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Spatial transcriptomics enables high-resolution gene expression mapping
inintact tissues. Xenium is widely adopted for its reliability, accessibility

and data quality, yet the properties and limitations of Xenium-derived
dataremain poorly characterized. Here we present one of the most
comprehensive Xenium datasets so far, encompassing over 40 breast and
lung tumor sections profiled using diverse gene panels. Leveraging this
resource, we systematically dissect technical noise—including transcript
spillover—along with assay specificity, panel performance and segmentation
strategies. We demonstrate that single-nucleus RNA sequencing enables
precise quantification of transcript contamination. Building on these
insights, we introduce SPLIT (Spatial Purification of Layered Intracellular
Transcripts), amethod thatimproves signal purity by resolving mixed
transcriptomic signals. SPLIT enhances background correction and cell-type
resolution and enables the revelation of T-cell exhaustion signatures
associated with malignant cell colocalization—signals that would otherwise
remain obscured. Together, our findings provide a critical benchmark for
Xenium performance and introduce a scalable strategy for signal refinement.

Recent technological advances have led to the development of spatially
resolved transcriptomics', which enables the spatial quantification of
gene expression within tissues. These technologies provide researchers
and clinicians with an unprecedented ability to characterize patient
samples, including archived formalin-fixed, paraffin-embedded (FFPE)
specimens?, with high spatial resolution.

Imaging-based spatial transcriptomics technologies such as
Xenium?®, MERSCOPE* and CosMx’ offer high-resolution transcript

quantificationat the cellular—and even subcellular—level. These plat-
forms, as well as their earlier iterations, have already generated valu-
able biological insights and continue to hold considerable promise
foradvancing our understanding of complex tissues®®. However, our
understanding of the data characteristics and sources of variability is
still maturing as more datasets become available. Key experimental
design questions remain, particularly around panel selection (for
example, targeted versus 5K Xenium panels). Larger panels increase
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multiplexing but often reduce sensitivity, increase cost and lengthen
processing time, and comparative data remain limited.

Janesick et al.” were the first to present data generated on the
Xenium platform and to performanin-depth comparison with Visium
and Chromium, single-nucleus RNA sequencing (snRNA-seq), using
adjacent tissue sections from two samples. Their study demonstrated
that the Xenium platform provides higher resolution and sensitivity,
while also highlighting the potential for integrating multiple plat-
forms. Cook et al.” performed a direct comparison of Xenium and
CosMx from a single FFPE block of one patient. Their findings indi-
cated better segmentation in CosMx but higher sensitivity in Xenium.
Renetal.”’ conducted anin-depth comparison of Xenium 5K, CosMx 6K
and Visium HD but again analyzed only three samples. More recently,
Wang et al." compared Xenium (multiple targeted panels, but no 5K)
with MERSCOPE and CosMx using 13 samples but limited to tissue
microarrays. While they reported similar findings, their analysis was
limited, without touching on critical factors such as segmentation and
transcript contamination as we discuss below. One of the most com-
prehensive analyses so far is that of Marco Salas et al.'>, who performed
asystematic quality assessment of the Xenium platform by analyzing
25 primarily public samples across multiple tissues and benchmarking
its performance against other spatial transcriptomics technologies.
Their results consistently confirmed the high sensitivity of Xenium
and provided valuable recommendations for analytical strategies.
Overall, existing studies remain limited in scale—typically including
only a few patients (or relying on tissue microarrays)—and none has
directly compared targeted Xenium panels with the newer 5K panelin
terms of transcript sensitivity and specificity, factors that are essential
for robust downstream analyses.

Multiple studies have demonstrated that individual transcripts
may be incorrectly assigned to cells, either due to inaccurate seg-
mentation or transcript spillover into adjacent cells"***—leading to
background contamination' that can affect downstream analyses.
Transcript misassignments can result in the formation of artificial
transcriptomic doublets (or multiplets), where gene expression
signatures from different cell types become mixed and ambiguous.
As we demonstrate later in this study, these mixed profiles do not
correspond to actual physical doublets as defined in the single-cell
sequencing field, but instead arise from signal-level mixing within
spatial data. While some of this signal mixing can be attributed to cells
overlapping along the z axis'*'*, causing spillover during x-y plane
segmentation—this alone does not fully account for the extent of the
contamination, as we explore in this study. Indeed, Marco Salas et al.”?
reported contamination associated with cellular expansion in the
standard Xenium segmentation, suggesting that transcript spillover
within the x-y plane contributes substantially to background signal.
However, aside from providing an automated method to adjust the
expansion parameter, they did not propose amechanismto correct this
contamination. Mitchel et al." demonstrated that transcript misassign-
ment can generate artificial cell-cell correlations (or communication
signals), resulting in incorrect biological interpretations. To address
this challenge, they proposed a correction method that leverages
weighted non-negative matrix factorization and conditional random
fields to reduce signal contamination. Ergen and Yosef' framed this
problem as transcript diffusion (or spillover) and introduced a proba-
bilisticapproach to correct for it. Wu, Beechem and Danaher” proposed
acomparable method for CosMx data, reassigning transcriptsto their
most likely cell of origin. These findings suggest that transcript spillo-
verisawidespread challenge across spatial transcriptomic platforms.

Probabilistic segmentation methods that leverage transcript-level
data have emerged as powerful tools for improving cell-level gene
expression quantification, either by reducing signal spillover or
enhancing morphological segmentation. One of the first such meth-
ods, Baysor, introduced by Petukhov et al."®, modeled spatial transcript
distributions for cell segmentation. Building on this, Jones et al.”’

developed ProSeg, a three-dimensional segmentation method that
leverages the spatial coordinates of each transcript. In addition, several
otheralgorithms have been developed thatincorporate transcript-level
information, including Segger®, BIDCell* and FastReseg", reflectinga
broader shift toward data-driven segmentation strategies for resolving
transcript misassignment. As we discuss later, our data suggest that
transcript misassignment is probably driven, at least in part, by tran-
script spillover. Because transcript spillover and segmentation-related
artifacts are often addressed using similar computational strategies—
and spillover appears to be the dominant source of signal distortion
in our data—we focus on ‘transcript spillover’ throughout this study.

Despite recent progress, existing datasets remain small and lim-
ited in scope, lacking the generalizability needed for broader appli-
cation. Computational methods that leverage transcript-level data
have shown clear improvements in signal purity; however, many still
dependon heuristic corrections or complex, non-interpretable models,
and have been validated on only alimited number of samples. These
limitations highlight the need for larger, more representative studies
and the development of simpler, more interpretable approaches for
correcting spatial transcriptomic data.

Here, we present one of the most comprehensive Xenium data-
sets generated so far, spanning 41 tissue sections from breast and
lung tumors across 27 donors. This resource was designed to inves-
tigate key challenges in spatial transcriptomics, including transcript
spillover, assay specificity, panel performance (targeted versus 5K),
segmentation and cell-type annotation. We also demonstrate how a
snRNA-seq reference can be used to streamline cell-type annotation,
evaluate data quality and mitigate transcript spillover. Finally, we
introduce SPLIT (Spatial Purification of Layered Intracellular Tran-
scripts), asimple yet effective computational method that integrates
snRNA-seq with robust cell type decomposition (RCTD)** deconvolu-
tion to enhance signal purity. SPLIT resolves mixed signals caused by
transcript spillover, improves cell-type separation and is compatible
with any segmentation strategy.

Results

Data and experimental overview

We generated spatial transcriptomics data from 19 sections derived
from FFPE blocks of breast cancer tissue and 22 sections from FFPE
blocks of non-small-cell lung cancer (NSCLC), corresponding to 17
and 10 donors, respectively. Xenium profiling was performed on all
samples using the targeted Breast panel for breast cancer samples, and
the targeted Lung panel, a custom immuno-oncology panel (Custom
10) and the 5K PRIME panel for NSCLC samples. In addition, matched
snRNA-seq and immunohistochemistry (IHC) datawere generated for
aselected subset of samples (see Methods and Supplementary Tables1
and 2 for details).

