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Figure 1 Overview of spatial transcriptome data analysis tasks. (a) Spatial deconvolution task. This analysis uses scRNA-seq data as a reference to
deconvolute the transcriptome profiles within captured spatial units, inferring the cell types and their expression characteristics within these units. (b)
Gene imputation task. This analysis is used to infer missing data of gene expression at specific tissue locations. (c) Image alignment and cell
segmentation task. (d) Integration analysis of spatial data. It includes the integration of consecutive slices (left), spatial multi-omics integration (top),
integration with scRNA-seq data (right), and heterogeneous data integration across different technological platforms (bottom). (e) Spatial clustering.
This involves identifying histological signature domains in both 2D planes and 3D spaces constructed from consecutive slices. (f) Spatial reconstruction
of scRNA-seq data. (g) Inference of cell-cell interactions based on ST data. This includes different modes of long-range and short-range interactions
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Figure 2 Schematic diagram of identifying spatially variable genes
using statistical methods. In spatial transcriptome data, the expression
value of each gene in one slice can be represented as a 2D matrix.
Classical statistical models regard gene expression as a regression
function of spatial coordinates x, and x,, obtaining a regressed and
smoothed expression distribution through fitting. Subsequently, based on
this regression model, the variance in gene expression is decomposed
into spatial covariance and independent noise. The spatial covariance
component reflects the correlation of different gene expression levels
relative to spatial locations, capturing various spatial patterns (e.g., long-

range correlation, local correlation, and patterns unaffected by spatial
location)
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Figure 3 Increasing data complexity and feature dimensions. (a) Expansion from 2D to 3D Dimensions. This implies the necessity for the integration
and reconstruction of multiple consecutive or non-consecutive slices. (b) Spatiotemporal omics can capture the dynamic changes in spatial molecular
profiles. (c) Development of spatial multi-omics platforms. For example, spatial genomics and spatial proteomics. (d) Various data formats generated by
spatial transcriptomics technologies, such as histological images and fluorescence arrays. (e) Spatial resolution enhancement from multicellular to

single-cell and even subcellular levels
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In recent years, spatial transcriptomics has emerged as a rapidly advancing technology, fundamentally transforming
research paradigms across various fields of biology and medicine. This innovative technology retains the spatial
localization information of cells within complex tissues and performs transcriptome analysis at multicellular, single-cell, or
subcellular resolution. By coupling spatial localization information with molecular profiles, spatial transcriptomics
generates new types of multimodal high-throughput data. These data sets serve as insightful resources for exploring
molecular and cellular mechanisms within physiological contexts. For instance, spatial transcriptomics can elucidate the
intricate architecture of the tumor microenvironment, revealing how cancer cells interact with surrounding stromal and
immune cells. Similarly, it can map the spatial organization of neural circuits in the brain, offering deeper insights into
neural development, function, and disease. This capacity to link cellular function to precise tissue architecture marks a
significant advancement over traditional transcriptomics, which often lacks spatial context.

Despite its transformative potential, spatial transcriptomic data exhibit several highly non-ideal characteristics, including
low signal-to-noise ratio, high sparsity, and uneven coverages. These inherent challenges pose significant obstacles to in-
depth data analysis and information mining. The low signal-to-noise ratio often results from technical limitations in
capturing and amplifying the RNA transcripts, leading to significant background noise that can obscure true biological
signals. High sparsity is a consequence of the limited sensitivity of current technologies, where many genes may not be
detected in all cells, resulting in numerous zero counts in the data matrix. Uneven coverage refers to the inconsistent
detection of transcripts across different regions of the tissue, which can bias the analysis and interpretation of spatial
patterns.

These challenges necessitate the development of sophisticated computational methods to preprocess and analyze the data
effectively. For instance, denoising algorithms are essential to enhance the signal quality, enabling more accurate
downstream analyses. Imputation techniques aim to address the issue of sparsity by predicting missing values, thereby
providing a more complete picture of the transcriptomic landscape. Furthermore, normalization strategies are required to
correct for uneven coverage, ensuring that comparisons across different regions and samples are valid. Many of these
challenges remain unresolved, complicating efforts to fully leverage the technology’s capabilities. Furthermore, the rapidly
evolving nature of spatial transcriptomics necessitates continuous adaptation of existing methodologies and the
development of more innovative analytical tools to keep pace with technological advancements. As new platforms and
techniques are introduced, there is a constant need for updating analytical pipelines and validation frameworks to ensure
robust and reproducible results. The integration of spatial transcriptomics with other omics data, such as genomics,
proteomics, and metabolomics, also requires the development of novel multi-omics analysis methods that can handle the
increased complexity and data dimensionality.
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