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Simple Summary

Spatial transcriptomics allows researchers to measure gene expression while preserving
the positions of cells and molecules within tissues. Imaging-based spatial transcriptomics
methods do this by directly visualizing RNA molecules or amplified signals in tissue
samples, often at single-cell or subcellular resolution. However, these assays generate
complex microscopy images, and reliable biological interpretation depends on careful
computational processing. This review aims to help readers understand how these data
can be interpreted reliably. It summarizes the development of imaging-based spatial
transcriptomics and explains how raw image signals are transformed into molecular maps,
cell-level measurements, tissue region annotations, and biological insights. It highlights
key computational analytical steps and major challenges such as signal crowding, barriers
in thick tissues, data integration, and error propagation issues. Biomedical applications
ranging from subcellular RNA localization to tissue atlases and pathology-compatible
disease studies are also discussed.

Abstract

Imaging-based spatial transcriptomics has advanced from low-plex single-molecule fluo-
rescence in situ hybridization to a diverse set of highly multiplexed platforms, with recent
multimodal and pathology-compatible capabilities. Despite major differences in chemistry,
coding, and imaging strategies across different platforms, their biological interpretation
often converges on a few notable computational biology problems. This review examines
imaging-based spatial transcriptomics through the lens of data interpretation and appli-
cations, focusing on the analytical framework that converts raw fluorescence signals or
accompanying in situ sequencing data into molecule-, cell-, and tissue-level representations.
We discuss the key challenges in preprocessing, registration, restoration, feature detection,
barcode decoding, molecule calling, cell segmentation, transcript assignment, probabilistic
cell typing, spatial-domain inference, and atlas integration. We also highlight how optical
crowding, tissue thickness, panel bias, and multimodal complexity increase computational
difficulty. Finally, we summarize applications of imaging-based spatial transcriptomics
techniques, ranging from subcellular RNA localization to atlas-scale and pathology-aware
spatial analysis.

Keywords: imaging-based spatial transcriptomics; barcode decoding; cell segmentation;
cell typing; spatial transcriptome data interpretation

Biology 2026, 15, 900

https://doi.org/10.3390 /biology15120900


https://crossmark.crossref.org/dialog?doi=10.3390/biology15120900&domain=pdf&date_stamp=2026-06-08
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/biology
https://www.mdpi.com
https://doi.org/10.3390/biology15120900

Biology 2026, 15, 900

20f27

1. Introduction

Gene expression profiling has drastically accelerated biomedical studies and clinical
applications by linking development, physiology and diseases to a wide spectrum of
molecular features. However, traditional bulk RNA sequencing averages signals across
large cell populations and therefore obscures the cellular heterogeneity that defines most
tissues [1]. Single-cell and single-nucleus transcriptomic technologies were developed
to address this limitation and have greatly improved the characterization of cell types,
transient states, and lineage relationships [2]. Yet these dissociative approaches disrupt
tissue architecture, remove tissue morphology, and erase the spatial relationships among
cells and transcripts [3,4].

To this end, spatial transcriptomics has emerged to overcome this limitation by pre-
serving positional information while measuring gene expression. Spatial transcriptomic
technologies are commonly grouped into two broad categories: spatial-indexing or capture-
based approaches, in which captured RNA molecules or molecular tags from each spatial
spot are read out by sequencing; and imaging-based approaches, in which spatial expres-
sion patterns are directly read out by microscopy [5-8] (Figure 1). Within the imaging-
based family, hybridization-based methods derived from in situ hybridization (ISH) detect
RNA molecules through fluorescence signals, whereas in situ sequencing (ISS)-related or
amplification-based methods detect amplified products through cyclic imaging, sequencing-
by-ligation, sequencing-by-hybridization, or barcode decoding. Thus, although the term
“in situ sequencing” is used differently across methods, these approaches are considered
here as part of imaging-based spatial transcriptomics because molecular identities are
ultimately recovered from spatially resolved microscopic images rather than from dis-
sociated sequencing libraries [5-8]. In this review, we focus on imaging-based spatial
transcriptomics, including both ISH-based methods and ISS-based (or amplification-based)
methods. Imaging-based approaches occupy a distinctive position because they directly
detect RNA molecules or derived amplification products in situ, therefore often achieving
single-cell or subcellular resolution [4,5]. Starting from single-molecule fluorescence in situ
hybridization (smFISH), the field has expanded into a diverse set of highly multiplexed plat-
forms, including multiplexed error-robust fluorescence in situ hybridization (MERFISH),
sequential fluorescence in situ hybridization (seqFISH) and its high-plex extension seq-
FISH+, ouroboros single-molecule fluorescence in situ hybridization (osmFISH), spatially
resolved transcript amplicon readout mapping (STARmap), and expansion sequencing
(ExSeq) [5,9-12]. Newer hybridization-based and padlock/rolling circle amplification
(RCA)-mediated approaches, including hybridization-based in situ sequencing (HybISS),
10x Genomics Xenium, reverse-padlock amplicon-encoding fluorescence in situ hybridiza-
tion (RAEFISH), and profiling of RNA in situ through single-round imaging (PRISM),
further expand this methodological family [13-16]. Despite major differences in chemistry,
coding strategies, and sample compatibility, these methods share a common analytical
challenge: raw fluorescence or in situ sequencing-amplified signals must be converted into
reliable molecular, cellular, and tissue-level representations and interpretations [2,9].

Accordingly, computation is not a downstream accessory in imaging-based spatial tran-
scriptomics but a central determinant of data quality and biological interpretation [17-19].
The results of a spatial transcriptomics assay often depend on preprocessing, registra-
tion, denoising, feature detection, barcode decoding, molecule calling, cell segmentation,
transcript assignment, cell typing, and atlas-scale integration. These tasks become espe-
cially difficult in dense tissues, three-dimensional samples, and multimodal workflows,
where signal overlap, boundary uncertainty, and reference dependence can strongly bias
downstream inference [17-20].

https://doi.org/10.3390 /biology15120900


https://doi.org/10.3390/biology15120900

Biology 2026, 15, 900 30f27
[ Operational classification of spatial transcriptomics technologies ]
[—I Spatial transcriptomics }—]
Spatial indexing + sequencing readout Imaging-based spatial transcriptomics
Capturing followed by sequencing-based readout Direct /n situ readout by microscopy
| Related spatial
I indexing strategies
|
|
! X
| : { = ¥
: H ISH / barcode-based imaging Amplification / ISS-based imaging
i E Cycle 1 Cycle 2 Cycle N - s
— Nk T4
NGS readout e i =] v o
' Light-Seq )
3 GeoMx/DSP o LD n. n n "'.
(o ) (s ) (swvesn) (Sertomn) |1 a1 | S (o) o)
i =
probes; cyclic hybridizati RCA-derived amplicons; in situ sequencing
barcode decoding or hybridization readout
e jonal / spot-level celdlar ) bellul )
{& Typical spatial scale l U ol i i ‘ = = ==~ includes 30
,§’ Molecular coverage ‘ targeted panels transcriptome-wide high-plex panels near-transcriptome range )
é Morphology preservation limited moderate moderate strong
— o Spatial indexing + sequencing readout — o Imaging-based spatial
(capture-/sequencing-based) (imaging-based)

Figure 1. Operational classification of spatial transcriptomics technologies. Spatial transcriptomic
methods are grouped into capture-based approaches (spatial indexing) and imaging-based ap-
proaches, with the latter including ISH/barcode-based and amplification-based or in situ sequencing-
based methods. The spatial scale, molecular coverage and morphology preservation are roughly
compared, where blue bars indicate capture-based techniques and green bars indicate imaging-
based approaches.