Segmentation was performed on all Xenium data, resulting in
single-cell resolution for subsequent analysis. For samples profiled with
targeted panels, we used the default segmentation approach, which
applies a5-umradius expansion around each nucleus to approximate
cell boundaries. By contrast, for samples profiled with the 5K panel,
we leveraged the availability of multimodal staining with a 5-pmradius
expansion, which combines nuclear, cytoplasmic and membrane stains
to enhance segmentation accuracy.

Asdescribedinthe nextsection, snRNA-seq data are used to anno-
tate the Xenium datasets and serve as a reference for evaluating data
quality, including cell-type gene expression specificity and resolution.
IHC is used to further validate the annotation—particularly to assess
the potential misannotation of specific cell types due to transcript
spillover (see Methods for details).

Figure 1a,b summarizes the experimental design, including the
number of cells per sample, the number of transcripts per cell and
the number of genes per panel. Despite substantial variability in cell
capture across samples—probably due to differencesin tissue size and
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Fig.1| Experimental design and key metrics. a, Experiment names correspond genes per cell for each sample, along with the number of cells per sample,
to the profiling technology and panel used, with the number in parentheses color-coded by panel and assay type. ¢, Cell-type composition of all Xenium and
indicating the panel size. Each sample is represented as atile, and replicate Chromium samples, grouped by donor and colored by cell type. The colored strip
experiments are marked with ‘x2’ or 'x3’ within the tile to refer to the number of alongside each row indicates the corresponding panel or assay. d, Integrated
replicates. Columns group samples originating from the same donor. b, Density UMAPs grouped by panel and assay. Cells are colored by cell type as assigned by
distributions of the number of transcripts per cell and the number of detected RCTD using matched Chromium reference at Level 2.1annotation.
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preservation quality—all samples produced high-quality data, with
robust transcript and gene detection at the single-cell level.

snRNA-seq data enable robust annotation of Xenium datasets
While Xenium datainherently provide single-cell resolution, we lever-
aged partially matched and annotated snRNA-seq datasets (Methods)
to transfer cell-type annotations to each Xenium sample. For this, we
applied RCTD?, aframework originally developed for spatial transcrip-
tomics deconvolution, which we and others? have found to be highly
effective for annotating Xenium data (Methods). Importantly, RCTD
includes a doublet mode that helps account for mixed signals arising
from segmentation errors, overlapping cells or transcript spillover
that we discuss later.

Figure 1c shows the distribution of annotated cell populations
acrossindividual samples. The datademonstrate strong reproducibil-
ity among technical replicates while revealing substantial variability
between patients and between technologies—namely, Chromium
and Xenium. This variability is expected: Chromium relies on dis-
sociated single nuclei and typically requires larger input numbers,
a process known to introduce biases in cell-type representation®.
While snRNA-seq has been shown to mitigate some of these biases,
it does not eliminate them entirely”. By contrast, Xenium profiles
intact tissue sections, preserving spatial context and reducing
dissociation-related artifacts.

We explored the robustness of RCTD using nonmatched
scRNA-seq references (Extended Data Fig. 1). Overall, we found gen-
erally consistent performance, with malignant cell annotation being
more challenging in some samples (Extended Data Fig. 1). Given the
substantialinterpatient heterogeneity in malignant cell transcriptional
profiles, our findings highlight the value of a matched reference for
cancer research.

Similarly, the annotation remains robust across different Xenium
panels, demonstrating that targeted gene panels effectively capture
key information for defining major cell types—an aspect we explore
further below.

Xenium data show great consistency across patients and
technical replicates

To evaluate the quality and consistency of Xenium single-cell data,
we performed Uniform Manifold Approximation and Projection
(UMAP)-based joint analyses across all samples, leveraging the trans-
ferred cell-type annotations. The data were stratified by panel and
assay (Fig. 1d). Supplementary Figs. 1and 2 present the same dataset
faceted by sample and heatmaps of cell-cell distances, revealing that
nonmalignant cell populations align consistently across individu-
als, whereas malignant cells cluster in a patient-specific manner, as
anticipated. Batch integration metrics® (iLISI and Silhouette Batch;
Extended DataFig. 2) further confirm strong concordance of cell types
across samples, without requiring batch correction or dataintegration,
aside from Seurat log normalization. Thisindicates that both Xenium
and Chromium platformsintroduce little technical variation. The dis-
crepancy between the two metrics reflects their differing sensitivi-
ties—iLISI captures local neighborhood mixing and is more sensitive,
whereas Silhouette Batch evaluates global separation—an expected
and previously reported phenomenon®. Overall, data from technical
replicates derived from adjacent tissue sections show near-perfect
concordance (Extended Data Fig. 3a), confirming the high reproduc-
ibility of the platform.

Targeted gene panels outperform the 5K panel in sensitivity

Asexpected, Fig.1b shows that the 5K panel detects a higher total num-
ber of transcripts and genes. However, thisincrease does not translate
into improved cell-type separation (Fig. 1d) as quantified by multiple
cell-type separation metrics, including Calinski-Harabasz, Davies-
Bouldin, Leidenadjusted Rand index (ARI), Silhouette score and soon

(Extended Data Fig. 2a). Toinvestigate this further, we focused on genes
shared across panels (n =194) to assess whether the 5K panel exhibits
reduced sensitivity when controlling for gene content.

Figure 2a and Extended DataFig.2b show that the 5K and Lung pan-
elsyield acomparable cell-type separation when analysis is restricted
toshared genes and matched samples. However, approximately 60% of
cellsin the 5K dataset fail quality control (QC) owing to low transcript
counts, indicating reduced sensitivity compared with the Lung panel.
Consistently, for the same gene set, the 5K panel detects consider-
ably fewer transcripts (Fig. 2b). This observed reductionin sensitivity
is consistent with known limitations of the 5K panel and probably
reflects protocol modifications, such as the reduced probe count to
limit optical overcrowding.

We also assessed gene expression consistency between adjacent
tissue sections using shared genes across panels. Asshownin Fig. 2cand
Extended DataFig.3b,c, the 5K and targeted panels exhibit areasonable
correlation, although the 5K panel consistently shows lower sensitiv-
ity. Notably, the 5K sensitivity is comparable to Chromium (Fig. 2b),
underscoring a key trade-off between gene breadth and detection
depth. While the 5K panel covers a broader set of genes, these results
highlightimportant limitations in sensitivity.

Targeted and 5K panels show high concordance in cell-type
composition

Despite the reduced sensitivity of the 5K panel, we observe good con-
sistency in cell-type composition between adjacent sections profiled
with different panels (Fig. 2d), suggesting that the broader gene cover-
age of the 5K panel might help compensate for its reduced sensitivity.
Similar concordanceis observed between the 5K and Custom 10 panels
(Extended Data Fig. 3d). Notably, the two targeted panels—Custom 10
and Lung— exhibit the highest consistency despite their limited gene
overlap (n=87) (Extended Data Fig. 3e). This suggests that Xenium is
robust to variations in gene panel design—at least within the context
of targeted panels that share the same underlying chemistry. To test
whether better agreement between targeted panels is explained by
segmentation differences, we reanalyzed 5K data using the same 5-um
expansion method but found no notable improvementin correlation
(Extended Data Fig. 3f,g).

To further evaluate the similarity of cell-type profiles between
the Xenium platform (5K and targeted panels) and the Chromium
reference, we computed correlations across matched donor samples.
Both Xenium panels exhibit good agreement with Chromium-derived
profiles, with the 5K panel resembling the Chromium data more in
terms of sensitivity (Fig. 2e and Extended Data Fig. 4).

