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Abstract

In targeted spatial transcriptomics technologies, a key challenge is to select an informative gene panel that captures the complexity
of cellular and spatial heterogeneity within tissues. Many existing methods use prior knowledge or heuristic selection rules, such as
selecting highly variable genes, which overlook gene-gene correlations and may consequently result in suboptimal coverage. To address
the limitations of the existing methods, we introduce single-cell informed Gene Panel Design (scGPD), a deep learning-based framework for
gene panel design that leverages single-cell RNA-seq data to identify compact, nonredundant sets of genes for spatial profiling. scGPD uses
a gene-gene correlation-aware gating mechanism to extract informative features from data, encouraging diversity among selected genes
and eliminating redundancy. Across diverse single-cell datasets, scGPD outperforms existing gene panel design methods in recovering
transcriptome-wide expression using a limited number of genes. When applied to spatial transcriptomics data, it achieves competitive
and robust cell-type classification performance, demonstrating strong generalization across modalities. The gene panels selected by
scGPD further exhibit well-defined spatial expression patterns, highlighting their robustness and relevance for spatial analysis. The scGPD
framework is flexible and can be adapted to multiple use cases, enabling the prioritization of genes relevant to specific diseases or
phenotypes. Together, these results demonstrate that scGPD provides a robust and adaptable solution to design efficient gene panels
for spatial transcriptomics, with broad applicability to tissue mapping and disease characterization.
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troductio (mRNA) abundance at various spatial resolutions [6-9]. ST technolo-

Single-cell RNA sequencing (scRNA-seq) has revolutionized the study
of cellular heterogeneity by enabling transcriptomic profiling at
single-cell resolution across diverse tissues and biological systems
[1-4]. This technology has been instrumental in uncovering novel cell
types, developmental trajectories, and disease-associated transcrip-
tional programs. However, a fundamental limitation of scRNA-seq is
the loss of spatial context, as tissues must be dissociated into single-
cell suspensions. This dissociation disrupts native cell-cell interactions
and obliterates spatial patterns of gene expression that are essential
for understanding tissue organization and microenvironmental
influences [5].

To overcome this limitation, spatial transcriptomics (ST) technolo-
gies have been developed to enable spatially resolved gene expres-
sion profiling within intact tissue sections. These methods preserve
tissue architecture while allowing for the detection of messenger RNA

gies can be broadly categorized into two categories: spot-based ST
(spot-ST) and single-cell ST (sc-ST) approaches.

Spot-ST methods, such as 10X Visium [10] and HDST [11],
quantify gene expression within spatially resolved spots. While
these approaches provide transcriptome-wide coverage, they lack
single-cell resolution, making them less suitable for cell-type-specific
analyses, such as studying spatial variation in ligand-receptor
interactions.

In contrast, sc-ST technologies, such as MERFISH [9], seqFISH,
seqFISH+ [12], and osmFISH [8], provide subcellular spatial precision
and single-molecule sensitivity, which makes them particularly well
suited for high-resolution tissue mapping [5]. Importantly, these
sc-ST techniques are imaging-based single-molecule assays, where
individual mRNA molecules are first detected in situ and subsequently
assigned to individual cells through image-based cell segmentation.
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As a result, downstream single-cell level analyses critically depend on
the quality and accuracy of the segmentation step.

Despite these advantages, being fluorescence in situ hybridization
(FISH)-based, each sc-ST dataset is limited by the number of genes
that can be simultaneously measured, typically in the range of a few
hundred to about a thousand genes, which restricts the full potential
of sc-ST data in capturing comprehensive transcriptomic landscapes.
Consequently, the design of targeted gene panels is a critical step
in sc-ST workflows. The selection of a biologically informative and
functionally relevant subset of genes is essential to accurately capture
the cellular diversity and spatial organization within tissues. Gene
selection for targeted ST is frequently guided by heuristic strategies,
such as choosing well-characterized marker genes or those with high
expression in specific cell subsets. Although these approaches are
straightforward, they often fail to capture genes with more subtle,
heterogeneous, or spatially complex expression patterns. A key lim-
itation of such methods is that they do not account for correlations
between genes, which can substantially reduce the informativeness
of the selected panel. As a result, co-expressed or functionally related
genes may be selected together, yielding overlapping signals that add
little additional discriminatory power and ultimately limit the panel’s
ability to capture cellular and spatial diversity [13-15].