This review focuses on imaging-based spatial transcriptomics from the perspective
of data interpretation, with particular emphasis on how technological evolution reshapes
computational problems, how analytical pipelines transform images into interpretable spa-
tial measurements, and how these advances enable applications ranging from subcellular
RNA localization to atlas-scale and pathology-aware spatial analysis [4,19,20].

2. Technological Evolution of Imaging-Based Spatial Transcriptomics
2.1. From smFISH to Combinatorial Barcoding and Error-Robust Decoding

Imaging-based spatial transcriptomics has emerged from single-molecule fluorescence
in situ hybridization (smFISH), which enables individual RNA molecules to be visualized
as diffraction-limited spots in fixed cells using multiple probes targeting the same tran-
script [21,22]. Compared with conventional in situ hybridization, smFISH provides an
amplification-free and quantitative framework for in situ RNA counting while preserv-
ing subcellular positional information. However, the multiplexing capacity of smFISH
is limited and cannot fulfill the current requirement of spatial transcriptomics, as only a
small number of transcripts can be resolved simultaneously with conventional fluorescence
channels [5,23].

One primary solution is sequential hybridization, in which transcripts fixed in one
place are identified not by a single fluorophore in one imaging round but by an ordered
fluorescence barcode read across repeated cycles of hybridization, imaging, and probe
stripping [23]. This strategy transforms transcript identification from one-round spectral
separation into a combinatorial coding problem across imaging rounds, with a theoretical
coding capacity that scales as FN, where F is the number of fluorophores and N is the
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number of hybridization rounds [23]. Conceptually, this framework is the basis for later
highly multiplexed imaging strategies built on multi-round barcode readouts.

MERFISH advances this logic by incorporating error-robust barcode design through
codebooks with constrained Hamming distance, thereby making transcript identity recov-
ery an explicit decoding problem under noisy measurements [5]. Here, MERFISH is used
as a representative example of error-robust hybridization-based imaging. In this method,
multiple probes bind to each RNA molecule and carry short DNA readout sequences that
are interrogated across successive imaging rounds. By recording which signals appear in
each round, the identity of each RNA is reconstructed, while the use of multiple probes per
target helps maintain strong detection sensitivity. Beyond MERFISH, imaging-based spa-
tial transcriptomic methods mitigate errors through different design principles, including
Hamming-distance-based redundancy in MERFISH, pseudocolor-based density dilution
and shorter barcodes in seqFISH+, and signal amplification followed by sequencing- or
hybridization-based readout in amplification-assisted methods such as STARmap and
ExSeq [5,9,11,12]. Recent codebook-optimization work further illustrates that multiplex-
ing capacity can be improved computationally, but such gains must be balanced against
imaging time, probe density, and molecular crowding [24].

2.2. Optical Crowding and Distinct Strategies for Scaling Multiplexed Imaging

As imaging-based spatial transcriptomic methods have expanded toward larger gene
panels and higher-abundance transcripts, optical crowding has emerged as a major con-
straint on further scaling [5,9,25]. Because each RNA molecule is detected as a diffraction-
limited fluorescent spot, increasing molecular density leads to fluorescence signal overlap
and reduces the accuracy of localization and downstream decoding [5,9,25]. This limit is
ultimately constrained by the point-spread function of the microscope: the lateral resolution
can be approximated as dy, ~ 0.611/N A, whereas the axial resolution scales approximately
as d, ~ 2nA/NA?, where A is the effective imaging wavelength, NA is the numerical aper-
ture, and 7 is the refractive index of the immersion medium [26]. Thus, within a 3D tissue
volume, the maximum density of individually detectable RNA molecules is limited by
the effective point-spread-function volume, and overlapping emitters within this volume
become difficult to localize or decode independently [9,25,26]. In multicycle assays, this
physical density limit is compounded by signal instability: fluorophore photobleaching,
incomplete probe removal, and cycle-dependent signal decay can introduce missing bits or
uneven readout intensities, thereby increasing barcode dropout and decoding ambiguity as
the number of hybridization rounds increases [5,9]. Therefore, a major part of subsequent
methodological development in highly multiplexed imaging-based spatial transcriptomics
can be understood as efforts to reduce, redistribute, or circumvent local signal density while
maintaining barcode readability across repeated imaging cycles [5,9,10,25]. These strategies
followed three different scaling approaches: expanding physical space [25], diluting coding
space [9], or constraining multiplexity to preserve robustness [10] (Figure 2).

One strategy is to physically increase the spacing between RNA molecules before
optical readout. Expansion fluorescence in situ hybridization (ExFISH) showed that tran-
scripts could be covalently anchored within a swellable polymer network and visualized
after isotropic tissue expansion, thereby improving effective spatial resolution without
specialized super-resolution optics [27]. This principle has since been adapted to mul-
tiple imaging-based spatial transcriptomic workflows. For example, expansion-assisted
MERFISH increases the measurable density of high-abundance RNA libraries by spatially
separating otherwise overlapping RNA signals [25], whereas ExSeq combines physical
expansion with in situ sequencing to map RNAs with nanoscale precision in intact tis-
sues [12]. Expansion-assisted iterative fluorescence in situ hybridization (EASI-FISH)
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further extends this logic to thick tissue volumes, and recent anchoring chemistries have
improved the compatibility of expansion-based imaging with both RNA and protein detec-
tion [28,29]. Thus, expansion-based strategies should be viewed not as a MERFISH-specific
solution but as a general physical strategy for reducing optical crowding, although they
also introduce additional requirements for tissue processing, isotropic expansion, and
cross-cycle registration.

Optical crowding and experimental strategies for scaling imaging-based spatial transcriptomics
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Figure 2. Optical crowding and experimental strategies for scaling imaging-based spatial transcrip-
tomics. Increasing transcript density causes overlap between diffraction-limited RNA signals. This
bottleneck can be mitigated by expanding physical space, diluting coding space, or constraining
multiplexity through targeted cyclic measurements.

Another route is to redistribute transcript signals across a larger coding space so that
fewer molecules are observed per image. seqFISH+ implements this through pseudocolor-
based dilution, in which transcripts are distributed across a much larger set of sequentially
imaged pseudocolors within each fluorescence channel, thereby alleviating density con-
straints that had limited earlier high-plex implementations [9].

