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Abstract 

Spatial transcriptomics analysis is a powerful approach for dissecting the structure of tissue microenvironment and uncovering the mechanism 

of cell–cell communications. However, existing technologies are limited by either spatial resolution or gene coverage. Most single-cell-resolution 
technologies target only a few hundred preselected genes, whose choice plays an important role in the overall analysis. It remains a challenge 
to optimally design a gene panel to maximize the utility of spatial transcriptomics profiling. To fill this gap, we introduce a novel method, named 
ReconST, to automatically design optimal gene panels for spatial transcriptomics profiling. ReconST leverages information from existing scRNA- 
seq data and identifies the optimal subset of genes by using a gated autoencoder. By using a high-coverage mouse brain MERFISH dataset and 
a fetal lung dataset as the reference benchmarks, we showed that ReconST outperforms existing methods in terms of reconstruction accuracy, 
spatial pattern preservation, and computing efficiency. As such, ReconST provides a useful and generally applicable tool for optimal gene panel 
design, which in turn can significantly enhance the utility of spatial transcriptomics profiling in a wide range of biomedical investigations. 

Graphical abstract 
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ing significance of spatial transcriptomics in biological studies 
[ 6 , 7 ]. In contrast to traditional single-cell RNA sequencing 
(scRNA-seq) techniques, spatial transcriptomics stands out by 
preserving the spatial information, which is crucial for dissect- 
ing the structure of tissue microenvironment and uncovering 
cell-cell communication mechanisms [ 3 , 8 ]. 
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patial transcriptomics is an emerging and transformative
echnique that enables researchers to study gene expression
hile preserving spatial context, providing unprecedented in-

ights into tissue organization and function [ 1–5 ]. The increas-
ng availability of commercial platforms highlights the grow-
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Figure 1. Using ReconST to design an optimal gene panel for spatial transcriptomics analysis. ( a ) A schematic overview of the ReconST workflow using 
scRNA-seq data as input. ( b , c ) A zoomed-in view of the gated layer. (b) A schematic illustration of the gated layer. (c) An illustration of the effect of the 
gated layer on parameter training. Unselected genes are marked by the “x” mark. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Current spatial transcriptomics technologies can broadly be
categorized into two types: whole-transcriptome methods and
targeted methods [ 9 ]. Whole-transcriptome spatial transcrip-
tomics aims to measure genome-wide gene expression across
tissue sections, often using techniques such as Slide-seq [ 10 ],
10x Genomics Visium [ 11 , 12 ], Nanostring GeoMx Digital
Spatial Profiler [ 13 ], and DBiT-seq [ 14 ], though these meth-
ods may sacrifice resolution or sensitivity [ 15 ]. 

In contrast, targeted spatial transcriptomics, such as MER-
FISH [ 16 ], seqFISH [ 17 ], seqFISH + [ 18 ], Xenium [ 19 ], and
STARMAP [ 20 ], focus on profiling a predefined subset of
genes, which is needed to achieve single-cell or subcellular res-
olution in spatial gene expression profiling [ 16 , 18 ]. The ad-
vantage of single-cell resolution mapping is that it can signif-
icantly enhance the ability to study complex tissue architec-
ture and cell-cell interactions [ 18 , 21 , 22 ]. However, its util-
ity strongly depends on the biological information contained
in the gene panel, which has to be pre-selected before spatial
transcriptomics mapping. As such, an important but difficult
task is to design the optimal gene panel for a biological prob-
lem at hand. 

Although it is possible to manually select genes based
on prior biological knowledge of cell-type-specific marker
genes or biological pathways, this approach has important
practical limitations, including subjectivity, irreproducibility,
and strong dependence on prior knowledge. Recently, sev-
eral methods have been developed to systematically design
gene panels by leveraging information from existing single-
cell RNA-seq (scRNA-seq) data. Existing gene panel design
methods vary in their selection criteria, including highly vari-
able genes [ 16 ], marker genes associated with either annotated
cell types [ 23 ] or original cell clusters [ 24 ], and the genes rep-
resentative of the underlying manifold structure [ 25 ]. Despite
these developments, it remains challenging to systematically 
design a gene panel that can optimally summarize the whole 
transcriptome information. 

To overcome this challenge, we develop a novel method,
named ReconST, for optimal gene panel design. Instead of tar- 
geting known marker genes, ReconST aims to unbiasedly se- 
lect a subset of genes that optimally reconstruct the whole 
transcriptome information. By using a novel gated autoen- 
coder model design, ReconST learns to compress and recon- 
struct gene expression profiles, ensuring that the selected genes 
retain as much meaningful variation as possible. ReconST of- 
fers a principled and generally applicable solution for con- 
structing gene panels from scRNA-seq data that are well- 
suited for spatial transcriptomic applications. By leveraging 
the information from a high-coverage spatial transcriptomics 
dataset [ 26 ], we systematically compared the performance of 
ReconST and existing methods, and showed that it outper- 
forms existing methods in cell-type reconstruction, recovery of 
underlying spatial patterns, and computational efficiency. We 
developed the ReconST software as a Python package, which 

includes a tutorial example to train models, select and export 
gene panels ready for targeted spatial transcriptomics studies.

