
Article https://doi.org/10.1038/s41467-025-58089-7

SIMVI disentangles intrinsic and spatial-
induced cellular states in spatial omics data

Mingze Dong 1,2,3, David G. Su 4,5,6,7, Harriet Kluger4,5,6, Rong Fan 2,3,5 &
Yuval Kluger 1,2,8

Spatial omics technologies enable analysis of gene expression and interaction
dynamics in relation to tissue structure and function. However, existing
computational methods may not properly distinguish cellular intrinsic varia-
bility and intercellular interactions, andmay thus fail to reliably capture spatial
regulations. Here, we present Spatial Interaction Modeling using Variational
Inference (SIMVI), an annotation-free deep learning framework that disen-
tangles cell intrinsic and spatial-induced latent variables in spatial omics data
with rigorous theoretical support. By this disentanglement, SIMVI enables
estimation of spatial effects at a single-cell resolution, and empowers various
downstream analyses. We demonstrate the superior performance of SIMVI
across datasets from diverse platforms and tissues. SIMVI illuminates the
cyclical spatial dynamics of germinal center B cells in human tonsil. Applying
SIMVI to multiome melanoma data reveals potential tumor epigenetic repro-
gramming states. On our newly-collected cohort-level CosMxmelanoma data,
SIMVI uncovers space-and-outcome-dependent macrophage states and cel-
lular communication machinery in tumor microenvironments.

Spatial omics technologies have emerged as powerful tools for
exploring tissue organization and function at unprecedented resolu-
tion. Modern imaging-based spatial transcriptomics (ST) platforms,
including SeqFISH1, MERFISH2,3, and CosMx4, can profile hundreds to
thousands of genes at single-cell or subcellular resolution. Com-
plementary sequencing-based platforms such as DBiT-seq5–7, Slide-
seqV28, HDST9, Slide-tags10, and Stereo-seq11,12 offer genome-wide
profiling at cellular or near-cellular resolution. Together, these tech-
nologies enable detailed analysis of how spatial microenvironments
influence gene expression at the cellular level.

A cell’s gene expression is shaped by both its intrinsic properties
and spatial microenvironment. Intrinsic properties represent aspects
of gene expression that operate independently of the cellular neigh-
borhood, such as cell type identity and cell cycle state. The spatial
microenvironment, in contrast, encompasses spatially distributed

signaling molecules and cell-cell interactions13. Disentangling these
two factors is crucial for spatial omics analysis, as it reveals how cells of
specific phenotypes respond to their local environment, giving rise to
gene expression changes. This understanding is particularly valuable
for dissecting complex biological processes involving both intrinsic
state transitions and spatial dynamics.

Yet, the task brings forth two significant challenges. First, cells of
the same type often cluster together in space, creating spatial patterns
of gene expressions that mostly reflect intrinsic properties rather than
spatial interactions. Second, different cell types may have different
responses to their local environment, particularly in the case of cellular
interaction (Fig. 1a). To the best of our knowledge, most existing com-
putational approaches do not address the challenge of disentangling
intrinsic and spatial patterns from spatial omics data. Existing analysis
methods for spatial omics data generally aim to identify spatially
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variable genes14–19, learn spatial-aware embeddings20–30, select genes that
mediate cell interactions31, predict patient phenotypes32,33, or learn gene
expression changes associated with local interactions34–36. Most of these
methods do not address the disentanglement task, thus improperly
specify the contributions of different variations in driving spatial-
associated gene expression changes. While several works made pre-
liminary efforts21,34 to separate intrinsic and spatial-induced variations, a
failure of disentanglement has been noted34 due to the lack of
identifiability.

In this work, we present Spatial Interaction Modeling using Var-
iational Inference (SIMVI), a deep variational inference framework that
disentangles intrinsic and spatial-induced (hereafter also termed spa-
tial) variations in spatial omics data. Our approach is supported by
rigorous theoretical guarantees for model identifiability in achieving
this disentanglement. The learned representations enable diverse
downstream analyses, including but are not limited to batch integra-
tion, niche identification, and differential expression analysis. A key
innovation of SIMVI is its ability to quantify spatial effects (SE) - the
influence of spatial location on gene expression - at single-cell reso-
lution. This quantification yields both gene-specific variance decom-
position and rankings of spatially-regulated genes. Importantly,
SIMVI’s SE estimation framework is adaptable to emerging modalities
in spatial multi-omics data.

We comprehensively evaluated SIMVI’s capacity to uncover dis-
entangled variations and spatial effects acrossmultiple public datasets
from different platforms and tissues: MERFISH human cortex3, Slide-
seqv2 mouse hippocampus8, Slide-tags human tonsil, and spatial
multiome human melanoma10. Our analyses demonstrate SIMVI’s
superior performance in disentangling intrinsic and spatial variations
compared to existing methods. SIMVI also uniquely captures complex
spatial interactions and dynamics, yielding novel biological insights. In
the Slide-tags tonsil data, SIMVI reveals spatial-dependent dynamics of
germinal center B cells during maturation. Analysis of the multiome
melanomadata uncovers refined spatial niches andmulti-omics spatial
effects, suggesting potential epigenetic reprogramming states. When
applied to our newly collected cohort-level CosMxmelanoma dataset,
SIMVI identifies macrophage states with distinct spatial patterns that
correlate with patient outcomes. Furthermore, it reveals the

underlying cellular interaction machinery within tumor micro-
environments, characterized by asymmetric dependencies between
ligand-receptor strength and gene spatial effects.

Results
Disentanglement of intrinsic and spatial-induced variations
by SIMVI
In our work, we consider the gene expression xi of each cell i to be
generated by two sets of low-dimensional latent variables zi, si, repre-
senting intrinsic and spatial variation respectively (Methods, Supple-
mentary Note 1). The intrinsic variation zi encodes cell type
information, while the spatial variation si captures factors such as
spatial gradients and cell interactions (Fig. 1a). We also considered a
key biological principle in our framework - cell types often exhibit
specific spatial organizations, introducing natural dependencies
between intrinsic and spatial variations.We implement this principle in
our generative process through a permutation procedure (Supple-
mentary Note 1).

We next investigated the theoretical possibility of disentangling
intrinsic and spatial variations from data distributions, which is known
as model identifiability in statistics37. Without identifiability, the
inferred intrinsic and spatial latent variables could become arbitrary
mixtures of the true underlying variations. In our context, establishing
identifiability presents two key challenges: 1. non-linear models gen-
erally need additional supervision for identifiability38; 2. the intrinsic
and spatial variationmay be correlated due to cell-type-specific spatial
organizations. We derived the first rigorous theoretical support for
model identifiability in this context, showing that these challenges can
be addressed together by viewing neighborhood intrinsic variation as
a supervision on the spatial variation. Specifically, we show that it is
possible to find a representation of the intrinsic latent variables up to a
non-linear transformation. As for the spatial latent variables, it is pos-
sible to infer them up to an invertible linear transformation. For this
theoretical framework to hold, intrinsic variations must encode mini-
mal information, alongside other mild theoretical conditions (Sup-
plementary Note 1).

We designed a deep variational inference framework (SIMVI) to
infer intrinsic and spatial latent variables based on our theoretical
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Fig. 1 | Overview of the SIMVI framework. a We consider gene expression in
spatial omics data to be generated by a (noisy) function of intrinsic (e.g., cell type)
and spatial-induced (e.g., spatial gradient, cellular interaction) variations. Intrinsic
variationmay also exhibit spatial patterns by cell-type-specific spatial organization.
b SIMVI workflow. Spatial omics data are transformed into graph-structured for-
mat. Intrinsic and spatial variations are estimated by multilayer perceptron (MLP)

and graph attention network (GAT) variational posteriors. The loss function con-
sists of the evidence lower bound (ELBO) and an asymmetric regularization term
minimizing information encoded by intrinsic variation. Downstream applications
of SIMVI include batch integration, niche identification, spatial effect estimation,
and spatial process interpretation. It can also be used to infer multi-omics spatial
effects in spatial multi-omics data.
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support. In SIMVI, the intrinsic latent variable zi ismodeled by the gene
expression xi of cell i. The spatial latent variable si is modeled through
weighted aggregation of neighborhood intrinsic variations using
Graph Attention Network (GAT)39,40. This treatment of spatial latent
variables aligns with the theoretically-required supervision of neigh-
borhood intrinsic variation. To enforce the other theoretical require-
ment of minimizing information encoded in intrinsic variation, SIMVI
incorporates an asymmetric regularization term (Fig. 1b, Methods).
SIMVI further includes a pretraining step that randomly permutes a
subset of input genes, which empirically enhancesmodel performance
(see Methods, Supplementary Note 3). The model parameters are
optimized bymaximizing amodified evidence lower bound (ELBO, see
Methods). Additional connections between the theoretical framework
and model design are discussed in Supplementary Note 1.4. Together,
SIMVI integrated several innovative designs aligning with our theore-
tical foundation.

After training on spatial omics data, SIMVI returns two posterior
embeddings. The intrinsic embedding represents cell-intrinsic varia-
tion, while the spatial embedding captures the contribution of spatial
neighborhoodcontext on the spatial variation. For clarity,wehereafter
refer to these as SIMVI intrinsic and spatial variations, respectively. The
disentangled representations enhance our capacity to explore and
characterize cellular diversity at different levels including cell-intrinsic
properties, spatial heterogeneity, and their combination. They facil-
itate a variety of analyses, including cell type annotation, spatial niche
identification, and differential gene expression analysis. SIMVI can also
incorporate covariates such as batch labels by the conditional design
implemented in scVI41, enabling analyses for datasets comprised of
multiple batches.

The disentangled representations provide a natural framework
for estimating the effect of spatial location on individual gene
expression, by viewing SIMVI spatial variation as “treatments” and
intrinsic variation as “covariates”. This formulation transforms the
task into a problem of estimating continuous treatment effects, a
well-established paradigm in causal inference. In this study, we
employ a linear-regression based estimator rooted in causal infer-
ence and double machine learning (DML,42) to estimate the condi-
tional spatial effect on individual cells (see Methods and
Supplementary Note 2).