A more conservative alternative is to limit multiplexity, favoring robustness and tissue-
scale mapping over maximal throughput. osmFISH adopts a non-barcoded cyclic smFISH
design in which each cycle directly measures a limited set of transcripts, simplifying
analysis and avoiding some of the overlap-related decoding ambiguities associated with
combinatorial barcode readout in dense samples [10].

2.3. In Situ Sequencing and Amplified Readout Strategies in Imaging-Based
Spatial Transcriptomics

While the above smFISH-derived platforms improved mainly through combinatorial
coding and density management, another important technique goes beyond traditional
imaging-based methods and incorporates in situ sequencing for signal amplification [11,12].
These approaches have shifted molecular identification from sparse barcode readouts
of unamplified RNA puncta to amplified, sequencing-oriented readouts within intact
tissues [11,12].

Notably, in imaging-based spatial transcriptomics, the terminology around ISS has
moved beyond its original meaning. In a narrow sense, ISS refers to enzymatic base-by-
base or ligation-based sequence readout within intact tissue [6,11]. In the context of spatial
transcriptomics, however, the term is often used to describe the key ISS protocols that are
employed for amplification purposes, including padlock /RCA-assisted methods, while
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the transcript identity is recovered by cyclic hybridization or barcode decoding rather
than by conventional base-by-base sequencing [13-16]. That is, ISS-based approaches
combine ISS amplification with imaging readout in this context. In this review, we therefore
use amplification- or ISS-related imaging to refer to this technique while intentionally
specifying sequencing-based signal readouts where necessary.

STARmap exemplifies this direction by integrating hydrogel-tissue chemistry, tar-
geted amplification, and in situ sequencing by ligation to profile RNA molecules in three-
dimensional tissue contexts [11]. Unlike unamplified smFISH-based methods, STARmap
detects amplified transcript-derived products, generating high-intensity signals that are
compatible with volumetric imaging in thick samples [11]. More recently, Deep-STARmap
has extended this strategy through scalable probe synthesis, hydrogel-based probe an-
choring, and cDNA amplicon stabilization, enabling 3D spatial transcriptomic profiling
in 60-200 pm thick tissue blocks [30]. A complementary extension, ExSeq, combines in
situ sequencing with expansion microscopy, thereby improving effective spatial resolution
and molecular accessibility for enzymatic reactions within intact specimens [12]. This
enables nanoscale and subcellular readout in complex tissues and supports both targeted
and untargeted analyses, including the detection of retained introns, splice variants, and
transcript localization within dendrites and spines [12].

Importantly, this amplified-readout family has expanded beyond the original
sequencing-by-ligation framework. HyblISS uses padlock probes, rolling circle ampli-
fication, and sequencing-by-hybridization chemistry to improve robustness and scalability
for larger targeted panels in mouse and human brain tissues [13]. Direct RNA-targeted
HybISS further bypasses reverse transcription by probing RNA molecules directly before
RCA-based amplification and hybridization readout [31]. Commercial platforms such as Xe-
nium similarly fall within this broader ISS-based imaging category and have motivated the
systematic benchmarking of platform performance, segmentation, and downstream analy-
sis workflows [14]. More recent methods further diversify this space: RAEFISH combines
reverse-padlock amplification with multiplexed fluorescence in situ hybridization (FISH)-
based decoding to achieve sequencing-free, genome-scale spatial transcriptome imaging,
whereas PRISM uses padlock/RCA products and color-intensity barcodes to enable high-
plex RNA imaging in a single imaging round on conventional microscopes [15,16].

Computationally, amplification- and ISS-related platforms are better viewed as assay-
specific variants within a broader family of cyclic image-decoding problems, rather than
as a fully separate computational regime. Their primary image features are often still
spot-like objects: unamplified RNA puncta in smFISH-derived assays, or brighter and often
larger RCA amplicons or rolonies (rolling circle colonies) in ISS-related assays. Therefore,
many workflows begin with spot or amplicon detection, followed by molecular identity
assignment from sequencing cycles, sequence-by-hybridization traces, or barcode patterns
of amplified products [11,12]. The distinction is therefore not simply sparse-codebook
matching versus non-sparse coding, or spot-based versus pixel-based decoding. Instead,
decoding difficulty depends on signal morphology, amplicon brightness and density, cycle
structure, registration accuracy, background, and assay-specific error models. Accordingly,
decoding strategies can overlap across assay families, including spot-based probabilistic
approaches such as PoSTcode and joint localization/decoding or deconvolution-aware
approaches such as in situ transcriptomics decoding by deconvolution (ISTDECO) [32,33].

2.4. Extending Imaging-Based Spatial Transcriptomics to Complex Specimens and
Multimodal Readouts

Early imaging-based spatial transcriptomic platforms were developed primarily using
thin or otherwise technically tractable samples, which limited their direct applicability
to thick tissues, pathology specimens, and multimodal measurements [10,14]. A later
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phase of the field, therefore, shifted from increasing multiplexity alone toward expanding
assay compatibility with more complex specimens, broader molecular readouts, and more
standardized analytical workflows [19,34,35].

One major line of development was the adaptation of transcript imaging for volumet-
ric specimens. The thick-tissue three-dimensional MERFISH combines confocal optical
sectioning, deep-learning-assisted image enhancement, and protocols optimized for vol-
umetric specimens to profile transcripts in brain sections up to approximately 200 um
thick [19].

A parallel line of development was the integration of transcriptomic readouts with
protein and pathology information in the same specimen. STARmap PLUS exemplified this
shift by combining high-resolution spatial transcriptomics with protein localization in intact
tissue, thereby linking cellular transcriptional states with histopathological features in an
Alzheimer’s disease model [34]. Pathology-compatible platforms have further extended
this trajectory to clinically relevant materials. Spatial molecular imaging, including the
CosMx/SMI platform, enables automated high-plex RNA and protein imaging at subcel-
lular resolution in formalin-fixed paraffin-embedded (FFPE) tissue samples and supports
morphology-informed cell segmentation [35]. In parallel, Xenium represents an ISS-based
pathology-compatible commercial imaging platform for subcellular-resolution mapping of
targeted gene panels and has prompted the systematic benchmarking of platform perfor-
mance, segmentation, quality control, and downstream analysis workflows [14].

However, compatibility with FFPE or clinical specimens does not by itself guarantee
clinical robustness. Pre-analytical variables, including fixation time, tissue processing,
storage duration, deparaffinization, antigen retrieval, RNA fragmentation, and autoflu-
orescence, can introduce substantial variability in signal intensity, probe accessibility,
background levels, and apparent detection efficiency [35-37]. These factors are especially
important for clinical pathology implementation, where samples are collected and pro-
cessed across different institutions, instruments, and archival conditions. Pathology-aware
imaging-based spatial transcriptomics, therefore, requires not only compatible chemistry
but also standardized sample handling, explicit quality control (QC) metrics, and batch-
aware computational analysis [14,35].