Material and methods 

Overview of ReconST 

ReconST is a principled data-driven method that learns to 

select genes directly optimized for full-transcriptome recon- 
struction. ReconST aims to recover as much information from 

the complete expression landscape as possible. At its core 
is a gated autoencoder architecture, a neural network de- 
signed to compress and reconstruct gene expression profiles 
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hile automatically learning which genes are most informa-
ive (Fig. 1 a–c). The gating mechanism assigns learnable im-
ortance weights to each gene, and effectively selects a sub-
et that best supports accurate reconstruction. By training on
cRNA-seq data, ReconST produces a compact panel that is
ater validated on spatial transcriptomics datasets, ensuring
oth transcriptomic fidelity and spatial relevance. While neu-
al networks have previously been used in single-cell analysis,
ur key innovation is the gated selection layer, which dynam-
cally assigns importance weights to each gene. Unlike combi-
atorial search-based methods that require exhaustive evalu-
tion of different gene subsets, ReconST optimizes gene selec-
ion in an end-to-end fashion using stochastic gradient descent
 27 ]. This enables the model to efficiently learn which genes
ontribute most to transcriptome reconstruction, making the
rocess highly scalable and free from heuristic selection biases.
The gated layer directly controls gene selection during train-

ng (Fig. 1 b). Unlike standard autoencoders that process all
nput features equally, the gated layer introduces a learnable
eight for every gene, allowing the model to decide which

enes are essential and which can be suppressed (Fig. 1 c). To
urther enhance efficiency and precision, we impose an L1
enalty on these weights, automatically shrinking those of
on-essential genes toward zero. This sparsity-inducing reg-
larization technique is well-established [ 28 , 29 ], effectively
liminating uninformative parameters by driving their weights
o exactly zero. The L1 penalty thus acts as a built-in filter,
iscouraging the model from assigning high importance to
oo many genes and ensuring that only the most informative
nes are retained. After training ReconST on the scRNA-seq
ata, gene selection is guided by the distribution of learned
eights: many are driven to zero, while non-zero weights iden-

ify genes informative for transcriptome reconstruction. These
on-zero weights define the selected gene panel in a fully data-
riven manner, removing the need for manual curation while
reserving essential biological signals. In cases where a fixed
anel size is required, the non-zero weights can be treated
s importance scores, and the top-ranked genes are selected
ccordingly. For example, we constructed a 200-gene panel
nd evaluated its performance on the MERFISH dataset us-
ng various metrics. The strength of the L1 penalty is tuned by
ross-validation to balance sparsity and reconstruction accu-
acy [ 30 ] (see the “Materials and methods”section for details).

tatistical formulation of the ReconST method 

e present the detailed statistical formulation of ReconST.
t its core, ReconST uses an autoencoder architecture [ 31 ],
 neural network that compresses input data into a low-
imensional latent representation and reconstructs the orig-
nal data from this representation. The key innovation of Re-
onST over traditional autoencoders is that we introduce a
ate layer, positioned right after the input. The gating layer as-
igns non-negative learnable importance weights to each gene.
enes with zero weight are excluded from the reconstruction
rocess, while those with higher weights are prioritized, al-
owing the model to focus on the most informative genes and
ffectively filter out noise. 

Following the gate layer, the autoencoder is composed of
wo parts: an encoder and a decoder. The input to the en-
oder is the gated full gene expression profile. The encoder
onsists of fully connected layers with gradually decreasing di-
ensions to map the high-dimensional gene input into a com-
ressed representation in a lower-dimensional latent space.
Then, the decoder with increasing number of nodes recon-
structs the original input from this representation. Together,
the encoder and decoder form a bottleneck architecture, in
which the latent space serves as a constraint that forces the
network to capture the most salient features of the data. This
structure prevents the model from learning a trivial identity
mapping and encourages the extraction of compact and mean-
ingful representations. Finally, the decoder output is the recon-
structed full gene expression profile. 

Mathematically, the input gene expression vector for the
i -th cell is denoted as X i εRG , where G is the total number
of genes. The key trainable gating layer is introduced im-
mediately after the input layer, assigning a learnable scalar
weight wj to each gene j. These weights form a gating vec-
tor w = (w1 , w2 , · · · , wG 

) T , which modulates the input gene
expression vector X i through element-wise multiplication to
produce a gated input X 

′ 
i = w � X i , where � denotes element-

wise multiplication. Genes with near-zero weights wj are sup-
pressed, while those with non-zero weights are prioritized for
reconstruction. The encoder then maps the gated input w � X i

to a compressed latent representation h i = fθ (w � X i ) using a
multi-layer perceptron structure [ 32 ]. This encoder comprises
H sequential nonlinear transformations: 

fθ ( w � X i ) = TH 

◦ σ ◦ TH−1 ◦ σ ◦ · · · σ ◦ T1 ( w � X i ) , 

where each Tj represents an affine transformation
Tj (u ) = v ( j) u + b 

( j) 
, j = 1 , · · · , H parameterized by weights

v ( j) εRdj ×dj−1 and biases b 

( j) 
εRdj . Here, dj denotes the dimen-

sion of the j-th layer, and σ (·) is the LeakyReLU activation
function [ 32 ]. The encoder parameters θ are the collection of
all v ( j) and b 

( j) . Similarly, the decoder gφ, parameterized by φ,
reconstructs the input from the latent representation h i : 

ˆ X i = gφ

(
h i 

) = gφ

(
fθ (w � X i )

)
, 

aiming to minimize the reconstruction error between the orig-
inal input X i and the reconstructed output ˆ X i . 

To encourage sparsity in gene selection, we imposed an L1
penalty on the gating weights w . The model is trained by min-
imizing a composite loss function: 

L (w , θ,φ|X , λ) = 1 
N 

N ∑ 

i =1 

∥∥X i − gφ ( fθ ( w � X i ) )
∥∥2 

2 + λ

G ∑ 

j=1 

∣∣wj 
∣∣ , 

where N is the total number of samples,λ controls the strength
of the L1 regularization, and X = (X 1 , . . . , X N 

)′ denotes the
whole training dataset. The first term in the loss function
quantifies the reconstruction error using mean squared error,
while the second term encourages sparsity by L1 regulariza-
tion of the gating weights. 

By optimizing this loss, ReconST learns to retain only genes
with non-zero wj values, which are most critical for recon-
structing the full transcriptome, while discarding uninforma-
tive genes. The L1 regularization leads the weights of non-
informative genes to shrink toward zero [ 28 , 33 , 34 ] and
make the selected gene subset sparse, reducing redundancy
and achieving our goal of gene subset selection. As a result,
ReconST automatically adjusts these weights to suppress ir-
relevant genes and emphasize those critical for accurate re-
construction of the full gene expression profile. 