To address these challenges, we reformulate gene selection as a fea-
ture selection problem and propose single-cell informed Gene Panel
Design (scGPD), a principled, data-driven framework grounded in
deep learning. The framework leverages single-cell RNA-seq data
to guide panel selection, systematically prioritizing informative and
complementary genes to yield compact panels that preserve biological
signal. In contrast to methods such as scGIST [16] and PERSIST [17],
scGPD explicitly models gene-gene dependencies during panel selec-
tion rather than assuming independence among candidate genes.

A key innovation of scGPD lies in its correlation-aware gating
mechanism [18], which explicitly accounts for gene—gene dependen-
cies during training. Rather than allowing correlated genes to be
selected together, our gating strategy promotes competition among
related features, encouraging the model to retain only the most infor-
mative representative within each correlated group. This results in
gene panels optimized for downstream tasks such as transcriptome
reconstruction or cell type classification. Specifically, sScGPD employs a
correlated Gaussian copula-based gating mechanism to model depen-
dency structure among genes, enabling principled control of feature
overlap while promoting complementary markers that jointly cap-
ture cell-state heterogeneity. In contrast to existing methods, scGPD
is also adaptable: it can scale to large datasets via minibatched train-
ing and accommodate diverse experimental designs and panel size
requirements.

We demonstrate the efficacy and versatility of scGPD through exten-
sive benchmarking on multiple publicly available single-cell RNA-seq
datasets, covering a wide range of dataset sizes and cellular diversity.
Across these datasets, scGPD consistently selects informative genes
that preserve key biological variation. Beyond quantitative bench-
marking, we show that the genes selected by scGPD from single-cell
data also exhibit coherent spatial expression patterns in the corre-
sponding ST datasets, highlighting the method’s ability to identify
biologically meaningful markers of spatial relevance. Furthermore,
we demonstrate that scGPD can be adapted to prioritize disease-
associated genes by modifying the objective of gene selection, enabling
the targeted discovery of candidate biomarkers for spatial profiling in
pathological contexts.
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Figure 1 Overview of scGPD, a dual-stage gene selection framework that
first removes redundant genes using correlated binary gating and then
selects a fixed number of informative genes via application-specific loss
functions and a binary mask.

Methods
Method overview

scGPD is a deep learning framework that leverages reference single-
cell RNA-seq data to construct gene panels optimized for specific
experimental objectives. Through its specialized architecture with
differentiable feature selection layers, the method identifies a compact
set of highly informative genes that effectively capture transcriptome-
wide expression patterns and preserve biologically meaningful cellu-
lar variation.

The framework consists of two sequential stages (Fig. 1). In the
first stage, scGPD reconstructs transcriptome-wide expression profiles
from a reduced set of candidate genes. Rather than evaluating genes
independently, the model employs a correlation-aware binary gating
mechanism that identifies interdependent gene groups using a Gaus-
sian copula to model gene dependencies [19]. This gating mechanism
utilizes the Binary Concrete distribution [20] to select the most infor-
mative representative from each correlated group while eliminating
redundant genes, resulting in a narrowed gene pool containing the
most salient candidate features. To appropriately match the distri-
butional characteristics of scRNA-seq data, scGPD employs Poisson
loss as its objective function [21-24], which handles the count-based
nature of single-cell expression data. In the second stage, scGPD fur-
ther refines the gene selection by choosing exactly k genes from the
reduced candidate set (of size d) obtained from the first stage. This
refinement again employs a binary gating mechanism, but now uses
masks derived from Concrete distributions [20] to enforce a strict
selection budget of exactly k genes. To ensure that the final gene panel
is optimized for specific biological applications, the model employs
task-specific loss functions tailored to downstream objectives, such as
cell-type classification or spatial expression prediction.

Poisson loss function

Poisson loss is a suitable choice for modeling scRNA-seq data due
to the distributional properties of gene expression counts [21-24].



This characteristic makes Poisson loss particularly well suited for
predicting transcriptome-wide expression from a selected subset of
genes, as it captures the inherent statistical properties of scRNA-seq
data while remaining computationally efficient.

Given observed gene expression counts y; and predicted values yj,
the Poisson loss is defined as

€0 = 9; — yilogy; +logyi!)