Multimodal pathology workflows further introduce co-registration challenges. When
RNA signals, protein markers, hematoxylin and eosin (H&E) staining, and functional imag-
ing are acquired from the same or adjacent tissue sections, the relevant problem is not only
round-to-round alignment but also cross-modal registration between signals with different
contrast mechanisms, spatial resolutions, staining-induced distortions, and tissue defor-
mation patterns [34,35,38]. Algorithmically, this requires fiducial- or morphology-guided
alignment, deformable registration when local distortions are present, and validation
that transcriptomic features remain spatially consistent with histological structures after
registration [34,35,38].

Other emerging systems have broadened the field in complementary ways. Light-Seq
linked imaging with ex situ sequencing through optical selection and spatial indexing of
fixed cells or regions of interest, whereas multi omic single-scan assay with integrated
combinatorial analysis (MOSAICA) explored alternative encoding and readout strategies
for multiplexed RNA and protein detection in clinically relevant specimens [39,40]. Col-
lectively, these developments have shifted imaging-based spatial transcriptomics from a
primary focus on transcript multiplexity toward specimen compatibility, multimodal inte-
gration, pathology awareness, commercial scalability, and translational use [19,34,35,39,40].
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3. Data Processing from Images to Molecule

The first computational stage in imaging-based spatial transcriptomics converts multi-
round fluorescence or in situ sequencing images into a molecular representation through
preprocessing, registration, restoration, feature detection, and decoding. Despite differ-
ences in assay chemistry and optical design, the central objective is the same: to recover
a reliable molecular point cloud that can support downstream cell- and tissue-level infer-
ences [5,11,12] (Figure 3).
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Figure 3. Overview of the common analytical workflow for imaging-based spatial transcriptomics.
Raw multi-round image stacks are transformed across four scales: from molecular coordinates
(preprocessing and decoding) to cell-level representations (segmentation) and cell-type identities
(classification), finally reaching tissue-level and multimodal interpretations.

3.1. Image Preprocessing and Quality Control

The input for imaging-based spatial transcriptomics is typically a collection of multi-
round, multi-channel, and often volumetric fluorescence images, rather than a cell-by-gene
matrix. Therefore, image preprocessing is the necessary starting point for downstream
molecular inference. Across different platforms, raw images are affected by uneven il-
lumination, diffuse or autofluorescent backgrounds, photobleaching, focus variability,
and specimen-dependent optical artifacts, all of which can distort subsequent molecule
detection and decoding [9,10,19].

Beyond these image-level artifacts, the scale of the raw data itself presents a com-
putational bottleneck. Multi-round, multi-channel, and three-dimensional acquisitions
can generate hundreds of gigabytes to terabytes of images per specimen, making storage
layout, compression, metadata tracking, and input/output efficiency important compo-
nents of the analytical workflow rather than merely engineering details [41,42]. Modern
bioimage formats and spatial omics data frameworks increasingly address this problem
through chunked, multiscale, cloud-compatible storage and lazy access to larger-than-
memory arrays, as exemplified by OME-Zarr/OME-NGFF and SpatialData [41-43]. For
imaging-based spatial transcriptomics, however, compression and downsampling must
be used cautiously because weak punctate signals from low-abundance transcripts can
be biologically meaningful and may be lost if storage optimization is decoupled from
molecule-detection performance [9,19].

After these data-management and QC considerations, preprocessing operations still
need to be tailored to the assay design and specimen type. In cyclic planar imaging
workflows, preprocessing often focuses on correcting illumination nonuniformity and
structured backgrounds. For example, osmFISH incorporated illumination correction,
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background estimation, and background subtraction before spot detection [10]. In dense or
volumetric datasets, preprocessing becomes even more consequential because out-of-focus
fluorescence, spherical aberration, and depth-dependent signal attenuation can alter the
apparent abundance and localization of transcripts [9,19]. In thick-tissue three-dimensional
MERFISH, confocal imaging improves optical sectioning but reduces photon collection
at short exposure times; learning-based restoration is used to improve the signal-to-noise
ratio and partially recover the detection performance achieved with longer exposures [19].

Quality control should also be coupled to the imaging process itself rather than
being treated as a downstream formality. At a minimum, preprocessing quality should be
assessed through fiducial stability, signal-intensity distributions across rounds and channels,
background characteristics, and the reproducibility of detected molecular features across
fields of view or replicate samples [9,10,19]. Such QC criteria are increasingly supported
by dedicated computational frameworks. For example, MerQuaCo quantifies common
imperfections in image-based spatial transcriptomics data, including tissue damage, tissue
detachment, dropped images, transcript-density variation, and depth-dependent detection
heterogeneity [44], whereas SpatialQC provides a broader spatial transcriptomics QC
workflow for cell/spot scoring, data filtering, and interactive report generation [45]. Related
open-source resources, such as SpaceTrooper and SegTraQ), further illustrate the movement
toward practical, reproducible QC and segmentation-assessment workflows. Because the
analytical pipeline is cumulative, errors introduced at this stage are not confined to image
quality alone: overcorrection can suppress low-intensity molecules, residual background
can inflate false detections, and depth-dependent artifacts can later be misinterpreted as
biological variation [9,19].

3.2. Registration and Alignment

Cyclic imaging methods repeatedly image the same physical field across multiple
rounds, making registration integral to molecular identity recovery, rather than a simple
image alignment step. In imaging-based spatial transcriptomics, molecular identity is often
inferred by linking signals across rounds or channels; consequently, even small spatial
misalignments can corrupt barcode decoding or molecule assignment [5,9,11]. The central
task is therefore to correct round-to-round drift and channel-specific chromatic offsets so
that each molecular feature is mapped to a consistent spatial coordinate system throughout
the assay [5,9,11].

The exact mathematical formalization of this problem depends on the platform design.
In MERFISH and seqFISH-like workflows, registration is commonly performed using
fiducial-based translational, rigid, or affine alignment across imaging rounds and fluores-
cence channels, together with chromatic correction, so that the same RNA molecule can be
localized consistently over repeated hybridization cycles [9,18,19]. In amplification-assisted
in situ sequencing methods such as STARmap, the corresponding task is to align sequenc-
ing cycles so that the same transcript-derived amplicon can be read out as a coherent
identity over repeated rounds; when sample distortion is non-negligible, affine registration
may need to be supplemented by local deformable correction [11,18]. In volumetric imag-
ing, registration may also need to account for Z-axis drift and depth-dependent optical
distortion, which become more prominent in thick tissues [19]. Registration errors are
particularly important in cyclic imaging because misalignment between rounds or channels
can, in principle, assign signals from different molecular features to the same barcode
trace [5,9,11,19].

Therefore, many platforms rely on fiducial-based stabilization and integrated imaging
workflows to support large-scale cyclic acquisition. CosMx/SMI, for example, uses fixed
fiducials as an optical reference across readout cycles [35]. In practice, registration quality
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should be assessed not only by visual image overlap but also by assay-level diagnostics,
including fiducial residuals, the cross-round matching of stable features, apparent molecule
recovery, barcode consistency, blank-code behavior when available, and reproducibility
across fields of view or replicate samples [5,9,11,19,35].