After model training, genes with non-zero gate weights are
selected as the informative gene panel. This approach allows
the model to automatically determine a data-driven subset of
genes that contribute meaningfully to reconstruction. In cases
where a pre-specified number of genes is required and this
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number is smaller than the total number of non-zero weights,
the gate weights are treated as importance scores, and the top-
ranking genes are selected accordingly. 

Data source and preprocessing 

To construct and evaluate gene panels under realistic exper-
imental settings, we used two complementary datasets span-
ning different tissues and measurement modalities. The first
dataset consists of scRNA-seq and spatial transcriptomics
data from mouse brain [ 26 ], including MERFISH measure-
ments, enabling gene panel selection from scRNA-seq and
evaluation in a spatial context. The second dataset is a human
fetal lung dataset consisting of scRNA-seq data and corre-
sponding spatial transcriptomics measurements generated us-
ing Xenium. Details of each dataset and preprocessing steps
are described below. 

Mouse brain data 

We used matched single-cell RNA-seq and MERFISH re-
sources from the Allen Brain Cell Atlas as described in [ 26 ].
The single-cell reference dataset is the cortex subset. The spa-
tial validation dataset is the subset from file Zhuang-ABCA-4-
log2.h5ad, along with the associated cell metadata, gene an-
notations, and CCF section coordinates. In the main analysis,
for computational efficiency, we used a randomly selected re-
gional subset consisting of 31 299 cells from the neocortex. To
further assess robustness and scalability, we additionally con-
structed a larger and more representative dataset by sampling
10% of cells from each of the 24 brain region datasets, result-
ing in a total of 404 298 cells. This stratified multi-region sam-
pling scheme is used in an extra robustness analysis to evaluate
the stability of gene selection and performance across broader
training inputs. 

For scRNA-seq, cells with fewer than 200 detected genes
and genes expressed in fewer than 100 cells were removed.
The data were then normalized by library size to a target of
10 000 counts, followed by log transformation and scaling
with a maximum absolute value of 10. MERFISH measure-
ments were used as provided in log scale. Gene symbols were
harmonized between modalities and intersected to obtain a
shared gene set. CCF section x–y coordinates were linked to
cell identifiers for downstream spatial analyses. 

Fetal lung data 

The fetal lung dataset is obtained from a human fetal lung
scRNA-seq atlas [ 35 ]. Raw count matrices, gene annota-
tions, and cell-level metadata are loaded from the original
dataset. We focus on gestational week 18 (GW18), as this
stage has corresponding spatial transcriptomics data available
for downstream spatial visualization and validation. 

Cells are first subset to GW18 prior to analysis. Genes with
zero total expression across all selected cells are removed to
eliminate uninformative features. The data are then normal-
ized by total counts per cell, scaled to 10 000, followed by log
transformation. No additional gene filtering or feature restric-
tion is applied, ensuring that gene selection methods operate
on the full expressed transcriptome within this subset. 

Benchmark methods for gene panel selection 

We benchmarked the performance of ReconST against the
following methods: (i) Default Panel: For the mouse brain
study, we used Vizgen 1000 Plex Gene Panel Lists for Mouse 
Brain [ 36 ], and for the fetal lung study, we used a panel 
from fetal lung dataset study itself [ 35 ]; (ii) Differentially Ex- 
pressed Genes (DE) [ 37 ]: genes selected based on differential 
expression analysis performed on the scRNA-seq data; (iii) 
Highly Variable Genes (HVG): top variable genes identified 

from scRNA-seq data, a widely used heuristic for feature se- 
lection in single-cell studies; (iv) Spapros [ 15 ]: a method that 
selects gene set specificity for cell type identification while 
capturing within-cell type expression variation; (v) PERSIST 

[ 38 ]: a panel design framework that integrates scRNA-seq 

information to preserve global transcriptomic structure, en- 
suring selected genes approximate the full transcriptome; (vi) 
Triku [ 39 ]: an unsupervised method that prioritizes genes 
with localized expression patterns, thereby enhancing re- 
covery of spatially informative features; (vii) COSG [ 40 ]: a 
correlation-based marker selection algorithm that efficiently 
identifies cell-type-specific genes with low redundancy; (viii) 
scPNMF [ 23 ]: a sparse projective non-negative matrix factor- 
ization approach that selects informative genes through low- 
dimensional parts-based representation learning; (ix) GeneBa- 
sis [ 25 ]: a method that identifies compact gene sets that pre- 
serve transcriptional diversity and local neighborhood struc- 
ture across cell types; and (x) NS-Forest [ 24 ]: a random-forest- 
based approach that identifies a minimal set of necessary and 

sufficient marker genes for cell-type discrimination. 

Evaluation 

Evaluation was performed using MERFISH data for the 
mouse brain study and scRNA-seq data for the fetal lung 
study. To ensure a comprehensive assessment of gene selec- 
tion quality, we employed a series of complementary evalua- 
tion metrics. First, we computed the reconstruction loss using 
the mean squared error between the full and reconstructed 

gene expression profiles in the MERFISH dataset. Second, we 
quantified the global similarity between the reconstructed and 

full gene expression distributions using the Kullback–Leibler 
(KL) divergence [ 41 ]. Third, we used the Pearson and Spear- 
man correlations to quantify the similarity of mean expression 

of the full and selected gene panels in the MERFISH dataset.
Further, to evaluate the cell-type resolution of each selected 

gene panel, we computed the adjusted Rand index (ARI) [ 42 ] 
at multiple annotation levels, including division, class, sub- 
class, supertype, and cluster. This was done by performing 
Leiden clustering [ 43 ] based on each method’s selected gene 
set and comparing the resulting clusters with the annotated 

cell-type level from this dataset. Finally, we assessed spatial 
pattern preservation by calculating Moran’s I index [ 44 ], a 
standard measure of spatial autocorrelation, which reflects 
the degree to which the spatial arrangement of selected genes 
recapitulates that of the full transcriptome. Finally, runtime 
was measured as the wall-clock time required to obtain each 

panel from scRNA-seq. Together, these metrics provide a mul- 
tifaceted evaluation of each method’s ability to recover tran- 
scriptomic structure, preserve spatial organization, and distin- 
guish biologically meaningful cell types. 