In some cases, discerning the spatial effectmay be impossible. For
instance, if a particular cell type exhibits unique intrinsic states and
localizes to spatial niches that do not overlap with those of other cells,
then it is impossible to determine whether its expression shifts are
influenced by differences in intrinsic states or by spatial niches. This
case constitutes non-identifiability and is well-known as the violation
of the positivity assumption in causal inference (refs. 43,44, Supple-
mentary Note 2). To this end, we derived single-cell positivity indices
that can be used to exclude cells potentially violating the positivity
assumption, enforcing reliable spatial effect inference (Methods,
Supplementary Note 2).

SIMVI effectively disentangles variations
To demonstrate SIMVI’s ability to reveal disentangled variations, we
applied it to two datasets that were profiled using representative
imaging-based and sequencing-based technologies. The first dataset
comes from a recent MERFISH study that profiled 4000 genes in the
middle temporal gyrus (MTG) and superior temporal gyrus (STG)
regions of human cortex3. With its detailed annotations and experi-
mental replicates, this dataset provides an ideal case for comprehen-
sively benchmarking SIMVI’s capability. The second dataset is the
widely used Slide-seqV2 mouse hippocampus data8, which provides
unbiased spatial profiling of gene expression in the mouse hippo-
campus at near-cellular resolution.

An overview of the MERFISHMTG/STG dataset is shown in Fig. 2a
and Supplementary Fig. 5a. Eachdataset included spatial profiles of the

cortex sampled across three replicates, each capturing slightly differ-
ent cortical layers. Apart from cortex layers, another prominent spatial
pattern within the data is the “local niche” vascular structure, char-
acterized by the colocalization of mural and endothelial cells expres-
sing MYH113.

To evaluate the disentanglement performance, we defined four
key metrics: batch correction, cell type preservation, layer preserva-
tion, and local niche preservation scores (SeeMethods). Thesemetrics
assess the effectiveness of embeddings in representing corresponding
intrinsic or spatial information, while adequately removing batch
effects across replicates. Prior to benchmarking SIMVI against other
methods, we conducted an extensive evaluation of the impact of
parameter settings and model modifications on SIMVI’s performance,
as detailed in Supplementary Note 3 (Supplementary Figs. 1–4, Sup-
plementary Data). In particular, while it has been argued thatmodeling
zero inflation is not necessary for spatial transcriptomics data45, our
results showthat thequantitative performanceof SIMVI embeddings is
not altered by considering zero inflation or not.

Apart from SIMVI, we applied a variety of methods that learn
batch integrated embeddings (Harmony, scVI41,46), spatial-aware
embeddings (MEFISTO, NSF, SpiceMix, GraphST, STAGATE20–24) or
perform both simultaneously (GraphST + Harmony, STAGATE + Har-
mony, CellCharter, SpiceMix + Harmony22–24,26,46). We further tested
baseline models (Graph Only, Graph Only + cell type 1, Graph Only +
cell type 2) that have a SIMVI graph encoder design, yet replace
intrinsic variation with different settings of covariates (batch label,
batch label + cell type label, batch label + cell subtype label, see
Methods). Such a design coincides with NCEM34 when the covariate
contains cell types. Overall, SIMVI performs well across all tasks, with
higher accuracy in spatially relevant tasks and higher total scores in
both MTG and STG compared with alternative methods (Fig. 2b,
Supplementary Fig. 7e, f, Source Data). Apart fromSIMVI, we observed
a clear distinction in different methods’ capability. Several methods
that donot address disentanglement (scVI,NSF, CellCharter, SpiceMix,
Graph Only) also excel at batch correction and cell type preservation.
This is expected since cell type represents the most prominent varia-
tion in the data. However, these methods underperform in spatially
relevant tasks. For these tasks, MEFISTO works reasonably well only in
layer preservation, while there is no consistent winner apart from
SIMVI in local niche preservation. Qualitatively, SIMVI intrinsic varia-
tion preserves cell type structures and remove batch effects. SIMVI
spatial variation distinguishes different layers, including those not
observed in all batches, and localizes cells with high expression levels
of MYH11 (Fig. 2c, d, Supplementary Fig. 5b–f).

We next applied SIMVI to the Slide-seqV2 mouse hippocampus
data8 (Fig. 2e). In this dataset, each pixel represents a mixture of cells,
and the cell type annotation for each pixel is based on the dominant
cell type obtained from deconvolution (Supplementary Fig. 8a, b). In
this case, although the cell type label is no longer appropriate for
benchmarking method performance, an evaluation on the spatial
representation can still be conducted by leveraging an anatomic
annotation for the samebrain region (AllenMouse Brain Atlas, Fig. 2e).
Compared to prior methods with good performance (CellCharter,
GraphST), SIMVI is the only method that correctly reveals the organi-
zations of cortical layers and the Third Ventricle (V3) region (Fig. 2f).
Quantitatively, SIMVI has an advantage in either revealing all niches or
selected niches that show clear spatial structures aligning with the
anatomy (See Methods, Fig. 2g, Source Data). The suboptimal perfor-
mance of alternative methods in identifying V3 is likely due to the
different cell compositions in V3 upper and lower regions, highlighting
the need of disentangling intrinsic from spatial variations. Interest-
ingly, we observed that the SIMVI Cornu Ammonis (CA) and Dentate
Gyrus (DG) clusters show a consistent boundary with the manually
derived annotation (See Methods), while CellCharter and GraphST
identified thicker CA and DG regions (Fig. 3f, Supplementary Fig. 8e).
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This suggests a potential “oversmoothing” phenomenon for these
methods through spatial neighborhood aggregation. A benchmark of
the relative distances between externally annotated CA/DG regions
and their spatial neighborhoods confirms our observation, and high-
lights SIMVI’s advantage in revealing reliable spatial structures (Sup-
plementary Fig. 8f, Supplementary Data).

SIMVI infers accurate spatial effects
To estimate the spatial effect, we first decompose the spatial variation
using archetypal analysis47. This method represents the spatial varia-
tion as a product of extreme spatial states (archetypes) and “archetype
weight vectors”, which quantify the contribution of each archetype to
individual cells. Next, we formulate a conditional treatment estimation
task by considering the archetype weights as continuous treatments,
and adjusting for confounders including intrinsic variation and other
optional covariates (Fig. 3a). Specifically, we employ a partial regres-
sion procedure to estimate the conditional spatial effect at the level of
individual cell and gene. It corresponds to an ordinary causal

regressionmodel, or a simplified version of doublemachine learning42,
where all regressionmodels are linear and no cross-fitting is used. The
procedure also returns a decomposition of R2 (coefficient of deter-
mination) of gene expressions into the “intrinsic variation explained
R2” and “Spatial effect explained R2”. Details of the procedure are
described in Methods and Supplementary Note 2. Applying our pro-
cedure to MERFISH MTG data revealed archetypes corresponding to
cortex layers and vascular structures (Supplementary Fig. 9). Addi-
tionally, we identified genes with distinct spatial patterns that showed
notably high (outlier) spatial effect R2 values compared to the bulk
(Fig. 3b, Supplementary Figs. 10, 11). The spatial effects of these genes
show cleaner spatial patterns in visualizations compared with nor-
malized original counts (Fig. 3c, Supplementary Fig. 11).

We further focused on the spatial effect within a specific cell type
(astrocyte, ASC, see Methods). We chose astrocytes because they are
known to exhibit spatial diversity across cortex layers yet do nothave a
definitive subtype distinction (morphology, neurotransmitter type,
etc) as those seen in neurons48,49. Unsupervised analyses of spatial

Fig. 2 | SIMVI reveals intrinsic and spatial variations inMERFISH human cortex
and Slide-seqV2 mouse hippocampus. a Overview of the MERFISH middle tem-
poral gyrus (MTG)data, showing spatial organizationsof cell type, layer annotation,
and log normalized MYH11 expression for MTG replicates 1-3. EXC excitatory neu-
rons, INH inhibitory neurons, ASC astrocytes, MGC microglial cells, OGC oligo-
dendrocytes, OPC oligodendrocyte progenitor cells, ENDO endothelial cells,
MURAL mural cells. L1-L6, Layer 1-6. b Bar plots showing metric scores for the
MERFISH MTG and superior temporal gyrus (STG) datasets respectively (See
Methods for definitions of the scores). The bar heights represent the average
performance across 10 different random seeds, with the error bars showing stan-
dard errors. c UMAP visualization of the SIMVI intrinsic variation, colored by cell
types and replicate labels. d UMAP visualization of the SIMVI spatial variation,
colored by layer annotation, lognormalizedMYH11 expression, and replicate labels.

Rep 1-3, Replicate 1-3. e Overview of the Slide-seqv2 data showing spatial organi-
zation of pixels (left) and Allen Mouse Brain Atlas annotation for the region (right).
CA Cornu Ammonis, cl cluster, DG Dentate Gyrus, V3 Third Ventricle, MH Medial
Habenula, LH Lateral Habenula. f Spatial visualization of clusters obtained from
SIMVI, CellCharter and GraphST. g Bar plot showing themetric scores for the Slide-
seqV2 mouse hippocampus data (See Methods for definitions of the scores). The
bar heights represent the average performance across 10 different random seeds
(n = 9 for SIMVI), with the error bars showing standard errors. †: Each individual
metric from all experiments is scaled to the range [0,1], then the final score is
calculated as the average of these rescaled values. *: The score is obtained by first
averaging the individual score values for each experiment, then rescaling the
average score across all experiments to the range [0,1]. Source data are provided as
a Source Data file.
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effects identified gene clusters with divergent spatial patterns (Fig. 3d,
Supplementary Fig. 12). We benchmarked the spatial effects by taking
advantage of the vertical layered structure of MTG replicate 1, which
implies that the spatial effect should capture trends along the vertical
axis (true positive) but not along the horizontal axis (falsepositive).We
adopted twonon-parametricmetrics, Kendall’s tau and SpearmanR, to
evaluate the dependency between each gene and the spatial coordi-
nates. Apart from our approach (named as SIMVI-archetype, double
machine learning (DML)), we additionally included six baselines: nor-
malized counts (NC), scVI NC, NCEM NC, cell-type conditioned linear
regression using SIMVI spatial variation (analogous to the c-SIDE50

setup, SIMVI-linear regression (LR)), cell-type conditioned linear
regression using SIMVI archetype representation (SIMVI-archetype,
LR), and an ablation setting that substitutes SIMVI intrinsic variation
with scVI embedding (scVI ablation*). SIMVI-archetype, LR and SIMVI-
archetype, DML emerged as the two top performers in the benchmark,
with the latter showing favorable performance in identifying spatial-
dependent genes (4/7 gene clusters excluding cluster 0) while filtering
out false positives (6/8 gene clusters, Fig. 3e, Supplementary Fig. 13).
Substitution of SIMVI intrinsic variation with the scVI embedding (scVI
ablation*) greatly hampered the performance and obscured true spa-
tial patterns (Supplementary Figs. 12, 13). This underscores the essence

of removing spatial information from intrinsic variation for the spatial
effect estimation task. Further gene pathway analysis underscores
functional distinctions among these genes exhibiting different spatial
patterns (Fig. 3f).