3.3. Deconvolution and Denoising for Image Restoration

As imaging-based spatial transcriptomic datasets have become denser and have ex-
tended to thicker specimens, image restoration has become increasingly important for
accurate molecule recovery [9,19]. In this context, image restoration broadly includes
operations such as deconvolution and denoising that improve feature separability before
detection and decoding [9]. Deconvolution seeks to reverse optical blur, typically by mod-
eling the imaging point-spread function, whereas denoising suppresses stochastic noise
and background fluctuations [46]. In dense transcript fields, these operations can improve
feature separability by sharpening punctate signals, partially resolving overlapping signals,
and increasing effective contrast for localization and decoding [9]. In thick-tissue three-
dimensional MERFISH, restoration plays an even more explicit role: fast, low-exposure
confocal images showed reduced transcript detection performance, and learning-based
enhancement was used to improve the signal-to-noise ratio and partially recover the detec-
tion performance achieved with longer exposures [19]. These developments indicate that
assay throughput and molecular sensitivity are increasingly shaped not only by optics and
chemistry but also by the computational restoration pipeline [19].

In practice, restoration can be implemented through several complementary ap-
proaches. Classical model-based approaches include Richardson-Lucy and Wiener de-
convolution, whereas denoising methods such as non-local means, wavelet-based filter-
ing, and BM3D are often used to suppress stochastic noise, structured background, or
photon-limited fluctuations before feature detection [46,47]. These denoising methods are
attractive because they are training-free, relatively transparent, and can be applied without
paired low- and high-signal-to-noise ratio (SNR) images. However, their performance
depends strongly on noise assumptions and parameter settings; excessive smoothing or
inappropriate filtering can attenuate weak RNA puncta, alter spot intensity distributions,
or reduce the separability of nearby molecules. Recent open-source implementations
have made deconvolution more practical for large fluorescence datasets: RedLionfish
provides GPU-accelerated Richardson-Lucy deconvolution for volumetric data, whereas
Deconwolf enables high-performance deconvolution of crowded FISH and imaging-based
spatial omics images [48,49]. Deconwolf also illustrates that restoration can affect down-
stream molecular readouts, increasing transcript recovery in in situ spatial transcriptomics
and improving downstream cell-type assignment after deconvolution [49]. In parallel,
learning-based image restoration methods have expanded the restoration toolbox. For
example, content-aware image restoration (CARE) uses a U-Net-like neural network to
learn mappings from low-SNR to high-SNR fluorescence images and can support denoising,
deconvolution-like restoration, or resolution enhancement when representative paired or
simulated training data are available [50]. The joint sparse method for imaging transcrip-
tomics (JSIT) further illustrates how restoration and decoding can be coupled within a
single optimization framework. JSIT models imaging-based spatial transcriptomics data
using a point-spread-function-aware image formation model and uses sparsity constraints
together with codebook information to jointly infer transcript locations and molecular iden-
tities [51]. Conceptually related methods further illustrate this restoration-aware decoding
logic: BarDensr uses a physical observation model and sparse non-negative regression
to estimate demixed rolony densities, whereas ISTDECO combines spatial and spectral
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deconvolution to jointly infer barcode identity and location [33,52]. The general concept of
barcode decoding is discussed further in Section 3.5.

Simultaneously, restoration methods introduce interpretive risks. Overaggressive
denoising or deconvolution can alter spot morphology, distort intensity distributions, or
generate puncta-like artifacts that bias downstream detection [9,19]. These risks are partic-
ularly important for learning-based restoration because neural networks can generalize
poorly across imaging conditions or hallucinate plausible but unsupported image details
when training data are insufficient, biased, or mismatched to the target experiment [53].
Restoration in spatial transcriptomics should therefore be evaluated not only by visual im-
age quality but also by downstream molecular criteria, such as molecule recovery, decoding
consistency, blank-code behavior when available, downstream cell-type assignment, and
reproducibility across fields of view or replicate samples [9,19,49]. In practice, restoration
is most useful when treated as part of the measurement model rather than as a generic
image-enhancement step [19].

3.4. Detection of Punctate or Amplified Molecular Features

After preprocessing and registration, molecular feature detection is the key step that
converts the image signal into candidate molecular objects. In hybridization-based assays,
these objects are typically puncta or spots corresponding to individual RNA molecules or
barcode readout events [9,10]. In amplification-assisted in situ sequencing workflows, by
contrast, the relevant objects are locally amplified products, often referred to as amplicons
or rolonies, which are generally brighter and more spatially extended than unamplified
single-molecule puncta [11,12]. This stage, therefore, converts fluorescence images into
a candidate molecular point cloud for downstream decoding, quantification, and spatial
analysis [9-12].

The difficulty of detection depends strongly on the assay design, object morphology,
and signal density. In osmFISH, spot detection is performed using Laplacian-of-Gaussian
enhancement followed by local-maximum detection and data-derived thresholding, illus-
trating a classical model-based strategy for identifying punctate signals in cyclic imaging
data [10]. In seqFISH+, dense transcript packing remains a central challenge even after
experimental density redistribution, so localization-based processing is required to sepa-
rate closely spaced signals [9]. In amplification-assisted platforms such as STARmap, the
measured objects are transcript-derived amplicons rather than single-molecule spots, and
detection must therefore account for both signal intensity and feature morphology [38].
Importantly, morphology-aware detection is not limited to amplicon-based assays: radial-
symmetry-based methods such as RS-FISH exploit the approximately round geometry of
diffraction-limited FISH spots and have been used in large 2D /3D FISH image volumes,
including cleared or expanded samples [54]. Thick-tissue workflows such as EASI-FISH
further illustrate the need for scalable spot detection in large volumetric datasets [28]. In
parallel, deep learning-based methods are increasingly applied to large, low-SNR datasets:
Spotiflow formulates spot detection as subpixel-accurate deep stereographic flow regres-
sion, whereas Polaris integrates weakly supervised spot detection into an image-based
spatial transcriptomics analysis pipeline [55,56]. Other neural-network-based tools, such
as deepBlink and U-FISH, further show that learned spot detection depends on represen-
tative annotated or pseudo-annotated training data and should be validated across SNR
regimes, imaging modalities, and tissue contexts [57,58]. These detection strategies involve
different trade-offs. Laplacian-of-Gaussian filtering and local-maximum detection, as used
in osmFISH, provide a simple, interpretable, and efficient strategy for sparse, high-SNR
puncta, but their performance can be sensitive to threshold selection, uneven background,
and optical crowding [10]. Radial-symmetry-based methods such as RS-FISH can achieve
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accurate subpixel localization by exploiting approximately round point-spread-function
geometry, although this assumption may become less appropriate for strongly overlapping
signals, anisotropic optical blur, or morphologically irregular amplified features [54]. Deep
learning-based detectors can improve robustness in low-SNR or heterogeneous images,
but their performance depends on representative training data, annotation quality, and
cross-platform generalization [55-58]. Community benchmarking efforts in single-molecule
localization microscopy further show that method ranking depends on evaluation crite-
ria such as localization error, recall, precision, the Jaccard index, and false-positive or
false-negative behavior; therefore, detection algorithms in imaging-based spatial transcrip-
tomics should be selected and validated according to the assay design and downstream
molecular-calling task rather than by visual image quality alone [59].