Targeted gene panels provide extensive information for
defining major cell types
To assess how gene set size influences cell-type resolution, we reana-
lyzed the Chromium data using only the genesincludedin the targeted
panels. As shown in Extended Data Fig. 3h and analytically supported
in Extended Data Fig. 2c, Chromium data achieve a clear separation
of cell types despite the reduced gene sets. Moreover, this separation
persisted even when the analysis was further constrained to a subset
of194 genes shared between the targeted Lung and 5K panels (Fig. 2a).
These findings suggest that the diminished resolution observedin the
Xenium datais not solely due to a limited number of genes analyzed.
Notably, after restricting to shared genes, the Lung and 5K panels
still failed to achieve the same level of cell-type separation as observed
with Chromium data (Extended Data Fig. 2b,c). This supports theidea
that transcript spillover between neighboring cells may blur cell-type
boundaries, limiting resolution in spatial transcriptomics.

Xenium data exhibit substantial transcript spillover
We applied RCTD in doublet mode to annotate Xenium data, mod-
eling each cell as a mixture of a primary and secondary cell type
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Fig. 2| Comparison of Xenium prime (5K) and targeted (Lung) panels.

a, UMAP visualization of lung cancer samples based on 194 genes common to the
Xenium 5K panel, Xenium Lung panel and Chromium data. Xenium UMAPs are
restricted to samples profiled with both Lung and 5K panels. Cells are colored
according to their annotated cell types at Level 2.1. b, Distribution of transcript
counts per cell in the Xenium 5K, Xenium Lung and Chromium datasets,
restricted to the common genes. ¢, Scatterplot showing average expression

of common genesin matched samples from the Xenium 5K and Xenium Lung
panels. d, Scatterplot showing cell-type composition in matched samples from
the Xenium 5K and Xenium Lung panels. e, Scatterplots comparing average

Gene mean (5K) Gene mean (Lung)

expression of the 194 common genes between Chromium and Xenium Lung, and
between Chromium and Xenium 5K, in CD8* T cells and malignant cells. Analyses
are based on matched samples from two donors (L1and L3) profiled with all three
assays. Extended comparisons across all cell types, and a direct comparison
between Xenium Lung and Xenium 5K panels, are shown in Extended Data Figs. 3
and 4. R, Spearman’s rank correlation coefficient; Pvalues were computed using a
two-sided ¢-test and were not adjusted for multiple comparisons, given the small
number (n = 6) ofindependent donor-level tests. The dashed lineindicates the
identity (y =x). A solid line indicating generalized linear model (GLM) fitis shown
for visualization only.

with weights w, and w,, and classifying cells as singlets or doublets
(Supplementary Fig. 3a and Methods). Importantly, RCTD ‘doublets’
inXeniumrarely represent true biological doublets butinstead reflect
signal mixing (Supplementary Note1); therefore, we refer to cells with
evidence secondary as ‘contaminated’ and those without as ‘pure’.
Some studies attribute such admixtures to domain-specific back-
ground noise', others ascribe them primarily to vertical (z axis) cell
overlap®, and additional reports show frequent signal mixing within

thesamezplane™. Asboth our data (Supplementary Note 2) and prior
works" reported reduced signal admixture when restricting profile
to nuclear transcripts, we further investigated the contribution of
horizontal transcript spillover to signal contamination.

For this, we compared contamination levels—estimated by the
RCTD-assigned weight of the secondary cell type in each cell (w,)—with
the local relative abundance of that same cell type in the surrounding
two-dimensional neighborhood—estimated as normalized sum ofthe
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RCTD weights corresponding to this cell type (Fig. 3a,b). These metrics
show strong cosine similarity (Fig. 3¢), indicating that elevated local
concentrations ofagiven cell type align withincreased contamination
fromthattype, consistent with transcript spillover. This relationship is
reproducible across publicly available Xenium datasets from multiple
tissues and across alternative segmentation strategies (Supplementary
Note 3), supporting the generality of transcript spillover.

To assess cell-type-specific contamination propensity, we defined
aspillover index. For each pair of cell types, we calculated the cosine
similarity between the contamination level of the primary (that is,
affected) cell type (w,) and the local abundance of the secondary
(that is, contaminating) cell type in its neighborhood. Averaging
these pairwise scores across all primary cell types yields a spillover
index that summarizes the tendency of each cell type to contribute
contaminating signal (Fig. 3d, Extended Data Fig. 5 and 6, and Meth-
ods). More abundant cell types show higher spillover indices, with
malignant cells ranking highest. Accordingly, we used malignant
cells toillustrate tumor-driven contamination of neighboring cells.
Figure 3e shows a clear association between malignant cell abundance
and local contamination.

To further illustrate this effect and provide orthogonal valida-
tion, we performed multiplexed IHC on a subset of samples following
Xenium analysis (Methods). As protein staining is less prone to spillo-
ver artifacts, IHC offers an independent modality to validate spatial
transcriptomic signals and cell-type annotations. In particular, the [IHC
data allowed us to confidently identify CD8" T cells (stained in pink)
and malignant cells (stained in red). Consistent with our hypothesis
of physical transcript spillover, Fig. 3a,f,g shows tumor-specific tran-
scripts (small brown dots) extending into adjacent CD8" T cells, sup-
porting the presence of spillover contamination. Insome instances, this
contamination is sufficiently strong that RCTD confuses the primary
and secondary cell types (Fig. 3f).

Signal decomposition reduces spillover and enhances cell-type
purity

To address spatial spillover and the more general issue of cell-level
contamination, weintroduce acomputational strategy that alleviates
these effects by decomposing mixed expression profiles (Methods).
Our approachleverages RCTD and cellular decomposition to separate
mixed signalsinto cell-type-specific components, thereby minimizing
contributions from secondary cell types. Specifically, RCTD is used
to model each cell’s expression profile as a weighted combination of

reference cell-type profiles (Fig. 3h). These weights are then used to
proportionally assign transcripts to their most likely sources—primary
or secondary—based on cell-type decomposition (Methods).

Using this strategy, we introduce SPLIT, a framework that sep-
arates mixed signals by splitting each cell according to its inferred
cellular composition. UMAP embeddings of SPLIT-corrected cells
(Extended Data Fig. 7a,b) show improved clustering and separation
compared to the original mixed signals, consistent across all panels
and for both matched and external references. Quantitative validation
of these improvements is provided in the following section.

By default, SPLIT decomposes all contaminated cells by preserv-
ingthe expression profile of the primary cell type (Fig. 3h). In addition,
SPLIT can leverage spatial information to assess the abundance of
secondary signals in the local neighborhood (that is, local spillover
potential), enabling selective decomposition only when contamina-
tion is likely and preventing overcorrection of phenotypes that may
be underrepresented or absent in the reference. For instance, cycling
tumor cells—missing from our reference but present in some matching
Xenium samples—were often classified as malignant cells contaminated
by cyclinglymphocytes. SPLIT avoids decomposing such cells, preserv-
ing distinctand biologically relevant populations (Extended DataFig. 8).

Beyond profile purification, SPLIT also enables phenotype refine-
ment by shifting the primary phenotype assignment to one of the
secondary phenotypes, based on transcriptional neighborhood homo-
geneity. We refer to this process as SPLIT-shift (Extended Data Fig. 7c).

SPLIT compares favorably to other correction methods

Next, we evaluated SPLIT’s performance relative to other correction
methods, namely ResolVI* and ovrlpy® as well as to various segmenta-
tionapproaches. Some of these segmentation methods (that is, ProSeg)
alsodirectly model transcript spillover. Because SPLIT and other signal
enhancement techniques can be combined with any segmentation
method, we assessed all combinations in our comparison.