Implementation details 

For the proposed ReconST method, we use a symmetric au- 
toencoder structure where the sizes of input and gated layers 
both equal the dimension of genes. This is followed by lay- 
ers with 512, 512, 256, 256, and 128 nodes in the encoder.
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he decoder mirrors this structure with layers of 256, 256,
12, 512, and finally the same number of nodes as the gene
imension in the output layer. In our example, the gene di-
ension is 1147. Each hidden layer (other than the gated layer

nd the output layer) is followed by a LeakyReLU [ 45 ] acti-
ation function with a negative slope of 0.3 and a dropout
ayer [ 46 ] with a dropout probability of 0.05. The model was
rained using the Adam optimizer [ 47 ] with a learning rate of
.001 and weight decay of 0.00001, and training proceeded
or 1000 epochs. All hyperparameters, including the learn-
ng rate, weight decay, dropout rate, and LeakyReLU slope,
ere selected via grid search based on a validation set sepa-

ated from the training set. The L1 penalty was applied only
o the training procedure, while test loss was computed us-
ng only the reconstruction term to assess the reconstruction
erformance. 
All analyses were performed mainly in Python, with some

enchmark methods implemented in R. Scanpy handled
reprocessing, highly variable genes, differential expression,
eighbors, and Leiden. Squidpy was used for Moran’s I in-
ex computation. Scikit-learn provided evaluation metrics
ncluding the ARI. PyTorch was used for the autoencoder
nd reconstruction loss, and NumPy, SciPy, and pandas sup-
orted numerical operations and data handling; Matplotlib
nd Seaborn were used for plotting. Spapros, COSG, NS-
orest, and PERSIST were run from their public Python imple-
entations; scPNMF and GeneBasis were run via their public
 packages. 

esults 

erformance evaluation and benchmark using a 

ouse brain MERFISH dataset 

o benchmark the performance of ReconST and existing
ethods, we utilized a publicly available dataset with a high-

esolution transcriptomic and spatial atlas of the mouse brain
 26 ]. The dataset provides both scRNA-seq and multiplexed
rror-robust fluorescence in situ hybridization (MERFISH)
ata, allowing gene selection using scRNA-seq and validation
n spatial contexts. The original scRNA-seq dataset comprises
7 million cells and 19 000 genes, with 4 million high-quality

ells passing stringent quality control. The data were collected
rom 267 donor mice, ensuring robust representation across
iological replicates. While most commercially available spa-
ial transcriptomics platforms only allow the profiling of a few
undred genes, this MERFISH dataset contains spatial pro-
les of 4.3 million cells measured on a panel of 1147 genes,
hereby allowing the opportunity to evaluate and compare the
erformance of different smaller gene panel designs in recon-
truction of both transcriptomic and spatial patterns. 

We compare ReconST against the ten benchmark methods,
ncluding the default panel by Vizgen [ 36 ] for mouse brain, as
etailed in the “Materials and methods” section. For fair com-
arison, we apply each method to select 200 genes out of the
147 genes used in the MERFISH dataset. To mimic real appli-
ation setting, the gene panel selection was based on scRNA-
eq expression data, while reserving the MERFISH data for
erformance evaluation. Of note, the scRNA-seq and MER-
ISH data were obtained from the same donor mouse, thereby
roviding an excellent example for performance evaluation.
fter preprocessing the scRNA-seq data with the SCANPY
ipeline [ 48 ], a total of 31 299 cells and 3295 genes were re-
tained. Details of preprocessing are provided in the “Materials
and methods” section. Further analysis identified 2019 highly
variable genes, among which 1014 genes were included in the
MERFISH dataset. For model evaluation, we tested each gene
panel regarding the full transcriptomic, cluster, and spatial in-
formation from the entire MERFISH dataset, which contains
215 278 cells and 1014 genes after preprocessing. This care-
fully curated subset provides a representative foundation for
evaluating our gene selection method while ensuring compu-
tational feasibility and alignment with spatial transcriptomics
experiments. We included a comprehensive set of quantita-
tive metrics, including the reconstruction loss, KL divergence,
Pearson and Spearman, clustering ARI, Moran’s I index, and
running time. Details of the evaluation metrics are introduced
in the “Materials and methods” section. 

We first illustrate the ReconST results by an exploratory
analysis shown in Fig. 2 a with an example that the UMAP
visualization [ 49 ] is based on the ReconST-selected panel ver-
sus compared to the UMAP derived from the full reference
panel. We see that the selected subset successfully preserves the
overall cell-type clustering structure and maintains resolution
across diverse populations. Further, we quantitatively assess
the similarity with two metrics: the pairwise distances cor-
relation [ 50 ] to assess global geometry preservation and the
Jaccard index of the k-nearest neighbor graph [ 51 ] to assess
similarity of local neighborhood structure. We observe a pair-
wise distance correlation of 0.792 and a k-nearest-neighbor
Jaccard index of 0.726, indicating excellent global and local
structure preservation of the ReconST selected gene panel. 