In the Slide-seqV2 mouse hippocampus data, a number of spatial
niches also exhibit distinct intrinsic states, presumably due to the lower
inherent resolution of the data. This constitutes a case where the posi-
tivity condition may be violated and examining the positivity index is
essential. The spatial effect analysis of the Slide-seqV2 mouse hippo-
campus data primarily identified genes upregulatedwithin the V3 upper
region (Supplementary Fig. 14a). Similar to the results in MERFISH data,
the spatial effects of these genes show cleaner spatial patterns in
visualizations compared with normalized original counts, especially for
genes exhibiting high sparsity (Supplementary Fig. 14d, e). Furthermore,
the positivity analysis identifies potential violation of the positivity
assumption in CA, DG, MH (Medial Habenula), and a layer between CA1
and cortical regions that primarily consist of oligodendrocytes (Sup-
plementary Fig. 14b). These regions are composed of cells with distinct
intrinsic states and spatial environments simultaneously, supporting the
validity of the approach. The spatial regions violating positivity (arche-
types with high positivity index) remain consistent across different
clustering resolutions (Supplementary Fig. 14c).

Fig. 3 | SIMVI infers single-cell level spatial effects. a Overview of the SIMVI
spatial effect estimation procedure.b Scatter plot showing the intrinsic variation R2

and spatial effect R2 for each individual gene in MERFISH middle temporal gyrus
(MTG) data. Genes with scaled Huber regression residual larger than 10 were
annotated as spatial-induced. Other genes with intrinsic-specific R2 larger than 0.6
were annotated as intrinsic-specific. c Spatial visualizations of log normalized
expression for representative genes (upper) and their spatial effects (lower).
d Visualizations of binned gene spatial effects grouped by clusters in astrocytes
from MTG replicate 1 along data vertical axis. L1-5, Layer 1-5. e Boxplot showing
Kendall’s tau on each individual gene of astrocytes from MTG replicate 1 and the

spatial vertical coordinate (left) and horizontal coordinate (right). NC normalized
counts, LR linear regression, DML double machine learning. *: scVI ablation indi-
cates the ablation setting fixing SIMVI spatial variation and substituting SIMVI
intrinsic variation with the scVI embedding. The gene number (n) is 1002, 265, 176,
40, 31, 23, 16, 8 for each cluster. The top/lower hinge represents the upper/lower
quartile and whiskers extend to the largest/smallest value within 1.5 × interquartile
range from the hinge. The median is shown as the center. f Dotplot showing GSEA
(Gene Set Enrichment Analysis) on Wikipathway for genes from different spatial
patterns. The adjusted P-values were calculated using EnrichR hypergeometric test
with Benjamini-Hochberg correction for multiple comparisons.
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SIMVI illuminates B cell dynamics in Slide-tags human tonsil
We next applied SIMVI to the recently published Slide-tags human
tonsil dataset (Fig. 4a)10. As expected, the intrinsic variation generated
by SIMVI captured different cell types in the sample (Fig. 4b), while its
spatial variation grouped biologically meaningful niches, which we
annotated as B cell zone, germinal center (GC) dark / light zone, GC
boundary that enriches T follicular helper (Tfh) cells, and T cell
zone (Fig. 4c).

Our primary focus in the dataset is on germinal center B cells. These
cells initially undergo rapid proliferation and somatic hypermutation
(SHM) in the dark zone51,52. Following SHM, B cells migrate to the light
zone, where they receive survival and proliferation signals. This cycle
repeats until the B cells mature, at which point they either undergo
apoptosis or survive based on their antigen-binding efficiency51,52. As
such, we expect a cyclical organization of germinal center B cells. Using
SIMVI’s full variation, we successfully annotated different phases of B
cells,which indeedexhibit a circular structure (Fig. 4d). Thesephases are
also characterized by sequentially activated genes (Fig. 4e, Supplemen-
tary Fig. 15c), and can be identified via standard pipelines or linear pro-
jection of SIMVI representation (Supplementary Fig. 15a, b).

The spatial locations of germinal center B cells reveal intricate
dependencies with their gene expression states. Among the five

annotated phases, B cells from phases 2 and 3 were predominantly
found in the dark zone, while those from other phases were mainly
located in the light zone (Fig. 4f, Supplementary Fig. 15d). Combining
with the phase adjacency relations (0-1-2-3-4-5-0, Fig. 4d, e), we were
able todifferentiate phase transitions causedby spatialmigration from
those driven by shifts in gene expression (Fig. 4g). Such a distinction
explicitly requires two different representations encoding spatial
information and cellular states respectively. Finally, Although external
spatial annotations for benchmarking are lacking, an assessment using
SIMVI-curated labels demonstrates that SIMVI consistently identifies
spatial structures within the tonsil and the phases of germinal center B
cells, compared with other methods (Supplementary Fig. 15e, Sup-
plementary Data). Altogether, these findings underscore the unique
strength of SIMVI disentangled representations in revealing distinct
mechanisms underlying cellular state transitions.

SIMVI reveals niches and spatial-dependent epigenetic states in
human melanoma
Melanoma is the most common cause of skin cancer related fatalities,
resulting in over 7000 deaths per year in the United States53. In recent
years, the death rate has dropped dramatically due to the advent of
immune checkpoint inhibitors which reverse T cell exhaustion and

Fig. 4 | SIMVI identifies cell niches and dynamics in human tonsil. a Spatial
visualization of the dataset colored by cell types. FDC follicle dentritic cells,
NK natural killer cells, mDC myeloid dendritic cells, TFH cells, T follicular helper
cells, pDC plasmacytoid dendritic cells. b UMAP visualization of the SIMVI intrinsic
variation colored by cell types. cUMAPand spatial visualization of the SIMVI spatial
variation, colored by annotation derived from SIMVI spatial variation. GC, germinal

center. d UMAP visualization of the SIMVI full variation (concatenation of SIMVI
intrinsic and spatial variation) for germinal center B cells, colored by phase anno-
tation, spatial niche, and log normalized expression of representative genes.
e Violin plot showing patterns of representative gene log-normalized-expression.
f Spatial visualization of germinal center B cells, colored by phase and niche
annotation. g Illustration of the germinal center B cell phase transition graph.
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disinhibit effector T cells, among other functions54. However, not all
patients respond to these therapies, and extensive efforts are ongoing
to understand mechanisms of resistance or sensitivity. Apart from the
heterogeneity across individuals, substantial heterogeneity is also
observed within each tumor, which may promote drug resistance and
the transition to pro-metastatic cellular states. In this work, we applied
SIMVI to two datasets profiling human melanoma samples, to better
understand the underlying biology at both individual and cohort
levels.

The first dataset we employed is the spatial multiome melanoma
dataset from the Slide-tags work10. It consists of a melanoma sample
from an individual patient, profiling both spatial gene expression and
chromatin accessibility. The dataset is particularly well-suited for
exploring tumor heterogeneity within distinct spatial niches and elu-
cidating the role of epigenetic regulation in defining different tumor
states. Analyses of the dataset in the original study revealed two tumor
subpopulations (tumor 1 and tumor 2) that exhibit distinct gene
expression patterns and are also spatially segregated (Fig. 5a, b). We
first applied SIMVI (and other baseline methods) on the gene expres-
sion modality alone to extract intrinsic and spatial variations. The cell
type heterogeneity is well captured by SIMVI intrinsic variation, which
further enforces latent space proximity across tumor cells consistent

with cell ontology, compared with the scVI baseline (Fig. 5b, Supple-
mentary Fig. 16d).

The SIMVI spatial variation further depicts refined microenviron-
ments within the sample, including niches primarily composed of
tumor cells and those involving infiltrating immune cells. In particular,
it differentiates two intermediate states of the immune infiltrating
microenvironment: one involves an non-infiltrating intermediate state
physically between two tumors (gray cluster in Fig. 5c). The other one
shows a continuous shift with intermediate states found in both tumor
1 and 2 regions (Fig. 5c). Furthermore, the spatial variation dis-
criminates a spatial niche in tumor 1 with highly expressed SLC6A8 and
MIR3681HG (Supplementary Fig. 16a–c), whichwe labeled as “hypoxia”
due to the role of SLC6A8 in metabolism and previous literatures
highlighting its upregulation in hypoxic tumor cells55.