Visual inspection of UMAPs shows that SPLIT improves cell-type
separation (Fig. 4a). To quantitatively evaluate performance, we com-
pared each correction method across different segmentation outputs
based oncelltypeseparation, batchintegration and the retention of cells
and transcripts. An optimal correction method should enhance separa-
tionbetween cell types, avoid introducing or amplifying batch effects,
and preserve as many cells and transcripts as possible (Fig. 4b-d).
Although not the primary focus of our study, these same metrics can
also inform comparisons between segmentation algorithms.

Fig. 3 | Transcript spillover in Xenium data and the SPLIT purification
approach. a, Section of a Xenium sample showing cell segmentation overlaid
with RCTD-derived cell-type annotations. Border colors indicate the primary
celltype assigned to each cell. Pie charts represent RCTD-computed cell-type
compositions, where sector size corresponds to the proportion of each cell type
and color denotes identity. Small dots represent transcripts specific to tumor
cells (brown: MUCI, F3, FASN, KRT7 and EPCAM) and CD8' T cells (blue: CD8A).

b, Schematicillustrating the definition of a cell’s neighborhood (top) and its
neighborhood composition (bottom). The local abundance of contaminating cell
typeis defined as the proportion of the cell’s secondary cell type (brown) within
its spatial neighborhood. Colors represent distinct cell types. ¢, Cosine similarity
between a cell’s secondary cell-type weight (w,) and the average proportion of
the same cell typein its neighborhood, across all cells and samples. Each dot
represents one Xenium sample; lines connect samples from the same donor. Box
plots show the median and interquartile range (IQR), with whiskers extending

to the nearest value outside 1.5x IQR. Breast: n =19 samples (17 biological and

3 technical replicates); Lung: n =11samples (10 biological and 2 technical
replicates); Custom 10: n = 6 samples (5biological and 2 technical replicates);
5K:n=6biological replicates.d, Cell-type spillover index. Each dot represents
the average cosine similarity between a cell’s secondary cell-type weight (w,) and
the proportion of that same cell type in its spatial neighborhood, computed for
agiven cell-type pair across all Xenium samples profiled with the Lung panel (see
Extended Data Fig. 5a for other panels). Dot size indicates the number of samples

inwhich the cosine similarity was statistically significant (P value <0.01, one-
sided permutation test, n =1,000), and color denotes the average correlation
value. The adjacent bar plot summarizes these values per secondary (that is,
contaminating) cell type, representing the overall cell-type spillover index.

e, Spearman correlation between w, and the proportion of malignant signal in
spatial neighborhood of tumor-exposed cells (cells where the secondary cell type
is ‘malignant cell’), faceted by primary cell type. Pvalues were computed using a
two-sided t-test. f, IHC and morphology image showing a cell identified as a CD8*
T cell by IHC but annotated as a tumor cell by RCTD due to high levels of tumor-
specific transcripts. The border color indicates the RCTD-assigned primary
celltype. Dots represent cell-type-specific transcripts (tumor in brown, CD8" T
cellinblue). g, IHC and morphology image of a cell confidently annotated as a
CD8'T cell by both IHC and RCTD (singlet), displaying residual tumor-specific
transcripts. Arrows indicate cells where the primary and secondary labels appear
to be swapped. The border color represents the RCTD-assigned primary cell type;
dots show tumor (brown) and CD8"* T cell (blue) transcripts. h, Schematic of the
RCTD cell-type annotation in doublet mode. Each cellis modeled as a mixture
oftwo cell types (primary and secondary) with proportions w, and w,. SPLIT
decomposes this mixture into purified primary and secondary components
based on reference profiles and assigned weights. By default, the primary profile
isretained and used in downstream analysis. Panels a, fand g correspond to
samples from the same donor (LungL1).
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Inaddition, to assess transcript spillover, we adopted a previously
described'® neighborhood-based logistic-regression approach that
testswhether gene expressioninagiven cell type predicts proximity to
apotential contaminating cell type. Our analysis focused on malignant
cells and T cells: malignant cells have larger spillover index and tend
torelease large amounts of RNA, while T cells are smaller and contain

Primary cell type (w;) Secondary cell type (w,)

Cell's neiéhborhooa T

fewer transcripts, and are thus more vulnerable to contamination
(Fig.3d-g). We had access to IHC datafor both cell types, which enabled
visual inspection of the results.

Overall, all correction methods improve cell-type separation
(Fig. 4b, top row) and decrease contamination (Fig. 4e) across all seg-
mentation methods. We further observe that nucleus segmentation
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Fig. 4| SPLIT improvements and comparison of segmentation approaches.

a, UMAPs of Xenium cell-level data obtained before (raw) and after count
correction for the Lung and 5K panels, and default (that is, 5 pm for the Lung panel
and multimodal (MM) 5 um for the 5K panel) or ProSeg segmentation. Colored

by cell-type annotation. b-f, Metrics obtained before (raw) and after count
correction for different segmentations and count correction methods, for Lung
and 5K panel: biological conservation and batch correction metrics from SCIB
(higher is better) (b); number of cells (c); median number of genes (d); strength of
T cell contamination by malignant cells (e). Assessed by the number of malignant

marker genes (with N=20 markers) found in the top 20 ranks of sorted logistic
regression coefficients. f, Cosine similarity of Xenium with Chromium snRNA-seq
T cell pseudo-bulk profiles. All box plots show the median and interquartile range
(IQR), with whiskers extending to the nearest value outside 1.5x IQR. Lung (left):
n=11samples (10 biological and 2 technical replicates); 5K (right): n = 6 biological
replicates. g, Dot plots showing normalized enrichment scores (NES) and —log,,
FDR for Prerank GSEA ran using differential expression log fold changes for T cells
close versus distant from malignant cells. Rows are individual samples. Top: Lung
panel with 5 pm segmentation. Bottom: Lung panel with ProSeg segmentation.
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(0 pm), sometimes assumed to be contamination-free’, still shows
signs of contamination which are improved by count correction
(Fig. 4e). Samples profiled with the 5K panel displayed much lower
contaminationcompared with other gene panels, especially when using
multimodal segmentation (Fig. 4e). However, this reduction may be
attributed to decreased statistical power resulting fromalower number
oftranscripts detected per gene. Batch effects are overall unchanged
by correction methods, except for ResolVI, which sometimes results
inslightly worseiLISI (Fig. 4b, bottom row).

SPLIT achieves the best cell-type separation (Fig. 4a,b, top row)
and the highest cosine similarity with Chromium snRNA-seq profiles
(Fig. 4f). While this is expected given that SPLIT relies on Chromium
reference to resolve mixed cell-type signals, these results confirm its
effectiveness in practice. While all correction methods reduce con-
tamination (Fig. 4e), ovrlpy and ResolVI substantially decrease the
number of expressed genes, resulting in many empty or near-empty
cells (Fig.4c). Once these low-expression cells are removed, the remain-
ing cells express a higher median number of genes compared to raw
segmentation data (Fig. 4d).

Our data further demonstrate that segmentation algorithms
strongly impact cell-level transcript quantification. ProSeg yields a
higher median gene count, including many low-expression values,
probably reflectingits probabilistic assignment of nonzero expression
genes that may otherwise be undetected. Overall, ProSeg outperforms
Baysor, Multimodal and Segger (Fig. 4b), and combining ProSeg with
SPLIT yields the greatest overall improvement, demonstrating that
SPLIT can be combined with any segmentation tool.

While our comparative analysis primarily focuses on lung
samples—owing to the availability of multiple gene panels—similar
analyses in breast cancer samples yielded consistent conclusions
(Extended DataFig.9).