In scGPD, Poisson loss is used as the default objective in the first
training stage, where the goal is to reconstruct transcriptome-wide
expression and reduce the influence of uninformative genes. This
loss function is well suited for modeling the count-based structure
of scRNA-seq data, encouraging the model to prioritize genes that
provide informative signals for transcriptome reconstruction. Poisson
loss can incorporate cell-specific size factors, allowing the model to
account for sequencing depth differences, thereby improving robust-
ness to varying data coverage. While Poisson loss is the default, other
loss functions such as mean squared error can also be used, depending
on the specific characteristics of the dataset or the downstream appli-
cation. This flexibility allows scGPD to adapt to a variety of modeling
needs while maintaining its focus on compact, informative gene panel
design.

Feature selection layers

Our methodology implements a two-stage feature selection frame-
work. In the first stage, a correlated binary gating mechanism is
used to filter out redundant and uninformative genetic markers.
This design directs computational resources toward salient features
by applying learned correlated binary gates (Supplementary Sim-
ulation Study, Figure S10). Rather than presuming selection inde-
pendence, we characterize the gate vector distribution B; using
a correlated binary concrete formulation, expressed as B; ~
BinConcrete(B;, ), where g; denotes non-normalized logarithmic
probabilities [20]. These probabilities are formulated via a Gaussian
copula [19], introducing interdependencies between binary variables.

A Gaussian copula constitutes a multivariate cumulative distribu-
tion function for random variables Uy, ..., Up, defined across the unit
hypercube [0, 1]P with uniform marginal distributions where Uy ~
Uniform(0, 1) for all k € [p]. Given correlation matrix R € [-1,1]P
encoding the feature correlation structure of X, the Gaussian copula
is formally defined as

Cr(Us,..., Up) = @y (qu(Ul),...,drl(Up)), &)

where @y represents the joint cumulative distribution function of
a multivariate Gaussian with zero mean and correlation matrix R,
while =1 denotes the inverse cumulative distribution function of a
standard univariate Gaussian.

The logarithmic probabilities g; are computed according to

fi=o (w) @)

T

where o (x) represents the sigmoid activation function, and t con-
stitutes the temperature hyperparameter. As r approaches zero, the
distribution converges to a Bernoulli distribution, whereas increasing
r toward infinity renders the distribution increasingly continuous.
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The utilization of a Gaussian copula ensures that the gate vector dis-
tribution B; accurately captures the correlation structure among input
features, enabling the model to account for gate interdependencies
during genetic marker selection.

From a biological perspective, the correlated binary gating mech-
anism can be viewed as selecting representative genes from groups
of co-expressed or functionally related markers. In many biologi-
cal contexts, such correlated gene groups arise from shared regula-
tory programs, pathway membership, or cell-type-specific expression
patterns. By explicitly modeling dependencies among genes, scGPD
avoids selecting multiple redundant markers from the same corre-
lated group and instead prioritizes a minimal set of representative
genes that collectively capture the underlying biological signal.

The output from the correlated binary gates is determined by the
Hadamard product b © x, where x represents the input vector and
b = [by,...,bp] € RP comprises samples b; drawn from the respective
random variables B; ~ BinConcrete(B;, ). This product subsequently
traverses a neural architecture fp to predict gene expression counts y.
Genetic marker elimination occurs when the model converges toward
low values of 8;, a process incentivized through the incorporation of
a regularization term on BinConcrete samples within the objective
function:

min Exy, [¢ (h® ©x),y) +217b]. ©)

The regularization component 217 b penalizes excessive feature selec-
tion, where hyperparameter » > 0 acts as a tuning parameter that
balances predictive accuracy against feature sparsity, and ¢ denotes
the Poisson loss function.

In the second stage, after constraining the candidate pool to size d,
we again apply a binary mask to select exactly k genetic markers from
the d candidates. The mask is generated via the element-wise maxi-
mum of k Concrete random variables, denoted as A; ~ Concrete(a;, 7)
fori = 1,...,k. Each Concrete distribution is parameterized by non-
normalized probabilities «; € R{{ and temperature parameter r >
0, with each distribution asymptotically approaching a multinomial
distribution with probabilities defined by as t approaches zero
[20].

The binary mask layer processes normalized gene expression pro-
files x e RY, yielding the Hadamard product a © X, where a =
max;a; € RY constitutes the element-wise maximum of samples a;
drawn from each concrete distribution random variable. This product
subsequently traverses a neural architecture f,, which predicts the
target variable y based on a ® X. The model parameters are optimized
according to

o
1T

minExya [l (f, @0 x),y)]. “)
where [ represents an application-specific loss function.

