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Abstract

Mapping cell distributions across spatial locations with whole-genome coverage is essen-
tial for understanding cellular responses and signaling However, current deconvolu-

tion models aim to estimate the proportions of distinct cell types in each spatial tran-
scriptomics spot by integrating reference single-cell data. These models often assume
strong overlap between the reference and spatial datasets, neglecting biology-grounded
constraints such as sparsity and cell-type variations, as well as technical sparsity. As a
result, these methods rely on over-permissive algorithms that ignore given constraints
leading to inaccurate predictions, particularly in heterogeneous or unmatched datasets.
We introduce Weight-Induced Sparse Regression (WISpR), a machine learning algo-
rithm that integrates spot-specific hyperparameters and sparsity-driven modeling. Unlike
conventional approaches that neglect biology-grounded constraints, WISpR accurately
predicts cell-type distributions while preserving biological coherence, i.e., spatially and
functionally consistent cell-type localization, even in unmatched datasets. Benchmarking
against five alternative methods across ten datasets, WISpR consistently outperformed
competitors and predicted cellular landscapes in both normal and cancerous tissues. By
leveraging sparse cell-type arrangements, WISpR provides biologically informed, high-
resolution cellular maps. Its ability to decode tissue organization in both healthy and dis-
eased states highlights WISpR’s practical utility for spatial transcriptomics, particularly in
challenging settings involving noise, sparsity, or reference mismatches.

Author summary

Life is like a puzzle: Each cell or gene is a piece that contributes to the big picture. To
truly understand health and disease, we must not only know which components are
present but also how they are spatially organized and interact. Tissues are composed of
diverse cell types with distinct roles, and spatial transcriptomics allows us to map gene
activity across tissue sections. However, due to limited resolution, each measurement
often contains signals from multiple cell types. In contrast, single-cell RNA sequenc-
ing (scRNA-Seq) offers cell-level resolution, but lacks spatial context, as having puzzle
pieces without the guiding image. To bridge this gap, deconvolution methods aim to
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infer which cell types are present at each spatial location. Yet, using cross-study scRNA-
Seq references can introduce mismatches due to batch effects, incomplete annotations,
or biological variability. We developed WISpR (Weight-Induced Sparse Regression), a
mathematically robust deconvolution framework that selectively extracts only the most
informative cell types at each spot. WISpR is resilient to noisy, sparse, or mismatched
data, outperforming existing tools. Applied to simulated and real datasets, including
developing heart, brain, and tumors, WISpR reveals meaningful biological patterns and
enhances our understanding of tissue architecture and cellular heterogeneity in health
and disease.

Introduction

Biological coherence, the harmonious integration of cellular components and their interac-
tions, underpins the complex organization and functionality of living systems. In nature,
species form organizations that serve to perpetuate their lineage or enhance the efficiency of
community tasks while minimizing energy consumption at different levels of life. Similarly, at
the genetic level, coherence in region-specific gene expression allows cells to perform special-
ized roles, contributing to tissue complexity and organismal physiology [1-6]. This coherence
is fundamental to ensuring that cells operate in concert rather than in isolation. Disruptions
in coherence can lead to pathological states, emphasizing its role as a key organizing princi-
ple in both health and disease. Despite this, variability within cell types introduces cellular
heterogeneity, a key feature of complex tissues. Our understanding of these complex biolog-
ical systems depends on our ability to accurately perform deconvolution, the estimations of
underlying cell-type compositions, from observations. Yet, this coherence and heterogeneity
dilemma becomes even more noticeable when the datasets originate from different sources. In
such cases, the reference profiles i.e., transcriptomic profiles of cell types may not adequately
represent the cell types present in the spatial transcriptomics data, as the profiles of similar
cell types can vary due to biological or temporal changes. However, the global goal is to estab-
lish a comprehensive collection of cellular transcriptomics profiles that can be used to map all
possible cells in tissues and accurately detect disease states and locations. Therefore, accurately
deconvoluting cell types using large-scale single-cell reference datasets derived from diverse
studies and understanding their interactions and organizations in spatial contexts is crucial
for unraveling cellular heterogeneity and tissue complexity. Consequently, understanding the
cellular landscapes and interactions opens up possibilities for deciphering complex biological
processes such as cellular development, metabolism, and signal transduction [7-9] and dis-
eases such as cancer, neurological disorders, and others [10-12], which are manifestations of
cellular responses and are orchestrated through intricate signaling pathways.

Spatial transcriptomics, refers to technologies that measure gene expression in spatial con-
text by assigning expression profiles to defined regions on a tissue section, known as capture
spots. Each spot captures transcripts from multiple nearby cells, allowing the identification
of tissue regions with distinct transcriptional signatures. However, capture spots may contain
multiple cell types or fractions of cells (Visium, Visium-HD, Tomo-Seq, Slide-Seq) [13-16],
thus require deconvolution, to recover the original cells that were “mixed” together, to esti-
mate cell-type proportions. On the other hand, high resolution spatial expression data with
high dropout rates, prior requirement of gene panels, producing sparse count matrices (as
seen in MERFISH, Stereo-Seq, Seq-Scope, PIXEL-Seq) [17-20], still lack direct cell-type iden-
tity and rely on segmentation-based or reverse deconvolution methods for detecting true cell-
type identification. Consequently, directly extracting the whole genome coverage at single-cell
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resolution is impossible with current spatial transcriptomics technologies. On the other hand,
single-cell RNA sequencing (scRNA-Seq) technology, which profiles gene expression at single-
cell resolution through running high-throughput sequencing on isolated single cells, has rev-
olutionized the study of cellular heterogeneity and gene expression at single-cell resolution,
allowing examination of cell-specific transcriptomes within tissues. Despite potential con-
founders and biological variations [21-23], scRNA-Seq has revealed previously inaccessible
insights into cellular diversity and function [24-27]. However, scRNA-Seq lacks spatial infor-
mation on the original tissue locations of distinct cell types, defined here as groups of cells
with shared gene expression profiles and functional roles. Hence, a combinatorial deconvo-
lution approach using the cell-type information from scRNA-Seq and the spatial information
from spatial transcriptomics is a natural solution to the problem.

Accurate predictions of cell types from spatial capture spots require methods that incor-
porate constraints derived from biological facts, such as the sparsity of cell-type distribu-
tions and the non-negative nature of cell presence. Therefore, utilization of scRNA-Seq data
as a reference for deconvolution, merely applying it without enforcing biologically grounded
constraints—such as spot-specific sparsity, cell-type rejection, or non-negativity—often leads
to biologically implausible cell distributions. Existing deconvolution tools aim to integrate
scRNA-Seq and spatial transcriptomics to create tissue atlases [28-33].

However, many existing methods either neglect biology-grounded constraints, often
assigning non-zero contributions to most cell types across spatial locations or either consider
broad, tissue-level sparsity or not consider it at all, which overlooks spot-specific variation
and fail to capture localized cellular exclusivity as well as dilute meaningful signals [28,32,34].
This can lead to biologically implausible interpretations, obscuring spatial organization and
hindering the discovery of disease-relevant cellular interactions. Therefore, finding an optimal
and biologically reliable deconvolution algorithm for accurate mapping of cell types in spatial
transcriptomics data remains an open problem.

The challenge lies in developing a computational tool that effectively aligns spatial tran-
scriptomics with scRNA-Seq data while accounting for biology-grounded constraints to filter
out spurious cell-type contributions during deconvolution. Deconvolution, a mathematical
technique used to recover the original signal or components that were “mixed” together in an
observed measurement, can be approached using regression methods to solve the linear equa-
tion y = Ax, where y is the gene expression vector from spatial data (capture spot), A is the
gene expression matrix for cell types, and x is the cell-type coeflicients predicted by solving
this equation [31,32,35,36]. However, the high coherence of gene expressions among differ-
ent cell types can pose difficulties for traditional regression approaches, as the column vectors
in matrix A may be very similar. Attempts are made to overcome the problem by relying on
correlation-based thresholding to select cell-type marker genes, assuming that these gene sets
are highly specific to certain cell types [37].

Yet, in spatial transcriptomics deconvolution, the linear system y = Ax is inherently ill-
posed due to strong correlations among the columns of A (cell-type-specific gene expression
profiles), noise in both the reference and spatial data, and limited gene coverage (i.e., being an
overdetermined system). These challenges prevent the derivation of a unique and stable solu-
tion without additional constraints. Given the nature of our problem, the solution is expected
to identify only relevant and distinguishable cell types, which are a few in reality, per spot.
Therefore, sparse recovery methods (also known as compressed sensing or basis pursuit)
emerge as clear candidates.

Sparse deconvolution aims to identify the most relevant cell types contributing to each
spatial transcriptomics spot by eliminating those with weak or biologically unsupported sig-
nals. This approach reflects experimental evidence from solid tissues, where spatially confined
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regions typically harbor only a few distinct cell types. As such, sparse deconvolution is espe-
cially well-suited for structured tissues with region-specific cellular architecture, enabling
more interpretable and biologically coherent results.

Pitfalls in reference-based deconvolution

Accurate prediction of cell types in spatial transcriptomics data (deconvolution) is essen-
tial to understand the spatial organization of cells that govern tissue functions. Today’s tech-
nology provides a widely adopted and transformative technique called scRNA-Seq, which
profiles cellular gene expressions and opens the possibility of applying deconvolution from
scRNA-Seq.

Deconvolution in cell-type mapping task is commonly formulated as a regression problem,
where the gene expression profile of each spatial spot is modeled as a weighted combination
of reference expression profiles from each cell type, with the weights representing estimated
cell-type proportions [38].

Since scRNA-Seq data provides gene expression profiles at the single-cell level for all cells
detected, these cells must first be clustered into distinct cell types [39-41] and their corre-
sponding marker genes identified. Clustering approaches explore similarities and differences
in multivariate data and draw inferences from unlabeled data, resulting in cell populations
sharing similar characteristics compared to other data members. For example, 3,717 cells
from scRNA-Seq data of a developing human heart were clustered into 15 cell types [42] and
visualized in a 2D space with uniform manifold approximation and projection (UMAP) [43],
which is a nonlinear dimensionality reduction technique that preserves local and global struc-
ture to reveal meaningful patterns in high-dimensional data (Fig 1A). However, deconvolu-
tion of these cell types is non-trivial, since the standard regression methods are insufficient for
the desired reconstruction due to the following two main facts:

o Cellular heterogeneity within a single cell type. Cell-to-cell variability within the same
cell type reflects how biological systems are regulated, respond to external influences,
and develop over time. The heterogeneous nature of cells in a single cluster is illustrated
for Cluster-0 (Fig 1B). The distance from the centroid (stars) to the maximum distance
to the convex hull of the cluster (black line) illustrates the cellular dispersion o. Thus,
the identification of DEGs, the expression values of which represent all cells found in
Cluster-0, is not trivial to select accurate representative gene expressions (Fig 1B).

o Genetic coherence in differently annotated cell types (i.e., cell-type similarity). Along with
cellular heterogeneity in clusters, it is likely to observe coherent gene expressions in sep-
arately annotated cell types due to their biological or functional similarities (i.e., cellu-
lar subtypes of the same tissue). For instance, distinct cell types, such as Clusters-2, 3,
and 4, are nested in the 2D UMAP projection due to cellular heterogeneity (Fig 1C). In
other words, while o;, where i = 2, 3, and 4, represents the heterogeneity for Clusters-

2, 3, and 4, the overlapping circles with radius o;s illustrate the similarities. A pair-
wise Pearson correlation between the expression vectors x and y, o, (see the Meth-
ods section for the Pearson correlation formula), quantitatively measures the similari-
ties between DEGs (Fig 1D). This result reveals how the transcript levels of the expres-
sion vectors for different cell types, such as cluster 3 and cluster 4 (034 = 0.91), or clus-
ter 1 and cluster 12 (1,12 = 0.94), strongly correlate with each other, declaring possible
reasons for the failure of deconvolution.