T cells near malignant cells exhibit increased exhaustion
signatures

To further demonstrate SPLIT’s utility for biological insight, we exam-
ined phenotypic differences between T cells located near malignant
cells and those positioned farther away in lung tissues, both before
and after correction. Inthe default 5 um segmentation—and to alesser
extent with ProSeg—T cells adjacent to tumor regions exhibited spuri-
ousenrichment of malignant and epithelial gene signaturesin the raw
data (Fig.4g). While methods like ResolVIand Ovrlpy reduced this con-
tamination and partially recovered T cell signatures, their effects were
inconsistent; notably, ResolVIoccasionally suppressed both contami-
nating and T cell programs. By contrast, SPLIT consistently removed
nonspecific signals while preserving or enhancing T cell signatures
across segmentations.

Following SPLIT correction, T cells near tumor cells showed
stronger exhaustion signatures, including increased expression of
canonical markers such as HAVCR2 (TIM-3), CTLA4, PDCDI1, LAG3
and CXCL13 (Extended Data Fig. 10), in line with prior studies'**. For
instance, Jones et al."’ reported CXCL13 enrichment in T cells adja-
cent to malignant cells after ProSeg-based segmentation in renal cell
carcinoma. Our results not only corroborate this finding but also
highlight SPLIT’s added value, with greater enrichment of exhaustion
markers and clearer removal of non-T-cell contamination. Combin-
ing ProSeg with SPLIT yielded further improvements, emphasizing
their complementarity.

Discussion

Inthis study, we leveraged an extensive Xenium spatial transcriptomics
dataset to assess data quality, evaluate segmentation and correction
strategies, and introduce SPLIT, anovel method for signal purification.
Our analyses confirm that Xenium produces high-quality, highly repro-
ducible datawith low technical variation, enabling reliable integration
across tissue sections and patients and offering strong potential for

both single-sample and multisample spatial studies. Several of our
findings were validated using additional publicly available Xenium
dataset, supporting their generalizability. However, as our primary
analyses were limited to two cancer types, further validation across
additional datasets and tumor contexts will be required.

Our comparison of panel designs highlights that targeted panels,
despite covering fewer genes, offer greater sensitivity and are sufficient
to resolve major cell types. By contrast, the 5K panel offers broader
coverage but reduced per-gene sensitivity and weaker downstream
performance. This trade-off suggests opportunities to optimize probe
composition by fine-tuning panel content or supplementing the 5K
panel with additional targets, as recommended by 10x Genomics and
supported by recent computational advances in probe”. As spatial
transcriptomics scales to larger discovery studies, systematically
quantifying this sensitivity—coverage trade-off and defining criteria
for optimal panel design will be essential, particularly as reduced
sensitivity may be acceptable in exploratory settings.

We also confirm previous reports that single-cell expression data
derived from Xenium are prone to transcript contamination, stem-
ming from segmentation inaccuracies and transcript spillover—two
interrelated sources of error. Using complementary RCTD deconvo-
lution and IHC data, we showed that this artifact is widespread and
disproportionately affects low RNA-content cells, such as T cells. As
noted by Mitchel etal.’, such contamination can substantially distort
the inference of cellular niches—one of the key goals of spatial tran-
scriptomics. These findings underscore the importance of developing
robust computational strategies to correct for contamination and
highlight the need for researchers to critically evaluate the outputs
of cell-cell interaction inference tools. This concern is particularly
relevant for emerging foundation models trained on large-scale spatial
transcriptomics datasets, where self-supervised tasks often involve
predicting masked cell phenotypes based on spatial context***', Uncor-
rected contamination may introduce systematic biases that propagate
through downstream predictions, underscoring the need for caution
wheninterpreting model outputs.

We demonstrated that incorporating snRNA-seq as a reference
markedly enhances cell-type annotation. Inaddition, RCTD’s doublet
model reveals the composition of mixed signals by estimating the
contributing cell types and their relative proportions. We further
leverage this model within SPLIT to decompose mixed signals and
correct for transcript spillover, thereby improving cell-type resolu-
tion. While matched references from the same sample are preferable—
particularly for distinguishing malignant populations—we show that
external references also perform well, underscoring the robustness
and generalizability of reference-based approaches. With the growing
availability of reference datasets from initiatives such as the Human
Cell Atlas*, we anticipate that reference-based analyses will become
increasingly accessible. Nonetheless, future work will focus on develop-
ing reference-free versions of SPLIT to further expand its applicability.

Wealso evaluated the performance andimplications of background
correctionand segmentation strategies, including our method, SPLIT.
While many correction techniques canbe applied independently of the
segmentation algorithm, they often raise concerns aboutinterpretabil-
ity and the risk of overcorrection—particularly when used in combina-
tion with transcript-space segmentation methods like ProSeg, which
already account for spillover. Thisis especially evident with approaches
such as Ovrlpy and ResolVI, which can substantially reduce gene counts
and, as a result, may compromise statistical power. By contrast, SPLIT
isless proneto theseartifacts, asit operates as areference-based signal
decomposition method rather thanadirect spatial correction layer. Its
outputsareinherently moreinterpretable, and importantly, SPLIT pre-
serves gene detection levels more effectively thanalternative methods.

Segmentationin transcript space—particularly using probabilistic
methods suchas ProSeg—improves cell-type resolution, especially when
paired withtargeted panels. However, these gains are more modest with
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the 5K panel, probably due to its lower sensitivity and the increased
complexity of performing segmentation in a higher-dimensional space.
Nevertheless, transcript-based segmentation remains fully compatible
with correction methodslike SPLIT, allowing them to be effectively com-
bined forenhanced resolution. Notably, applying SPLIT to the 5K panel
improved cell-type separation when using the default 5-um expansion,
highlighting its utility even under standard segmentation conditions.
This advantage was further evident in our analysis of T cells proximal
to malignant regions, where SPLIT markedly enhanced detection of
exhaustion signatures following correction.

Animportant consideration when using SPLIT is the interpreta-
tion of mixed cellular phenotypes inferred from deconvolution, as
substantial contamination—particularly in low-RNA content cells
suchas T cells—can lead to misclassification of the true phenotype as
secondary. This general limitation of deconvolution-based approaches
motivates strategies to better resolve mixed signals. In the current
implementation, we retain the primary phenotype but optionally allow
phenotype shifts through asimple procedure we refer to as SPLIT-shift,
while future extensions could incorporate more advanced criteria,
including morphological features, to infer true cellular identity.

Although originally developed for RCTD, SPLIT is now
deconvolution-agnostic, supports generic deconvolution outputs and
enables alternative strategies for handling contaminating transcripts,
including reassignment to neighboring cells of the appropriate type,
tobe tested in future work.

It is also important to recognize that both reference-based cell-
type annotation and SPLIT assume that all relevant cell types are pre-
sent in the reference. The absence of phenotypes can compromise
annotation, potentially resulting in artificial contaminated assign-
ments as the model attempts to account for unrepresented variation.
Forinstance, cycling tumor cells may be incorrectly decomposedinto
acombination of cycling T cells and noncycling tumor cells. This rep-
resents acritical caveat that users should consider when interpreting
annotation and decomposition results.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butionsand competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/541592-026-03089-8.
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Methods

Human samples

All patients provided informed consent for the use of the tumor sam-
plesinthisstudy. The protocol used for sample collection was approved
by the local ethics committee (CER-VD, BASEC ID 2016-02094).

Datasets

Study design. Datawere generated from10 FFPENSCLC samples and
17 FFPE breast cancer samples. Xenium spatial transcriptomics was
performed onall samples using different gene panels, with the 5K panel
specifically applied to lung samples. In addition, matched snRNA-seq
and multiplexed IHC data were generated for selected samples, as
detailed below and in Fig. 1.