Spatial effect analysis on the dataset using the gene expression
modality alone reveals various genes influenced by the spatial context.
One notable example is the macrophages that exhibit differential
expression in tumor 1 and tumor 2 niches (AQP9, MRC, Supplementary
Fig. 17a–c). We next benchmarked the quantitative performance across
different methods in identifying cell types and macrophage / hypoxia
niches based on external annotation labels (See Methods). Our results
show that SIMVI excels in both cell type identification and spatial niche

Fig. 5 | SIMVI uncovers functional niches and potential epigenetic repro-
gramming states in human melanoma. a Spatial visualization of the dataset
colored by cell types. Treg regulatory T cells, mDC myeloid dendritic cells, Mono-
mac monocyte-derived macrophages, pDC plasmacytoid dendritic cells. b UMAP
visualization of the SIMVI intrinsic variation colored by cell types. c UMAP and
spatial visualization of the SIMVI spatial variation, colored by annotation derived
from SIMVI spatial variation. d Bar plots showingmetric scores for the dataset. The
bar heights represent the average performance across 10 different random seeds,
with the error bars showing standard errors. †: Each individual metric from all
experiments is scaled to the range [0,1], then the final score is calculated as the
average of these rescaled values. *: The score is obtained by first averaging the
individual score values for each experiment, then rescaling the average score
across all experiments to the range [0,1]. e UMAP of the SIMVI spatial effect of the
ATAC modality, colored by cell types. f Bar plot showing distributions of tumor
2 state 1/2 in spatial niches. g Spatial distribution of tumor 2 state 1/2 cells, and
boxplot showing each cell’s log distance to nearest tumor 2 cells. n = 108, 139 for

state 1 and 2 cells respectively. The top/lower hinge represents the upper/lower
quartile and whiskers extend to the largest/smallest value within 1.5 × interquartile
range from the hinge. The median is shown as the center. A two-sided Mann-
Whitney U test was performed. U Statistic = 9.848 × 103. P-value = 2.614 × 10−5.
h Stacked violin plot showing log normalized gene expression in state 1 and 2.
Above the grey dashed line: representative genes in VEGFA-VEGFR2 signaling and
focal adhesion pathways. Below: transcriptional factors whose corresponding
motifs were enriched in differential peaks. i Dotplot showing GSEA (Gene Set
Enrichment Analysis) on Wikipathway for differentially expressed genes across
state 1 and 2. The adjusted P-values were calculated using EnrichR hypergeometric
test with Benjamini-Hochberg correction for multiple comparisons. j Volcano plot
showing enriched motifs across differential chromatin regions across the two
states of tumor 2. X axis indicates the difference of a motif’s frequency in state 1/2
differential peaks. P value of each motif was calculated by Chi-squared test across
differentially accessible chromatin regions in state 1/2 cells (n = 554, 346). Source
data are provided as a Source Data file.
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characterization, achieving the highest overall score. Moreover, multiple
runs of SIMVI result in consistent spatial niches marked by a high SIMVI
niche score (SeeMethods, Fig. 5d, Source Data). The advantage of SIMVI
disentangled representations over SIMVI full variation further highlights
the benefits of utilizing disentangled representations (Fig. 5d).

We extended the SIMVI spatial effect estimation procedure to
infer the epigenetic spatial effect. Noting the high noise of the ATAC-
seq dataset, we performed spatial effect estimation on its Latent
Semantic Indexing (LSI) components, aiming to reveal a global orga-
nization of spatial effect clusters. Surprisingly, our results highlight
two distinct clusters of tumor 2 in the epigenetic spatial effect space,
which we termed as state 1 and 2 (Fig. 5e). State 1 was mostly observed
in immune infiltrating microenvironments, whereas state 2 was pri-
marily localized in the non-immune-infiltrating tumor regions (Fig. 5f).
Compared with state 2, cells from state 1 also exhibited more spatially
dispersed distributions (Fig. 5g). Although these tumor states exhibit
distinct spatial distributions, they coexist within each spatial niche
(Fig. 5f), suggesting that they cannot be simply resolved by niche
identification analysis.

We further investigated the functions of differential genes / peaks
across state 1 and state 2 cells. The gene expression differences are
notably distinctive in the VEGFA-VEGFR2 signaling and focal adhesion
pathways (Fig. 5i). These pathways are crucially linked to the meta-
static capability and proliferation of tumor cells. The ATAC-seq dif-
ferential peaks between these two states display diverse yet subtle
functional enrichments, and relatively attenuated transcription start-
ing site (TSS) accessibility in state 1 (Supplementary Fig. 18). Our motif
analyses identified transcriptional factor (TF) motifs enriched specifi-
cally in state 2 (in particular the PITX2 motif, Fig. 5j), yet the gene
expression changes of these TFs were not observed (Fig. 5h). These
results provide evidences for a epigenetic reprogramming state in
tumor 2 cells, which also exhibits a focused shift in gene expressions.
This finding was not noted in the original study, likely relevant to
substantial noise in the ATAC data that even obscured the distinction
between tumor 1 and tumor 2 (Supplementary Fig. 17f,g). These results
highlight the power of SIMVI in characterizing spatial-dependent
states in spatial multi-omics datasets.

SIMVI uncovers spatial interactions in cohort Melanoma data
The second dataset we employed is our newly collected CosMx sam-
ples from 25 melanoma patients treated with immune checkpoint
inhibitors with various outcomes (Fig. 6a). The phenotype diversity
within this single spatial array makes it an ideal case to systematically
understand melanoma-associated spatial biology at a cohort level. In
the dataset, we observed reasonable overlap for non-tumor cells
across patients, while a huge heterogeneity of tumor cells across
patients is still evident (Supplementary Fig. 19a). Further exploratory
analyses revealed a cell type composition difference across patients
with different outcomes (Supplementary Fig. 19b).

The heterogeneity across tumors includes differences of both
intrinsic and spatial variations. Therefore, it constitutes a case where
positivity, the assumption for estimating spatial effects, is not satisfied.
Indeed,weobserved a higher positivity indexof all tumor cell subtypes
compared with non-tumor cell types (Supplementary Fig. 19i). Never-
theless, in this challenging case, we found that the SIMVI intrinsic
variation correctly merged tumor cells of the same subtypes (Fig. 6b,
Supplementary Fig. 19). Meanwhile, the SIMVI spatial variation cap-
tures the pattern of patient responses in non-tumor cells, while
separating tumor cells from different patients (Fig. 6c, Supplementary
Fig. 19). In our benchmarking, SIMVI achieves the best performance in
accurately identifying both cell types (via intrinsic variation) and
patient response labels (through spatial variation), leading to
improved overall performance (Fig. 6d, Source Data, see Methods).

The proportion of macrophages among all cells remained con-
sistent across patients with different outcomes, as opposed to other

prevalent non-tumor cell types (Supplementary Fig. 19a). Moreover,
tumor-associated macrophages (TAMs) are known as important indi-
cators for patient outcomes56,57. Based on these, we anticipate mac-
rophages contribute to patient outcomes through spatial-dependent
subpopulations, and therefore focused on spatial effect analysis for
macrophages. Our analyses delineated four states in macrophages,
characterized by canonical TAMmarkers (State 1: C1QC+, State 2: C1QC
+,LYZ+, State 3: LYZ+, state 4: SPP1+) (Fig. 6e), showing a clearer
representation than analyses using original counts (Supplementary
Fig. 20a). These states well aligns with existing knowledge on TAMs56,
whereC1QC+, LYZ+ and SPP1+macrophageswere categorized as tissue
resident, classical tumor-infiltrating, and angiogenesis macrophages
respectively56.Weobserved amonotonicly increasing tumor proximity
in macrophage states from 1 to 4 (Fig. 6f). This observation is sup-
ported by visualization of a representative patient sample, where SPP1
expression is primarily observed in macrophages adjacent to tumor,
and the other two markers are mostly observed in immune niches
(Supplementary Fig. 20c–e).

By comparing the expression of the canonical markers across
patients, we observed an increase of SPP1 and a decrease of LYZ in
patients with the worst outcome PD (progressive disease, Supplemen-
tary Fig. 20b). The pattern was also observed in SIMVI spatial effects
(Fig. 6g). A quantitative evaluation suggests an advantage of SIMVI
spatial effect over alternative baselines in predicting patient PD (pro-
gressive disease) outcome by either SPP1 or LYZ (Fig. 6g, see Methods).

Finally, we investigated the relationships between ligand-receptor
strength and gene spatial effects among non-tumor cells. The corre-
lation analysis reveals a statistically significant asymmetric relationship
between ligand-receptor strength and spatial effects across patients
and spatial niches (Supplementary Fig. 21), indicating a potential latent
trajectory for cell interaction machinery (Fig. 6h). Specifically, a high
strength of adhesion / extracellular matrix (ECM) signaling ligand-
receptor (LR) pairs (dominant in innate immune cells and tissue resi-
dent cells) induces major histocompatibility complex (MHC) signaling
genes. The high level of MHC related LR across all cell types further
activates chemokine signaling in lymphoid cells (Fig. 6h, Supplemen-
tary Fig. 21g). Other methods mostly recovered two regions and failed
to identify the asymmetric pattern (Supplementary Figs. 21, 22). This is
likely because alternative methods return “normalized expressions”
convolving intrinsic and spatial effects. We also found that the LR
strength from different stages in themachinery varies with the patient
outcome (Fig. 6i), which may be explained by the cell composition
difference across patient outcomes. This latent trajectory can be also
represented by gene pathways, suggesting a directed information
transfer landscape across cells in the tumor microenviron-
ment (Fig. 6j).

Discussion
We introduced SIMVI (Spatial Interaction Modeling using Variational
Inference), a powerful approach to disentangle intrinsic and spatial-
induced variations in spatial omics data. To the best of our knowledge,
SIMVI is the first model that shows capability for the task, enabling
further estimation of spatial effects at a single-cell level. SIMVI out-
performs alternative methods in terms of various quantitative metrics
and qualitative comparisons. We applied SIMVI to five real datasets
from different tissues and platforms, including MERFISH human cor-
tex, Slide-seqV2 mouse hippocampus, Slide-tags human tonsil, spatial
multiome human melanoma, and CosMx cohort-level melanoma.
SIMVI provides new biological insights for all analyzed datasets, with
notable findings in the latter three. Given the rapid development of
high-resolution spatial omics, we anticipate SIMVI to be of immediate
interest to the spatial omics community.