Therefore, both intra-cluster heterogeneity and inter-cluster coherence can yield computa-
tionally valid but biologically misleading regression fits.
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Fig 1. Deconvolution challenges due to coherence and heterogeneity. A, Two-dimensional UMAP representation of scRNA-Seq data from the developing
human heart. Each color denotes cell types (clusters), revealing local and global structures based on their similarity. B, Illustration of high cellular heterogeneity
within Cluster-0, represented by the line connecting the centroid (star) of Cluster-0 to the cell at the maximum distance. C, Overlapping clusters (Cluster-2 in
green, Cluster-3 in orange, and Cluster-4 in blue) due to cell type similarity, with cluster radii calculated using centroid distances and cell locations at maximum
distances. Large intersecting areas indicate similarity between cell types. D, Heatmap of Pearson’s correlations among clusters, with increased red intensity sig-
nifying higher correlations between functionally coherent cell types. The correlation values between clusters are displayed. E, The 2D UMAP plot of scRNA-Seq
reference data showing cellular clusters from two cell types ¢t (grey) and & (orange) as separate clusters with their DEG vectors & and 8. F, A spatial transcrip-
tomics capture spot containing multiple cells from one cell type a1, a2, and a3 (grey) and background noise (brick-red), illustrating the complexity of the spot’s
transcriptomic profile. G, General deconvolution strategy using scRNA-Seq reference vectors to infer cell-type contributions in capture spots. Conventional
over-permissive methods assign non-negative coefficients, 81 and (33, to both cell types ot and & even when only « is present, leading to inaccurate, non-sparse
solutions. H, Illustration of noise tolerance in deconvolution. Over-permissive tools distribute coefficients across both cell types to account for noise, while
WISPR uses thresholding to eliminate the contribution of § and recover the true sparse coefficient for &, enhancing deconvolution accuracy. I-N, The reference
scRNA-Seq data from the developing human embryonic heart is used to assess deconvolution approaches for distinguishing human heart-specific cell types from
a mouse brain spatial transcriptomics dataset. Model predictions for atrial cardiomyocyte cell types in the mouse brain are presented. I, In DWLS prediction,
human atrial cardiomyocytes show low percentages in mouse brain spots, with occurrences observed in cortical layers and thalamus. J, RCTD prediction reveals
high percentages of cells in spots located in hippocampal, thalamic, and cortical regions. K, S-DWLS prediction, similar to RCTD, displays high percentages of
cells in spots concentrated in cortical and hippocampal regions. L, SPOTlight and M, Stereoscope predicts a high abundance of cells across various brain zones,
while N, WISpR predicts a minimal number of spots in the thalamus, supporting its more accurate prediction on mismatched datasets.

https://doi.org/10.1371/journal.pchi.1013169.9001

Contemporary deconvolution techniques aiming to overcome these challenges can be
broadly categorized as model-based or model-free, depending on how they approach the esti-
mation of underlying components. Model-based methods rely on predefined assumptions
or frameworks that describe how the observed data is generated, often incorporating prior
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knowledge or reference profiles. In contrast, model-free methods make minimal assumptions
about the data and estimate underlying components directly using optimization or statistical
constraints, offering greater flexibility in diverse or noisy settings.

The SPOTlight algorithm [32] is a prominent model-based approach that uses seeded
non-negative matrix factorization (NMF) to derive topic-like components from the refer-
ence data, followed by non-negative least squares regression to project them onto spatial
locations. This strategy, while powerful, tends to distribute all components across all spots,
even in regions where certain cell types are biologically implausible. Similarly, CARD [34]
employs NMF combined with spatial kernel smoothing, which reinforces spatial continuity
but can result in over-smoothing across anatomical boundaries. This can be problematic espe-
cially in tissues with sharp spatial transitions and oversee the cellular heterogeneity which
is generally observed in immune cells and diseases as cancer. STRIDE [44] follows a related
logic using latent Dirichlet allocation (LDA) instead of NME modeling cell types as latent
topics. Although this introduces greater flexibility, it also reduces transparency, making the
direct interpretation of results more difficult. Across these approaches, the reliance on latent
decomposition techniques, whether NMF or LDA, can obscure biological interpretability and
enforce unrealistic uniformity across space.

Probabilistic generative models like RCTD [28] and Stereoscope [30] represent another
group of model-based methods. RCTD models cell-type mixtures using a Poisson likelihood,
incorporating platform variability and overdispersion, while Stereoscope applies a negative
binomial framework, estimating gene- and cell-type—specific parameters to infer relative fre-
quencies. These models can be powerful when assumptions hold, but are vulnerable to ref-
erence mismatches, noise, and overfitting, especially in heterogeneous tissues. Cell2location
[33] expands on this paradigm by embedding a Bayesian hierarchical framework, incorporat-
ing multiple priors to improve robustness to noise. Yet, like RCTD and Stereoscope, its per-
formance still heavily depends on the quality and completeness of the reference, and it lacks
mechanisms to discard irrelevant cell types. Redeconve [36] takes a semi-supervised approach
by clustering individual reference cells into meta-groups to manage uncertainty of annota-
tions and noise in reference data. However, this strategy can obscure fine-grained cell-type
distinctions and reduce resolution, similar to latent component methods such as SPOTlight,
STRIDE, and Cell2location. Like most deconvolution approaches, Redeconve lacks a mecha-
nism for spot-specific rejection of irrelevant cell types, often leading to diffuse or biologically
implausible predictions in heterogeneous tissues, similar to the over-smoothing observed in
CARD and SpatiaDWLS [31].

Among model-free methods, Dampened Weighted Least Squares (DWLS) [29] estimates
cell-type proportions by weighted least-squares regression, introducing dampening to reduce
the impact of dominant cell types. However, its weight formulation may introduce biologi-
cally implausible behavior (e.g., negative squared terms), and it was originally designed for
bulk RNA-seq, making it computationally inefficient for large-scale spatial data. An extension
of this method, SpatiaDWLS [31], incorporates cell-type enrichment and spatial smoothness
into the regression, but, like CARD, it may oversmooth biologically sharp features and, like
most of the above methods, lacks any formal mechanism to reject unsupported or irrelevant
cell types.

While these model-based and model-free approaches vary in formulation, ranging from
matrix factorization (SPOTlight, CARD), topic models (STRIDE), and Bayesian genera-
tive models (RCTD, Stereoscope, Cell2location) to semi-supervised clustering (Redeconve)
and constrained regression (DWLS, Spatial DWLS), they share key limitations: they tend to
force-fit all reference cell types across all spatial locations, assume global applicability of the
reference, and often smooth over true biological heterogeneity. These limitations manifest
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most clearly in tissues with sharp anatomical transitions or high heterogeneity, where over-
permissive regression or probabilistic inference can result in biologically implausible cell-type
predictions. Even when methods incorporate spatial priors or smoothing, such as in CARD
or SpatialDWLS, they rarely support spot-level rejection of irrelevant reference types. This
highlights a general gap in current tools, the lack of built-in mechanisms to preserve spatial
specificity, reject noise, and avoid reference overfitting.

This article presents the implementation of a machine learning-based algorithm called
Weight-Induced Sparse Regression (WISpR), which incorporates an intelligently configured
sparsity property to eliminate irrelevant cells and spurious expressions as required. WISpR is
specifically designed to estimate the most biologically plausible subset of cell types (i.e., the
optimal sparse arrangement) present in each spatial transcriptomics spot, promoting bio-
logically coherent sparsity by systematically rejecting unsupported cell types. In this optimal
sparse arrangement, only cell types with meaningful transcriptomic support are retained,
while spurious contributions are suppressed through a spot-wise thresholding parameter. This
threshold is tuned via cross-validation to balance interpretability and prediction accuracy,
avoiding both overfitting and underestimation. This improves specificity and helps prevent
signal dilution, indirectly reducing false negatives. These tradeofls are captured through F1
score evaluation, balancing precision and recall. (see the Materials and Methods section for
details of the WISpR Model.)

WISpR addresses the limitations of existing methods by incorporating sparsity constraints
and spot-specific hyperparameter and gene weight optimization, leading to predictions that
align with biologically plausible cell-type distributions, even under conditions of noise or
reference-target mismatches. To ensure a comprehensive and representative comparison, five
deconvolution methods were used in this paper that exemplify the major algorithmic strate-
gies used in spatial transcriptomics. SPOTlight [32] was included as an early and influential
matrix factorization-based method that set the foundation for many NMF-driven approaches.
DWLS [29] represents a canonical model-free regression-based technique known for its sim-
plicity and general applicability, while SpatialDWLS [31] extends this paradigm by incorpo-
rating spatial priors and has been frequently cited as a benchmark for spatially aware decon-
volution. RCTD [28] and Stereoscope [30] were chosen as representative probabilistic model-
based frameworks, one relying on Poisson mixtures, and the other on a negative binomial
generative model, both of which are commonly used for their robustness and statistical depth.
Together, these methods span the dominant methodological families in spatial deconvolu-
tion (regression-based, matrix factorization, and generative modeling), enabling a fair and
informative contextualization of performance and innovations of our newly developed model.

In evaluations, WISpR demonstrated superior accuracy and sensitivity in four matched
scenarios (where the reference scRNA-Seq and target spatial transcriptomics datasets orig-
inate from the same source) and six unmatched scenarios (where the reference and target
datasets originate from different sources), using synthetic data derived from two distinct
organisms and tissue types. Furthermore, WISpR provided biologically meaningful informa-
tion by accurately mapping cell-type proportions and localizations in diverse tissues, includ-
ing the developing human heart and a coronal mouse brain section. Its ability to resolve abun-
dant and rare cell populations demonstrates its utility in studying tissue complexity and cel-
lular organization. Moreover, WISpR accurately mapped cell states in breast cancer tissues,
revealing regional cancer subtypes and clarifying the location of LumB traits in the DCIS
regions. This precision highlights the potential of WISpR to uncover tumor heterogeneity,
advancing our understanding of cancer progression and resistance mechanisms. By excelling
in both synthetic benchmarks and real biological applications, WISpR sets a new standard
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for deconvolution, providing a versatile and reliable tool for studying tissue architecture and
cellular dynamics in diverse contexts.

Application-driven hurdles in reference-based deconvolution

The challenges associated with spatial transcriptomics deconvolution when using the scRNA-
Seq data as a reference is illustrated with a conceptual workflow in Fig 1E-1H. The 2D UMAP
representation of the reference data (Fig 1E) highlights the heterogeneous cluster of cell

types annotated as & and & as separate colors, and their DEG vectors & and & with M num-
ber of genes, and N and L number of cells, where & = f(a;) for i=1,2,..,N, and s =f(§;) for
i=1,2,.., L, respectively. The function f is an operation to find the representative vectors &
and &, which is the mean value of each gene type within the cluster for our study. Further-
more, an example of a capture spot in spatial transcriptomics is given in Fig 1F, where the
spot is composed of three cells of a single cell type a along with contributions from back-
ground noise. The transcriptomic profile with M genes of the spot is thus a mixture of cells «;,
where i = 1,2, 3 in this example, and noise, representing the measurement errors and fraction
of cells partially contributing to the transcriptome profile of the spot. The general deconvolu-
tion strategy uses representative vectors, & and &, from the scRNA-Seq data to infer the cellu-
lar composition of the spatial capture spot. This approach relies on over-permissive methods,
assigning non-negative coefficients §; and 3, to both cell types a and &, respectively, even
when only one cell type, «, is present in reality (Fig 1G). This results in inaccurate predictions,
as these methods fail to account for the sparsity of the true cellular composition. As a result,
the concept of noise tolerance in deconvolution is required to predict the true coeflicients.

Over-permissive tools attempt to explain the noise by indiscriminately assigning coeffi-
cients for almost all cell types given in reference data, which incorrectly represent different
cell types, thereby introducing biologically implausible predictions that compromise inter-
pretability. In contrast, WISpR is tailored to employ a thresholding mechanism to eliminate
irrelevant cell types by assigning 8, = 0, and accurately assign sparse coefficients, 8; > 0, thus
improving the precision of deconvolution in spatial data (Fig 1H).

The real-life task is given to predict human heart cell types in a mouse brain tissue dataset.
This setup, while representing an extreme case of dataset mismatch, highlights a fundamental
criterion for algorithmic reliability: the ability to identify relevant cell types while discarding
irrelevant ones. Here, probing atrial cardiomyocytes in a developing human heart (Cluster-7
in Fig 1A) tested with alternative deconvolution methods (Fig 1I-1M, Fig A in S1 Text), along
with our model (Fig IN), to reveal incorrectly reconstructed mouse brain cells (10X Visium
array) using human heart data [42], highlighting potential inaccuracies in disease studies
where precise cell localization is critical. This outcome underscores a critical limitation: when
tasked with even a straightforward dataset separation, these algorithms fail to exclude cell
types absent from the target dataset.

While the given conceptual framework highlights the importance of accurate deconvolu-
tion, it initially assumes a highly non-ideal scenario where cell-type references have almost
no match with the target tissue. This deliberate challenge was designed to test the robustness
of alternative models under extreme conditions, using datasets from different organs and
organisms. Although such mismatches are rare in biological practice, these tests are crucial
for assessing model limitations. To complement this, we adopted a more biologically relevant
approach, using adult mouse hippocampal scRNA-Seq data as a reference ([45]) (Fig 2A-2C)
for deconvoluting hippocampus-only cells in postnatal day 8 (P8) [46] and adult mouse brain
(10X Visium array).
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Fig 2. Overcoming limitations in sparse cell-type predictions for a biologically reliable task. A, Illustration of mouse hippocampus on mouse brain coronal
section. B, 2D UMAP representation of the 8 HPF cell types. C, Overlapping CA1 and CA3 due to cell type similarity, with cluster radii calculated using centroid
distances and cell locations at maximum distances. D-I, Model predictions for CA3 in the P8 and J-O in adult mouse brain are presented. D, J, In DWLS predic-
tion, CA3 cells are slightly over-represented in mouse brain spots (blue shade), with frequent spot prediction failures (red). E, K, RCTD prediction reveals high
percentages of cells in spots located in hippocampal, thalamic and cortical regions. F, L, S-DWLS prediction displays confined but still disproportionate of cells in
spots concentrated in stratum oriens, stratum pyramidale and stratum lucidum and thalamus regions. G, M, SPOTlight predicts a high abundance of CA3 cells in
DG and across various brain zones including cortex. H, N, Stereoscope predicts CA3 in almost all hippocampus, thalamus and cortical regions, while I, O WISpR
predicts CA3 cells in exactly CA3 morphological region in both P8 and adult mice, supporting its more accurate prediction on mismatched datasets.

https://doi.org/10.1371/journal.pchi.1013169.g002

The objective is to ensure that reference hippocampal cells are located exclusively within
the hippocampus, with no presence detected in other regions. This dual approach allowed us
to rigorously evaluate the performance of the model in both extreme and realistic biologi-
cal scenarios, consistently demonstrating the limitations of alternative models. An example
is given here by using CA3 cells (Fig 2B,2C). Similar to previous case, all tested alternative
deconvolution methods (Fig 2D-2H for P8 mouse, Fig 2J-2N for adult mouse, and Fig B in
S1 text), but WISpR (Fig 2I for P8 mouse and Fig 20 for adult mouse), over-reconstructed
mouse brain cells using mouse hippocampus data. This outcome reveals that these algorithms
are ineffective in removing absent cell types from the target data and tend to exaggerate the
abundance of those present. Consequently, this limitation underscores the reliability of alter-
native tools in real-world applications where the ground truth may be unknown, and their
tendency to over-represent present cell types while failing to exclude irrelevant ones could
compromise accurate deconvolution. Therefore, methods that inherently sense biological phe-
nomena, such as sparsity, intrinsically are needed to ensure deconvolution accuracy and to
produce highly accurate high-resolution organ maps.
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Materials and methods
Similarity analysis

Similarity scores via linear correlations involve calculating the pairwise Pearson’s correla-
tion coeflicient between gene expression profiles of all cell types. The Pearson correlation
coefficient (py,,) of gene expression profile vectors x and y is determined by the formula:

n Z?xiyf - Z? Xi Z?)’i
VrEr - (I a2 /n 2]y - (X0 y)?