Detection quality directly shapes the molecular representation of the assay. Missed
features generate false negatives, spurious detections produce false positives, and
merged or split objects distort both abundance estimates and downstream identity re-
covery [9-12,55,56]. These errors are especially consequential because they are often prop-
agated into later stages as apparent biological structures. Detection should therefore be
evaluated not only by visual image quality, but also by whether the resulting feature set
behaves as a plausible molecular point cloud under the assay design, coding scheme, and
available controls [9-12].

3.5. Barcode Decoding and Molecule Calling

Barcode decoding converts multi-round observations into molecular identity. Al-
though the exact implementation varies across different platforms, the task generally takes
one of three forms: codebook matching of binary readout patterns in MERFISH, localization
matching and pseudocolor assignment in seqFISH-like systems, or sequencing-style decod-
ing of multicycle color patterns in amplification-assisted methods such as STARmap and
ExSeq [5,9,11,12]. In each case, molecular identity is recovered from repeated observations
distributed across imaging or sequencing cycles, rather than from a single image alone.

Despite these platform-specific differences, the underlying problem is similar: an
observed multi-round signal trace must be mapped to a valid molecular identity under
incomplete and noisy measurements [5,9,11,12]. Therefore, decoding performance de-
pends jointly on codebook design, alignment accuracy, feature detection, and the statistical
structure of assay-specific noise [5,9,11,12]. In multi-round hybridization assays, cycle-
dependent signal loss caused by photobleaching, incomplete hybridization, or inefficient
stripping can convert expected “on” bits into missing observations or introduce residual
signals across cycles, making barcode decoding sensitive to both the optical stability of the
fluorophores and the error tolerance of the codebook [5,9,60]. Molecule calling is the step
in which candidate multi-round signals are evaluated and either accepted as molecules or
discarded according to assay-specific quality criteria. In practice, this usually involves dic-
tionary matching or sequence assignment, rejection of invalid or low-confidence patterns,
and additional filtering to suppress spurious identifications [5,9,11,12]. When available,
blank or null barcodes provide a direct empirical control for estimating misidentification
rates, whereas other pipelines rely on quality thresholds, cycle-level consistency rules, or
assay-specific filters [5,60].

This stage makes it particularly clear that assay performance is co-determined by
chemistry and computation. Better codebooks are important for unambiguous decoding,
while improved alignment reduces false correspondences, and more effective physical sep-
aration lowers ambiguity before decoding begins [5,9,11,12,60]. Some integrated analysis
pipelines clearly showcase such dependencies; for example, Polaris couples learned spot
detection with probabilistic gene decoding rather than treating the two as fully indepen-
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dent stages [56]. Barcode decoding and molecule calling thus define the transition from an
imaging signal to a spatial molecular representation and, in doing so, shape all downstream
analyses [5,9,11,12,56,60].

4. Data Interpretation from Molecules to Cells and Tissue Organization
4.1. Cell Segmentation and Transcript-to-Cell Assignment

Once a molecular point cloud is recovered, the spatial expression matrix becomes avail-
able at its finest single-molecule resolution. However, this resolution is often not informative
because it is highly sparse and does not assign molecules to specific cells. Therefore, the first
challenge for data interpretation is to convert the molecular coordinates into cell-resolved mea-
surements, i.e., cell segmentation and transcript-to-cell assignment. Through this procedure, a
cell-by-gene matrix can be derived, which is crucial for many downstream analyses, including,
but not limited to, cell typing, differential expression, spatial-domain inference, and cell—cell
interaction analysis [10,17,18]. Early studies often relied on nuclei stains, poly(A) stains, or
watershed-based segmentation, but these approaches can perform poorly in dense tissues, in
cells with elaborate morphologies, or when cellular boundaries are weakly marked [10,18].
In osmFISH, for example, segmentation difficulties in densely packed regions are explicitly
noted, underscoring that cell boundary inference is often a limiting factor [10].

A major methodological shift occurred when segmentation began to incorporate
transcript coordinates rather than relying solely on cell morphology. The pciSeq algorithm
uses a probabilistic framework to extend nuclei-based boundaries while jointly assigning
transcripts and cell identities, demonstrating that transcript-to-cell assignment may require
uncertainty-aware inference rather than fixed boundaries alone [18]. Baysor made this
transition more explicit by modeling cells as spatially coherent molecular distributions with
characteristic transcriptional compositions, optionally integrating auxiliary staining data,
but not requiring it [17]. More recent methods have extended this direction in a different
manner. Proseg uses unsupervised probabilistic modeling of transcript spatial distributions
to infer morphologically plausible cell boundaries without multimodal staining, whereas
CelloType adopts a multitask learning framework that jointly performs segmentation
and classification in image-based spatial omics data [61,62]. Bering further advances
this direction by using transferred graph embeddings to jointly perform noise-aware
cell segmentation and annotation while exploiting transcript colocalization structure in
2D and 3D spatial transcriptomics data [63]. Because these segmentation and assignment
models rely on different priors, training signals, or reference information, their performance
should be evaluated against orthogonal boundary evidence, manually curated annotations,
simulated perturbations, or held-out tissues when available. Importantly, validation should
not rely only on visual boundary plausibility but also on the stability of the resulting cell-by-
gene matrix and downstream cell-type or spatial-domain assignments [17,61-63]. Table 1
summarizes representative computational tools for cell segmentation and transcript-to-cell
assignment in imaging-based spatial transcriptomics.