The comparative performance of the evaluated methods on
the MERFISH dataset is presented in Fig. 2 b, with the methods
ordered by their average rank across all performance metrics,
excluding the running time. ReconST achieves the strongest
overall performance across nine out of the ten metrics. In
terms of reconstructing the whole transcriptome, ReconST at-
tains the lowest reconstruction loss and KL divergence, to-
gether with the highest Pearson and Spearman correlations,
demonstrating the closest agreement with the full expression
distribution across both linear and monotonic relationships.
Its clustering performance is the first or second best in vari-
ous annotation levels, with the highest ARI at the class, sub-
class, supertype, and cluster levels, confirming that the selected
panel retains sufficient information for accurate unsupervised
cell-type discrimination at both coarse and fine resolutions. In
terms of spatial patterns, ReconST attains the highest Moran’s
I index, indicating superior preservation of spatial autocorre-
lation patterns. 

Among the comparison methods, Spapros also performs
strongly and is the closest competitor to ReconST across most
metrics, which is consistent with its design to maximize cell-
type specificity while preserving within-type variation. In par-
ticular, it achieves the second-best performance in reconstruc-
tion, clustering, and spatial preservation. PERSIST, which also
employs an autoencoder-based approach similar to ReconST,
achieves reasonable performance but remains clearly behind
ReconST in both reconstruction and clustering accuracy while
requiring 8 h of runtime compared to ReconST’s 12 min.
This dramatic difference stems from ReconST’s gated layer
with L1 penalty that enables efficient gradient-based train-
ing, whereas PERSIST’s optimization scheme is computation-
ally intensive. The heuristic methods HVG and DE are com-
putationally lightweight and achieve moderate performance,
but their gene selection criteria do not explicitly optimize for
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Figure 2. Comparison of the gene panel design by different methods on the mouse brain study. ( a ) UMAP visualization of MERFISH data colored by 
annotated cell types from the reference dataset. ( b ) Benchmark analysis of different gene panel selection methods using the MERFISH dataset [ 26 ] as 
reference. In each column, the best performer is outlined. ( c ) Gene panel overlap of the methods. ( d ) UMAP showing expression patterns of selected 
genes by ReconST and Spapros, respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

reconstruction or spatial objectives. DE performs noticeably
better than HVG in the clustering metrics, especially at the
subclass, supertype, and cluster levels, although both remain
less competitive in overall transcriptome recovery. The de-
fault Vizgen panel, while convenient as a pre-designed solu-
tion, shows limited performance with relatively low cluster-
ing and Moran’s I scores, likely because it was not tailored to
this specific dataset. Triku and COSG, despite being among
the fastest methods, yield relatively weak spatial preservation
and clustering performance. Further, GeneBasis, NS-Forest,
and scPNMF show competitive performance in some settings,
particularly for clustering at finer annotation levels, but are
generally less effective than ReconST and Spapros in jointly
balancing transcriptome reconstruction, spatial preservation,
and multi-resolution cell-type discrimination. These results
demonstrate that ReconST provides the most balanced and
consistently strong performance across all evaluated criteria. 
Next, we compared the gene panels selected by different 
methods. Examination of the gene overlap patterns in Fig. 2 c 
reveals key insights into method relationships. The meth- 
ods are ordered by panel overlap with ReconST in descend- 
ing order. As expected, ReconST shows the highest overlap 

with Spapros (138 genes), confirming their convergence on 

a core set of informative genes that explains their superior 
performance. ReconST also shares substantial overlap with 

DE genes (94), suggesting it effectively captures differentially 
expressed markers while extending beyond simple differen- 
tial expression. Consistently, ReconST exhibits strong overlap 

with other high-performing methods such as scPNMF (110),
NS-Forest (123), and GeneBasis (118), further supporting that 
these approaches identify a largely shared set of biologically 
meaningful genes. In contrast, the poorly performing Triku 

and COSG show high mutual overlap (109 genes) but lim- 
ited intersection with ReconST (11 and 10 genes, respectively).
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Figure 3. Analysis of the gene panel selected by ReconST on mouse brain MERFISH data. ( a ) Cell-type specificity of the genes from the ReconST panel, 
with black boxes highlighting blocks of high specificity. ( b ) Anatomical specificity of the genes against parcellation divisions. ( c ) Gene Ontology 
enrichment analysis of the gene panel uniquely selected by ReconST. ( d ) Spatial patterns of representative genes. ( e ) Spatial patterns of different cell 
types. ( f ) Spatial patterns of annotated anatomical parcellation divisions. 
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ERSIST, despite using an autoencoder approach like Re-
onST, shows only moderate overlap (108 genes), highlighting
ow ReconST’s gated architecture identifies a more optimal
ene set. The Vizgen default panel’s moderate overlap with
econST (43 genes) without capturing the key genes under-

cores the advantage of ReconST’s data-driven selection over
re-designed panels. Overall, ReconST’s strong convergence
ith the other top-performing methods and selective overlap
ith DE genes demonstrates its ability to identify some bio-

ogically informative genes. 
We observe that the genes selected by ReconST display rich,

istributed patterns across both cell types and anatomical di-
visions in the mouse brain MERFISH data. In Fig. 3 a and b,
the top 20 panel genes ranked by their per-class z -score are
shown, with dot color encoding the per-gene z -score and dot
size encoding the fraction of cells expressing the gene; black
boxes mark contiguous blocks of high specificity. In Fig. 3 a,
sharp, near-exclusive enrichment in single cell-type classes is
evident: Mdga1 marks MB Glut, Chn2 marks CB Glut, and
Gpr88 marks CNU-LGE GABA; Coro1a and Mafb similarly
show cell-type-restricted expression. In Fig. 3 b, anatomically
coherent patterns emerge across parcellation divisions: Scn4b
and Penk in the striatum, Tafa2 in the olfactory areas, and
Cux2 in the isocortex. Further, the top 50 genes selected
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by ReconST and by other competing methods are shown in
Supplementary Figs S3–S13 . Together, these patterns indicate
that ReconST captures both transcriptomic and spatial struc-
ture across the mouse brain. 