Pxy =

where x = (x;),y = (y;) € N” are n-dimensional vectors, and i = 1, ..., n. The Pearson corre-
lation yields a number from -1 (indicating a perfect negative correlation) to 1 (indicating a
perfect positive correlation), with 0 denoting no correlation.

Spatial clustering of zones

To define transcriptionally coherent spatial regions (zones), an unsupervised clustering pro-
cedure was applied to the spatial transcriptomics expression matrix. Let y € RMXL denote the
raw gene expression matrix, where M is the number of genes and L is the number of spatial
spots. The matrix y was normalized using the normalizeGiotto() function from the Giotto
package [47] to correct for technical variation. Highly variable genes (HVGs) were selected
from the normalized matrix by computing gene-wise variance across all spots using calcu-
lateHVG(). A subset Gy C {1, ..., M} was retained for downstream dimensionality reduc-
tion. Principal Component Analysis (PCA) was performed that yielded a low-dimensional
embedding Z € R4, with d = 10 components.

A k-nearest neighbor (k-NN) graph ' was constructed using the Euclidean distances in
Z, where k = 10. Community detection was subsequently performed on AV using the Leiden
algorithm using a resolution parameter of 0.2 and 1000 iterations, as implemented in doLei-
denCluster(). This resulted in a discrete partitioning of spatial spots into K transcriptionally
coherent zones, denoted { Z1, Z,, ..., Zx}.

These spatial zones were then used to compute zone-specific DEGs across the clusters. The
sets of resulting genes were integrated with the specific DEGs of cell types of scRNA-Seq to
construct the reference matrix X € R**? for deconvolution.

Selection of differentially expressed genes

Differentially Expressed Genes are identified using an algorithm based on the Gini index [47-
49], whose robustness to gene selection has been demonstrated [50]. In this context, we refer
to the Gini index as the overall method for evaluating expression inequality, and to the Gini
coeflicient as the specific numerical value computed for each gene. The Gini coeflicient G cal-
culated as the mean absolute divergence among all pairs of data points within the provided
dataset. In cases of consistent measurements, the Gini coefficient approaches its minimum
value of 0. In heterogeneous cases, the index tends towards the theoretical maximum of 1,
indicating the highest inequality [51,52]. The Gini coeflicient for a gene is calculated as:

B Yo 2;1:0 lyi =il

G
4 2n%y

)

where y; and y; are the average expression values of gene ¥ in cell types i and j, n is the num-
ber of cell types, and 7 is the overall mean expression of gene y across all cell types.
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To identify robust DEGs, the algorithm first computes the average expression values and
detection rates (i.e., the proportion of cells where a gene is expressed) of each gene within
each cell type. A lower detection threshold of 0.2 is applied, meaning a gene must be detected
in at least 20% of the cells of a given type to be considered further. The Gini coefficients for
both average expression and detection rate are then computed for each gene across all cell
types to quantify inequality in their distributions.

Next, all genes are independently ranked according to their average expression levels and
detection rates across cell types. Specifically:

o Expr. Rank(y) reflects the rank of gene y among all genes based on its average expres-
sion values across cell types.

o Detect. Rank(y) reflects the rank of gene y based on its distribution of detection rate
(i.e., the percentage of cells that the gene y is detected in) across cell types.

These rankings are then combined with the corresponding Gini coefficients to calculate an
integrated score (IS) for each gene:

IS(y) = Detect. Rank(y) X Expr. Rank(y) X Expr. GC(y) X Detect. GC(y) (3)

where Expr. GC(y) and Detect. GC(y) are the Gini coefficients for average expression and
detection, respectively.

Genes within each cell type y; for i = 1, ..., n, where » is the number of cell types, ranked
according to their gene-specific expression and detection ranking, and following the approach
of Dries et al., (2021) [47] the top 100 genes with the highest values specific to each cell types
are used to construct the DEG matrix used for downstream deconvolution.

WISpR model

WISPR effectively obtains a reliable solution to a complex challenge of deconvolution. This
problem is formally expressed through a linear equation,

y=XB, (4)

where X € NMXQ 5 € NMXL and B € N@L, where M is the number of genes, Q is the num-

ber of cell types, L is the number of capture spots in the spatial transcriptomics data and N

is the set of natural numbers. Within this equation, y is the gene expressions matrix, and

each column of y represents a particular spatial transcriptomic location (that is, a spot),

while X encompasses gene expressions derived from diverse cell types as column vectors,

obtained from scRNA-Seq data. The purpose of 8 is to capture coefficients that clarify the

extent to which cell types within X influence the spatial transcriptomics data represented by

. Since the total number of DEGs used in the deconvolution exceeds the total number of

cell types identified from the scRNA-Seq data (M > Q), the deconvolution problem exhibits

non-uniqueness in its solutions. In other words, there are infinitely many solutions for Eq 4.

Hence, the challenge lies in discerning the correct solution from the multitude of possibilities.
The fundamental assumption in the deconvolution approach is that one has access to all

the necessary scRNA-Seq data for reconstructing spatial transcriptomics. Suppose that spa-

tial transcriptomics data can be represented as linear combinations of a given library X =

{X1,-,Xq} of scRNA-Seq data, with X; € NM. For each spot i, the objective is to determine

a coefficient vector 8; = (B ..., Bq,i) that can express the i-th component of spatial data y, as

a linear combination of X, such that y, Zj i X;. In a matrix representation, we are seeking a

coefficient matrix 8 so that y ~ X3, where:
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Deconvolution problems are concerned with situations where the number of DEGs,
denoted as M, exceeds the number of cell types, represented by Q, resulting in an “over-
determined” linear equation y = X3. However, considering the inherent sparsity of spatial
transcriptomics data, our actual objective is to find a solution for the following minimization
problem.

min, 1Bl subjectto - wily~XBll - "Il (5)
where |[B||o = #{(i,j) : Bij # 0}, counts the number of non-zero elements in . In this context,
A € R is a vector comprising penalty terms, each associated with a specific spot denoted by i.
These terms play a crucial role in controlling the model overfit by penalizing the coefficients
within 8. The notation ||.||, represents a norm used to measure distances in space Ly, i.e., £,
is the Euclidean distance.

For each spot i, we optimize the gene-specific weights indicated as w = (wy, ..., wq), with
w; € R*. These weights are primarily fine-tuned to mitigate errors that may arise due to the
rarity of cell types and gene expressions. To calculate these weights, we employ the multi-
plicative inverse of the values obtained from y, and use them in sequentially thresholded
least squares regressions [53]. It is worth noting that these weights are constrained to be non-
negative, effectively ensuring that negative rows are zeroed out, resulting in a weight vector
w; > 0, as exemplified in Algorithm 1.

Algorithm 1. WISpR algorithm to predict the spatial cell localizations.
Input: scRNA-Seq matrix X (library matrix), spatial tran-
scriptomics vector y; of spot i, weight vector w;, thresholding

parameter T;, penalty parameter A;
Output: Sparse coefficient vector f; for spot 1
Require: $,>20, w;>0, 7,>0
function WercHT (X,y;)
Solve: mingsolly, - XB + AlIBI1B
Use solution f; to calculate weights w;=1/(Xg;)
return w;
end function
function GRIDSEARCHCV.FIT (X,y,, w;)
Define grid: (r,1)€§g
Objective: minimize cross-validated NMAE(y,X8;)
Model: f,=argming s willy, - XBil[3 + AlIB,|12
return optimal (7i,4;) from G
end function

function WISpR(X,yi,‘[i,/li,w,-) > Find the best sparse solution
ming ene ||Bllo  subject to  willy, - XBill2 - 4illBil]2 D> Initial prediction
while not converged do
k=k+1
if B5<7 then I<arg(fi<m)
fix B =0
nﬁnMﬁNQHﬁﬁHo subject to wﬂhi—XﬁZHz—AMBﬁHz > The best sparse
prediction
end if

end while
return £
end function
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Throughout each iteration, WISpR computes spot-specific thresholding parameters repre-
sented as (7;) in Algorithm 1. Coefficients falling below this threshold, indicating nonsignifi-
cant coeflicients, are eliminated and the regression is conducted sequentially until significant
cell-type coeflicients are determined.

The sequential thresholding algorithm introduces a specific requirement for X to guarantee
a “unique sparse solution.” This requirement is based on the idea that the columns of X should
exhibit a high degree of orthogonality. This characteristic is of paramount importance, serving
as a critical design criterion for our library X, thereby ensuring the uniqueness of our learning
objective within a sparse context.

Hyperparameter tuning

The aim of hyperparameter selection is to optimize model performance and accuracy by
adjusting parameters related to complexity and sparsity regularization. In WISpR, three
hyperparameter tuning approaches were employed to estimate the optimal three spot-specific
parameters, targeting the sparsity parameter (4;) to control the sparsity of the model, the
weight parameter (w;) to scale the abundance of cells and gene expression levels, and the
thresholding parameter (7;) to remove nonsignificant coefficients where i = 1, ..., L is the ID
of the spot and L is the number of spots (Fig 3).

The parameter w; is optimized for each individual capture spot using non-negative regres-
sion, employing the Limited-memory Broyden, Fletcher, Goldfarb, and Shannon (L-BFGS)
algorithm [54], with temporary A set to 0.1. The convergence is achieved when the support
of the coefficient vector no longer changes, or after reaching the maximum number of itera-
tions (max_iter = 1000). Additionally, a threshold tolerance parameter (to1, default = 107)
is used to prune coefficients below this value during each iteration. The multiplicative inverse
of this parameter is then used to predict the optimal hyperparameters 4; and ;. GridSearch,
using the precalculated w; parameter, is employed to fine-tune the hyperparameters 4; and ;,
with a parameter grid covering a range of values for both 7; and 4;, including normalization
and intercept point values. The evaluation is based on the Negative Mean Absolute Error, and
cross-validation is conducted with 5 splits and repetitions for robust assessment.

Data-driven synthetic spatial transcriptomics reconstruction from
scRNA-Seq

Due to the inherent absence of cellular-level gene expression information in real spatial tran-
scriptomics data, evaluating the accuracy of the deconvolution model requires synthetic
datasets. These synthetic datasets are expected to mirror the fundamental characteristics of
spatial transcriptomics data to simulate real-life deconvolution procedures, encompassing a
maximal number of cells and cell types within a synthetic spot. For performance comparisons
of deconvolution models, semi-synthetic spatial transcriptomics datasets were prepared using
the count matrices and the cell-type annotations given in the scRNA-Seq data based on the
methodology explained in Andersson et al. (2020) [30].

The synthetic data generation algorithm utilizes scRNA-Seq data, which is represented
as a cell X gene matrix where the cell type information for each cell is known. Suppose that
the number of available cell types is N for the scRNA-Seq data, and the boundaries for the
number of cell types (ctmin and ctmay) and the number of cells (¢min and cmay) per spot are
set. In this work, we choose ctyin = 1 and cfmax = 5. The selections for ¢yin and ¢pax can vary
depending on the sequencing technology used.
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Fig 3. WISpR spatial deconvolution workflow overview. A, UMAP visualization of scRNA-Seq data showcasing four distinct cell types, each
depicted in a unique color. B, Gene expression profiles for individual cell types derived from the intersection of genes (N) in scRNA-Seq and spatial
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transcriptomics datasets. C, Representative x- and y-coordinates of spots in the spatial transcriptomics dataset, with each color indicating a zone profile
identified through clustering analysis. D, Gene expression profiles for individual spatial zones based on a selected gene set from the intersection of
scRNA-Seq and spatial transcriptomics datasets. E, Identification of differentially expressed genes specific to cell types (G5C) and zones (G%T), defining
cluster differentiation strength. The union of G5 and G%T forms the reference scRNA-Seq and spatial transcriptomics datasets (G) for WISpR decon-
volution. F, WISpR algorithm summary. The spatial transcriptomics matrix (MxL) and reference scRNA-Seq matrix (MxQ) guide the prediction of the
best sparse coefficient matrix (QxL), representing the number of genes (M) in G for each spot, number of spots (L), and number of reference cell types
(Q). WISpR iteratively thresholds coefficients based on spot-specific weights (w) and thresholds (7). G, Spatial deconvolution results reveal estimated
abundance patterns, locations, and co-occurring cell type compositions for each reference cell type using the WISpR algorithm.

https:/doi.org/10.1371/journal.pchi.1013169.9003

First, the number of cell types is drawn uniformly (without replacement) from the N avail-
able cell types within the range of ¢ty and ctyax. Then, the Dirichlet distribution (with a
concentration parameter of 1) is employed to probabilistically determine the abundance of
cells per cell type in the spot within the selected boundaries of the number of cells (¢pin and
Cmax)- These determined numbers are real numbers, so the relative proportions of the cells
are rounded to the nearest integers to maintain a biologically meaningful cell distribution.
Finally, the maximum number of cells per cell type is randomly sampled from the avail-
able cells. For each sampled cell, the gene expression values are multiplied by a ratio factor
(ratio factor =0.1 [30]) and added to the spot. Using this algorithm as a foundation, synthetic
datasets are prepared to simulate the possible scenarios introduced in the following sections.