Results

scGPD enables accurate cell-type annotation and
scRNA-seq expression profiles reconstruction

We evaluated scGPD on three scRNA-seq datasets derived from distinct
biological sources: pancreas [25], heart [26], and peripheral blood
mononuclear cells [4]. Starting from an initial set of 5000 highly
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variable genes and the gene covariance estimated from CS-CORE [27],
we applied scGPD and three baseline gene selection methods: PERSIST
[17], scGIST [16], and geneBasis [28] to identify gene panels ranging in
size from 32 to 256 genes, a range that encompasses the majority of
panel sizes used in FISH experiments.

As a flexible analytical framework, scGPD supports both supervised
and unsupervised learning paradigms, making it applicable to a wide
range of downstream tasks. To evaluate its effectiveness, we first
assessed how well-selected gene panels could reconstruct the origi-
nal scRNA-seq expression profiles. Specifically, we computed Pearson
correlation coefficients [29] between the original and reconstructed
gene expression matrices across genes for each cell. To ensure a
fair comparison, we trained the same multilayer perceptron (MLP)
network architecture to map each method’s selected gene panels to
the full expression profiles. Across all datasets and panel sizes, scGPD
consistently achieved higher reconstruction accuracy than competing
methods (Fig. 2A). An ablation analysis further demonstrates that
explicitly modeling gene-gene correlations contributes substantially
to this improvement, with correlation-aware scGPD outperforming
its noncorrelation variant across gene panel sizes (Figure S2). These
results underscore the robustness and reliability of scGPD for guiding
targeted sequencing.

We further evaluated the utility of selected gene panels in a cell-type
classification task, a key downstream analysis in single-cell transcrip-
tomics. For each method, we trained identical MLP classifiers using
the selected gene panels and assessed classification accuracy across
varying panel sizes. As expected, classification performance generally
improved with increasing panel size across all methods. Overall,
scGPD achieved classification performance that was comparable with
or better than existing methods and consistently maintained competi-
tive accuracy across different panel sizes (Fig. 2B, Supplementary Fig-
ure S1). As with reconstruction accuracy, absolute performance dif-
ferences across methods are relatively small, particularly at larger
panel sizes where accuracy approaches saturation, indicating broadly
comparable performance when accuracy is the primary metric. Nev-
ertheless, scGPD shows stable, consistently strong performance across
a wide range of panel sizes.

We further visualized UMAP embeddings derived from the raw
data and from the 256-gene panel selected by scGPD. Cells cluster
according to annotated cell types, demonstrating concordance
between the selected gene panel and the underlying transcriptional
structure (Fig. 2C). While similar patterns can be observed for several
methods with sufficiently large panels, scGPD preserves clear cell-type
separation using a compact gene set, highlighting its practical utility
under panel size constraints. Collectively, these results indicate that
scGPD is a robust and versatile approach for gene panel selection,
with modest but consistent advantages across tasks and panel sizes.

Performance evaluation on a spatial transcriptomics
dataset

ScGPD can identify informative marker genes for a variety of exper-
imental objectives. Here, we applied the genes selected using scRNA-
seq to data collected from ST studies. We analyzed a seqFISH+ dataset
[12] from mouse olfactory, where a corresponding scRNA-seq dataset
[30] is also available. To ensure consistency, we restricted our anal-
ysis to the 9913 common genes present in both datasets. We then
used scGPD to generate gene panels from the scRNA-seq data and
predicted cell types in the seqFISH+ dataset based on these panels.
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Figure 2 Performance of various methods on three different datasets.
A. Pearson correlation coefficients for variable panel sizes. B. Accuracies
for variable panel sizes. C. UMAP plots using the gene panel of size 256
selected by scGPD for the three datasets.

The seqFISH+ dataset’s preexisting cell-type annotations served as
ground truth labels, enabling quantitative assessment of how effec-
tively scGPD-selected gene panels preserve cell-type discrimination
when transferred from single-cell to ST contexts.