To further investigate the difference between ReconST and
other methods, we compared more closely the lists of genes se-
lected by ReconST and Spapros, which our quantitative analy-
sis shows performs second best after ReconST. To help visual-
ize the co-expression relationship between different genes, we
calculated pairwise correlations among high-variance genes
based on their spatial expression patterns, then applied UMAP
dimensionality reduction to project genes into two dimensions
where proximity reflects expression similarity (Fig. 2 d). The
distribution of genes is not random but forms several com-
pact clusters, indicating that genes within each cluster have
similar expression profiles and therefore contain redundant
information. To quantify how well the selected panel rep-
resents the full gene panel in this embedding, we computed
two similarity metrics: cluster entropy [ 52 ] and mean nearest
neighbor distance [ 53 ]. Cluster entropy is defined as the nor-
malized Shannon entropy of the distribution of selected genes
across gene clusters, with larger values indicating broader and
more balanced coverage. Mean nearest neighbor distance is
defined as the average Euclidean distance from each gene in
the full panel to its nearest selected gene, with smaller val-
ues indicating better representation of the full panel. These
metrics are consistent with the visual pattern in Fig. 2 d and
further show that ReconST achieves better coverage and rep-
resentation than Spapros. Specifically, ReconST covers all ma-
jor clusters, whereas the Spapros panel does not cover clus-
ter 5 (colored red in Fig. 2 d), which contains 42 genes in the
full MERFISH dataset. By checking these genes in cluster 5,
we find that this cluster maps to a vessel-border immune and
stromal program: pan-leukocyte PTPRC/CD45, DC MIIC reg-
ulators TMEM176A/B, microglia-homeostatic SALL1, plus
perivascular-fibroblast ECM markers such as COL15A1. This
pattern fits border-associated macrophage/microglia engaging
a perivascular fibroblast niche. Traditional panels may miss
it because these cells are rare and spatially confined, and the
genes are highly co-correlated, which redundancy-penalizing
objectives may down-rank. 

The exclusive reach into cluster 5 motivates gene-level in-
spection of ReconST-unique selections. ReconST uniquely se-
lects the two genes, Coro1a and Mafb, that reached cluster
5. Coro1a and Mafb together indicate a border myeloid pro-
gram at central nervous system (CNS) interfaces rather than a
neuronal module. In Fig. 3 d, Coro1a shows broad signal that
aligns with cortex and major fiber tracts; biologically, Coro1a
is a leukocyte actin regulator abundant in microglia, where
it limits alpha-synuclein-induced lysosomal stress and inflam-
masome activation, and it has been validated as a microglial
immunohistochemical marker. Mafb appears as sparse, dis-
tributed puncta; Mafb is a macrophage-lineage transcription
factor that maintains adult microglial identity and homeosta-
sis. Interpreting these expression patterns with the cell-type
and region overlays in Fig. 3 e and f, the most parsimonious
view is that both genes track microglia and border-associated
macrophages in meningeal and perivascular niches, key neu-
roimmune hubs at brain borders. This border module can be
under-prioritized by variance- or redundancy-driven panel de-
signs because these populations are small, spatially confined,
and their markers are highly correlated. The spatial expression
maps of Coro1a and Mafb are shown in Fig. 3 d, and they dis-
play clear spatial patterns compared with the references in Fig.
3 e and f. Together, these two ReconST-unique genes highlight 
a spatially restricted neuroimmune component at CNS bor- 
ders, supporting the spatial and biological value captured by 
ReconST’s selected gene set. 

To further investigate the biological functions of ReconST- 
uniquely selected genes, we performed Gene Ontology (GO) 
enrichment analysis on them, using g:Profiler [ 54 ] via the 
gprofiler-official Python package, with the results shown in 

Fig. 3 c. We see that ReconST-unique genes are strongly en- 
riched for neuronal compartments, with the most significant 
terms spanning dendrite/dendritic tree, neuron projection, and 

cell projection. Membrane and signaling categories are also 

prominent, such as plasma membrane region, channel activ- 
ity, passive transmembrane transporter activity, and monova- 
lent ion transport, which are consistent with genes that shape 
neuronal excitability. Synaptic terms appear as well: post- 
synaptic membrane, neurotransmitter receptor complex, and 

ionotropic glutamate receptor complex, with some of these 
showing higher precision and larger intersections, indicating 
broad coverage of receptor components. To control for base- 
line enrichment, we compared the GO results of ReconST with 

a randomly selected gene panel in the Supplementary Fig. S2 ,
showing that ReconST preferentially captures functionally 
specific neuronal and electrophysiological pathways rather 
than broad, non-specific terms. 

In this analysis, we restrict ourselves to the curated MER- 
FISH gene panel because evaluation metrics, Moran’s I In- 
dex, require spatially resolved expression, which is only avail- 
able for this targeted gene set. To assess robustness be- 
yond this constraint, we repeated the analysis using genome- 
wide scRNA-seq input with minimal filtering, where Re- 
conST maintains its performance advantage, as shown in the 
Supplementary Fig. S1 . To further assess if there are any bi- 
ases for or against certain cell type classes, we also com- 
pute the metric separately within each cell type class in the 
Supplementary Tables S1 and S2 , where the results also show 

ReconST performs the best overall under the per-cell-type 
metrics and does not bias toward certain cell types. To assess 
whether our results depend on the choice of training data, we 
extend the analysis from the original single-region scRNA-seq 

training subset (31 299 cells) to a stratified multi-region train- 
ing set by sampling cells across 24 brain regions of over 4 

million cells, providing a more representative and large-scale 
input. ReconST yields consistent performance and stable gene 
selection under this setting, indicating robustness to data selec- 
tion, and the details are shown in the Supplementary Table S3 .