Scenarios for technologies and boundaries

This section will explore four distinct scenarios related to potential challenges in real RNA
sequencing technologies, emphasizing their properties and limitations.

Scenario 1: Spatial transcriptomics. The in-situ barcoding-based spatial transcriptomics
technique was introduced in 2016 [14]. Since its inception, researchers have rapidly adopted
and extensively applied this technique in various studies, including transcriptomics analyses
of plant species, developmental studies, cancer research, and investigations into neurodegen-
erative diseases [55-58].

The spatial transcriptomics slides contain capture spots, each featuring approximately
200 million polydT-oligo-based capture probes. These probes bind to the existing RNAs
present in the corresponding tissue position, with each capture probe having a diameter of
about 100 pm. The number of cells within a single capture spot can range from 10 to 30,
depending on tissue type and location of the section. Thus, it can be regarded as a bulk RNA
sample on a smaller scale. Our synthetic spatial transcriptomics dataset was created follow-
ing the same principles as the original data, maintaining a total cell count per spot ranging
from 10 to 30 and including approximately 1 to 5 cell types selected from available scRNA-Seq
datasets [42]. Three independent synthetic spatial transcriptomics datasets, each containing
500 spots and 15,323 genes, were prepared according to Data-Driven Synthetic Spatial Tran-
scriptomics Reconstruction from scRNA-Seq section to evaluate the prediction accuracy of
the WISpR model.

Scenario 2: 10X genomics visium. Advancements in in-situ barcoding-based spatial tran-
scriptomics techniques have led to the development of the 10X Visium platform [16]. This
platform allows for spatially resolved gene expression analysis across tissue sections with
higher resolution. The reduction in the area of the capture spot from 100 um to 55 um has
enabled the capture of gene expression profiles from a smaller number of cells per capture
spot, with the total number of cells typically ranging from 1 to 10.

To simulate data similar to those generated by the 10X Visium platform, the synthetic
dataset for this scenario was created by sampling the total number of cells per capture
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spot, which varied between 1 and 10. Additionally, the number of cell types per spot was
randomly selected to range from 1 to 5 as explained in the Data-Driven Synthetic Spatial
Transcriptomics Reconstruction from scRNA-Seq section. Three independent synthetic spa-
tial transcriptomics datasets were generated to evaluate the prediction accuracy. Each dataset
consisted of 500 spots and 15,323 genes, ensuring a robust assessment of the WISpR model’s
prediction accuracy.

Scenario 3: Unmatched Cell Types Cases. Comparing the potential cell numbers ana-
lyzed by spatial transcriptomics and scRNA-Seq reveals that spatial transcriptomics surpasses
scRNA-Seq in both the quantity and variety of cells. This difference can lead to the inclusion
of additional cell types in spatial transcriptomics, depending on tissue type, which may not be
present in the reference scRNA-Seq data. As a result, these distinct cell types in spatial tran-
scriptomics remain unidentified in the reference data, contributing to noise in the spatial
dataset.

To simulate a noisy dataset, synthetic spatial datasets were generated according to Data-
Driven Synthetic Spatial Transcriptomics Reconstruction from scRNA-Seq section using
all 15 cell types in the reference scRNA-Seq data, resulting in three independent datasets,
each comprising 500 spots and 15,323 genes. Subsequently, the atrial cardiomyocyte cell
type ranked as the sixth most populous cell type with 152 cells among the fifteen identified
clusters, was excluded from the reference scRNA-Seq sequencing dataset to introduce noise.

Scenario 4: Mislabeled Cell Types. Another possible and realistic scenario involves cases
where cell types are mislabeled in the metadata.

To simulate this scenario, we initially generated synthetic data following the approach
outlined in Scenario 1, utilizing 15 cell types. We produced three distinct synthetic datasets,
each consisting of 500 spots and 15,323 genes. Subsequently, all 462 cells in cell type 2 were
relabeled as cell type 3 in the modified scRNA-Seq metadata. Consequently, the metadata
included 14 distinct cell-type labels designated for use in the WISpR deconvolution process.

Blended data

The accuracy of the deconvolution algorithms in handling unmatched cell types was assessed
by controlled simulations. Initially, a synthetic spatial dataset with 1000 spots was gener-
ated, incorporating 2923 mouse brain cells from various cell types: Astrocytes_14 (n = 250),
Astrocytes_40 (n = 250), Astrocytes_41 (n = 31), Blood_73 (n = 46), Ependymal_47 (n = 27),
Excluded_38 (n = 25), Immune_32 (n = 131), Immune_34 (n = 250), Immune_35 (n = 38),
Neurons_25 (n = 250), Neurons_26 (n = 250), Neurons_27 (n = 250), Neurons_63 (n = 250),
Oligos_0 (n = 250), Oligos_1 (n = 158), Oligos_14 (n = 101), Vascular_14 (n = 75), Vascu-
lar_67 (n = 250), Vascular_69 (n = 41).

The cells and cell types utilized in the synthetic data were consistent with those found
in the scRNA-Seq dataset, representing 50% of the total scRNA-Seq dataset. To introduce
unmatched cells, the remaining 50% consisted of a random selection of cells from the entire
human developing heart dataset and non-overlapping cell types from the mouse brain. This
selection included Astrocytes 42, Oligos 5, Neurons 48, Oligos 53, Vascular 68, Neurons 12,
Neurons 14, Neurons 21, Neurons 52, Neurons 51, Neurons 18, Neurons 15, Neurons 11,
Neurons 24, and Neurons 23 as outlined in Table 1.

State-of-the-art deconvolution approaches

To evaluate the predictive performance of the WISpR method, each synthetically generated
spatial transcriptomics scenario and the developing human embryonic heart data were decon-
voluted and compared with state-of-the-art techniques, including Dampened Weighted Least
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Table 1. Generated blended data using mouse brain cells and human embryonic heart cells, labeled as Mix[a,b,c],
indicates the proportion of mouse brain cells found in both the reference scRNA-Seq and synthetic spatial
datasets (a), human embryonic heart data (b), and mouse brain cells absent in the synthetic spatial dataset
within the reference data (c).

Condition ST(+) Human Heart ST(-)
Mix[50,50,0] 2923 (50%) 2923 (50%) 0 (0%)
Mix[50,40,10] 2923 (50%) 2338 (40%) 585 (10%)
Mix[50,30,20] 2923 (50%) 1754 (30%) 1169 (20%)
Mix[50,20,30] 2923 (50%) 1169 (20%)) 1754 (30%)
Mix[50,10,40] 2923 (50%) 585 (10%) 2338 (40%)
Mix[50,0,50] 2923 (50%) 0 (0%) 2923 (50%)

https://doi.org/10.1371/journal.pchi.1013169.t001

Square (DWLS) [29], Spatial DWLS [31], Robust Cell Type Decomposition (RCTD) [28],
Stereoscope [30], and SPOTlight [32] models.

DWLS

The Dampened Weighted Least Squares (DWLS) [29] model employs vector decomposition-
based optimization to address the deconvolution problem, particularly tailored for bulk RNA-
seq datasets. The objective is to solve a linear regression equation y = Sx, where y represents
the gene expression values of the RNA-Seq data in general. The scRNA-Seq signature genes
are predicted using the hurdle model implemented in the MAST R package [59], with an
absolute log2 mean fold change >0.5, to identify the best cell types x based on the scRNA-Seq
signature gene matrix $ and gene expression vector y. The scRNA-Seq static gene signature
matrix § encompasses the gene expression vector of selected marker genes for corresponding
cell types. A weighted error function is utilized to determine the optimal x, which is particu-
larly crucial when dealing with datasets containing rare cell types to avoid overlooking low-
expressed informative genes during predictions. To perform the analysis, the publicly avail-
able DWLS source code with default parameters is used from the following data repository:
https://github.com/dtsoucas/DWLS.

Spatial DWLS

The Spatial DWLS method [31] integrates a Parametric Analysis of Gene Set Enrichment
(PAGE) step prior to the DWLS deconvolution process. Furthermore, the Giotto model [47] is
utilized to generate the signature gene matrix. The deconvolution procedure in this study was
carried out using the code available on GitHub: https://github.com/rdong08/spatial DWLS _
dataset.

RCTD

The Robust Cell Type Deconvolution (RCTD) method [28], which employs a model-based
approach to estimate the relative abundance of cells at capture points. Initially, the average
mRNA count per cluster is computed. Then, a Maximum Likelihood Estimation (MLE)-
based approach is employed to predict cell types. The code and hyperparameters were selected
based on the recommendations provided in the GitHub tutorial: https://github.com/dmcable/

Spacexr.

Stereoscope

The Stereoscope method [30] utilizes a model-based negative binomial deconvolution
approach to predict cell-type abundance in spots and identify differentially expressed genes
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per cell type. Following the official documentation of Stereoscope, the top 5,000 genes that
were expressed highest in single-cell data were selected. The algorithm was run with 50,000
epochs, while the remaining parameters were kept as default, as outlined in the repository:
https://github.com/almaan/stereoscope.

SPOTIight

The SPOTlight method [32] combines non-negative matrix factorization (NMF) and non-
negative least squares (NNLS) for the analysis of transcriptomic data. It operates in three main
steps: First, the scRNA-Seq data matrix is decomposed into lower-dimensional matrices, cap-
turing cell-type-specific gene expression patterns and their presence in each cell, called top-
ics. Initialization involves seeding cell-type-specific gene expression patterns with unique
marker genes for each cell type and assigning binary values to topics based on cell-type mem-
bership. Secondly, it employs NNLS regression to map the transcriptomic data to the spe-
cific patterns of the cell type in topics, generating the distributions of the topic profile for each
capture location. (referred to as NMFreg). Lastly, it derives consensus cell-type-specific sig-
natures from topics and determines the weights of each cell type present at capture locations
using NNLS. In this study, the default parameters recommended for implementation were fol-
lowed and applied, as indicated in the associated code repository: https://marcelosua.github.

io/SPOTlight/.

Performance comparison tools

The performance of the 6 deconvolution models was evaluated by comparing their accu-
racy in estimating each cell type per spatial capture spot using the generated synthetic spatial
datasets.

Root mean squared error

The performance of the method was compared by calculating the Root Mean Squared Error
(RMSE), When the total number of spots was given as L, for each spot ¢,

N
RMSEg = Z (grj — p])z (6)
=1

Zl=

where (°r)) is the ground truth of cell type proportions and (“p;) is the predicted number
from the deconvolution models. Here, j =1, ..., N is the index of cell types, and N is the total
number of cell types.

To statistically analyze the RMSE scores of the deconvolution models, the Wilcoxon rank-
sum test [60,61] was employed. This widely recognized statistical hypothesis test is utilized to
compare the distributions of two datasets by employing two matched samples. In this work,
the built-in test function in the R programming language [62] was utilized with the following
parameters:

wilcox.test(x, y, alternative = c("less"), mu = 0, paired = TRUE, conf.int = TRUE)

where x represents the RMSE values of WISpR at all capture spots, and y denotes the RMSE
values of the considered alternative methods at all capture spots. The parameter ‘alternative =
c(“less”)” is used to statistically analyse whether the RMSE distribution of the WISpR method
is closer to zero compared to others.
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Total variational distance

The difference between false positive predictions and ground truth values for each spot x for
cell types b and ¢ in Mix[a, b, c] is calculated as;

Drv(P.Q)= 5 T 1P(x) - Q) o)

x€Q

where P(x) denotes the predicted proportion of cell type b or ¢ in spot x and Q(x) is the
ground truth (zero value) for these cell types in all spots, respectively over all spots Q making
the TVD a measure of aggregate false-positive predictions for mismatched cell types.

F1 score

Precision is a metric that is used to evaluate the performance of the prediction model. Mea-
sures the proportion of true positive predictions (correctly predicted positive instances) of all
positive predictions that the model makes. In other words, precision measures the accuracy of
the model’s positive predictions given as

. True Positives
Precision = — — (8)
True Positives + False Positives

where True Positives represent the number of correctly predicted positive instances and False
Positives represent the number of incorrectly predicted positive instances.