We benchmark the performance of scGPD with the other three
methods: scGIST, geneBasis, and PERSIST. Although scGPD shows
slightly lower performance for smaller panels, when panel size
increases, scGPD outperforms the other methods, achieving the
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Figure 3 Performance evaluation of gene panel selection on an ST dataset. A. Cell-type classification accuracy using gene panels designed from scRNA-
seq data and evaluated on the seqFISH+ test set. B. Confusion matrix of cell-type predictions by scGPD using a panel of 256 genes, evaluated on the
seqFISH+ test dataset. C. UMAP visualization of the seqFISH+ data derived based on raw data and the 256-gene panel selected by scGPD, demonstrating

alignment between predicted cell types and the original clustering structure.

highest accuracy at larger panel sizes (Fig. 3A). PERSIST and scGIST
exhibit similar trends and GeneBasis is the most competitive baseline
method. Figure 3B presents the confusion matrix of predicted cell by
scGPD using a 256-gene panel, evaluated on the seqFISH+ test dataset.

Supplementary Figure S3 presents the PAGA similarity [31] scores
for varying-size gene panels (32 to 256 genes), evaluating the ability
of each method to preserve the structure of cell-cell similarity. Across
all panel sizes, scGPD demonstrates consistently strong performance,
maintaining high PAGA similarity scores and outperforming scGIST
and PERSIST at all panel sizes. This pattern underscores the ability of
scGPD to select gene panels that faithfully retain the structure of the
cellular manifold.

Using the 256 genes identified from scGPD, we show a UMAP
projection derived based on raw data and selected gene set to compare
the cell-type distributions (Fig. 3C). The predicted UMAP maintains the
overall structure of the raw dataset, demonstrating that our model
successfully captures the differences among cell types. Together, these
results illustrate the effectiveness of scGPD in selecting informative
gene panels that generalize well to ST data.

Identifying informative genes reveals spatially distinct
expression patterns in spatial transcriptomics data

Our proposed method, scGPD, effectively identifies genes with
spatially distinct expression patterns in ST data. Using a human

breast cancer 10x Genomics scRNA-seq dataset [32] as a reference,
we applied scGPD-identified genes to data from breast cancer tissue
[32] profiled by 10x Visium to explore their role in dissecting the tumor
microenvironment. The selected genes exhibit clear spatial variation,
with specific regions showing elevated expression, indicating their
significance in defining distinct tissue microenvironments and
potentially influencing tumor heterogeneity (Fig. 4A).

To statistically evaluate the spatial variability of these genes, we
employed SPARK [21], a robust statistical framework for detecting
spatially expressed genes. The analysis (Fig. 4B, Supplementary
Tables S1-S4) revealed highly significant combined and adjusted P-
values, confirming the meaningful spatial expression of the identified
genes and reinforcing the robustness of scGPD in capturing genes
relevant to spatial tissue organization.

Importantly, the genes identified, such as CD74, COL1A1, SFRP2,
and COL6A1, have well-established biological relevance in breast
cancer. CD74 promotes triple-negative breast cancer progression by
expanding immunosuppressive cells [33]. COL6A1 facilitates breast
cancer growth and spread by supporting tumor cell proliferation
and creating a favorable tumor environment and COL1A1 is a struc-
tural protein in the extracellular matrix and is involved in cancer
spread and metastasis [34, 35]. The spatial expression patterns of
these genes likely reflect critical biological processes in the tumor
microenvironment, such as immune cell localization, stromal activa-
tion, and epithelial-mesenchymal transitions. Together, these findings
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Figure 4 Spatial validation and functional relevance of scGPD-selected genes in breast cancer tissue. A. Spatial expression patterns of representative
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variability using SPARK, with significant adjusted P-values confirming spatial expression of selected genes. C. Tissue segmentation using scGPD-
selected genes compared with histological annotations from transcriptome-wide profiles, demonstrating strong concordance and preservation of
tumor architecture. D. Bar plot showing the proportion of spatially variable genes retained across increasing gene panel sizes.

underscore the ability of scGPD to identify genes that are not only
statistically significant in their spatial distribution but also biolog-
ically meaningful in the context of cancer progression and tissue
heterogeneity. We also evaluated the impact of gene panel size on
spatial variability detection. By systematically varying panel sizes
from 32 to 256, we assessed how the proportion of spatially variable
genes changes (Fig. 4D, Figure S9). The results indicate that even
with an expanded gene set, scGPD retains at least 80% of spatially
variable genes (adjusted P-value <.05), demonstrating its ability to
efficiently prioritize informative genes while maintaining biological
interpretability.