Xenium. Xenium lung tissues were processed using three gene panelsin
parallel, the10x Human Lung panel, a custom immuno-oncology panel
(Custom 10; see Supplementary Table 2 for the gene list) and the 10x
Prime 5K Human Pan Tissue & Pathways panel, allowing aninvestigation
into how the choice of a gene panel may affect downstream analyses.
For breast samples, we used the 10x Human Breast panel.

snRNA-seq. snRNA-seq data were obtained from FFPE blocks from
eight patients, four per disease group, on the Chromium platform with
NEXT-GEM FLEX chemistry. Details about this dataset and its methodol-
ogy are available in the publication by Dong et al.’.

IHC. Two post-Xenium slides—one per disease—containing a total
of five tissue sections were immunohistochemically stained for
4’,6-diamidino-2-phenylindole (DAPI; Spectral DAPI, AKOYA), CD8
(Cellmarque, Clone SP16, 108R) and pan-cytokeratin (panCK, Dako,
Clone AE1/AE3, IS053) in an autostainer (ventana Discovery Ultra,
Roche) using the Tyramide Signal Amplification system (OPAL, Akoya),
allowing us to identify CD8" T cells and malignant cells. Antigenicity
was reduced in some samples, particularly those processed with the
multimodal staining protocol used for Xenium segmentation, leading
to failed IHC staining in certain cases. As a result, IHC yielded usable
staining quality in only five samples.

Data preprocessing and QC

snRNA-seq. Filtered barcode counts from CellRanger were analyzed
using the Seurat package® (v. 5.0.1) in R (v. 4.3.2, https://www.R-pro-
ject.org/). Cells with at least 200 detected genes and fewer than 20%
of reads mapping to mitochondrial genes were retained. To recover
neutrophils, the gene threshold was lowered to 100 genes per cell,
and cells forming a distinct cluster with high expression of canonical
neutrophil markers (thatis, FCGR3B, S1I00A9, IL1R2, CSF3R, FPRI and
NAMPT) were retained.

Raw counts were normalized using SCTransform, and the top
3,000 variable genes across samples were selected using SelectInt-
egrationFeatures. Dimensionality reduction was done using principal
component analysis (PCA). Clustering was done via Seurat’s shared
nearest neighbor modularity optimization algorithm (FindNeighbors
and FindClusters) using 30 principal components and resolutions
between 0.4and 0.8.

Clusters were annotated based on the top differentially expressed
genes and canonical markers. Significant markers wereidentified with
Seurat::FindAllMarkers() (two-sided Wilcoxon’s rank sum test, Bonfer-
roni correction, adjusted P < 0.05, log fold change >1). Subclustering
enabled finer annotation, resulting in four hierarchical annotation
levels. Cell-type labels were standardized to match ontology naming
conventions. This dataset was used as a matched reference for RCTD
cell-type annotation of Xenium data.

Annotation Level 2.1 was added for visualizing cell types on
Xenium. As an extension of the broader Level 2, it distinguishes CD8"
T cells and supports validation with IHC staining.

Xenium. 10x segmentation. To facilitate segmentation, Xenium’s stand-
ardoutputincludes a DAPI-stained image for nuclearlocalizationalong
withthex,yandzcoordinates of individual transcripts. Segmentation
algorithms canleverage thisinformation to assign transcripts to indi-
vidual cells. Unless the multimodal segmentationkitis used, the default
10x segmentation algorithm expands from the nucleus outward—up to
5umor untilit reaches the boundary of an adjacent cell.

In our study, the multimodal segmentation kit was applied
only to the 5K panel. Therefore, we used the default 5-pum nuclear
expansion-based segmentation for all other panels. In practice, seg-
mentation results are identical for a substantial proportion of cells,
as the multimodal method defaults to the 5-um nuclear expansion
when membrane stainingis weak or absent. Ineither case, we consider
these approaches to provide reasonable and consistent baselines for
our analyses.

Alternative segmentations. Several alternative segmentation meth-
ods have been developed to improve upon the default 10x approach
described above. In this study, we evaluated Baysor (v0.7.0, https://
github.com/kharchenkolab/Baysor), ProSeg (v2, https://github.
com/dcjones/proseg, commit ef2d1ca8c535fd911b7cd37da47c-
84de98e784a4) and Segger (aversionadapted by us at https://github.
com/bdsc-tds/segger_dev, commit 4bf56dec2a364de8eee4fca-
b663e798ebl106e21a)—all of which utilize transcript-level informa-
tion to guide segmentation. We applied these methods with default
arguments to all Xenium samples. Specifically, when running Segger,
we used 6,000 tokens for samples from the 5K panel and 500 tokens
for others. These methods represent robust alternatives and serve
asvaluable baselines for benchmarking segmentation performance.

Quality control. Cells with fewer than ten counts or five genes were
filtered out, as well as genes expressed in fewer than ten cells.

IHC. Analysis. Xenium and IHCimages were coregistered using Xenium
Explorer (v3.2.0). Xenium’s cell segmentation, as a GeoJSON file, was
loaded into a project in Qupath (v0.5.1) with the corresponding IHC
image (details included as part of our pipeline; see ‘Code availability’
section), and an object classifier was trained within QuPath to classify
cellsbased on protein expression.

Downstream analyses

UMAP visualization. UMAPs were computed for log-normalized
snRNA-seq and for Xenium data at the sample and panel level using
defaultscanpy?® parameters for PCA, k-nearest neighbor (kNN) search
and UMAP, except kNN n_neighbors, which was set to 50.

RCTD cell-type decomposition. RCTD?? is a computational method
for deconvolving spatial transcriptomics data using single-cell RNA-seq
references. It uses a Poisson regression model to represent each spatial
unit (spot or segmented cell) as amixture of cell-type-specific profiles,
assigning weights that capture the contribution of each type.Indoublet
mode, RCTD restricts the decomposition to two cell types, assigning
w;, to the primary type and w, to the secondary type. In our analysis,
weinterpret the primary cell type as the cell’s true underlying identity,
whereas the secondary type and its weight w, are treated asindicative
of contaminating signal and its magnitude.

In addition to cell-type composition, RCTD in doublet mode
assigns a‘spotclass’ to each unit, with four possible values: (1) singlet,
for cells confidently assigned to a single type; (2) doublet_certain,
for cells confidently annotated as a mixture of two types; (3) dou-
blet_uncertain, for cells with a confident primary type but unclear con-
taminationsources; and (4) rejects, for cells with uncertain annotation.
This classification is based on the difference between two scores: the
singlet score, the residual error between the observed profile and the
primary reference profile, and the doublet score, the residual error to
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the weighted sum (w; and w,) of primary and secondary profiles. This
doublet-singlet calling is based on the difference between two scores:
singlet score and doublet score. The doublet calling is performed on
afixed threshold. Because residuals accumulate over all expressed
genes, the score difference tends to be higher in larger panels (for
example, 5K Prime), leading to higher apparent doublet rates. There-
fore, doublet scores and rates are only meaningful for comparisons
within the same panel.

Xenium annotation with RCTD. We performed cell-type annotation
of Xenium data using the RCTD algorithm in doublet mode, lever-
aging both matched snRNA-seq and external scRNA-seq references
(see ‘Data availability’ section). Each sample was annotated indepen-
dently. To enhance the specificity of tumor cell detection, matched
references were restricted to include only tumor cells derived from
the corresponding donor, when donor-specific cells were available.
Reference datasets were filtered to remove cells with fewer than 10 or
more than 2,000 unique molecular identifiers (UMIs), and cell types
represented by fewer than 25 cells were excluded. RCTD was run on
raw UMI count data from both the reference and Xenium data. Due
to the inherently lower UMI counts in single-cell resolution Xenium
data, we applied amore permissive filtering strategy: cells with fewer
than 10 total UMIs were excluded and do not appear in further plots,
and the UMI_min_sigma parameter was reduced to 100 to account
for the reduced transcript coverage compared with spot-based spa-
tial transcriptomics in the original RCTD application. To improve the
robustness of RCTD annotation, we provided the class_df parameter,
which groups cell types into broader classes. Finally, we applied mild
postprocessing to the RCTD results, removing an arbitrary second cell
typein highly confident singlets—specifically, singlets that showed no
evidence of asecondary signal.