Recall, also known as the sensitivity rate, quantifies the proportion of true positive predic-
tions out of all actual positive instances. It is calculated using the equation:

True Positives
Recall = — 5 ©))
True Positives + False Negatives

where False Negatives represents the number of positive instances incorrectly classified as
negative.

F1 Score, which combines precision and recall, offers a comprehensive evaluation of the
performance of the classification or prediction model. It serves as a balance between preci-
sion and recall, which is particularly beneficial for unbalanced data. The F1 Score is calculated
using the following formula:

Fl Score = 2 Prec?Sfon * Recall (10)
Precision + Recall

The F1 score ranges from 0 to 1, with 1 being the best possible score. A higher F1 score
indicates better model performance in terms of precision and recall.

Results

WISpR: weight-induced sparse regression

Weight-Induced Sparse Regression (WISpR) offers a targeted approach to deconvolution, par-
ticularly suited for high-resolution datasets such as scRNA-Seq. By integrating gene expres-
sion profiles with sparse regression and adaptive, spot-specific thresholding, WISpR addresses
limitations observed in existing methods, such as the inability to suppress irrelevant cell types.
To handle challenges as biological multicollinearity, gene expression imbalance, and overfit-
ting, WISpR dynamically calculates a sparsity threshold, penalty term, and gene expression
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weights for each spot. These parameters are optimized through a grid search procedure com-
bined with cross-validation and negative mean absolute error (NMAE) minimization. The
best-fitting parameters are then used in an iterative inference framework to estimate cell-
type coeflicients. As demonstrated in our results, this enables more accurate and interpretable
identification of spatially relevant cell types across diverse biological scenarios.

Sparsity is a critical factor in cell-type deconvolution, since tissue regions typically con-
sist of only a limited number of cell types. WISpR addresses this by implementing an adap-
tive, spot-specific mechanism to eliminate spurious or unsupported cell-type contributions
(noise). This approach draws conceptual inspiration from the Sparse Identification of Non-
linear Dynamics (SINDy) framework [53], which seeks parsimonious models by iteratively
thresholding small coefficients in a candidate function library to retain only the most signif-
icant components. Similarly, WISpR applies a thresholding procedure on regression coefhi-
cients, after cross-validation and error minimization, to remove cell types whose contribu-
tions fall below a learned spot-specific threshold 7. This threshold 7 acts as a cutoff point for
biological relevance: If the predicted contribution of a cell type at a given location is lower
than 7, it is set to zero. Unlike global L1 regularization, which uniformly shrinks coefficients,
this adaptive thresholding promotes interpretable, context-specific sparsity aligned with local
biological composition.

WISPR excels at solving the challenging inverse deconvolution problem with a strong
emphasis on achieving sparsity. This problem is represented by y = X8, where X = (X, ..., Xq)
is an M X Q matrix of gene expression profiles from Q cell types across M genes and X; is an
M-dimensional column vector (gene expression vector for each cell type, Q;)), ¥ = (¥, ....¥;)
is an M X L-dimensional matrix of gene expression profiles from L number of capture spots
across M genes and y; is an M dimensional column vector (gene expression vector for each
capture spot, L;), and 8 = (8},... §;) is a Q X L-dimensional matrix of coefficients and 3, is
a Q-dimensional column vector. In this equation, y, represents gene expressions in spatial
transcriptomics spot-i, while X consists of gene expressions from various cell types obtained
by scRNA-Seq data, organized as column vectors. The role of 3, is to capture the coefficients
that elucidate how the cell types within X contribute to the spatial transcriptomics data y,.
The process of combining cell-type vectors in X with their corresponding coefficients in 8
results in the spatial transcriptomics matrix y. Given that y is already known and does not
require further manipulation, and the regression’s primary task is to determine the elements
of B, WISpRs initial step focuses on creating a suitable matrix X. This is achieved by leverag-
ing differentially expressed genes (DEGs) from scRNA-Seq and spatial transcriptomics data,
underscoring the importance of sparsity.

A DEG shows unique expression or read counts relative to other genes within specific cell
types or conditions, serving as a cell type indicator. The presence of DEGs with observed
expression levels distinguishes these cell types from others. However, capturing DEGs spe-
cific to cell types is a formidable task due to a range of challenges, including biological factors
such as biology-grounded constraints and annotation, and methodological issues such as the
absence of a gold standard scRNA-Seq dataset, high heterogeneity, dropout rates, potential
errors in preprocessing, and the absence of biological ground truth, as depicted in Fig 1A-
1D. Various methodological studies have been developed to accurately identify differentially
expressed genes (DEGs) [47,49,63-65]. In the WISpR pipeline, we use a Gini coefficient—
based DEG selection algorithm [47,49] to identify cell-type-specific genes that are informa-
tive for constructing the reference matrix used in deconvolution. This algorithm assigns a
score to each gene for each cell type based on the expression inequality in the dataset. For
details of the DEG identification step, please refer to the Methods section.
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Cellular heterogeneity within a specific cell type can lead to an inadequate representa-
tion of DEGs from scRNA-Seq in spatial data. To address this, WISpR separates DEGs spe-
cific to cell types from scRNA-Seq data (Fig 3A,3B) and zone-specific DEGs from spatial data
(Fig 3C,3D). Zones refer to spatially coherent regions identified by clustering capture spots
with similar gene expression profiles. These zones are first defined using unsupervised clus-
tering of spatial expression data, and DEGs are then calculated across zones to identify genes
that distinguish transcriptionally distinct regions. The details of the analysis is given in the
Methods section.

In contrast to S-DWLS, which assesses the enrichment of scRNA-Seq DEGs on spots,
WISpR combines scRNA-Seq DEGs with zone-specific DEGs (Fig 3E). Consequently, WISpR
infers DEGs and generates DEG vectors (X;) for each cell type i. These vectors X; are assem-
bled into a matrix, forming X for deconvolution (Fig 3F) and are used to deconvolute the
abundance and composition of cell types per spot (Fig 3G).

In practice, WISpR is a weight-induced sparse regression method that seeks the best and
most sparse fit between scRNA-Seq and spatial transcriptomics. WISpR achieves this by iter-
atively eliminating spurious or unsupported contributions of scRNA-Seq vectors X; in the
basis matrix X, setting 8;; = 0. The algorithm incorporates three crucial hyperparameters to
account for biological heterogeneity in both the number of cell types and transcript levels
in tissues: (i) spot-specific bias terms, (ii) spot-specific threshold parameters, and (iii) gene-
specific weights per spot. Ridge regression, employing the Euclidean (L,) norm with penaliza-
tion by adding a bias term, is used to reduce the standard error and improve the reliability of
the regression. This discarding process iterates through g;; values smaller than the specified
threshold. Low-contributing vectors X; are removed by fixing 8;; = 0, and regression contin-
ues with an updated coefficient vector 8, until no removable vectors remain in X. However,
unconditional removal of vectors can lead to undesirable outcomes, as the rarity of some cell
types and expressed genes should be preserved to prevent false negative results. To address
this, spot-specific weight parameters are introduced, derived from the initial prediction’s
non-negative solution with the multiplicative inverse as the weight vector. Spot-specific bias,
threshold, and weight parameters are optimized through an exhaustive search within a hyper-
parameter subset and through cross-validation using synthetic datasets with known ground
truth. This process allows us to evaluate the impact of different parameter values based on
both the RMSE and F1 scores (see Materials and Methods Section for hyperparameter tuning
and score calculations). Biological priors, such as the approximate number of cells per Visium
spot ([16]), guide the plausible range for these parameters. We prevent overfitting by validat-
ing on held-out data and ensuring that no test information is leaked into the training process.
This search algorithm simplifies WISpR’s usability, reducing the number of parameters while
still identifying optimal parameters for each spot.

In summary, WISpR performs targeted deconvolution, retaining significant predictors
while eliminating spurious or unsupported cell-type contributions The enhanced cell-type
sparsity achieved through this technology contributes to improved prediction accuracy in
our model compared to alternative methods. A comprehensive description of mathematical
methodology with a generalization to deconvolute all spatial spots in a matrix form (Fig 3F)
can be found in the Methods section.

Applications: Benchmarking

Semi-synthetic data. Deconvolution in spatial transcriptomics typically assumes signif-
icant overlap between cell types in reference and spatial datasets. However, mismatched and
unlabeled cell types often arise due to differences in data preparation, sequencing platforms,
and protocols. Rare or closely related cell types in scRNA-Seq may remain indistinguishable
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trom spatial transcriptomics data, adding technical variability. Additionally, spatial transcrip-
tomics covers larger tissue sections, resulting in the inclusion of more cell types than are typ-
ically found in scRNA-Seq references. These challenges necessitate rigorous benchmarking of
deconvolution models.

To evaluate WISpR’s robustness against these challenges, we tested it on semi-synthetic
spatial transcriptomics datasets generated using two distinct methodologies. Datasets were
created following a Dirichlet distribution, simulating diverse cell ratios and capture location
scenarios (as detailed in Andersson et al. (2020) [30] and the Methods section).

The first dataset was generated using human embryonic heart scRNA-Seq data [42], cover-
ing four scenarios: (1) dense sampling with 10 to 30 cells per capture spot, (2) sparse sampling
(1 to 10 cells per spot, mimicking 10X Visium), (3) added noise, and (4) mislabeled data, each
comprising 1,500 spots.

In the second approach, we combined cells from two biologically distinct sources—human
embryonic heart [42] and mouse brain [66]—to evaluate the impact of gene expression dis-
parities and reference mismatches on deconvolution performance. This scenario simulates
common challenges encountered in practical applications, where scRNA-Seq references
may include cell types that are biologically irrelevant or absent from the spatial dataset, or
may originate from different tissues, species, or developmental stages. A blended reference
dataset, denoted as Mix[a, b, c], was constructed to systematically test the robustness of the
method. In this formulation, a represents the types of mouse brain cells present in both the
reference and the synthetic spatial data, b represents the types of human heart cells (biolog-
ically distinct), and ¢ represents mouse brain cell types that are included in the reference but
absent from the spatial data. The proportion a was fixed at 50%, while b + ¢ = 50% was var-
ied across conditions to simulate different noise characteristics. In a reliable deconvolution
framework, contributions from cell types b and ¢ should be suppressed, as they do not reflect
the true cellular composition of the spatial dataset. This setup allows us to assess the ability of
each method to distinguish the true signal from the structured noise, a critical capability in
real-world analyses that involve reference mismatch.

We compared WISpR to DWLS, RCTD, S-DWLS, Stereoscope, and SPOTlight using Root
Mean Squared Error (RMSE) and F1 scores (detailed in the Methods section). Across the four
scenarios, WISpR consistently achieved the lowest RMSE in Scenarios 1, 2, and 4, with values
0f 0.032 +0.023, 0.050 & 0.049, and 0.057 + 0.054, respectively. In Scenario 3, WISpR per-
formed comparably to DWLS and RCTD (0.071 +0.075, 0.071 £ 0.072, and 0.068 + 0.063,
respectively) (Fig 4A, 4B). Separate analysis of RMSE for g4, b, and c in Mix[a, b, c] reveals the
lowest errors in predicting true cells, along with minimal false positive rates for unmatched
cells (Figs C and D in S1 Text). Statistical analysis using the Wilcoxon rank-sum test revealed
that WISpR significantly outperformed competing models in Scenarios 1, 2, and 4 (p<0.01)
and did not show significant differences in RMSE distributions in Scenario 3 between DWLS
(p=0.258), RCTD (p = 0.740), and S-DWLS (p = 0.152) (Tables A and B, and Fig E in S1
Text).