SIMVI was designed to handle spatial omics data with single-cell
resolution, such as imaging-based spatial omics data and high-
resolution sequencing-based spatial omics data like Slide-tags10 and
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Stereo-seq11. SIMVI may encounter limitations when applied to lower-
resolution spatial omics datasets, but these challenges could poten-
tially be addressed by incorporating complementary methods. One
limitation is that these datasets have more than one cell in each pixel,
which may obscure the cellular interactions and make the spatial

gradient and gradual shifts in cell composition difficult to distinguish.
Another limitation is that some of these technologies may have non-
negligible gaps between pixels, which restricts the interpretation of
local interactions between observed pixels. To address these limita-
tions, advanced deconvolution methods such as Tangram58, CARD59,

Fig. 6 | SIMVI characterizes macrophage subtypes and reveals cell interaction
landscape in cohort-level spatial melanoma profiles. a Overview of the dataset
(left), spatial visualizationof thedata colored by annotated patient ID and cell types
(right). NK natural killer cells, Treg regulatory T cells, pDC plasmacytoid dendritic
cells. b UMAP visualization of the SIMVI intrinsic variation, colored by cell types.
c UMAP visualization of the SIMVI spatial variation, colored by response to treat-
ment. The response to treatment was defined as disease progression (PD), stable
disease (SD), partial or complete response (PR, CR), as described in prior
publications89. d Bar plots showing metric scores for the dataset. The bar heights
represent the average performance across 5 different random seeds, with the error
bars showing standard errors. †: Each individual metric from all experiments is
scaled to the range [0,1], then the final score is calculated as the average of these
rescaled values. e UMAP visualization of the SIMVI spatial effect, colored by

annotatedstates and spatial effect of representativegenes. fViolinplot showing the
relative tumor adjacency (defined as the tumor cell ratio within nearest 10 neigh-
bors) across different states. g Violin plots showing the spatial effect of SPP1 and
LYZ grouped by patient outcomes (upper); Receiver Operating Characteristic
(ROC) curves comparing SIMVI spatial effects of SPP1 and LYZ andothermethods in
classifying PD condition (lower). SE spatial effect. h Spearman correlation map
across representative genes and ligand-receptor pairs. ECM Extracellular Matrix;
MHC Major Histocompatibility Complex. i Violin plot of representative ligand-
receptor strength across patient outcomes. j Dotplot showing KEGG (Kyoto Ency-
clopedia of Genes and Genomes) gene set enrichment analysis of genes and ligand-
receptor pairs. The adjusted P-values were calculated using EnrichR hypergeo-
metric test with Benjamini-Hochberg correction for multiple comparisons. LR
ligand-receptors. Source data are provided as a Source Data file.
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and DestVI60 could help reveal the single-cell profile within each pixel
by using scRNA-seq references. Moreover, computational techniques
thatmodel the spatial image and spatial transcriptomics datasets, such
as XFuse61 and TESLA62, may be extended to provide imputations for
cells not covered by pixels.

While our spatial effect estimation procedure was based on linear
models, othermoreadvancedmachine learningmodels canbedirectly
adopted through the double machine learning framework. However,
the useof non-linearmodelsmight raise complexities related tomodel
overfitting and interpretation63. Additionally, fine-tuning of trained
SIMVI models on scRNA-seq datasets may facilitate niche annotation
and spatial effect identification in single-cell sequencing datasets64.
The spatial effect may require careful interpretation, as it could arise
from different biological mechanisms such as cell migration and
ligand-receptor interaction. Leveraging established gene interaction
relationships (e.g., ligand-receptor)65–69 can aid in interpretation of the
observed spatial effects. Incorporating prior knowledge into the SIMVI
model may also enhance SIMVI’s power in challenging spatial omics
datasets, where intrinsic and spatial variations substantially coincide.

Methods
The SIMVI model
We now provide a more detailed description of the SIMVI model. Let
X 2 Rn×p denote the count matrix of a spatial omics dataset, where n
is the number of cells/points and p is the number of genes. The
coordinate matrix of cells/points is represented by C 2 Rn× 2, with Ci

indicating the (x, y) coordinates of cell i. We preprocess the spatial
information to construct a k-nearest neighbor graph (k = 10 through-
out the study): G = (V, E), where the vertex set is V = {1, …, n}, and the
edge set E consists of ordered pairs (i, j) with i, j ∈ V. The neighbors of
cell i aredefined asN(i) = {j∣(i, j)∈ E}. Using these notations, weproceed
to describe the generative model and inference procedure of SIMVI.

Generativeprocess. In thiswork,we consider the followinggenerative
process formodeling the distribution of entries xi

g (cell i, gene g) in the
count matrix of spatial omics data, given the graph G:

z � Normal ð0, IÞ

π : permutation , pðπjz,GÞ= 1
Z
UGðzπÞ

sijz � Normal ðAzπðNðiÞÞ,ΣsÞ
li � LogNormal lb

i

μ , l
bi

σ

� �

ρi = f ðzπðiÞ, si, biÞ
wi

g � Gamma ðρi
g ,θg Þ

yig � Poisson ðliwi
g Þ

hi
g � Bernoulli f ghðzπðiÞ, si,b

iÞ
� �

xig = hi
gy

i
g

ð1Þ

In the generative process, z = [z1, z2, …, zn] represents the intrinsic
variation for all cells. zi 2 Rd1 follows i.i.d. standard normal distribu-
tions, thus is independent of G. To further incorporate the possible
spatial dependence, the generative process includes a probabilistic
permutation π allocating zi to spatial locations π(i). The permutation π
is sampled from the distribution 1

Z UGðzπÞ, accounting for intrinsic cell
information z and spatial proximity G. After the permutation, zπ(i)

represents the intrinsic information of the cell at node i.
si represents the spatial variation of the cell at node i. It depends

on the neighborhood intrinsic variation zπ(N(i)), and follows a normal
distribution with the form shown in (1), where the matrix A 2 Rd2 × kd1 ,
and the covariancematrixΣs 2 Rd2 ×d2 is positive definite.bi represents
experimental covariates such as batch label. The library size is mod-
eled as a latent variable following log normal distribution with para-
meters lb

i

μ , l
bi

σ , following the scVI design41. In practice, we have found

the statistical estimation of library size li is usually sufficient. In this
case, li can be fixed as the observed library size of cell i. ρi = f(zπ(i), si, bi)
represents the expectation of scaled gene expression. The function f
employs a soft-max layer so that ρi has positive entries that sum to 1.
θ 2 Rp specifies the gene-specific shape parameter of the Gamma
distribution.hi

g represents the zero inflation level. Together, xig follows
a zero-inflated negative binomial (ZINB) distribution, parametrized by
functions of (zπ(i), si, bi, li). The generative process of SIMVI mostly
follows the scVI framework41,70, with the addition of the probabilistic
spatial assignment π and the spatial variation s.

Approximate posterior inference of SIMVI. In order to infer the
parameters in the generative process, we approximate the posterior
distribution via variational inference. The posterior distribution is
approximated to be of the following factorized forms:

qΦðzπi, si, lijxi, xNðiÞ,biÞ = qΦðzπijxi,biÞqΨðsijxNðiÞ,bNðiÞÞqΦl
ðlijxi,biÞ

qΦðzπijxi,biÞ : zπi � N ðϕ1ðxi,biÞ,ϕ2ðxi,biÞÞ
qΨðsijxNðiÞ,bNðiÞÞ : si � N ðψ1ðϕ1ðxNðiÞ,bNðiÞÞÞ,ψ2ðϕ2ðxNðiÞ,bNðiÞÞÞÞ
qΦl

ðlijxi,biÞ : li � exp N ðϕl1ðxi,biÞ,ϕl2ðxi,biÞÞ
� �

ð2Þ

Here (Φ, Ψ, Φl) denotes neural network weights that determine the
variational posterior, composed of ((ϕ1, ϕ2), (ψ1, ψ2), (ϕl1, ϕl2)) as
shown above. Our treatment of zi and li aligns with the scVI family of
models41,70. In SIMVI, we additionally model the spatial variation si
using transformed cell neighborhood gene expression ϕ1(xN(i)), where
ϕ1 encodes the expectation term of intrinsic variation. Such a design
enforces the spatial variation to be determined by the intrinsic varia-
tion in the cell neighborhood. We use a one-layer graph attention
network (GAT) with dynamic attention40 to model the variational
posterior ψ1, ψ2. Finally, we note that the constructed variational
posterior directly starts from zπ and does not explicitly model z and π.
Consequently, the variational posteriors are best viewed as descriptive
models of the previously outlined generative process.

After the factorization, we derive the evidence lower bound
(ELBO) as follows. Instead of considering each cell, we consider ELBO
of the full likelihood. As samples in the generative process are not
independent, the full likelihood is not a simple sum of individual
likelihoods. In the derivation of the ELBO, terms without an upper
index represent those from all data points.

logpðxjb,GÞ= log
Z

pðx, zπ , s, ljb,GÞdzdπdsdl

= log
Z

pðx, zπ , s, ljb,GÞqðzπ , s, ljx,b,GÞ
qðzπ , s, ljx,b,GÞ dzdπdsdl

≥
Z

qðzπ , s, ljx,b,GÞ logpðx, z
π , s, ljb,GÞ

qðzπ , s, ljx,b,GÞ dzdπdsdl

=
Z

qðzπ , s, ljx,b,GÞ logpðxjz
π , s, l,b,GÞpðzπ , s, ljb,GÞ
qðzπ , s, ljx,b,GÞ dzdπdsdl

=Eqðzπ , s, ljx, b,GÞ logpðxjzπ , s, l,b,GÞ � DKLðqðzπ , s, ljx,b,GÞjjpðzπ , s, ljb,GÞÞ
=Eqðzπ , s, ljx, b,GÞ

X
i

logpðxijzπðiÞ, si, li,bi,GÞ � DKLðqðzπ jx,b,GÞjjpðzπ jb,GÞÞ

� DKLðqðsjzπ , x,b,GÞjjpðsjzπ ,b,GÞjqðzπ jx,b,GÞÞ
�

X
i

DKLðqðlijxi,biÞjjpðlijbiÞÞ: ð ELBOÞ

ð3Þ

For the first KL divergence term, we have

DKLðqðzπ jx,b,GÞjjpðzπ jb,GÞÞ= �
Z

qðzπ = zjx,b,GÞ log pðzπ = zjb,GÞ
qðzπ = zjx,b,GÞdz: ð4Þ

Considering the term p(zπ = z∣b, G), we have

pðzπ = zjb,GÞ=
X
π

pðz = zπ�1 jb,GÞpðπjz = zπ�1
,b,GÞ ð5Þ
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Because zijb,G � N ð0, IÞ are i.i.d. across different i, pðz = zπ�1 jb,GÞ is a
constant with respect toπ, and equalsp(z = z∣b,G). Moreover, from the
definition of π, pðπjz = zπ�1

,b,GÞ=UGðzÞ=Z is also a constant with
respect to π. The total number of π is n!. Therefore we have

pðzπ = zjb,GÞ= n!
Z
pðz = zjb,GÞUGðzπ

�1�πÞ= n!
Z
pðz = zjb,GÞUGðzÞ: ð6Þ

Altogether, this KL divergence term equals

�
Z

qðzπ = zjx,b,GÞ logn!pðz = zjb,GÞUGðzÞ
qðzπ = zjx,b,GÞ dz

=
X

i
DKLðqðzπijxi,bi,GÞjjN ð0, IÞÞ+

Z
qðzπ = zjx,b,GÞ log 1=n!