Performance evaluation and benchmark in a fetal 
lung study 

To further assess the generalizability of ReconST in a devel- 
opmental tissue context, we conducted an additional bench- 
mark using a fetal lung spatial transcriptomics dataset [ 35 ].
In this study, lung tissue cores were profiled with Xenium us- 
ing a custom 343-gene default panel, as well as scRNA-seq 

data with full genes. After preprocessing for quality control,
1 630 319 segmented cells and 299 018 086 transcripts were 
retained for downstream analysis. Details of preprocessing are 
provided in the “Materials and methods” section. The large 
sample size, targeted gene panel design, and cell-level spatial 
resolution make this dataset well suited for evaluating gene 
panel design strategies in a realistic experimental setting. 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag621#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag621#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag621#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag621#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag621#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag621#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag621#supplementary-data
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We compare ReconST against the ten benchmark methods
s detailed in the “Materials and methods”section and one de-
ault Xenium gene panel used in this fetal lung dataset study
tself [ 35 ]. From the scRNA-seq data, each method selects a
ene panel with 343 genes to fairly compare with default gene
anel. For this study, since the 343-gene default Xenium panel
s already small and further selection will lead to a too-small
anel, ReconST was evaluated mainly on scRNA-seq dataset,
nd the Xenium dataset is only used to illustrate some selected
enes. The methods are evaluated with a comprehensive set of
uantitative metrics as detailed in the “Materials and meth-
ds” section. We note that Moran’s I index is no longer con-
idered here since the evaluation is on scRNA-seq and thus
here is no spatial information for the computation of Moran’s
 index. 

The quantitative results are shown in Fig. 4 a, with the meth-
ds ordered by their average rank across all performance met-
ics, excluding the running time. It demonstrates that ReconST
s the top-performing method overall based on the average
ank of the evaluation metrics. Further, it achieves the low-
st reconstruction loss, together with the second-best cluster-
ng ARI, Pearson, and Spearman correlations, indicating su-
erior recovery of global transcriptomic structure and distri-
utional alignment. While several competing approaches, in-
luding GeneBasis, NS-Forest, and scPNMF, attain relatively
trong correlation values, they fall short of ReconST either in
econstruction accuracy or distributional fidelity. Spapros re-
ains a close competitor, showing solid performance across
etrics, but a clear and consistent gap persists in favor of Re-

onST. The default panel achieves moderate correlation and
econstruction performance, outperforming weaker baselines
uch as HVG, but still lags behind the leading methods, par-
icularly in distributional alignment, as reflected by its higher
L divergence. In contrast, methods such as HVG and PER-
IST exhibit substantially weaker performance, especially in
orrelation-based measures, highlighting their limited ability
o capture global transcriptomic structure under the same
anel size constraint. This trend is further supported by the
ell clustering concordance. To this end, we applied Leiden
 43 ] method to identify cell clusters based on each selected
ene panel, versus the annotated cell types from the dataset.
econST’s high ARI indicates the agreement with annotated
ell types. While NS-Forest and Spapros also yield relatively
trong ARI values, other approaches show more noticeable
egradation in cell-type recovery. 
The pairwise overlap analysis is shown in Fig. 4 b, with
ethods ordered by panel overlap with ReconST in descend-

ng order. It further reveals that ReconST shares moderate
verlap with several high-performing methods, including NS-
orest, Spapros, and Triku, while still maintaining a distinct
ubset of uniquely selected genes. In contrast, some meth-
ds either exhibit high redundancy with others or capture
ore limited portions of the gene space. Collectively, these re-

ults indicate that ReconST provides the most balanced per-
ormance across reconstruction accuracy, distributional align-
ent, and preservation of biologically meaningful cell-type

tructure, with Spapros and NS-Forest representing the closest
lternatives. 

To further assess how well each panel represents the full
ene-expression landscape, we overlaid the genes selected by
econST and the default Xenium panel onto a UMAP of high-
ariance genes constructed from pairwise spatial expression
orrelations, as shown in Fig. 4 c. In this fetal lung dataset, the
gene structure is less distinctly separated than in the previous
dataset, so the visual contrast is somewhat weaker. Even so,
ReconST shows broader and more balanced coverage across
the full UMAP, successfully covering all clusters, whereas the
default panel completely misses cluster 10 and provides only
minimal coverage of cluster 2 with a single gene. This pat-
tern is supported by the summary metrics: ReconST achieves
higher normalized cluster entropy, 0.940 versus 0.855, and a
smaller mean nearest distance, 0.270 versus 0.492, indicat-
ing more even representation across clusters and better over-
all coverage of the full gene set. Together, these results show
that ReconST provides a more representative panel than the
default design in this developmental tissue benchmark. 

To investigate the biological functions uniquely preserved
by ReconST, we performed GO enrichment analysis on
ReconST-unique genes from clusters that were poorly repre-
sented by the default panel, with the results shown in Fig. 4 d
and e. The clearest signal emerged in cluster 10, for which
the default panel selected no genes. ReconST-unique genes in
this cluster showed strong enrichment for cytoplasmic transla-
tion, translation initiation and elongation, ribosomal subunit
formation, and related protein synthesis pathways, indicat-
ing that ReconST captures a coherent biosynthetic program
absent from the default design. In cluster 2, where the de-
fault panel selected only a single gene, ReconST-unique genes
were enriched mainly for G1/S transition regulation, cell-cycle
checkpoint signaling, and DNA integrity control, consistent
with a proliferative cell-state program coupled with genome
maintenance. Together, these findings show that the broader
coverage achieved by ReconST reflects a recovery of biologi-
cally meaningful functional programs. 

Next, we examined Cluster 2 and 10 more closely because
they are only well-represented in the gene panel selected by
ReconST. Cluster 10 mainly corresponds to a protein pro-
duction program. These genes are involved in helping cells
build proteins, which is one of the most fundamental activ-
ities needed for growth and function. The GO terms con-
sistently point to translation, including translation initiation,
elongation, and ribosome-related processes, and the gene set
strongly matches that biology. EIF3E is part of the machinery
that starts protein synthesis [ 55 ], YBX1 is an RNA-binding
protein with important post-transcriptional and translational
regulatory functions [ 56 ]. Further, COX6C is linked to mi-
tochondrial energy generation [ 57 ], which provides the fuel
needed to sustain active biosynthesis, and it shows a clear spa-
tial pattern as shown in Fig. 4 g in comparison with the image
of original tissue in Fig. 4 f. Thus, this cluster appears to rep-
resent cells with strong biosynthetic activity, combining high
translational demand with metabolic support. 