F1 scores further highlighted the superior predictive performance of WISpR. The F1 score,
defined as the harmonic mean of precision and recall, provides a balanced metric that is
especially informative in imbalanced or noisy classification settings. It consistently achieved
scores exceeding 0.84 in all scenarios, demonstrating robust performance even under noisy
and mislabeled conditions (Scenario 3, F1 = 0.843 +0.225, Scenario 4, F1 = 0.892+0.165)
(Fig 4C, 4D). While RCTD performed comparably to WISpR in Scenario 3 with no statis-
tically significant difference in RMSE (p = 0.740), its F1 scores remained consistently lower
across all scenarios, indicating reduced recall and/or precision in distinguishing relevant
cell types. WISpR, in contrast, maintained high F1 scores even under noisy or mismatched
conditions, suggesting stronger robustness and discriminatory power.
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c 0.9 D
Scenario1  0.408 0.307 0.261 0.307 m 0.129 0.110 0.149 0.173 0.110 0.126
Scenario2  0.348 0.250 0.187 0.250 o8 0.123 0.098 0.168 0.185 0.098 0.173 0.30
Scenario3  0.352 0.247 0.164 0.247 0.843 o7 0.140 0.106 0.178 0.106 M
Scenario4  0.370 0.266 0.227 0.266 06 0.132 0.104 0.176 18 ‘ 0.104 0.165 0% -
-
Mix[50,50,0] 0.228 0.160 0.008 0.160 r0.5 E 0.102 0.079 m 0.069 0.079 L 0.20 5
Mix[50,40,10] 0.132 0.084 0.234 0.011 0.084 0.685 0.4 % 0.055 0.035 0.082 0.035 i
=
Mix[50,30,20] 0.131 0.084 0.237 0.012 0.084 0.688 Lo3 0.056 0.035 0.089 0.035 0159
Mix[50,20,30] 0.132 0.084 0.235 0.012 0.084 Lo 0.056 0.035 0.086 0.035 L a10
Mix[50,10,40] 0.154 0.099 0.113 0.012 0.099 0.681 o1 0.063 0.045 0.088 0.045
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Fig 4. Overview of the comparative analysis of deconvolution model performances using synthetic spatial data in four different scenarios and six different
mixture percentages. Four benchmark scenarios are generated by selected cells from 15 cell types in the developing human embryonic heart scRNA-Seq dataset.
6 different mixtures are generated using human heart cells and mouse brain cells. Tested deconvolution algorithms are DWLS, RCTD, S-DWLS, SPOTlight,
Stereoscope, and WISpR. A, A mean Root Mean Squared Error (RMSE) assessment of predictive performances of six methods” performances. Except for Scenario
3, WISpR outperforms the other five models. In Scenario 3, a slightly better mean predictive performance was observed in RCTD model, where the distribution
of errors between RCTD and WISpR displayed no statistical significance. B, The mean standard deviations of RMSE scores. WISpR emerged as low error prone
especially in blended data (Mix[50,50,0], Mix[50,40,10], Mix[50,30,20], Mix[50,20,30], Mix[50,10,40], Mix[50,0,50]). C, The mean F1 scores and D, their mean
standard deviations in all scenarios. When there are highly matching cell types between scRNA-Seq and synthetic data, WISpR’s and S-DWLS’s F1 scores are

the highest; however, when unmatched cell types are introduced, the S-DWLS score decreases dramatically. The low standard deviations in DWLS, RCTD and
SPOTlight indicate their ubiquitous false predictions of the non-existing cell types.

https://doi.org/10.1371/journal.pcbi.1013169.9004

In blended datasets Mix[a, b, c], WISpR demonstrated outstanding predictive capacity,
achieving the lowest RMSE values across all blends, with values ranging from 0.038 +0.056
for Mix[50, 50, 0] to 0.078 +0.113 for Mix[50, 0, 50], all of which are significantly lower
(p <0.01) than the alternative model predictions (Fig 4A, 4B, Table B, and Fig F in SI text).
These results highlight WISpR’s robustness across varying levels of mismatch and noise,
where competing methods showed significant performance deterioration. Notably, S-
DWLS, a widely used method, performed well in scenarios involving distinct cell types (i.e.,
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Mix[50, 50, 0]), but struggled when similar cell types absent in the synthetic spatial dataset
were introduced into the reference dataset. This difficulty underscores the challenges exist-
ing methods face when handling biologically similar cell types, particularly when some were
shared between datasets and others were absent in the spatial data.

Furthermore, WISpR maintained high predictive performance in all tested configura-
tions, with F1 scores consistently exceeding 0.68, even under challenging mismatch condi-
tions. This performance reflects WISpRs ability to accurately localize biologically relevant
cell types while minimizing false-positive predictions. For example, in Mix[50, 50, 0], where
50% of the cells in the dataset were mouse brain cells and the remaining 50% were human
heart cells, WISpR excelled at identifying the correct cell types with minimal errors (F1 =
0.715). Notably, S-DWLS also performed well in this configuration, achieving an F1 score of
0.704. However, its performance was dramatically reduced to 0.113 when similar mouse brain
cells, absent in the synthetic spatial dataset, were intentionally introduced into other blended
datasets. This highlights the lower sensitivity of S-DWLS to the incorporation of biologi-
cally similar cell types, which led to a weaker precision and recall in distinguishing between
cell types from different tissues, particularly in the presence of noise or additional reference
mismatches (Fig 4C,4D).

When comparing F1 values across all models (DWLS, RCTD, S-DWLS, SPOTlight, Stere-
oscope, and WISpR), WISpR consistently outperforms the alternatives, achieving substantial
improvements in prediction performance. In all datasets, WISpR achieves F1 scores above
0.68, with the highest score of 0.715, while competing methods such as SPOTlight, Stereo-
scope and S-DWLS produce significantly lower scores in most cases, often below 0.26. For
instance, compared to S-DWLS, which performs well in Mix[50,50,0], but struggles in other
configurations, WISpR demonstrates an improvement of up to 502% (Mix[50,10,40]). Sim-
ilarly, compared to DWLS, which shows a maximum F1 score of 0.228, WISpR offers an
enhancement of approximately 213%. Even Stereoscope, the closest competitor in certain
configurations, lags significantly behind, highlighting WISpR’s unparalleled robustness and
predictive capacity (Fig 4C, 4D). Individual F1 scores for a and total variational distances for
b and ¢ further exhibit robust prediction of WISpR independent of noise (Fig D in S1 text).
Notably, models such as RCTD and Stereoscope, while exhibiting low standard deviations,
displayed consistently lower F1 scores (highest F1 scores are 0.122 and 0.160, respectively)
indicating weaker recall and precision under reference noise. In contrast, the higher F1 scores
of WISpR underscore its ability to resolve subtle cellular patterns while minimizing false
positives.

WISpR’s performance in blended datasets demonstrates its capability to account for bio-
logical sparsity and natural coherence, even in cross-tissue or cross-species analyses. The
method’s resilience to noise and its ability to avoid overestimating cell diversity make it par-
ticularly suited for applications involving heterogeneous datasets, such as mapping human
disease signatures to model organisms or analyzing archival datasets with incomplete anno-
tations. These attributes underscore the potential of WISpR to bridge gaps in spatial transcrip-
tomics and scRNA-Seq integration, providing reliable insights into tissue heterogeneity and
cellular interactions.

The broader applicability of WISpR extends to various biological contexts, including the
analysis of tissues with mixed origins or unmatched conditions. Its ability to handle challeng-
ing scenarios with mislabeled or absent cell types reinforces its utility in uncovering complex
tissue architectures and identifying disease-specific cellular signatures. These findings high-
light the robustness and reliability of WISpR as a tool for high-resolution mapping of cellu-
lar compositions in diverse datasets, advancing our understanding of tissue organization and
disease mechanisms.
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Developing human embryonic heart

Previous studies extensively analyzed the human embryonic heart at 6.5 postconceptional
weeks (PCW), demonstrating the utility of datasets from this stage for high-resolution tis-
sue mapping through integration and deconvolution model [30,44,67]. The original study
included spatial transcriptomics, sScRNA-Seq, and in situ sequencing analysis of developing
human embryonic heart tissue at three stages (4.5-5.0 PCW, 6.5-7.0 PCW and 9.0 PCW), in
order to understand cell-type interactions in human organogenesis and obtain a 3D represen-
tation of heart development [42].

For this study, scRNA-Seq data from 6.5-7.0 PCW human embryonic heart tissue [42]
served as the reference, encompassing 15 cell types from 3,717 cells and 15,323 genes. Spa-
tial transcriptomics data, comprising 1,515 capture spots from the same developmental stage,
were deconvoluted to spatially localize these 15 cell types. Fig 5 highlights the mapping per-
formance for two cell types: ventricular cardiomyocytes (Fig 5A-5F) and fibroblast-like cells
associated with vascular development in the outflow tract (Fig 5G- 5L). WISpR’s comprehen-
sive predictions for all 15 cell types are provided in Fig G in S1 text.

Although earlier efforts have advanced characterization of cell types and their spatial dis-
tribution, limitations in deconvolution accuracy persist, particularly in accounting for the
biological sparsity and heterogeneity inherent to spatial transcriptomics. Existing meth-
ods such as DWLS, RCTD, and Stereoscope often produced biologically implausible results,
including negative cell-type proportions and spatial overextension into unrelated tissue
regions. These problems were most apparent in the context of spatially restricted or rare cell
types, such as ventricular cardiomyocytes and fibroblast-like cells in the outflow tract, which
are critical for modeling heart development.

For example, ventricular cardiomyocytes, which are typically confined to the ventricular
regions, where ventricles are started to be developed during weeks 4.5-5.0 post-conception
and fully developed at 6.5 PCW (as confirmed by TNNT2 immunohistochemistry [42]),
were incorrectly predicted by several methods. The heart ventricle anatomy is depicted in
yellow. DWLS and S-DWLS produced slightly negative predictions in the ventricular zones
(Fig 5A,5C) and have false-positive predictions on the atria, while RCTD, SPOTlight, and
Stereoscope failed to localize these cells accurately, instead assigning them broadly in the
atrial and ventricular regions as well as outflow tract (Fig 5B,5D,5E). In contrast, WISpR pro-
vided spatially consistent and biologically relevant predictions, accurately localizing ventricu-
lar cardiomyocytes to the correct anatomical regions and reflecting their known proportions
(Fig 5F).

A similar pattern was observed in the predictions for fibroblast-like cells involved in vascu-
lar development (e.g., aorta and pulmonary artery formation), as identified by ACTA2 stain-
ing at 6.5 PCW [42]. The outflow tract anatomy is depicted in yellow. DWLS, again, produced
negative values (Fig 5G), while RCTD, S-DWLS, and Stereoscope misassigned these cells to
inappropriate locations, including the ventricular and septal regions (Fig 5H,5I,5K). SPOT-
light’s predictions were poorly structured, appearing largely random with minimal biologi-
cal relevance (Fig 5]). However, WISpR accurately mapped fibroblast-like cells to the outflow
tract, aligning closely with the known anatomy and minimizing false-positive assignments
(Fig 5L).

The number of cell types per capture spot in spatial transcriptomics varies depending on
tissue heterogeneity and anatomical structure. Given that each ST and Visium capture spot
typically contains between 1-30 and 1-10 cells [14,16], respectively, and that the number of
distinct cell types is physiologically expected to be lower than the number of cells, the overall
cell-type diversity per spot is anticipated to be relatively limited. In our benchmark (Fig 5M),
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Fig 5. Predictive performance evaluation on real heart data with selected cell types. Top: Predictions for ventricular cardiomyocytes. Bottom: Predictions for
outflow tract cells. Blue denotes unrealistic negative predictive coefficients, while the red gradient represents the cell type percentages in the corresponding cap-
ture spots. A and G, DWLS predictions reveal numerous spots with unrealistic negative coeflicients. Biologically incorrect positive coeflicients are also evident,
particularly around the atria and outflow tract, especially for ventricular cardiomyocyte cell prediction. B and H, RCTD shows a high abundance of false-positive
predictions for ventricular cardiomyocyte cells. For the outflow tract, four spots represent false-positive predictions at a low percentage. C and I, S-DWLS exhibits
improved predictions; however, false-positive predictions persist for both ventricular cardiomyocytes and the outflow tract. One spot shows a negative coeflicient
in C. D and J, SPOTlight predictions indicate overpredicted capture spots in the corresponding tissue. E and K, Stereoscope also overpredicts cells belonging to
ventricular cardiomyocytes. Moreover, cells for the outflow tract are incorrectly predicted in the epicardial zone of the heart. F and L, WISpR predictions accu-
rately emphasize abundant ventricular cardiomyocytes and outflow tract cells in associated spots. M, WISpR estimates an average of f = 2.46 + 1.25 cell types
per spot, aligning with expected spatial complexity. N-O, WISpR has the lowest positive spots for ventricular cardiomyocytes (n = 119) and one of the lowest

for outflow tract (n = 33), and achieves the highest precision (0.92 and 0.88) across validated regions. P, WISpR and S-DWLS show the most highest proportion
estimates for dominant cell types in biologically validated region. R, WISpR demonstrates the lowest off-target assignment rates, confirming its sparsity-aware
design minimizes overfitting and enhances biological fidelity.

https://doi.org/10.1371/journal.pcbi.1013169.g005
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WISPR predicted an average of u = 2.46 + 1.25 cell types per spot, consistent with empiri-
cal expectations. WISpR also localized ventricular cardiomyocytes and outflow tract cells

to biologically plausible regions validated by immunohistochemistry [42], with high preci-
sion (0.92 and 0.88, respectively; Fig 5N-Fig 50) and low false positive rates (¢ = 0.009 and
0.001), confirming that WISpR’s sparsity-based regularization effectively prevents erroneous
cell-type placement. The biological fidelity within the regions were assessed with the distri-
bution of predicted cell-type proportions (Fig 5P). WISpR and S-DWLS gave the most con-
sistent assignments, with WISpR achieving u = 0.64 +0.28 for ventricular cardiomyocytes
and u = 0.49 +0.31 for cells of the outflow tract, closely aligned with the expected tissue com-
position. Although absolute abundances per spot are not directly measurable, these values
support the idea that WISpR preserves the biologically dominant cell types in each region.
Furthermore, WISpR produced the lowest false positive rates (i = 0.009 + 0.124 for ventric-
ular cardiomyocytes, 0.001 + 0.024 for the outflow tract), indicating that its sparsity-aware
formulation effectively limits overfitting and avoids incorrect cell-type assignments beyond
biologically plausible domains (Fig 5R).

These observations validate that WISpR consistently outperforms existing methods by gen-
erating biologically coherent, sparse, and interpretable spatial predictions across diverse cell
types and anatomical contexts. Its ability to precisely localize rare cell types, while avoiding
overprediction, was particularly evident in complex tissue regions of the developing human
heart. This makes WISpR a powerful tool for uncovering subtle, spatially organized cell pop-
ulations and deepening our understanding of cellular interactions during organogenesis. To
complement these results, spatial predictions for all cell types across nine heart sections are
included in Supplementary Fig G in S1 text.

