions.
All models were thoroughly hyperparameter-tuned to compare
the best-performing model within each family; these details are
included in Supplementary Section 1.


https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag101#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag101#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag101#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag101#supplementary-data

Bioinformatics Advances, 2026, Vol. 6, Issue 1

Reduction in Test Loss: Spatial Model vs. Baseline
30

25

= N
3 o

Frequency

=)

MBP NNAT
o [ [
0 10 20 30 40

Percent Reduction in Test Loss

Figure 3 Gene test loss reductions from training the SPICE GCN on
tissue graphs with r = 25 um instead of r = 0 um on the MERFISH
Hypothalamus dataset.

3.1 MERFISH hypothalamus

To ensure generalization, we split the MERFISH hypothalamus
data into training, validation, and test sets by animal ID: no ani-
mal appears in more than one split. We first evaluate the ability
of SPICE to detect spatially regulated genes. For each response
gene, we compare SPICE’s predictive performance against that
of a baseline estimator. Figure3 shows the differences. The
NNAT and MBP genes stand out, with our GCN achieving 39.59%
and 24.81% reductions in MSE, respectively, by considering
neighboring signals. MBP has been corroborated to be spatially
variable in the brains of mice (Hu et al. 2021), and NNAT has
been demonstrated to have spatial and temporal patterns dur-
ing mouse eye development (Sel et al. 2017). Across all response
genes, 91.6% are better predicted when spatial information is
leveraged. Figure 2, available as supplementary data at
Bioinformatics Advances online provides the MSE improvements
for all response genes. The median loss reduction was 2.77%,
and the mean was 4.56%.

We next examine predictive model performance on the
MERFISH dataset in two settings: with and without cell type
metadata. Cell type annotations can help characterize specific
behaviors via gene activity but are inconsistent across spatial
transcriptomics datasets, varying in boundary criteria and gran-
ularity used to define the taxonomy (Lahnemann et al., 2020).
They may also be a source of data leakage if response genes
have been used to infer cell types. We do not take a stance on
whether cell type annotations should be included as predictors;
instead, we report results for both settings.

Figure 4 shows performance on six animals in our test set,
evaluated with multiple neighborhood radii. The left panel
shows the results when cell type annotations are included as
metadata, whereas the right panel shows the results without
them. Since MESSI requires filtering by cell type, we report its
performance only in the setting where cell types are included.
For MESSI, we selected its best-performing cell type: excitatory.
Our results indicate that the spatially informed GCN can achieve
a 4.79% reduction in loss when cell types are absent and a
3.00% reduction when cell types are included. When cell types
are included, LightGBM performs nearly identically to our GCN,

which is expected since cell type annotations are strong indica-
tors for CCC influences by capturing shared signaling environ-
ments and constraining plausible interaction partners (Cable
et al. 2022). Methods for detecting CCC interactions typically as-
sume that relevant ligand-receptor pairs are known a priori and
enriched within and between specific cell types. When cell-type
information is excluded, this assumption becomes a liability: all
models have a higher MSE than the spatially ignorant LightGBM
or SPICE baseline. Even so, SPICE achieves greater error reduc-
tions than the competing methods in this setting.

3.2 Xenium fresh frozen mouse brain

We now apply SPICE to the Xenium Mouse Brain dataset. Unlike
the previous dataset, this one includes only a single tissue sam-
ple, which prevents using separate animals for training and test-
ing. Instead, we spatially partition the data into multiple
disconnected subgraphs that can serve as distinct samples for
training, validation, and test splits. See the Supplementary
Material (Section 1) for a detailed description of the graph parti-
tioning algorithm. Table 1 reports the resulting held-out model
performance across a range of neighborhood radii.

As with our evaluation on the MERFISH dataset, we include
several linear models as baseline references, as well as
LightGBM, which serves as our primary benchmark due to its
competitive performance and scalability. We no longer compare
against MESSI because it requires cell type annotations, which
are not available in this dataset. Furthermore, we have demon-
strated that LightGBM strictly outperforms MESSI on the
MERFISH dataset, thereby reducing the need for additional com-
parisons with the latter. While both LightGBM and SPICE achieve
reductions in test error with additional spatial information,
SPICE’s non-spatial baseline performance is roughly the same as
LightGBM’s performance with a neighborhood radius of 15um.
These equivalent performances complicate the interpretation of
downstream analyses, as the apparent gains from including spa-
tial context become less reliable. A spatial model that performs
worse than a non-spatial baseline may be underfitting intrinsic
features, leading to incorrect conclusions about spatial depen-
dence. SPICE’s capacity to model nonlinear and hierarchical
relationships allows it to make informative predictions based
solely on a cell’s intrinsic features. Therefore, when SPICE exhib-
its improved performance at higher radii, we can be more confi-
dent that these gains reflect genuine spatial effects rather than
merely compensating for the model’s inability to fully leverage a
cell’s intrinsic features. Furthermore, SPICE jointly predicts all
genes yet still outperforms per-gene LightGBM models, which
suggests that SPICE is more computationally efficient and that
joint prediction may provide beneficial regularization.