UGðzÞ=Z
dz

=
X

i
DKLðqðzπijxi,bi,GÞjjN ð0, IÞÞ+Eqðzπ jx,b,GÞ log

1=n!
UGðzπÞ=Z

ð7Þ

Our derivation shows that the KL divergence regarding z can be
decomposed into two parts. The first part coincides with the KL
divergence term in vanilla VAEs and scVI41, while the second term
is minimized when UG(zπ) achieves maximum under the varia-
tional posterior q(zπ∣x, b, G). In practice, we only used the first
part in the loss function for two reasons. First, the function U is
not tractable in practice; second, if the variational posterior
q(zπ∣x) well characterizes individual observations, then it should
automatically capture the underlying colocalization pattern, i.e.,
UG(zπ) is large.

For the second KL divergence term, we have

DKLðqðsjzπ , x,b,GÞjjpðsjzπ ,b,GÞjqðzπ jx,b,GÞÞ
=
X
i

DKLðqðsijx, b,GÞjjN ðAzπðNðiÞÞ,ΣsÞjqðzπ jx,b,GÞÞ

=Eqðzπ jx, b,GÞ
X
i

DKLðN ðψ1ðϕ1ðxNðiÞ, bNðiÞÞÞ,ψ2ðϕ2ðxNðiÞ,bNðiÞÞÞÞjjN ðAzπðNðiÞÞ,ΣsÞÞ
ð8Þ

As A, Σs are not known in priori, the term is not tractable in general.
Therefore, we instead formulate a penalty term regularizing the var-
iational posterior towards standard normal distribution with a small
coefficient α (0.01 in this study). This coincides with (8) when
A = 0, Σs = I. Such a regularization with a small weight is also applied in
state-of-the-art vision models such as latent diffusion71.

αEqðzπ jx,b,GÞ
X
i

DKLðN ðψ1ðϕ1ðxNðiÞ, bNðiÞÞÞ,ψ2ðϕ2ðxNðiÞ,bNðiÞÞÞÞjjN ð0, IÞÞ

=α
X
i

DKLðN ðψ1ðϕ1ðxNðiÞ,bNðiÞÞÞ,ψ2ðϕ2ðxNðiÞ,bNðiÞÞÞÞjjN ð0, IÞÞ
ð9Þ

In summary, we have derived the (effective) ELBO of the SIMVI model,
which can be indeed decomposed for each cell i, after dropping the
term associated with UG:

ELBO for cell i=Eqðzπ , s, ljx,b,GÞ logpðxijzπðiÞ, si, li,bi,GÞ � DKLðqðzπijxi, bi,GÞjjN ð0, IÞÞ
� αDKLðqðsijxNðiÞ,bNðiÞ,GÞjjN ð0, IÞÞ � DKLðqðlijxi,biÞjjpðlijbiÞÞ

ð10Þ

Optimizing solely ELBO is not enough to achieve disentanglement. In
particular, the inferred intrinsic variation may encompass all infor-
mation in the dataset, if no additional constraints are specified. Our
theoretical analysis shows that, themodel identifiability can indeed be
achieved, when the intrinsic variation z encodes minimal information
(Supplementary Note 1). In order to incorporate this into the SIMVI
objective, we utilize an independence regularization term between s
and z, and only regularize z by the term.We implement two versions of
the regularization, utilizing closed-form mutual information and
kernel maximum mean discrepancy (MMD) respectively. The expres-
sions for both are introduced as follows.

1. Closed-form mutual information. Assuming [z, s] follows joint
Gaussian distribution, the mutual information term can be

derived analytically:

Iðz, sÞ= 1
2
log

det Σ̂s det Σ̂z

det Σ̂½z, s�
, ð11Þ

where Σ̂z , Σ̂s, Σ̂½z, s� denote the sample covariance matrices for
z, s, [z, s] respectively. If [z, s] follows a joint Gaussian distribu-
tion, then this term can be viewed as a closed-form estimator of
mutual information. Even when [z, s] does not follow a joint
Gaussian distribution, it still serves as a meaningful measure of
the dependency between z and s.

2. Kernel MMD based independence regularization. We consider
the regularization of the following form:

Iðz, sÞ= MMD ðpð½z, s�Þ, N ð0, IÞÞ: ð12Þ

Where the function MMD is defined as:

MMD ðpðxÞjjqðxÞÞ=EpðxÞ, pðx0 Þkðx, x0Þ+EqðxÞ, qðx0 Þkðx, x0Þ
� 2EpðxÞ,qðx0 Þkðx, x0Þ: ð13Þ

Here k indicates Gaussian kernel function with the denominator
equal to the dimension number, consistent with the setting in
InfoVAE72. The MMD based independence regularization jointly
enforces Gaussianity and the independence between z and s.

To enforce meaningful disentanglement, we only apply the reg-
ularization term on z. The resulting optimization problem is for-
mulated as follows:

Loss for ðϕ1,ϕ2Þ= � ELBO +βIðz, sÞ;
Loss for ðψ1,ψ2Þ and for other parameters = � ELBO:

ð14Þ

Wefinalize by noting that the train / validation set construction and the
mini-batch setting for the SIMVI model is different from most scVI-
based models73,74. This arises from the fact that a general connected
graph does not admit a natural partitioning scheme. In this work, in
order to define train and validation sets or mini-batches, we adopt the
semi-supervised node classification framework for graph neural
networks75. Specifically, the full dataset is fed into the SIMVI model
to compute the intermediate cell-level outputs (embeddings) for each
cell. The cell-level outputs are then divided into training and validation
sets, with each further segmented into mini-batches. During model
training, the loss function is computed using only the embedding
outputs from cells in the training set.

Permutation-based pretraining. SIMVI also provides an option to
employ the denoising autoencoding scheme76 as a pretraining step.
Specifically, we first sample a subset of genes in each training batch,
and then permute the gene values across cells. This step adds noise in
the training data while still preserving the marginal distribution of
genes. Then the model is trained to reconstruct the original data from
this noisy version of data.

Spatial effect identification with SIMVI. The spatial effect, i.e., the
gene expression changes due to spatial microenvironment, is usually
determined by both intrinsic and spatial variations of a cell. We propose
to estimate the spatial effect via continuous treatment effect estimation
framework in causal inference43. The methodology we employ (arche-
type transformation, and partial regression) is also described in Sup-
plementary Note 2 with an emphasis on themathematical foundation. A
related task toours is the treatment effect estimationproblem for single-
cell RNA-seq data77,78; however, a key distinction in our case is that the
“treatment”, namely SIMVI spatial variation, is inferred from the model.
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We first use archetypal analysis47 to transform the SIMVI spatial
variation s into archetype weight representation s0 using the py_PCHA
package (v1.0.3)47. The number of archetypes is customized across
datasets in our study. We set δ = 0.1 consistent with the PCHA usage
example to increase the tolerance for archetypes outside data support.
We further adjust the default setting to reduce the number of itera-
tions (conv_crit=1E-5, maxiter=200 compared with the default con-
v_crit=1E-6, maxiter=500). All other parameters are selected as PCHA
defaults.

Then we use linear regression to fit the two models and obtain
residuals �Y ,�s0:

Y � Ŷ ðzÞ, s0 � ŝ0ðzÞ; �Y = Y � Ŷ ðzÞ, �s0 = s0 � ŝ0ðzÞ: ð15Þ

Here Y represents log normalized expression of a gene (or any com-
patible term of interest), z represents the covariate, which is the SIMVI
intrinsic variation, optionally concatenating other covariates; s0

represents the transformed archetypal weight vector. After we
obtained residuals �Y ,�s, we run a linear regression model

�Y �
X
j

�s0jzβj + cj�s
0
j: ð16Þ

After the model parameters are obtained, the spatial effect can be
obtained as:

X
j

�s0jzβj + cj�s
0
j: ð17Þ

The coefficient of determination, R2, for intrinsic variation is repre-
sented as R2ðY , Ŷ ðzÞÞ, while the R2 for spatial variation is denoted by
R2ð�Y ,Pj�s

0
jzβj + cj�s

0
jÞ. All linear regression models in our study were

implemented using sklearn.linear_model.LinearRegression
(scikit-learn v1.2.2).

We further developed an “individualmode” to estimate the spatial
effect for each archetype. In this case, we have one regression model
for each archetype on the residual �Y :

�Y � �s0jzβj + cj�s
0
j ð18Þ

After fitting all regression models, the spatial effect is still obtained as
the sum

P
j�s

0
jzβj + cj�s

0
j , whereas the R2 for each gene is defined as the

max R2 among all archetypes. Our analysis revealed high concordance
between spatial effects generated by the original and individualmodes
(Supplementary Fig. 11c). Therefore we used the individual mode
throughout the study, leveraging its enhanced capacity to estimate
spatial effects for each archetype. Tohighlight the distinction between
intrinsic variable genes and spatial-induced genes in theR2 scatter plot,
we labeled genes with intrinsic variation R2 larger than a threshold as
“Intrinsic-specific”. We further labeled outlier genes from Huber
regression (scaled residual larger than a threshold) as “Spatial-
induced”.