Spatial spillover and contamination metrics. A cell’s neighborhood
compositionis defined as therelative proportion of cell types withina
cell'sspatial neighborhood. The spatial neighborhood consists of up to
20 nearest cells within al5-umradius. Each neighboris represented by
two celltypes (primary and secondary) with associated weights defined
above (namely w, and w,), obtained from the RCTD decomposition.
Within a neighborhood, weights are aggregated by cell type and nor-
malized tosumto 1, yielding a vector of relative cell-type proportions,
referred to as the neighborhood composition.

The proportion ofthe secondary cell typein the neighborhood s
defined as the neighborhood composition weight corresponding to
thesecondary cell type. Equivalently, it can be described as the average
weight of the signal corresponding to agiven cell'ssecondary cell type
across all other cellsinits spatial neighborhood.

The pairwise spillover index is defined as the cosine similarity
betweena cell’ssecondary cell-type weight (w,) and the proportion of
that same cell type within the cell’s spatial neighborhood, computed
across all cells sharing a specific primary and secondary cell-type pair.
Ahigherindex suggests greater evidence of spillover from type 2into
type 1. For each sample, a pairwise spillover index was computed for
cell-type pairs having at least 20 observations. Nonsignificant scores
(<20 observations or permutation test false discovery rate (FDR) >0.01)
were replaced with zeros.

The cell-type spilloverindex is derived by averaging the pairwise
spilloverindices across all primary cell types for each given secondary
(contaminating) cell type. A higher index indicates stronger spillover
originating from that secondary cell type. When averaging across
all primary cell types, statistically nonsignificant observations (<20
observations or permutation test FDR >0.01) were treated as zeros.

SPLIT correction. To reduce contamination from secondary cell-type
signalsinan observed expression profile, we leveraged RCTD output.
RCTD provides, for each cell, the primary and secondary cell-type

labels, along with their weights w; and w, =1 - w,, which reflect the
relative contributions of the primary and secondary reference profiles
tothe observed expression. Using these weights and the reference pro-
files, we computed a purified expression profile designed to separate
the contribution of the primary cell type from the secondary cell type.
Specifically, for each cell:

w, refl

wyref, + woref, ~ 22

Xdoublet—SPLIT =
where ref; and ref, are the average reference profiles of the primary
andsecondary cell types, respectively. Fraction bar and ‘®’ correspond
to element-wise division and product, respectively. Intuitively, this
ratio (used as a scaling factor) is an estimate of the expected fraction
of transcripts coming from the primary cell type. The complement,
—wreh__ heing the expected fraction of transcripts coming
wref,+w,ref,
fromthe secondary cell type.

We call this approach doublet-SPLIT and by default apply it to
cellsclassified as ‘doublets_certain’and ‘singlets’ that showed signs of
contamination—thatis, cells for which both a primary and secondary
cell type were confidently assigned by RCTD.

For cells labeled as ‘doublets_uncertain’, only the primary cell
typeis confidently assigned, and the secondary identity is considered
ambiguous. To purify these cells, we performed a full-SPLIT as

wref;

Xfull-sPLIT = —¢
Ei:1 wiref;

© Xobserved-

In addition, we observed that RCTD occasionally swaps the pri-
mary and secondary cell types. To account for this, weimplemented a
label-correction step termed SPLIT-shift. If a cell has primary label ct,
andsecondary label ct,, butits transcriptomic neighborhood is primar-
ily composed of ct, cells, we assume a potential label swap and perform
purification using ct, as the primary identity, namely

w,ref,

—272 _0Hx .
wiref, + wyref, —  ooserved

XSPLIT—shift =

Tosupport SPLIT-shift decisions, we also constructed a transcrip-
tomicneighborhood for each cell, defined by akNN graph (k =10) based
on Euclidean distance in PCA space.

Which cells to SPLIT. We offer several modes to decide which cells
should be purified:

« Default: purifies all cells having secondary cell type by
applying doublet-SPLIT to singlets and doublets_certain, and
full-SPLIT to doublets_uncertain.

* balance_ score_ based:singlets and doublets_certain
undergo doublet-SPLIT only if they show evidence of contami-
nation, specifically, if they are surrounded by cells of their
assigned secondary type. Doublets_uncertain still receive
full-SPLIT; all others remain unchanged. To support this
decision-making, we introduce a spatial neighborhood-based
metric, neighborhood weight second type (referred to
as proportion of secondary cell type in cell’s neighborhood
inFig. 3), which represents the average proportion of a cell’s
secondary type found within its local spatial neighborhood. In
this study, we defined each cell’s spatial neighborhood using
a kNN approach with (k =20) based on Euclidean distance in
physical space. To ensure locality, we removed all edges longer
than 15 um.

Alternative count correction. ResolVI' is a probabilistic model that
refines spatial transcriptomic data by resolving cell-type mixtures
using variational inference. In this study, we applied ResolVI using
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default parameters, with models trained either in an unsupervised
manner or supervised using Level 2.1 cell-type labels, with T cell sub-
types and malignant cell subtypes each grouped into one category.
Wetreated sampleinformation as abatch covariate, asrecommended
through personal communication with the authors (https://github.
com/bdsc-tds/xenium_analysis_pipeline/issues/83).Because ResolVI
requires input expression values to be integers, ProSeg expression
matrices were rounded to the nearest integer.

Ovrlpy®” combines a vertical subslicing strategy with an unsuper-
vised, segmentation-free analysis of spatial transcriptomics data to
identify and correct for potential spatial doublets. In this study, we
applied ovrlpy with default parameters, with a threshold of either
0.5 or 0.7 applied to the pixel signal integrity map, as reccommended
in the original preprint and through personal communication with
the authors (https://github.com/HiDiHlabs/ovrl.py/issues/40),
respectively.

Comparing segmentations and count correction methods
Computational procedures and metrics for assessing cell type separa-
tion, batch effect, data quality and potential spatial signal contamina-
tion. Analyses focused on quantifying specificity (that is, potential
contamination between neighboring cell types) and sensitivity (that
is, data preservation, similarity to chromium profiles) were adapted
from Mitchel et al.’. These were applied to each sample, before and
after count correction.

Assessment of cell-type separation and batch effect strength
Biological conservation of cell types and batch effect strength were
assessed using metrics proposed by Lueckenetal.”, asimplementedin
the scib-metrics package (https://github.com/YosefLab/scib-metrics)
and Calinski-Harabasz, Davies-Bouldin scores from scikit-learn®.
Higher scores indicate improved biological conservation or batchinte-
gration; Extended Data Fig. 2 uses color coding to facilitate interpreta-
tion and comparison across methods. Malignant cells were excluded
before computing these metrics because they are oftensample specific.
Datasets were downsampled to amaximum of 100,000 cellsto speed
up calculations.

Assessment of specificity and potential contamination

To evaluate potential transcript spillover or misassignment between
spatially adjacent cells of different types, we reimplemented a
recently proposed approach’. For each pair of distinct cell types,
denoted as the target cell type i and the potential contaminating
cell typej, cells annotated as type i were assigned a binary label: 1
for those spatially adjacent (based on centroid distance <15 pm) to
at least one cell of typej, and O for those not adjacent to any cell of
type,j. We then trained a logistic regression model to predict, based
onthegeneexpression profile of acell of type i, whether itis adjacent
toacell of typej.

For each sample after QC filtering, input features were z-scored
log-normalized expression levels of all genes for cells of type i. We
used theimplementation fromscikit-learn* with default parameters,
except for max_iter, whichwasincreased to 500 and class weight setto
‘balanced’ to account for possible imbalance of target labels.