To further assess the functional utility of the identified genes, we
evaluated their ability to preserve large-scale spatial organization
in an unsupervised tissue segmentation task. We first constructed a
reference tissue segmentation by identifying cell-type-associated gene
signatures from the matched single-cell RNA-seq data via differential
expression analysis, projecting these signatures onto the ST data to
obtain spot-level cell-type scores, and applying K-means clustering to
partition the tissue into three major spatial regions. This reference seg-
mentation serves as a proxy for large-scale tissue domains rather than
a supervised ground truth. Using the same unsupervised clustering
procedure, we then performed spatial segmentation based only on the
256 genes selected by scGPD (trained in a supervised manner to select

genes that are informative for cell-type discrimination) and compared
the resulting spatial partitions with the reference annotations. We
additionally included a simple and interpretable baseline based on
spatially variable genes with minimal bivariate spatial association by
selecting 256 genes using Moran’s I statistic and repeating the same
segmentation and evaluation procedure; in contrast to this baseline,
which yields less spatially coherent segmentation (Figure S5), the
strong concordance between the scGPD-based segmentation and the
reference domains (Fig. 4C), quantified by an adjusted Rand index of
0.63, demonstrates that scGPD effectively preserves biologically mean-
ingful spatial organization under substantial gene panel reduction.
These findings underscore the power of scGPD in optimizing gene
selection for ST, enhancing tissue characterization, and enabling
deeper insights into spatial gene expression. By identifying genes
with strong spatial signals, scGPD provides a scalable and efficient
solution for uncovering the spatial organization of complex tissues.

Discovery of disease-related genes for lung
adenocarcinoma

scGPD is a powerful and versatile tool for uncovering disease-related
genes by systematically analyzing scRNA-seq data from samples
under different conditions. By leveraging its ability to distinguish
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Figure 5 Identification of LUAD-related genes and their expression dynamics across cell types. A. Heatmap showing DEGs between HC and LUAD
samples identified by scGPD (rows represent individual cells and columns represent genes, grouped by sample condition). B. UMAP projections of
single-cell transcriptomes colored by gene expression and sample condition. C. GO enrichment analysis of scGPD identified genes.

gene expression variations at the single-cell level, scGPD enables the
identification of key molecular signatures associated with disease
progression. This capability is particularly valuable for studying
complex diseases where cellular heterogeneity plays a crucial role
in pathogenesis.

In this study, we apply scGPD to lung adenocarcinoma (LUAD), a
highly prevalent and aggressive subtype of non-small cell lung cancer
(NSCLC). LUAD is characterized by tumor heterogeneity and clinical
symptoms such as persistent coughing, chest pain, and respiratory
decline. Understanding its underlying genetic risk factors is essential
for unraveling its molecular mechanisms and developing targeted
therapeutic strategies.

To comprehensively investigate LUAD-specific gene expression
patterns, we analyzed a single-cell RNA-seq dataset [36] comprising
LUAD and healthy control (HC) samples. Figure 5A presents a heatmap
of gene expression across normal and tumor samples, revealing
key differentially expressed genes (DEGs) that may serve as LUAD
biomarkers [37-39]. Because this single-cell dataset contains explicit

condition labels indicating whether each cell originates from a
LUAD or HC sample, scGPD was applied in a supervised setting
in this analysis. Using scGPD in a supervised setting, we identified
disease-related genes by training the model to distinguish between
HC and LUAD samples based on single-cell transcriptomic profiles.
Specifically, scGPD was optimized using a standard cross-entropy loss
on the LUAD versus HC labels, such that gene selection was driven
by their contribution to accurate disease-status classification while
accounting for gene-gene correlation. The genes selected by scGPD
were those most informative for accurately classifying cells by disease
status. For example, among the highlighted genes, FABP4 modulates
lipid metabolism and immune responses by influencing NK and
macrophage function [40]; MMP7 facilitates tumor proliferation and
metastasis through matrix degradation and angiogenesis [41]; and
C1QB contributes to immune microenvironment regulation via the
complement cascade [42]. These findings provide insights into tumor
microenvironment heterogeneity and highlight potential driver genes
contributing to LUAD pathogenesis.
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The UMAP plot in the bottom right of Fig. 5B shows the distribution
of diseased conditions. The remaining UMAP projections in Fig. 5B
and Supplementary Figure S7 illustrate the spatial distribution of
these genes across different cell clusters, demonstrating their selective
enrichment in specific LUAD subpopulations. These complementary
visualizations collectively demonstrate the ability of scGPD to robustly
classify disease-associated genes.