Transcript-to-cell assignment is a companion problem to segmentation and should
not be treated as a secondary implementation detail. Even when a putative cell outline is
available, peripheral processes, overlapping structures, sparse membrane markers, or par-
tial sectioning can make transcript assignment ambiguous [17,18,61-63]. This is especially
problematic in neurons, immune infiltrates, and thick tissues, where cell morphology is
extended or irregular; even transcript-aware or learned segmentation methods may fail to
accurately recover thin neurites, branched processes, activated immune cell protrusions, or
overlapping boundaries in dense tissue [17,61-63]. Because segmentation and assignment
errors propagate directly into the cell-by-gene matrix, they can generate artifactual cell
states, blur true biological differences, and distort downstream analyses as substantially as
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genuine biological variation [17,18,61-63]. Such matrix-level distortions can further affect
differential expression testing, spatial-domain inference, neighborhood composition analy-
sis, and cell—cell interaction estimates because all of these analyses treat the cell-by-gene
matrix as their primary input [17,18,61-63]. Recent methods, therefore, attempt to mitigate
this error propagation either by refining segmentation and transcript assignment or by
correcting the resulting expression matrix. For example, FastReseg uses transcript-level
likelihood scores to identify spatial doublets and misassigned transcript groups, enabling
local reassignment, removal, or refinement while preserving the initial image-based seg-
mentation [64]. By contrast, resolVI operates downstream of segmentation by modeling
observed cell-level expression as a mixture of true expression, neighboring-cell diffusion,
and background, thereby reducing spurious co-expression after quantification [65]. De-
nolST similarly addresses post-segmentation transcript contamination in image-based
spatial transcriptomics, using a neighborhood-aware Poisson mixture model to identify
and remove contaminating transcripts while preserving integer count interpretation [66].
Xenium-focused benchmarking and signal-purification approaches, such as spatial purifi-
cation of layered intracellular transcripts (SPLIT), further highlight that the segmentation
strategy, transcript spillover, and cell-level QC should be evaluated jointly rather than
treating transcript assignment as a fixed output of a platform pipeline [67]. More broadly,
spatial denoising frameworks such as SpaceBender illustrate that local ambient or dif-
fused RNA signals can be modeled to enhance biological signals in both spot-resolution
and subcellular-resolution spatial transcriptomic data, including MERFISH, CosMXx, and
Xenium datasets [68]. Together, these methods emphasize that cell-level expression ma-
trices should be viewed as uncertainty-bearing outputs of segmentation and transcript
assignment rather than as error-free measurements.

Table 1. Representative cell segmentation tools for imaging-based spatial transcriptomics.

Nuclear or
Tool SZuD/3(]))rt Membrane Algorithmic Strategy Main Output Ava(irl(:li):li
PP Staining Required ty
. . Probabilistic framework
Transcript coordinates e . .
e Requires initial for transcript Transcript-to-cell
from in situ assays, L . .
. P . nuclei-guided or assignment and assignment and Availabl
peiSeq m;z;i{elxtalglien Mainly 2D image-based cell-type inference with ~ probabilistic cell varable
scRNA-seq reference segmentation boundary exter}smn typing
from nuclei
Probabilistic
transcript-informed
Transcript coordinates; segmentation based on Cell boundaries
Baysor optional nuclear or 2D and 3D Optional spatial proximity, and cell-by-gene Available
cytoplasmic staining morphology, and matrix
transcriptional
composition
Transcript coordinates . Un.s upe rvised . Cell boundaries
. . Not strictly probabilistic modeling . .
Proseg from image-based Mainly 2D . - . and transcript Available
. . . required of transcript spatial .
spatial transcriptomics R assignment
distributions
Multiplexed tissue . . Multitask learning for Instance masks
. . Mainly 2D Requires image L . . .
CelloType images/image-based . joint segmentation and and cell/object Available
. ! image-based channels e
spatial omics data classification class labels
Transcript coorc.hnates Graph-based learning .
and transcript . . Cell segmentation
. L Not strictly for noise-aware .
Bering colocalization graph; 2D and 3D . ; and molecular Available
required segmentation and

optional transferred
embeddings

annotation

annotation

pciSeq relies on initial nuclei- or image-based segmentation and mainly performs probabilistic transcript assign-
ment and cell typing, whereas Baysor, Proseg, CelloType, and Bering are designed for cell boundary inference
or segmentation. “Available” indicates that public code has been reported by the authors. scRNA-seq refers to
single-cell RNA-sequencing.
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4.2. Segmentation-Free Analysis and Local Molecular Composition

Not all analyses require the finalization of cell boundaries. In high-resolution spa-
tial transcriptomic data, local transcript neighborhoods can encode substantial biological
structures even before explicit segmentation is achieved [17,69]. This observation has
motivated segmentation-free strategies that operate directly on molecular coordinates or
local transcript compositions rather than on predefined cells [17,69].

A representative example is the neighborhood composition vector framework intro-
duced in the Baysor study, in which local molecular neighborhoods are summarized by
the relative frequencies of nearby transcripts and used as spatially indexed pseudo-cell
representations [17]. Such representations can reveal tissue organization, local mixtures
of cell states, and patch-like molecular structures (including membraneless organelles)
even when cell boundaries remain uncertain [17]. A similar idea has subsequently been
extended to broader classes of high-resolution spatial transcriptomic data. For example,
factor inference of cartographic transcriptome at ultra-high resolution (FICTURE) applies
scalable spatial factorization to infer local molecular patterns without requiring explicit cell
segmentation [69]. These approaches are particularly useful in dense tissues, fragmented
specimens, or subcellular-resolution datasets in which transcript density is sufficient to
reveal local organization but not necessarily sufficient to support robust cell boundary
inference [17,69].

Segmentation-free analysis is not a substitute for all cell-resolved tasks, but it provides
an important complementary representation when segmentation is uncertain, incomplete,
or biologically ill-posed. It is especially useful for identifying spatial domains and molecular
niches, where the analytical target is the local structure rather than a finalized cell-by-gene
matrix alone [17,69]. For this reason, modern imaging-based spatial transcriptomics should
not be framed as a choice between “correct segmentation” and “failed segmentation”
but as a spectrum of molecular representations with different analytical resolutions and
assumptions [17,69].

4.3. Cell Typing, Reference Mapping, and Probabilistic Classification

Cell typing in imaging-based spatial transcriptomics has evolved from marker-based
heuristics to reference-guided and probabilistic inference. Early targeted-panel studies
often clustered measured cells de novo and assigned identities using canonical marker
genes, an approach that remains useful when spatial assays reveal populations that are
spatially distinctive or incompletely represented in sequencing references [10,18]. However,
as single-cell RNA-sequencing (scRNA-seq) atlases have matured, spatial cell typing has
increasingly shifted toward reference integration or reference mapping, in which targeted
in situ measurements of one cell in the spatial transcriptomics data are integrated with (or
mapped onto) the most similar cells in the reference single-cell atlas of the same tissue type
to infer cell types [10,17,18].

A canonical example is the pciSeq algorithm, which was designed to assign cells
probabilistically to scRNA-seq-defined types from limited in situ panels and is particularly
useful when the central task is to distinguish closely related subtypes rather than broad
classes alone [18]. Later atlas-scale studies combined targeted spatial measurements with
large single-cell references and used label transfer, nearest-neighbor mapping, or related
integrative strategies to assign fine-grained identities to cells. In the whole-brain MERFISH
atlas, MERFISH measurements are integrated with scRNA-seq using canonical correlation
analysis followed by k-nearest-neighbor classification, enabling subclass- and cluster-
level annotation together with transcriptome-wide imputation [20]. Similarly, the CNS
STARmap PLUS atlas uses Harmony-based integration and nearest-neighbor label transfer
to derive molecular cell-type maps across the adult mouse central nervous system [70,71]
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(Figure 4). More broadly, reference-mapping approaches, including Harmony-based inte-
gration, anchor-based transfer, and nearest-neighbor classification, are now widely used to
connect spatial profiles with single-cell atlases across tissues and disease contexts [72]. In
heterogeneous tumor systems, for example, single-cell and spatial transcriptomic data have
been jointly used to reconstruct cell states, spatial niches, and tumor-microenvironment
interactions [73]. However, reference-dependent annotation can bias interpretation toward
predefined cell states, propagate reference errors, and reduce sensitivity to rare, transitional,
or context-specific transcriptional programs. Therefore, transferred labels should ideally
be evaluated together with marker expression, spatial localization, confidence scores, and
unsupervised or de novo analyses [74].
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Figure 4. Reference-guided integration for atlas-scale spatial annotation. Targeted MERFISH provides
spatial context for specific gene panels, while scRNA-seq references offer more comprehensive gene
expression characteristics of a specific cell type. Through a pipeline of label transfer, cross-platform
matching, and transcriptome imputation, targeted imaging data is transformed into atlas-scale maps
that anchor molecular cell types within their anatomical space.