Applications: WISpR at work

Mouse brain cellular maps. After benchmarking WISpR’s performance on synthetic and
human heart datasets, we next evaluated its predictive power on an independent, biologically
complex system: the adult mouse brain. Here, we aimed to assess whether WISpR could pro-
duce spatial cell-type distributions that are consistent with prior anatomical knowledge, and
whether those distributions reflect biologically meaningful organization. The analysis focused
on the use of different datasets from different studies, where spatial data was obtained from
the 10X Visium database [68] and scRNA-Seq data was obtained from the Mouse Brain Atlas
[66,69].

The spatial transcriptomics dataset of the adult mouse brain, includes 2,698 capture spots,
each 55 um in diameter [68]. 10 clusters, given in the dataset, were used to generate spatially
coherent regions. The resulting clusters were annotated as CTX+AMYG (violet), HY +cerebral
peduncle (blue), olfactory sensory neurons (yellow), ventral posterolateral TH (dark green),
Ndnf+ neurons (cyan), fiber tracts (magenta), HPF and DG (brown), Npy+ neurons (light
green), ventricles (white), and stria terminalis (grey), as shown in Fig 6A and 6B. These
regional annotations served as reference zones to assess spatial resolution and biological
plausibility of predicted cell-type localizations across deconvolution methods.

For cell-type annotation, the scRNA-Seq data from the Mouse Brain Atlas [66,69] was pre-
processed using the descriptive metadata file provided in the original dataset. Specifically,
in this metadata file, “Class” and “ClusterName” columns, annotated by the authors of the
dataset, were aggregated to assign unified cell-type labels for downstream deconvolution anal-
ysis. Rigorous cell-type filtering was performed that adhered to the criteria outlined in the
study by Andersson et al. (2020) [30], selecting cell types with a population size ranging from
a minimum of 25 to a maximum of 250 cells.
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Fig 6. Precise spatial delineation of brain cell types in adult mouse brain. A, Illustration of the right hemisphere
coronal section of an adult mouse brain, outlining major brain regions with dashed lines. B, Identification of
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10 spatial clusters, extracted from the 10X Genomics database, representing CTX+AMYG (violet), HY +cerebral
peduncle (blue), OSNs (yellow), ventral posterolateral TH (dark green), Ndnf+ neurons (cyan), fiber tracts (magenta),
HPF and DG (brown), Npy+ neurons (light green), ventricles (white), and stria terminalis (grey). C, 3D UMAP
illustration of scRNA-Seq [69], representing major cell types with distinct colors and cellular subtypes as shades

of the major color. For simplicity, Neuron 25 (violet), Ependymal 47 (orange), Oligodendrocytes 5 (light green), and
Astrocytes 14 (light blue) are depicted. D-I Spatial localization of some selected cell types and their selected marker
genes are given below. D, Spatial localization of Astrocytes 14 on AMYG, CA1, CA3, DG, and outer layers of CTX,
with expression levels of a critical astrocyte-specific DEG, Acsbgl. E and F, Coinciding spatial locations of Blood

73 cells and Vascular 70 cells, respectively, on the third ventricle, the ventral intersection point of the cerebral
peduncle and the molecular layer of the DG. The expression of Alas2 and Crabp2, which are an erythrocyte and a
fibroblast marker, respectively, are enriched. G, Cells of the Oligodendrocytes 5 localized in the corpus callosum,
fimbria, stria terminalis, and cerebral peduncle, enriched in Ermn K (left), specifically expressed in myelinating
oligodendrocytes. H, Ependymal 47 cells predominantly located in the lateral and third ventricles expressing Ccdc153,
an ependymal cell marker gene. I, Representation of six distinctly located neuronal subtypes, Neuron 12 (yellow),
Neuron 14 (orange), Neuron 25 (green), Neuron 27 (blue), Neuron 28 (magenta), and Neuron 59 (red). The brain-
specific Ak5, is differentially expressed within Neuron Cluster 25 but also found in other neuronal cell types and a
few excluded cells, indicating their possible neuronal characteristics.

https://doi.org/10.1371/journal.pcbi.1013169.9006

The final reference scRNA-Seq dataset comprised 8,449 cells assigned to 56 distinct cell-
type clusters. These clusters were grouped into 8 major categories based on biological anno-
tations: 5 astrocyte subtypes, 1 blood cell type, 1 ependymal cell type, 4 excluded clusters
(due to ambiguous annotations), 4 immune subtypes, 30 neuronal subtypes, 5 oligodendro-
cyte subtypes, and 6 vascular subtypes. Although predominant cell populations clustered
clearly on the UMAP plot (highlighting localized differences; (S1 Movie)), cellular subtypes
showed similarities in gene expression profiles, highlighting heterogeneity between cell types
(Fig 1C, Fig 6C, and S2 Movie and Fig I in S1 text).

The analysis focused on representative cell types known to exhibit spatial specificity: astro-
cytes (Cluster 14), oligodendrocytes (Cluster 5), ependymal cells (Cluster 47), spatially dis-
tinct neuronal subtypes (Clusters 12, 14, 25, 27, 28, 59), and vascular cells (Cluster 70). These
predictions are shown in Fig 6D-6I, where individual capture spots represent estimated cell-

type proportions across the tissue section.

To validate that WISpR’s predictions were not only spatially coherent but also biologically
plausible, we performed gene set enrichment analysis on the selected cell-types’ DEGs using
the Molecular Signatures Database (MSigDB v7.5.1; Category M8), which contains curated
gene sets from single-cell studies in mouse tissues [70] (see Fig ] in S1 text). The DEG signa-
tures used for the spatial prediction of WISpR matched well with these established markers,
describes the functional roles of the unknown subclusters of these cell types, further support-
ing the biological relevance of the predicted distributions.

Among the selected spatial specific cell types, Astrocytes (Cluster 14) localized predomi-
nantly to the TH and AMYG, and expressed markers such as Acsbgl (Fig 6D). Vascular and
blood cell types were concentrated near the third ventricle and the cerebral peduncle, charac-
terized by expression of Crabp2 and Alas2, respectively (Fig 6E, 6F). Oligodendrocyte Clus-
ter 5 was enriched in myelin-related markers (Ptgds, Ermn) and spatially aligned with cor-
pus callosum and fimbria (Fig 6G). Ependymal cells (Cluster 47) expressing Ccdc153 local-
ized to the lateral and third ventricles (Fig 6H). Despite transcriptomic similarities among
neuronal subtypes, WISpR successfully distinguished fine spatial patterns across CTX, HPE,
and TH, with neuronal Cluster 25 showing strong enrichment in HPF and expression of Ak5
(Fig 61). Together, these predictions demonstrate WISpR’s ability to produce spatially and bio-
logically grounded deconvolution results in a real, complex brain dataset. (Detailed cell-type
predictions and enrichment results are provided in Figs H and ] in S1 text.)
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While this section does not directly compare WISpR to alternative methods—such com-
parisons were addressed extensively in the benchmarking sections—it demonstrates WISpR’s
capacity to generate biologically grounded spatial predictions in complex, real-world datasets.
Using WISPpR to integrate spatial transcriptomics with scRNA-Seq data, this study provides a
comprehensive high-resolution atlas of cellular heterogeneity and spatial organization in the
adult mouse brain. WISpR accurately mapped distinct astrocyte, oligodendrocyte, neuronal,
blood, vascular, and ependymal cell populations, revealing their spatial distributions and
functional annotations. By delineating region-specific functions, such as the role of astrocytes
in neural plasticity, oligodendrocytes in myelination, neurons in circuit-specific connectivity,
and vascular cells in structural and metabolic support, WISpR uncovers critical insights into
intricate neural circuitry and brain function. These findings underscore WISpR’s potential as
a transformative tool for exploratory neuroscience and for advancing our understanding of
brain organization, health, and disease.

Cancer origins in human breast cancer. Cancer fundamentally alters cellular character-
istics, gene expression profiles, and physiological features [71], driving the need for bottom-
up genetic approaches that underpin modern precision oncology [72]. Transcriptomics has
become central to cancer research, providing comprehensive insights into the intricate gene
expression patterns of cancer cells and their microenvironment [72,73].

Therefore, deconvolution of cellular properties from spatial cancer data can clarify tumor-
stroma-immune interactions, and enables precise estimation of cell-type co-localizations that
aligns spatial data with observed expression patterns.

This study used six primary human breast cancer samples—four triple negative breast can-
cer (TNBC) and two positive estrogen receptors (ER +)—from publicly available data repos-
itories [74]. Spatial datasets were generated using the 10X Visium assay and preprocessed
using the Space Ranger software v 1.1.0 protocol [75].

scRNA-Seq datasets consist of 100,064 cells (TNBC: 42,512 cells, HER2+: 19,311 cells,
and ER+: 38,241 cells) and 29,733 genes. This dataset encompasses nine major cell types
[74], which were further clustered into 29 minor cellular subtypes that are used for cell-type
deconvolution.

WISpR’s spot-specific optimization addresses the challenges of subtype overlaps and rare
cell detection. During this process, hyperparameters are optimized independently for each
Visium capture spot using grid search. For Visium datasets, the penalty parameter (o) was
searched within the range [0.0-0.3] and the thresholding parameter () within [0.001-0.03].
The optimal values for each spot were selected based on minimizing the Negative Mean Abso-
lute Error (NMAE) through GridSearch algorithm. The six spatial transcriptomics cancer
samples were deconvolved using WISpR, with the results for two samples shown in Fig 7 and
the remaining results provided in Fig K in S1 text.

Fig 7 presents spatial transcriptomics data from the CID4535 and CID44971 patient sam-
ples, along with a subset of their corresponding cell types as predicted by WISpR deconvo-
lution. In CID4535, an ER + cancer sample, the capture spots were grouped in the original
paper into eight zones: invasive cancer areas (yellow, cyan, dark blue), stroma (dark green),
lymphoid tissue (red), and noncancerous adipose tissue (brown), which occupied a small
portion of the sample (Fig 7A). Additionally, 22 spots were originally identified as artifacts
(magenta).

Notably, the spatial clustering alone resulted in three distinct zones being annotated as
“invasive cancer’, each exhibiting different expression profiles despite originating from the
same ER+ cancer type. This suggests potential intra-tumoral heterogeneity, which may arise
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Fig 7. Spatial characterization of cancer-associated cell types in human breast cancer malignancies. A, 8 clusters of ER+ breast cancer (Patient ID: CID4535).
Invasive cancer-affected tissues were given by shades of cyan, yellow (cancer within lymphatic tissues), and blue (cancer in adipose and lymphatic tissues).
Notably, stromal regions (dark-green) and lymphocytes (red) formed distinct clusters without cancerous involvement. Adipose tissue (brown) exhibited mini-
mal representation within the dataset. A cluster labeled as “Uncertain” (white) was identified, alongside sparse occurrences of artifact spots (magenta) [74]. B,
Localization of CAFs myCAF-like cells, with their abundance proportions in the stroma (less abundance:white, complete abundance:black). C, Basal cells were
not detected in ER+ tissue sample. D, Cycling cells were localized in the “Uncertain” zone. E, LumB SCs were highly concentrated in zones annotated as invasive
cancer while absent in stromal and lymphatic zones. F, 7 clusters of TNBC breast cancer (Patient ID: CID44971). Invasive cancer and lymphatic zones (yellow),
and DCIS (cyan). Normal tissue, including lymphocytes and stroma, were represented in blue, with stroma+adipose tissue in brown. Stromal regions were clus-
tered in dark-green. Healthy lymphocytes were distributed across both invasive cancer and DCIS regions but distinctly clustered in red. A few magenta spots
were artifacts [74]. G, CAFs myCAF-like cells were predominantly predicted in the invasive cancer and stromal+adipose tissue, representing their cancer-prone
characteristics. H, Basal SCs and I, cycling cells were confined on the DCIS and a bounded region of the invasive cancer spatial cluster, representing similar gene
expression patterns in distinct zones at high resolution. J, The DCIS had the capacity to diversify its cancer microenvironment based on the existence of LumB
SCs. K, Expression profiles of representative genes, namely MAGED2, STARD10, and DHRS2, for TNBC, and L, C4orf48 and APOE, for ER+ cancer, identified in

“SCSubtypes” algorithm [74]. (Top) The ridge plot represents the distribution of the gene expression levels and (bottom) the spatial distribution of the expression
of the genes.

https://doi.org/10.1371/journal.pchi.1013169.g007
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from differences in underlying cell-type composition, tumor microenvironment, or transcrip-
tional states, and highlights the limitations of relying solely on spatial clustering to capture
cancer identity and prognosis. Moreover, two of the three invasive cancer zones are located
within regions identified as adipose tissue (blue) and lymphoid tissue (yellow and blue),
where the original tissue composition is not clearly distinguishable. Also, a cluster named
“Uncertain” exhibited the limitation of cancer profiling in spatial transcriptomics data. There-
fore, a high-resolution mapping is needed to clarify the distribution of cancer within tissue
sections.