Our results demonstrate that scGPD could successfully identify
genes with significantly higher expression in LUAD-associated cell
types compared with their healthy counterparts, as visualized in
Fig. 5B. These expression patterns confirm the genes’ specificity to
the tumor microenvironment and suggest their potential roles in
LUAD development and progression. To understand the biological
significance of these identified genes, we performed GO enrichment
analysis on the scGPD-selected gene panel. The analysis reveals that
these genes are enriched in tumor-specific pathways and function-
ally associated with oncogenic signaling cascades, immune evasion
mechanisms, and metastatic progression (Fig. 5C). Compared with the
low-rank baseline (Figure S6), scGPD yields gene panels with more
coherent and tumor-relevant functional profiles, reinforcing the link
between improved robustness and biological interpretability.

Beyond gene identification, scGPD offers a robust framework for
biomarker discovery and precision medicine applications. The genes
identified through scGPD provide valuable candidate targets for early
diagnosis, patient stratification, and therapeutic intervention. More-
over, additional genes identified by scGPD, which are not shown here,
can be found in Supplementary Figure S6, providing an expanded
repository of potential LUAD biomarkers and therapeutic targets.

These findings emphasize the critical role of scGPD can play in dis-
covering disease-associated genes and advancing our understanding
of LUAD pathogenesis. By efficiently identifying key molecular drivers,
scGPD enables deeper insights into the complex transcriptional land-
scape of cancer biology.

Discussion

We introduced scGPD, a deep learning framework for gene panel
design in targeted ST using scRNA-seq as a reference. By explicitly
modeling gene—gene correlations through a correlation-aware gating
mechanism, scGPD selects compact, nonredundant gene panels that
capture diverse biological programs within a limited panel size.

Across multiple benchmarks, scGPD demonstrates strong perfor-
mance across panel sizes and task settings. Genes selected from single-
cell data transfer robustly to spatial contexts, preserving coherent
and biologically meaningful spatial expression patterns. Compared
with existing approaches that treat genes as independent features,
scGPD reduces redundancy among correlated genes and yields more
informative panels, which is particularly important for FISH-based
spatial technologies with constrained target capacity.

In addition, scGPD is flexible with respect to analysis objectives.
Through supervised training, the framework can prioritize genes
associated with specific phenotypes, such as disease states or func-
tional cellular properties, making it suitable for translational and clin-
ical applications including spatial pathology and targeted biomarker
discovery.

We note that scGPD is primarily designed to optimize gene panel
selection at the gene level, with objectives defined on aggregate
gene expression patterns derived from single-cell RNA-seq data. As
such, scGPD does not explicitly model subcellular RNA localization,

transcript isoform diversity, or single-molecule spatial distributions
within individual cells. For imaging-based ST experiments that aim to
resolve RNA localization at subcellular or single-molecule resolution,
additional factors, such as probe design constraints, transcript length,
local RNA density, optical crowding, and subcellular compartmental-
ization, may play a critical role and are not directly accounted for in
the current framework.

Accordingly, while scGPD is well suited for identifying gene panels
informative for cell-type composition, tissue architecture, and spatial
domain analysis, it may be less appropriate for studies focused on
fine-scale intracellular RNA organization or molecular trafficking.
Extending the framework to incorporate subcellular spatial priors,
isoform-level information, or imaging-specific constraints represents
an important direction for future methodological development.

Future work will include experimental validation of scGPD-
designed panels on spatial profiling platforms, particularly multi-
plexed FISH-based methods [43], as well as integration of spatial priors
and multiomic information to further enhance panel robustness and
generalizability [44-46].

In summary, scGPD provides an interpretable and flexible solution
to gene panel design that bridges single-cell and ST, enabling efficient
and targeted exploration of tissue organization and disease-relevant
biology.

Key Points

® scGPD is a deep learning-based framework for gene panel design
that leverages single-cell RNA-seq data to identify compact and
nonredundant gene sets for spatial profiling.

® Its correlation-aware gating mechanism extracts informative and
diverse genes while effectively eliminating redundancy.

® scGPD achieves outstanding performance in transcriptome recov-
ery and cell-type classification, and its flexible framework can be
adapted to prioritize genes relevant to specific diseases or pheno-
types.
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