We can assess which response genes from the Xenium dataset
exhibit spatial dependence by comparing a SPICE network with
r =30 um to a spatially ignorant SPICE network (r =0 um) as a
baseline. Figure 3, available as supplementary data at
Bioinformatics Advances online provides the performance differ-
ences for all response genes. Many response genes are some-
what better predicted with a spatial model than the baseline
model (see Fig.5), but a handful of genes show remarkable dif-
ferences. Established results corroborate the importance of
these genes. The CABP7 gene (21.00% MSE reduction) enables
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Figure 4 Test MSE on the MERFISH hypothalamus dataset with cell type annotations (left) and without cell type annotations (right). MESSI uses a
fixed Delaunay triangulation representation of neighbors; we use a closed purple dot for MESSI’s MSE without neighboring input, and the dashed line

represents it with neighboring input.

Table 1 Test MSE for various methods and neighborhood radii on the Xenium Fresh Frozen Mouse Brain dataset.

Model/r 0 5 10 15 20 25 30

Ridge 0.245 0.246 0.244 0.237 0.229 0.224 0.221
Lasso 0.511 0.511 0.511 0.511 0.511 0.511 0.511
Elastic Net 0.264 0.264 0.263 0.260 0.256 0.253 0.252
LightGBM 0.187 0.187 0.184 0.180 0.175 0.173 0.172
SPICE GCN 0.178 0.178 0.179 0.176 0.172 0.170 0.169

Percent Loss Reduction: Spatial vs Baseline

I No Gain
Spatial Gain

20 === No Gain Threshold

Number of Genes

0 5 10 15 20
Percent Reduction in Test Loss

Figure 5 Gene test loss reductions from training our GCN on tissue
graphs with r = 30 um instead of r = 0 um on the Xenium Fresh Frozen
Mouse Brain dataset.

calcium ion binding and is highly expressed in subregions of the
mouse hippocampus (Shi et al. 2023). The GFAP gene (18.16%
MSE reduction) is directly affected in Huntington’s disease and
appears with spatially distinct expression profiles (Brown et al.
2023). Lastly, the ARC gene (17.22% MSE reduction) is primarily
concentrated in the CA1 region of the hippocampus, more than
in any other brain region (Gao et al. 2018). This finding aligns
with existing research that suggests ARC upregulation is essen-
tial for spatial learning and supports long-term memory storage
(Gao et al. 2018).

3.3 Semi-synthetic experiments

To complement our experiments with real data, for which
ground truth is unavailable, we develop experiments on semi-

synthetic data to explore how our model can recover response
gene expressions in several regimes of potential cell-cell interac-
tions. Our semi-synthetic datasets use cell positions from the
MERFISH hypothalamus dataset and simulated gene expression.
We start by generating independent and identically distributed
random expression values for all genes for each cell. Then, these
data are perturbed to reflect a predefined correlation structure
between neighboring signal cells and their targets. For each ex-
periment, we predict a single response gene. The true response
gene expression is calculated as a function of the selected
ligand’s expression in all neighbors of the target cell. For this set
of experiments, we assume a true neighborhood radius r = 30
um. ldeally, a model that accurately recovers the response ex-
pression would be able to do so when given all of the neces-
sary predictors.

3.3.1 Thresholded-sum signals

In our first semi-synthetic experiment, we generate data by sam-
pling the expression levels for the predictor genes i.i.d. from an
exponential distribution. In particular, for cell ¢, the expression
level of predictor gene g is X,y ~ exp(10). The response gene
expression is thresholded by a sum:

Yeo = 1(Se>1)S. + &,

where Sc = 30 c p(x,) Xe', and gc ~ exp(10).

This synthetic relationship is intentionally straightforward to
test whether models can recover a simple spatial dependence.
GCNs and boosting techniques almost perfectly recover the true
relationship between neighboring and target expressions. Figure 6
shows that all models attain their best performance at r = 30 um
and gain performance advantages on unseen data as r increases
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Figure 6 Thresholded sum synthetic experiment results. The true data-
generating process has a neighborhood radius of r* = 30 um.

from Oum to 30 um. However, only SPICE is able to maintain opti-
mal performance when given a broader-than-necessary radius
(r>30) um. Including neighboring information just 5um beyond
the true neighborhood radius degrades model performance
nearly as much as excluding all data between 25um and 30 um for
all competing methods. In contrast, the GCN performs adequately
over a wide range of neighborhood radii.

3.3.2 Distance-weighted signals

In our second semi-synthetic experiment, we generate data
by sampling a hierarchical model in which each predictor gene
g=1,...,G has an overall expression level that is sampled inde-
pendently from a normal distribution: u, ~ N(20,4). Then, the
expression level of predictor gene g in cell ¢ follows a rescaling
of a negative binomial distribution: X 4 ~ NB(,0.5)/60.