Finally, we provide an option to derive label-based positivity
scores to evaluate the feasibility of spatial effect estimation for each
cell. Amathematical formulation is provided in SupplementaryNote 2.
The cell-level positivity index involves the selection of two thresholds:
thres1, which is used in filtering out archetypes, and thres2, which is
applied in filtering out individual cells. An evaluation on the real Slide-
seqV2 dataset suggests that the spatial regions violating positivity
(archetypes with high positivity index) remain stable with respect to
the clustering resolution (Supplementary Fig. 14c).

MERFISH human cortex dataset
We downloaded the data from https://datadryad.org/stash/dataset/
doi:10.5061/dryad.x3ffbg7mw. We used the following samples from

the dataset: MTG sample: H18.06.006.MTG.4000 rep1-3, with 11059
cells in total and 4000 genes; STG sample: H19.30.001.STG.4000 rep1-
3, with 14924 cells in total and 4000 genes. The cell type label was
provided in the dataset named cluster_L1. We annotated the layers by
manual segmentation, referring to the cell subtype annotations pro-
vided in the dataset (cluster_L2), which additionally labeled layers of
excitory neurons and subtypes of inhibitory neurons. We further
derived a local niche annotation based on MYH11 expression. In the
MTG dataset, we labeled cells with log normalized MYH11 expression
≥1 as “MYH11+”, and the remaining as “MYH11-”. In the STGdataset, due
to the overall higher sparsity, we labeled all cells expressingMYH11 as
“MYH11+”, and the remaining as “MYH11-”. We conducted a thorough
parameter sweeping study using MTG and STG samples to better
understand the SIMVI performance under different model configura-
tions, with details available in Supplementary Note 3.

We included a variety ofmethods in the benchmarking apart from
SIMVI, including Harmony (harmonypy v0.0.9), scVI (scvi-tools
v0.16.1), MEFISTO (mofapy2 v0.2.0), NSF (Commit id: 2c656a72b3b-
ba6f2c7af1ec121a832011a541d75), SpiceMix (Commit id: aea69f8081-
f33e8ca64b734c680804db907ed4eb), GraphST (v1.1.1), STAGATE
(v1.0.1), CellCharter (Implemented using scvi-tools v0.16.1)21–24,26,41,46,
and included a list of baselines that adds a batch integration step for
methods do not address batch correction (GraphST + Harmony,
STAGATE + Harmony, SpiceMix + Harmony). We further tested batch-
correcting scVI-backbone models that do not incorporate intrinsic
variation but include covariate labels instead (Graph Only; Graph Only
+ cell type 1; Graph Only + cell type 2). We tested all methods using the
same set of 10 random seeds. For all methods that transform spatial
information into graphs (SIMVI, SpiceMix, GraphST, STAGATE, Cell-
Charter, GraphST + Harmony, STAGATE + Harmony, SpiceMix + Har-
mony, Graph Only, Graph Only + cell type 1, Graph Only + cell type 2),
we used a k-NN graph encoding spatial proximity with k=10. For the
remaining methods that require spatial locations (MEFISTO, NSF), we
combined the datasets and positioned different samples at sufficiently
distant locations. For scVI-based approaches (SIMVI, scVI, CellCharter,
Graph Only, Graph Only + cell type 1, Graph Only + cell type 2) that
involve mini-batch training, we used the same number of training
epoches (100) and the same batch size (500). We used the default set
of parameters of SIMVI (Supplementary Note 3), with 25 pretraining
epoches. We used default settings for Harmony and applied it on the
PCA embedding of log normalized expression of all 4000 genes. For
scVI, we used a compatible setting with the SIMVI setting that is also
similar to scVI default, with latent space dim = 20, number of encoder
and decoder layers = 2. For methods that involve normalization
(MEFISTO, NSF, GraphST, STAGATE, SpiceMix), we used log normal-
ized counts by Scanpy (v1.9.3) default. For MEFISTO and NSF, we used
100 and 500 inducing points respectively (Gaussian likelihood for
NSF), with the spatial variation dim = 10. We observed that the version
of NSF we used that outputs both spatial and non-spatial variations
(NSFH) outputs NaN for the non-spatial part. Therefore, only the spa-
tial part is used in our benchmarking. We used default parameter
settings for GraphST and STAGATE. For SpiceMix, we used k-means
initialization, and a compatible parameter setting with SIMVI, namely
K = num_pcs = 20. For CellCharter, we leveraged the trained scVI
embeddings and used the first order neighborhood and set the
aggregation function as mean aggregation. For (GraphST + Harmony,
STAGATE + Harmony, SpiceMix + Harmony), we utilized the formerly
trained embeddings from GraphST, STAGATE, and SpiceMix as inputs
for Harmony, applying a fixed random seed for Harmony. For (Graph
Only, Graph Only + cell type 1, and Graph Only + cell type 2), latent
space dim = 20, and all remaining applicable parameter settings were
consistent with those of SIMVI.

We defined a list of benchmarking scores for evaluating perfor-
mances across different methods. Each score is an ensemble of batch
correction or biological preservation metrics implemented in scIB79.
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Specifically, we used graph connectivity, silhouette batch / label, and
KBET (k-nearest-neighbor batch-effect test) as batch correction
metrics, and Leiden NMI (normalized mutual information), Leiden ARI
(adjusted Rand index), Silhouette label as biological preservation
metrics. All the metrics were implemented by the scib-metrics Python
package (v0.3.3)79. Batch correction metrics require both batch and
biological annotation labels as inputs, and were applied to datasets
containing multiple batches. In contrast, biological preservation
metrics only require biological annotation labels, and were applied to
both single-batch and multi-batch datasets.

We defined three aggregation rules for summarizingmetrics as final
scores. Scores without auxillary labels indicate that it is a result of aver-
aging metrics without rescaling. Scores labeled as * indicate that it is a
result of averaging metrics and then rescaling the score to have min 0
and max 1. Scores labeled as † indicate that it is an average of rescaled
metrics with min 0 and max 1. Using the aggregation rules, we derived
four scores evaluating batch correction, cell type preservation, layer
preservation, and local structure (MYH11+/− label) preservation respec-
tively. These scores are further summarized as total scores by the
describedaggregation rules. ForSIMVI,weassessedbatchcorrectionand
cell type preservation using the intrinsic variation, while layer and niche
preservationperformanceswereevaluatedbasedon the spatial variation.

We performed the archetype transformation in the dataset with
number of archetypes = 7. Then we computed the spatial effect and
associated R2s as previously described, with covariates as the con-
catenation of SIMVI intrinsic variation and one-hot labeling of the cell
subtype annotation. Genes with log normalized mean expression lar-
ger than 0.1 (1561 genes in total) were used in the analysis. The spatial
effect of astrocytes fromreplicate 1was binned into 25 segments based
on spatial Y coordinates and subsequently clustered using k-means
(k = 8) to generate gene clusters 0–7. For baseline models, normalized
counts (NC) represents log normalized original expression, and scVI /
NCEM NC represent the normalized expression returned by either a
scVI or a Graph Only + cell type model as previously described. We
implemented two additional linear regression baseline models: one
regressing log-normalized expression against the concatenationof cell
subtype label and SIMVI spatial variation, and another regressing log-
normalized expression against the concatenation of cell subtype and
archetype weights of SIMVI spatial variation. We computed Spearman
correlation and Kendall’s tau between spatial coordinates and each
gene from different models’ output (without binning) of replicate 1
astrocytes.We computed the enrichment ofWikipathway2023Human
gene set using EnrichR wrapped by GSEAPY (v0.10.8)80,81.

Slide-seqV2 mouse hippocampus dataset
We acquired the annotated dataset in AnnData format from Squidpy82.
As the dataset does not provide raw counts, we additionally accessed
the raw count matrix from the Broad single-cell portal. An anatomic
map from the Allen Mouse Brain Atlas83 (P56, Coronal, Image 74, plate
= 100960228) was downloaded and shown in Fig. 2e. In the analyses
from the original work8, it has been noted that not all pixels corre-
spond to individual cells. Instead, they can represent subcellular
structures such as dendrites8. As a result, we applied a strict filtering
scheme by including the top 2000 highly variable genes (via Scanpy
default) and included cells with at least 20 highly variable genes. Our
preprocessing scheme yielded to 32838 cells and 2000 genes. As the
dataset only contains one batch, a smaller list of methods were inclu-
ded for comparison (scVI, MEFISTO, NSF, SpiceMix, GraphST, STA-
GATE, CellCharter, Graph Only, Graph Only + dominant cell type label
(NCEM)21–24,26,34,41). We note that here due to the absence of batch
labels, the Graph Only model here does not have condition variables,
and the GraphOnly + cell typemodel uses the dominant cell type label
from prior deconvolution. MEFISTO was not included due to its
extensive time and memory usage. Due to the larger dataset size, we
chose a larger batch size (2000) for scVI-based approaches. Other

details of implementation were the same as those adopted in the
MERFISH benchmarking.

We visualized SIMVI and two other top performers’ (GraphST,
CellCharter) Leiden clustering results. The clustering resolutions were
manually picked for best consistency with the Allen Mouse Brain Atlas
annotation. Based on the SIMVI clustering results, we defined two
scores. One is the niche preservation score that accounts for all clus-
ters shown in the SIMVI panel of Supplemental Fig. 8e (All niche score);
the other is based on the subset of SIMVI clusters that show clear
spatial structures and aligns with the Allen Brain Atlas Annotation
(cluster 7,8,9,10,11,12,13,14, Supplementary Fig. 8e), which we term as
Selected niche score. The scores were defined as aggregation of bio-
logical preservationmetrics using cluster labels. To avoidconfirmation
bias, in the benchmarking,weexcluded the SIMVI run used to generate
the clustering results.

We further used the existing deconvolution results provided in
Squidpy to derive an annotation for CA/DG regions and their neigh-
borhoods and compared with the clustering results. Specifically, for
each cell, we computed a score by summing its own deconvolution
ratios (CA / DG) with 1.5 times the average of its 10 nearest neighbors.
We then applied thresholds to the scores, resulting in spatially smooth
structures corresponding to CA and DG regions (Supplementary
Fig. 8b, c). We further calculated the relative distance between CA, DG
and their neighborhood by Silhouette label score. For spatial effect
analysis, we used the same parameter setting as those adopted in
MERFISH data analysis (with the exception of archetype number = 20),
with covariates as the concatenation of SIMVI intrinsic variation and
the prior deconvolution results. We further calculated the binary
positivity index with thres1 = 0.95, thres2 = 0.5.