The GO enrichment results suggest that Cluster 2 mainly
represents a cell division and quality-control program. These
genes are associated with cells preparing to copy their DNA
and move through the cell cycle, while also checking that the
DNA is intact before division continues. This is supported
by the key genes in the cluster. The CCND1 gene is known
to be responsible for pushing cells from the G1 phase into
DNA replication [ 58 ], and it shows a strong spatial pattern
as shown in Fig. 4 h in comparison with the image of original
tissue in Fig. 4 f. Further, NUCKS1 is involved in regulating
cell-cycle progression [ 59 ], and PRKDC plays an important
role in repairing DNA damage and maintaining genome sta-
bility [ 60 ]. Together, these findings suggest that ReconST suc-
cessfully captured a spatially organized population of genes
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Figure 4. Comparison and analysis of the gene panel designed by different methods on the fetal lung study. ( a ) Benchmark analysis of different gene 
panel selection methods using the fetal lung dataset. In each column, the best performer is outlined. ( b ) Gene panel overlap of the comparing methods. 
( c ) UMAP showing expression patterns of selected genes by ReconST and the default panel, respectively. ( d , e ) GO enrichment analysis of the ReconST 
unique genes in clusters 2 and 10, respectively. ( f ) Image of original fetal lung tissue sample from [ 35 ]. ( g , h ) Spatial patterns of representative genes. 
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elated to cell proliferation and cell-cycle control in the fetal
ung. 

iscussion 

e have developed ReconST, a novel method for unbiased
ene panel design in spatial transcriptomics analysis. Re-
onST uses a gated autoencoder model to select the subset
f genes that optimally reconstructs whole transcriptomic in-
ormation. The gated autoencoder clearly distinguishes se-
ected from unselected genes by assigning nonzero weights to
he selected genes. If the number of selected genes is prede-
ermined, this step can be customized by further threshold-
ng the nonzero weights. Our benchmark analysis shows that
econST achieves higher reconstruction accuracy, stronger

patial autocorrelation, and clearer cluster resolution com-
ared to existing methods. Further, we established a system-
tic benchmark that connects training on scRNA-seq data
ith validation on high-resolution spatial transcriptomics
ata (MERFISH) to evaluate how gene panel selection meth-
ds perform in realistic spatial contexts. Unlike evaluations
onfined to the single-cell domain, our framework measures
ecovery of transcriptomic content and spatial organization
n actual ST data. The set of metrics (expression reconstruc-
ion, spatial autocorrelation, clustering concordance, and run-
ime) enable fair comparison across baselines and reveal trade-
ffs between transcriptomic fidelity and spatial structure. This
ramework demonstrates the robustness of ReconST and pro-
ides a reusable pipeline for future method development and
omparison. We have made ReconST available as a Python
ackage. The entire pipeline can be conveniently executed
ith one function, and it also includes a tutorial example for
etailed training and selection steps. 
ReconST is practical for experimental design: starting from

 single-cell dataset, it outputs a compact panel ready for tar-
eted spatial transcriptomics, reducing sequencing cost while
eeping downstream analyses such as trajectory inference and
ifferential expression reliable. By leveraging the representa-
ion learning power of deep neural networks, ReconST not
nly selects genes but also learns how to encode complex tran-
criptomic structures. Through end-to-end training, it simulta-
eously optimizes both feature extraction and gene selection,
nd the integration of data-driven gated selection with deep
epresentation learning makes it uniquely capable of identify-
ng the most informative and efficient gene subset for recon-
truction while maintaining biological relevance. Enrichment
nalysis confirms that the chosen genes align with pathways
hat matter for the profiled tissue, and spatial maps of rep-
esentative genes display coherent patterns that span several
natomical divisions. Despite these constraints, ReconST of-
ers an efficient and flexible route to information-rich panel
esign in spatial transcriptomics. 
ReconST’s unique selections highlight biologically conse-

uential immune programs at brain borders. Notably, Coro1a
nd Mafb are specifically captured and together delineate a
order-associated myeloid module that tracks microglia and
order-associated macrophages in meningeal and perivascu-
ar niches, neuroimmune hubs that are often underrepre-
ented in variance- or redundancy-driven designs. Coro1a
eflects leukocyte actin regulation with a broad spatial sig-
al, while Mafb marks macrophage lineage identity and mi-
roglial homeostasis, enabling a sensitive readout of surveil-
ance, cytokine exchange, and microglia-associated remodel-
ing processes. Alongside these immune markers, ReconST re-
tains neuronal and membrane signaling genes with coherent
laminar and regional biases, supporting integrated analyses of
circuit level gradients and immune stromal interactions in situ .
By optimizing for global information reconstruction rather
than a fixed catalog of markers, the panel improves detection
of rare but functionally important immune states while pre-
serving neuronal organization, thereby facilitating hypothesis
generation in development, plasticity, and neurodegeneration.

The fetal lung benchmark further supports the biological
relevance of ReconST in a developmental context. The genes
uniquely selected by ReconST capture coherent functional
programs, including protein synthesis and cell-cycle regula-
tion, and provide broader coverage of the gene-expression
landscape. These signals are spatially organized and biolog-
ically interpretable, reflecting key processes in tissue growth
and differentiation. Notably, such programs may be under-
represented in panels designed primarily for marker-based se-
lection. This result highlights that optimizing for global tran-
scriptomic reconstruction enables the recovery of functionally
important biological signals beyond classical markers. 
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