The expression level of the sole response gene is

sinh ™1 (5.863d(xc,xc,))>
5.863 :

Yc,O = Z \/Xcr,l (l—

XaeN(Xe)

where d gives the distance between pairs of cells. This response
simulates the influence of ligands from neighboring cells as a
nonlinear, inverse function of their distance from the target cell,
decaying from 1 to 0 as the neighborhood radius increases from
Opum to 30um. Because the contribution of each neighboring
cell is the square root of its ligand expression, the impact of
weaker signals is emphasized.

Figure 7 demonstrates that in these settings, models with pre-
aggregated neighborhood representations not only have higher
loss values than our GCN for r > 15 um, but their minimum losses
occur at neighborhood radii that differ from the actual interaction
radius (20pum). In contrast, the SPICE prediction error decreases
monotonically as the neighborhood radius increases up to 30 um,
then plateaus. This trend indicates that the network was able to
ignore irrelevant signals from higher radii. We conjecture that the
elevated error observed in models with pre-aggregated neighbor-
hood representations primarily results from their reliance on sum-
marizing neighborhood gene expression by taking the average of
neighboring expressions. Such averaging fails to capture the spa-
tial relationships in this dataset, where gene expression is driven
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Figure 7 Distance-weighted synthetic experiment results. The true
data-generating process has a neighborhood radius of r* = 30 um.

by a sum of neighboring values. Although it would be possible to
construct neighborhood representations that better represent
this particular spatial dependency if it were known a priori, in real
data, these dependencies are seldom known a priori. SPICE cap-
tures a wide variety of relationships without prior knowledge of
their specific forms, thus eliminating the need for manual design
of neighborhood representations.

3.3.3 Commonalities

In both experiments, SPICE’s performance remains stable as the
neighborhood radius increases once it reaches a sufficiently
large value. In contrast, methods based on pre-aggregated
neighborhood representations are highly sensitive to the neigh-
borhood radius. In practice, the true radius of influence is un-
known and may vary across cells and genes, exhibit multimodal
effects, or depend on complex biological interactions; thus, this
stability is desirable. Furthermore, the performance of methods
that rely on fixed functional summaries of neighboring expres-
sion is non-monotonic as a function of r. Non-monotonic perfor-
mance makes it more difficult to interpret the results from the
model-selection perspective given in Section 2.4.

4 Discussion

Graph convolutional networks (GCNs) enhance gene expression
prediction from spatial transcriptomics data. By comparing spa-
tially informed GCNs to spatially ignorant baselines, we identify
CCC-affected genes through reductions in prediction error. This
approach is valid when models are sufficiently flexible and accu-
rately estimated. Our empirical results show that SPICE consis-
tently achieves lower mean squared errors against several
preceding methods, indicating its effectiveness in capturing gen-
uine cell-cell communication effects. This analysis could be fur-
ther extended by examining the outputs of SIMVI and SpaCeNet.
Both of these methods permit comparisons between spatially
informed and spatially ignorant model versions. SIMVI accom-
plishes this via archetypal analysis and a subsequent spatial ef-
fect R? estimation for each gene. SpaCeNet does this by
comparing reconstruction errors between models that estimate
a precision matrix with and without intercellular model parame-
ters. Direct comparison with these methods is challenging
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because they differ from SPICE in the input features they use.
SIMVI and SpaCeNet use the full gene expression matrix to esti-
mate spatial effects, whereas SPICE estimates response gene ex-
pression using curated ligand and receptor predictors, and we
follow this precedent set by MESSI. Adding or removing certain
inputs changes the model’s underlying inference objective.

The results of any model comparison must be interpreted
with caution. Differences in model flexibility and estimation ac-
curacy can affect the validity of the results. A more flexible spa-
tial model might outperform a simpler non-spatial model even
when spatial information is irrelevant, or vice versa if the spatial
model is poorly estimated. Additionally, measurement noise can
create apparent gains from neighborhood information by aver-
aging out random fluctuations rather than capturing true inter-
cellular signaling. Therefore, consideration of model
assumptions and noise levels is essential.

Moreover, improvements in predictive accuracy do not neces-
sarily imply causal relationships. Spatial dependencies may
arise from confounding factors such as shared developmental
lineage or donor-specific effects. To draw meaningful biological
conclusions, domain-specific knowledge is required to control
for potential confounders. For example, ensuring that training
and testing data come from separate tissue donors may help
mitigate donor-specific biases.

In summary, while GCNs can be valuable tools for analyzing
spatial transcriptomics data, their application requires attention
to model flexibility, estimation accuracy, noise considerations,
and biological context to yield reliable insights into spatial gene
expression patterns.
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Supplementary material is available at Bioinformatics Advances
online.
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