Slide-tags human tonsil dataset
We downloaded the dataset along with metadata from Broad Institute
Single Cell Portal under the accession number SCP216910. The data
consists of 5778 cells. We selected the top 4000 highly variable genes
from the dataset by Scanpy default. We applied the same set of
methods as those in the Slide-seqV2 section. The training settings of all
methods were consistent as those used for the MERFISH dataset, with
the exception of the batch size for scVI-based methods (SIMVI, scVI,
Graph Only, Graph Only + cell type) was set to 1000. We used the
Leiden clustering result from SIMVI spatial variation to define the
SIMVI niche shown in Fig. 4c. To define the germinal center B cell
subset used in Fig. 4d, we first selected the cells that were labeled as
germinal center B cells in the original annotation, and then filtered out
possible doublet clusters that express CD247 and FDCSP respectively.
We used the Leiden clustering result from SIMVI full variation to define
the germinal center B cell phases. For the likelihood analysis in Sup-
plementary Fig. 15d, we usedMELD (v1.0.2)84 to compute a graph filter
that smooths a signal on graph defined by embeddings.We usedMELD
toderive a continuous dark zone likelihoodby applying the graph filter
estimated from SIMVI spatial variation on the one-hot dark zone label.
The parameter β is set as 80, and all other parameters were consistent
with the MELD default.

To benchmark across different methods, we derived three scores
evaluating the cell type preservation, nichepreservation, andGCphase
preservation (within the set of GC B cells) respectively. The definitions
of these scores are consistent with the descriptions in previous sec-
tions. Tominimize the confirmation bias, we did not include the SIMVI
run that was used to generate the annotation results.

Spatial multiome melanoma dataset
We downloaded the dataset along with metadata from Broad Institute
Single Cell Portal under the accession number SCP217610. The data
consists of 2535 cells. We selected the top 2000 highly variable genes
from the dataset by Scanpy default. We applied the same set of
methods as in the Slide-seqV2 and Slide-tags human tonsil section.
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Apart from disentangled SIMVI representations, we further incorpo-
rated the full SIMVI variation in the benchmarking.We used the Leiden
clustering result from SIMVI spatial variation to define the SIMVI niche
shown in Fig. 5c. We derived the tumor niche label and the micoen-
vironment label (hypoxic or not for tumor 1) by manually segmenting
the spatial region (Supplementary Fig. 16a). All implementation details
were consistent with those in Slide-tags human tonsil data. To
benchmark across different methods, we defined four scores evaluat-
ing the cell type preservation, macrophage state preservation (across
tumor 1 and tumor 2 regions), hypoxia state preservation (within
tumor 1), and SIMVI niche preservation (using the clustering labels
derived from SIMVI) respectively. The definition of these scores are
consistent with the descriptions in previous sections. To minimize the
confirmation bias, we did not include the SIMVI run used to generate
the SIMVI niche annotation in the benchmark.

For the ATAC modality preprocessing, we performed TF-IDF
transformation on the provided peak matrix10 and computed the LSI
components. We observed that removing the first LSI component has
almost no effect on the data embedding (Supplementary Fig. 17f).
Therefore we used all LSI components in subsequent analysis. We
computed the spatial effect of the LSI components and log normalized
gene expressions (number of archetypes = 8 in both cases) with cov-
ariates as the concatenation of SIMVI intrinsic variation and one-hot
labeling of the cell type annotation. The state 1 and 2 were annotated
by Leiden clustering of the ATAC spatial effect (Supplementary
Fig. 17g). We performed differential analysis on the gene expression
and ATAC peaks using sc.tl.rank_genes_groups with default
settings. We next computed the Wikipathway enrichment for differ-
ential ATAC peaks (transformed to overlapping genes by Ensembl
RESTAPI85 and gene transcription starting sites by themain annotation
file from GRCh38.p1486) and differentially expressed genes using
EnrichR wrapped by GSEAPY80,81. Motifs were annotated with JASPAR
2020 using the ChromVar (v1.18.0) implementation87,88.

CosMx melanoma dataset
Statistics and reproducibility. This study complies with all relevant
ethical regulations and was approved by the Yale Human Investigation
Committee protocol #9505008219, conducted in accordance with the
Declaration of Helsinki. Informed consent was obtained from all
patients for the use of their tissue specimens for research purposes.
Tissue specimens from 60 melanoma patients treated with immune
checkpoint inhibitors were placed in a tissue microarray (TMA) block.
Representative tumor areas were identified by a board-certified
pathologist and 0.6-mm cores from each tumor block were used.
Patients were treated between 2011 and 2016. The data cutoff date was
September 1, 2017 and the median follow-up time was 20.1 months.
The cohort consisted of retrospectively serially identified patients
without stratification or matching. Clinicopathologic information was
collected fromclinical records andpathology reports89. Slices from the
block were submitted to NanoString for CosMx spatial profiling. The
SIMVI analysis was performed on 25 melanoma patient samples that
were co-profiled on one CosMx slide. No data were excluded from the
analyses. No statistical method was used to predetermine sample size.
The investigators were not blinded to allocation during experiments
and outcome assessment. The dataset used contains samples from 16
male patients and 9 female patients, ages ranging from 35-90. Our
analysis focused on demonstrating SIMVI’s power on unsupervised
biological discovery, therefore sex and gender analysis was not con-
sidered in our study. Among these patients, 11 patients received ipili-
mumab and nivolumab in combination (IPI+NIVO), 13 received
pembrolizumab (PEMBRO), and one patient received nivolumab
(NIVO) alone. CosMx Human Universal Cell Characterization RNA
Panel was used as the SMI reagent. This panel included genes for cell
typing and mapping (243 genes), cell state and function (269 genes),
cell-cell interaction (435 genes), and hormone activities (46 genes). No

statistical methods were used to predetermine sample size. The data
was divided into 11 categories of non-tumor cells and six subclasses of
tumor cells by NanoString. The preprocessed dataset consisted of
56,761 cells and 960 genes.

Data analysis. The dataset is composed of only one batch but contains
samples from different patients. Therefore we included a slightly dif-
ferent list for benchmarking (Harmony, scVI, scVI using patient label,
GraphST, STAGATE, Graph Only, Graph Only + cell type, Graph Only +
patient ID, SIMVI). NSF and SpiceMix were not included due to their
extensive usage of time and memory, and previous benchmarking
results showing that they prioritize intrinsic information and do not
have a notable advantage over scVI. Apart from disentangled SIMVI
representations, we further incorporated the full SIMVI variation in the
benchmarking. We trained the SIMVI model with default settings with
the pretraining epoch number = 75. Other training settings of all
methods were consistent as those used for the MERFISH dataset, with
the exception of the batch size for scVI-based methods (SIMVI, scVI,
Graph Only, Graph Only + cell type) was set to 5000. We defined the
cell type score as the scIB total score for batch correction (in this case
patient label) and biological preservation for cell type, both defined
consistently as described in previous sections. We also defined a
patient response score to evaluate if a embedding of the CD8 T cell
subset preserves the patient response label and maximally integrates
different patients. We used only CD8 T cells here to remove the effect
of cell composition difference across patient outcomes (Supplemen-
tary Fig. 19b), and noting the direct relevance between CD8 T cells and
the immunotherapy treatment. We excluded NMI and ARI in calculat-
ing the response score as these two metrics are cluster-based and
prefer embeddings that separate each patient.

We computed the spatial effect for all cells (number of archetypes =
20) and calculated the continuous positivity index with thres1 = 0.9
(Supplementary Fig. 19i,j). We extracted the macrophage subset for
analyses in Fig. 6e-g. For the ligand-receptor analysis, we used
CellTalkDB69 for extracting the ligand-receptor pairs. For each ligand-
receptor pair, we computed the sum of the average neighborhood
normalized ligand expression (k = 10) and the central cell normalized
receptor expression as the ligand-receptor strength for each cell. We
further computed the Spearman correlation map between the ligand-
receptor strength and gene spatial effect within non-tumor cells. The
rows / columns that has an max absolute value above 0.25 is preserved
in Fig. 6h. We used seaborn.clustermap (v0.12.2) via the Scanpy
wrapper to perform hierarchical clustering on correlation maps, with
method=‘centroid’ and other settings were set to be default. The cor-
relation map was further segragated into different regions (Supple-
mentary Fig. 21e). We computed the KEGG enrichment for ligand-
receptor pairs and genes in different regions of the correlation map
using EnrichR wrapped by GSEAPY (v0.10.8)80,81.

Empirical running time
All SIMVI experiments were conducted on a high performance Linux
server using oneNVIDIAA6000GPU. Themost extensive (in both time
andmemory) training sessionwe ran (on theCosMxmelanomadataset
with 56,761 cells and 960 genes) completed the 100 epoches training
(75 of the epoches are pretraining epoches) with batch size 5000 in
approximately 15 minutes. We also note that the permutation epoch
typically requires more time due to its permutation sampling scheme.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Our newly-generated CosMx melanoma dataset is available at
Zenodo90 (https://doi.org/10.5281/zenodo.14708000). Other analyzed

Article https://doi.org/10.1038/s41467-025-58089-7

Nature Communications |         (2025) 16:2990 14

https://doi.org/10.5281/zenodo.14708000
www.nature.com/naturecommunications


datasets from previous publications are publicly available: MERFISH
MTG/STG (Dryad), Slide-seqV2mouse hippocampus (Broad single-cell
portal SCP815), Slide-tag human tonsil (Broad single-cell portal
SCP2169), and Slide-tag multiome melanoma (Broad single-cell portal
SCP2176). Detailed preprocessing instructions are available in Meth-
ods. Source data are provided with this paper.

Code availability
We have made SIMVI available as a public open-source Python pack-
age, which can be accessed at https://github.com/KlugerLab/SIMVI.
The code used to generate the results is available at https://github.
com/MingzeDong/SIMVI_reproducibility90.
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