Genes were ranked by the magnitude of their coefficients to assess
their potential association with signal contamination from cell type

Jj within cell type i. To evaluate whether these ranked gene lists were

enriched for markers of cell typej, we counted the number of markers
present in the top 20 ranks. Cell type markers were defined indepen-
dently for each sample, as the top 20 genes identified via Wilcoxon
rank-sum test statistics, comparing with all other cells.

This analysis was run across all segmentations of each Xenium
sample, both before and after applying count correction. We used
RCTD cell-type annotation Level 2.1, grouping T cell subtypes into
one class and tumor subtypesinto one class. Cell types with more than

50,000 cells were downsampled to a maximum of 25,000 cells from
each class. For a given sample, cell types were excluded from analysis
if fewer than 100 cells were available in both target classes (proximal
versus distal to cell type}).

Inaddition, we ran Wilcoxon differential expression tests between
classes, on all samples except those with fewer than 30 cells available
inbothtarget classes. For T cell contamination by malignant cells, we
ranPrerank gene set enrichment analysis (GSEA) using genes ranked by
log-fold changes and custom gene sets (Supplementary Tables 3and 4).

Assessment of sensitivity and data quality

After applying QC filters (see ‘Xenium’ in ‘Data preprocessing and QC’
section in Methods) to raw or corrected count matrices, standard QC
metrics were computed per cell, including the total number of UMIs
or reads detected, and the number of genes expressed (defined as
genes with >0 counts). Mean and median values for the number of
genes expressed per cell, as well as the mean UMI count per cell, were
calculated across all cells.

To assess the biological fidelity of the expression profiles, we
compared them with reference chromium data. Pseudo-bulk expres-
sion profiles were generated for eachidentified cell type in our dataset
by summing gene expression across all cells assigned to that type.
We then calculated the cosine similarity between log-normalized
pseudo-bulk profiles and corresponding cell type profiles derived
from Chromium scRNA-seq. The similarity calculation was performed
using all shared genes.

Analysis coordination. Given the raw Xenium data and the curated
snRNA-seq reference, we implemented a reproducible Snake-
make?*® pipeline to coordinate the above sophisticated analysis on a
high-performance cluster. The number of threads and the amount
of memory for each task were allocated dynamically, with a limit of
48 threads and 1 TB memory, and the run time was limited to 3 days
(72 h). Tasks that failed due to out-of-memory errors were excluded
fromtheresults.

Statistics and reproducibility
All correlations were quantified using Spearman’s rank correlation
coefficient (R). Statistical significance was assessed using a two-sided
t-test of the null hypothesis R = 0.
Statistical significance of cosine similarity metric was assessed
using aone-sided permutation test (n =1,000).
ThemicrographsshowninFig. 3f,g areillustrative. Confounding of
primary and contaminating cell-type assignments by RCTD, occurring
when contaminating signal dominates the true signal, was observed
consistently within each slide and across all five slides with successful
IHC staining.

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

Data availability

Xenium data produced as part of this study have been deposited in
NCBI’s Gene Expression Omnibus (GEO) and are accessible through
GEO series accession number GSE311609. Raw data of our matched
lung and breast cancer snRNA-seq references are publicly available via
cellxgene at https://cellxgene.cziscience.com/collections/bd552f76-
1f1b-43a3-b9ee-0aace57e90d6. The external lung scRNA-seq refer-
ence is available via cellxgene at https://cellxgene.cziscience.com/
collections/edb893ee-4066-4128-9aec-5eb2b03f8287. We used the
extended atlas, containing data from 318 patients, which has over 1
million cells”. The external breast scRNA-seq reference described by
Wuetal.**isavailable at https://www.ncbi.nlm.nih.gov/geo/query/acc.
cgi?acc=GSE176078.
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Code availability

Details on reproducing our analysis and analyzing other datasets are
available via GitHub at https://github.com/bdsc-tds/xenium_analy-
sis_pipeline. SPLIT is available as an R package, via GitHub at https://
github.com/bdsc-tds/SPLIT. Codeto reproduce the analysis and figures
isavailable via GitHub at https://github.com/bdsc-tds/Bilous2026.
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Extended DataFig. 1| Annotation of Xenium data using external references. where tumor cells were not detected. ¢, Confusion matrix comparing cell-type

a, Cell-type composition for all Xenium samples using external references,
grouped by donor and colored by cell type. The side color bar indicates the
panel. b, Adjusted Rand Index (ARI) comparing RCTD annotations from

annotations from external (rows) and matched (columns) reference data.
d, UMAPs of all cells grouped by panel, colored by RCTD-assigned cell types
using external Chromium data.

matched vs. external references. Color indicates the panel; * denotes samples
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Extended Data Fig. 2 | Biological conservation and batch integration
scores. a, Default data, including all Xenium datasets processed with default
segmentations and Chromium datasets processed with the standard pipeline.
Corresponding UMAPs are shown in Fig. 1d. b, NSCLC datasets restricted to
the 194 genes shared between 5 K and Lung panels. For Xenium data, samples
from six shared donors are included; for Chromium, all NSCLC samples are
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used. Corresponding UMAPs are shown in Fig. 2a. ¢, Chromium datarestricted
to the genes present in the Xenium panel. Corresponding UMAPs are shown in
Extended Data Fig. 3h. d, Xenium data processed using nuclear segmentation.
Color represents the goodness score, with darker shades indicating higher (that
is, better) values; color gradient is scaled per column.
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Extended Data Fig. 3| Cross-panel consistency across xenium and chromium.
a, Spearman correlation of mean gene counts across technical replicates in
targeted panels. Each dot represents a gene. b-c, Correlation of gene expression
between Custom 10 and (b) Prime 5k and (c) Lung panels in matched samples. d-
g, Scatterplots of RCTD-inferred cell-type compositions across matched samples
profiled with different panels: (d) Custom IO vs. Prime 5k (with multimodal
segmentation); (e) Custom 10 vs. Lung panel; (f) Lung vs. Prime 5k (without

multimodal segmentation); (g) Custom 10 vs. Prime 5k (without multimodal
segmentation). h, UMAPs of matched Chromium data using only genesin the
corresponding targeted panels. R, Spearman correlation coefficient; p-values
were computed using a two-sided t test and were not adjusted for multiple
comparisons, given the small number (up to n = 6) ofindependent donor-
level tests. The dashed line indicates the identity (y = x). Asolid lineindicating
generalized linear model (GLM) fit is shown for visualization only.
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Extended Data Fig. 4| Cell-type profile similarity across panels and assays.
Scatterplots compare the average expression of 194 shared genes between
Chromium, Xenium Lung, and Xenium Sk per cell type for two donors—L1 (a) and
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weight (w,) and the proportion of that same cell type inits spatial neighborhood, averaged across all primary cell types. When averaging, non-significant observations
(p-value >=0.01, one-sided permutation test, n =1000) are set to zero.
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Extended Data Fig. 8 | See next page for caption.
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Extended Data Fig. 8 | Doublets and specific phenotypes. a, IHC and
morphology image highlighting cells identified as malignant (primary) with
cyclinglymphocytes (secondary). Cells are indicated by white arrows; contour
color reflects primary RCTD annotation. Dots represent cell type-specific
transcripts (tumor: brown; cycling lymphocytes: cyan). b-e, UMAPs of the same
Xenium sample: (b) computed on raw data; (c) subset to doublets; (d) computed

on data purified using the default SPLIT; (e) computed on data purified with the
neighborhood-aware SPLIT. All maps are colored by the primary cell type (first
row), secondary cell type (second row), cell class (third row), local abundance
ofthe secondary cell type (fourth row), proliferation signature (fifth row), and
purification status (sixth row).
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