Fig 7B-7G demonstrate WISpR’s ability to resolve specific subtypes within the stromal
zones. In particular, myofibroblastic CAF cells (CAFs myCAF-like) are predicted to be exclu-
sively enriched in the stromal and adipose tissue in both cancer samples, consistent with pre-
vious findings [74,76] (Fig 7B). WISpR deconvolution revealed no basal cancer stem cells in
the ER + sample (CID4535), consistent with their reported prevalence in TNBCs and not in
ER+ [74] (Fig 7C). Interestingly, WISpR identified cycling cancer cell-positive spots within
spatial regions labeled as Uncertain” in the original dataset. Some of these spots showed
high expression of genes such as SCGB2A2 — a known biomarker of metastatic breast cancer
[77] — highlighting WISpR’s ability to detect biologically meaningful signals even in ambigu-
ous regions (Fig 7D). WISpR also identified high LumB stem cell positivity in nonstromal
regions, confirming the LumB molecular subtype of this cancer (Fig 7E). This level of reso-
lution, unattainable with clustering-based spatial transcriptomics alone [74], highlights the
strength of WISPpR to refine broad clusters into biologically meaningful sub-populations,
offering critical insights into cellular composition and tumor specialization.

Fig 7F depicts a TNBC (patient ID: CID44971). This sample was clustered into seven zones
in the original paper as yellow indicating invasive cancer and lymphocytes, and cyan repre-
senting ductal carcinoma in situ (DCIS), a premalignant breast tissue lesion [78].

A distinct group of lymphocytes is observed in the neighborhood of DCIS and invasive
cancer (red). Stromal tissue is localized at the border of DCIS (green). One of the tissues com-
prises stroma, adipose tissue, lymphocytes, and normal tissue (brown and blue). Only one
spot was identified as an artifact (magenta).

WISPpR accurately localized myCAF-like CAFs within lymphoid regions of invasive cancer
clusters as well as basal cancer stem cells and cycling cancer cells within the confines of DCIS
(Fig 7G, 71), revealing spatial patterns indicative of differential proliferative activity between
DCIS and invasive cancer zones. Interestingly, both basal cancer stem cells and cycling can-
cer cells are detected within the upper left segment of the spatial cluster comprising invasive
cancer and lymphocytes, potentially indicating variances in proliferative activity compared to
other invasive cancer zones.

Interestingly, the expression of the DCIS genes has been reported to reveal its intrinsic sub-
types, with a significant percentage (20%) that does not match any of these subtypes, indicat-
ing a heterogeneous composition of DCIS [79]. Similarly, the TNBC sample CID44971 with
DCIS contained Luminal B cancer stem cells within the DCIS areas, indicating heterogeneity
and dual tumorigenesis in this sample (Fig 7]).

Patients were stratified into subtypes using the PAM50 classification [80,81], adapted for
single-cell data to create “pseudobulk” profiles per tumor. This process also involved pairing
tumor cells and analyzing markers to identify four distinct gene sets, termed “SCSubtypes”
[74], to define single cell-derived molecular subtypes, which were used for external validation
of WISpR’s cell-type predictions.

Of the 65 LumB SC markers, 60 were present in CID4535, and of the 89 Basal SC mark-
ers, 82 were present in the spatial data of CID44971, where each of their expression levels are
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given in Fig L in S1 text. Among these marker genes, the expression profiles for the 3 repre-
sentative genes, namely MAGED2, STARD10 and DHRS2, for ER+ breast cancer and 2 rep-
resentative genes, namely C4orf48 (also annotated as NICOLI according to HUGO Gene
Nomenclature Committee (HGNC) [82]) and APOE, for TNBC were given in Fig 7K,7L,
respectively. Interestingly, a significant subset of these genes shows elevated expressions,

with spatial expression patterns aligning closely with the predicted localizations of tumor-
associated cell types (Figs M and N in S1 text). Specifically, MAGED2, STARDI10, and DHRS2
show predominant expression in regions initially identified as invasive cancer sites [74], as
well as in spots predicted by WISpR to be LumB stem cell territories.

In particular, these three genes show low or negligible expression in the stromal and lym-
phatic regions, underscoring their strong associations with ER+ breast cancer (Fig 7K). Addi-
tionally, C4orf48 and APOE are prominently expressed in DCIS and invasive cancer sites, as
well as in spots where WISpR predicts the presence of CAFs myCAF-like and basal stem cell
phenotypes (Fig 7L). However, no expression was detected in normal tissues such as stroma,
adipose tissue, and lymphatic tissues, strengthening the link between these two genes and
invasive breast cancer, including DCIS.

Consequently, WISpR’s advanced deconvolution capabilities provide a paradigm shifting
strategy to understand the spatial heterogeneity and molecular complexity of breast cancer.
By integrating scRNA-Seq data with spatial transcriptomics, WISpR accurately resolved cellu-
lar subtypes, including invasive cancer cells, basal and cycling cancer stem cells, and myCAF-
like CAFs, across diverse tumor microenvironments. This study underscores the precision of
WISpR in mapping the dynamics of the tumor stroma, identifying spatially distinct cancer
subpopulations, and clarifying ambiguous zones such as DCIS. Importantly, external vali-
dation of WISpR predictions using spatial expression patterns of established cancer marker
genes—such as MAGED?2, STARDI0, and C4orf48—demonstrated strong alignment with pre-
dicted tumor subpopulations and their microenvironmental contexts, reinforcing the reliabil-
ity of the model. The ability of WISpR to uncover functional subpopulations and their spa-
tial relationships holds significant promise for advancing cancer research, enabling deeper
insights into tumor progression, therapeutic resistance, and the development of precision
oncology strategies.

Discussion

Advances in next-generation sequencing have enabled high-resolution scRNA-Seq and spa-
tial transcriptomics datasets, offering profound biological insights when integrated. Exten-
sive research in transcriptomics has led to the development of efficient techniques to under-
stand not only the spatial location of cells but also their spatial communication and inter-
actions. Understanding the spatial organization of cells is fundamental for decoding tissue
function, disease progression, and cellular communication. While scRNA-Seq captures cell-
specific gene expression profiles, it lacks spatial context. Conversely, spatial transcriptomics
preserves tissue architecture but lacks single-cell resolution and often captures mixed signals
from multiple cells per spot. Integrating these complementary technologies requires deconvo-
lution methods capable of resolving underlying cell-type compositions. However, challenges
arise from biological variability, such as intra-cell-type heterogeneity and inter-cell-type gene
expression similarity, which can confound standard regression-based approaches. Addition-
ally, reference and spatial datasets often differ due to batch effects or tissue-specific diver-
gence, leading to mismatches that exacerbate prediction errors. Existing methods frequently
tail to impose biologically grounded constraints such as non-negativity or localized sparsity,
resulting in unrealistic or overly dense predictions.
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To address these limitations, we introduce WISpR, a robust deconvolution method for
integrating scRNA-Seq and spatial transcriptomics data, tailored to both matched and mis-
matched datasets. WISpR builds on a biologically constrained, sparse regression framework
that enforces cell-type sparsity and non-negativity, addressing the key limitations of current
methods. Unlike traditional approaches, WISpR adapts to each spatial spot by optimizing
hyperparameters and gene weights locally, while systematically rejecting unsupported or spu-
rious cell types through a dynamic thresholding mechanism. By leveraging biological spar-
sity and spot-specific optimization, WISpR achieves unparalleled precision in resolving spa-
tial cell-type composition, offering a transformative approach to understand tissue archi-
tecture. This breakthrough not only advances computational deconvolution but also opens
avenues for deeper biological exploration, such as the identification of region-specific cellular
interactions in health and disease.

The false positive predictions of alternative deconvolution models (DWLS, RCTD, S-
DWLS, SPOTlight, and Stereoscope) are emphasized, particularly in scenarios involving the
stress test for deconvolution of human heart cells within mouse brain tissue and the biolog-
ical validation test for human brain HPF cells within whole mouse brain tissue. In addition,
almost all models generated divergent spatial patterns for each cell type, which complicates
the evaluation of their reliability. Notably, only WISpR accurately represents mouse brain data
with biologically acceptable signals, reflecting substantial tissue and organismal, as well as
regional differences between scRNA-Seq and spatial data. This accurately reflects the attempt
to deconvolute human heart cells in this specific scenario.

When benchmarked across both synthetic and real datasets, including extreme mismatch
conditions and biologically relevant tissues, WISpR consistently outperforms five state-of-the-
art methods by up to 86% in RMSE reduction and over 400% in F1 score improvement. Its
robustness to noise, ability to eliminate false-positive predictions, and precision in localizing
both abundant and rare cell types make it uniquely effective in deciphering spatial cell-type
architectures. These results underscore the translational value of WISpR in building highly
resolving, biologically interpretable tissue maps, with strong implications for understanding
developmental biology, disease mechanisms, and therapeutic resistance in complex tissues.

WISPpR successfully deconvoluted spatial transcriptomics data in both mouse brain and
human breast cancer tissues, demonstrating its ability to resolve fine-grained cellular land-
scapes. In the mouse brain, WISpR reconstructed the spatial distribution of eight major cell
types and 56 subtypes, despite the lack of subtype annotations, accurately mapping them to
biologically meaningful locations. This revealed unannotated subtypes and their functional
context, with GSEA validation confirming the spatial organization of astrocytes, neurons,
oligodendrocytes, and vascular cells. In six human ER+ and TNBC samples, WISpR gener-
ated a high-resolution cancer cell atlas, identifying cancer subtypes and clarifying previously
uncertain regions. It revealed LumB-like traits in DCIS and accurately localized myCAF-like
fibroblasts in tumor-adjacent stroma. Predictions were validated by spatial cancer subtype-
specific marker gene expression profiles from SCSubtypes, confirming subtype-specific local-
ization. Together, these findings highlight WISpR’s power to resolve tissue heterogeneity,
uncover spatial cell interactions, and inform future therapeutic strategies in both neuro-
science and oncology.

The systematic deactivation of weakly contributing cell types in WISpR is particularly
beneficial in structured tissues with well-defined spatial compartments. In these contexts,
each region typically harbors only a limited subset of cell types, and the built-in threshold-
ing mechanism of WISpR helps eliminate low-contribution noise, such as transcripts orig-
inating from incomplete cells, ambient RNA, or spillover between spots, phenomena espe-
cially prevalent in spatial technologies such as Visium (as illustrated in Fig 1F). The threshold
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range is systematically optimized per spot via GridSearch, ensuring that only signals, which
are way below than signals from full cells, that exceed this threshold are retained and itera-
tively refined via L2 regularization. This intrinsic filtering improves spatial sharpness and bio-
logical coherence by suppressing weak, spurious profiles unlikely to reflect the complete or
meaningful cellular presence.

The sparsity threshold can be tuned to be more permissive in specific biological con-
texts where the true signal from cell types is expected to be low but biologically relevant in
WISPR, such as very low-input spatial data, where sequencing depth is shallow, and the sig-
nal strength is generally reduced in all cell types. In such cases, making the sparsity threshold
more permissive allows WISpR to retain subtle but biologically meaningful signals that may
otherwise be missed. This flexibility makes WISpR adaptable across tissue types, resolution
scales, and biological questions, from robust signal sharpening in well-compartmentalized
organs to sensitive detection in noisy or transitional tissues.

Conclusion

Creating a comprehensive cell atlas for healthy and diseased states requires integrating hor-
izontal (same omics) and vertical (different omics) tools. Sparse reconstruction approaches
address challenges from cell state variability, technological differences, and dynamic cellu-
lar environments by leveraging the inherent sparsity of biological systems to recover cell-type
information. Transcriptomics deconvolution methods that incorporate sparse reconstruction
must balance maintaining coherence with accounting for biological complexity and variabil-
ity, a balance crucial for advancing our understanding of tissue composition and function

in health and disease. By redefining deconvolution methodologies through sparse regres-
sion, WISpR establishes a scalable framework for integrating multi-modal data, paving the
way for future innovations in spatial omics. Future work could extend the WISpR application
to temporal data integration, enabling to model dynamic changes in cell-type composition
and gene expression modules across developmental time, while jointly incorporating spatial
continuity and symbolic rules to reveal interpretable, causal relationships underlying spa-
tiotemporal tissue organization. Furthermore, its robustness in noisy datasets suggests poten-
tial in clinical settings, such as cancer heterogeneity analysis and prediction of response to
treatment.

These results highlight the superior ability of WISpR to uncover spatially distinct cell
states, establishing it as an indispensable tool to investigate tissue microenvironments and
unravel cellular heterogeneity in complex biological systems. WISpR emerges as a potent
instrument for dissecting the biologically sparse makeup of cell types and spatial configu-
rations within intricate tissues. WISpR transcends the limitations of traditional methods,
offering not just incremental improvements but a paradigm shift in how spatial transcrip-
tomics data is analyzed. Its potential to uncover new biological insights into health and dis-
ease underscores its value as a cornerstone tool in the era of precision medicine.

Supporting information

S1 Text. Supplementary figures and tables. This supporting file includes figures and tables
that provide detailed benchmarking, evaluation, and biological validation of the WISpR
model. Supplementary Figs A-F present comparative analyses of prediction errors and false
positives across multiple deconvolution methods. Supplementary Figs G-H show spatial pre-
diction results for human heart and mouse brain cell types across various tissue sections. Sup-
plementary Figs I and | highlight correlation patterns and enrichment analyses for selected
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cell types. Supplementary Figs K-N illustrate spatial predictions and marker gene expres-
sion profiles for six breast cancer patient samples. The two supplementary tables A and B
summarize key performance metrics and gene sets used in the analysis.

(PDF)

S1 Movie. Localized differences between major mouse brain cell types.
(MP4)

$2 Movie. Cellular heterogeneities between mouse brain cell subtypes.
(MP4)
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