This shift is conceptually important because it changes the interpretation of targeted
spatial panels. A panel is no longer merely a restricted measurement; instead, it can serve
as an anchor into a richer transcriptomic reference framework, provided that the selected
genes preserve discriminative structure and that the integration strategy is appropriately
validated [18,20,70]. At the same time, this strategy makes spatial interpretation partly
dependent on the reference used for annotation, because transferred labels inevitably reflect
the assumptions, resolution limits, and biases of that reference taxonomy [18,20,70]. For
this reason, cell typing in imaging-based spatial transcriptomics is often best understood as
a confidence-weighted inference rather than direct label recovery. Beyond count-based ref-
erence mapping, recent work has also begun to incorporate spatial context and subcellular
transcript organization into classification itself; a recent multiscale topological framework
is one example of this direction [75].

4.4. Spatial Domains, Tissue Regions, and Atlas Alignment

As imaging-based spatial transcriptomics has matured, analysis has increasingly
moved beyond spatially resolved cell typing toward the inference of higher-order tissue
structures. Spatial domains, anatomical regions, and continuous gradients cannot always
be reduced to cell-type labels alone, because tissues often exhibit region-specific organi-
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zation, boundary transitions, and local compositional patterns that emerge only at the
neighborhood level [9,10,20,70].

In an osmFISH-based study, clustering was combined with spatial statistics to recon-
struct anatomical organization and quantify preferential colocalization or avoidance among
cell types in the somatosensory cortex [10]. In another study using the seqFISH+ platform,
hidden Markov random field-based analysis was used to identify spatial domains that are
not fully explained by cell-type assignments alone [9]. Atlas-scale studies have extended
this logic further, but their value is not limited to cell-type mapping. In the whole-brain
MERFISH atlas, registration to the Allen Common Coordinate Framework has enabled
the identification of spatial modules and gradients, highlighting that tissue organization
is often continuous rather than strictly partitioned into discrete regions [20]. Similarly,
the CNS STARmap PLUS atlas infers molecular tissue regions from spatial niche gene
expression rather than relying solely on classical anatomical boundaries [70].

A related but distinct challenge is to place inferred spatial domains and tissue regions
into shared anatomical and transcriptomic reference frameworks. Spatial transcriptomics at
the atlas scale depends not only on molecular detection but also on alignment to common
coordinate systems and reference taxonomies. In large brain atlases, these steps are essential
for making spatial maps comparable across animals and interpretable within established
anatomical and cell-type hierarchies [20,70]. More recent computational frameworks, such
as STIM, further show that visualization, alignment, and three-dimensional reconstruction
are not merely presentation steps but analytical components for integrating serial spatial
transcriptomic sections into spatially consistent three-dimensional reconstructions [38].

4.5. Spatial Interaction Analysis and Higher-Order Tissue Interpretation

Once cells or local molecular neighborhoods have been placed into spatial context,
the inference of interaction becomes essential for interpreting tissue and spatial niche
organization, including how neighboring cells, local environments, and recurrent spatial
motifs shape tissue function or pathology [20,35,70].

Pathology-oriented platforms have been particularly useful in illustrating this transi-
tion. Spatial molecular imaging/CosMXx incorporated neighborhood and niche analysis
into high-plex RNA-protein workflows in FFPE tissue sections, enabling the characteriza-
tion of associations among cell states, tumor-microenvironment structures, and putative
ligand-receptor interaction patterns [35]. STARmap PLUS similarly linked transcriptomic
states with histopathological features in Alzheimer’s disease, supporting the interpretation
of plaque-centered shells and disease-associated cellular microenvironments as biologically
meaningful spatial configurations [70]. These examples show that the relevant spatial
objects are not only individual cells but also recurrent multicellular neighborhoods, lesion-
centered niches, and pathology-associated spatial states [35,70].

Beyond such pathology-oriented examples, dedicated computational frameworks
have begun to formalize interaction and niche inference more explicitly. Methodologically,
the field is moving from simple pairwise proximity and simple ligand—-receptor scoring
to modeling of higher-order spatial organization. Recent approaches, such as CelINEST,
use attention-based modeling to infer not only pairwise communication but also relay-
like interaction structures in spatial transcriptomic data [76]. Foundation-model-based
approaches are beginning to extend this direction further. Nicheformer, for example,
learns transferable niche-aware embeddings from single-cell and targeted spatial transcrip-
tomic data, illustrating how local microenvironment modeling may increasingly become a
representation-learning problem rather than a purely post hoc analytical step [77]. These
advancements facilitate better interpretation of the spatial organization of a tissue, espe-
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cially in the context of an imaging-based spatial transcriptomics platform, where typical
receptor-ligand pairs are not always included in the gene panel.

5. Biomedical Applications
5.1. Subcellular RNA Organization

A distinguished feature of imaging-based spatial transcriptomics is that it resolves not
only which transcripts are expressed but also where they are localized within cells [4,9,12,60].
This capability is especially important when the biological question concerns intracellular
organization rather than cell identity or tissue composition alone [4,9,12,60].

MERFISH and seqFISH+ make this especially clear at this scale. Near-transcriptome-
scale MERFISH combines high-plex RNA profiling with cellular structure imaging to
identify transcripts enriched in distinct intracellular compartments, including the nucleus
and endoplasmic reticulum, and further uses the nuclear-to-cytoplasmic RNA balance
to infer cell-state dynamics in situ [60]. seqFISH+ likewise resolves thousands of genes
with distinct subcellular localization patterns, including perinuclear, cytoplasmic, and
protrusion-enriched transcript groups [9]. ExSeq extends these analyses into finer subcel-
lular architecture by detecting RNAs in dendritic spines, branches, and other nanoscale
compartments in intact tissue [12]. Together, these studies show that imaging-based
spatial transcriptomics makes subcellular RNA organization itself a measurable transcrip-
tomic phenotype, thereby enabling the study of localized translation, cellular polarity, and
compartment-specific RNA regulation [9,12,60].

5.2. Tissue Organization and Spatial Gradients Across Local and Atlas Scales

Through the reconstruction of tissue architecture, transcript-defined cell populations
are directly mapped onto anatomical spaces. Early studies showed that targeted marker
panels could reconstruct cortical organization from the spatial distributions of clustered
cells, demonstrating that tissue atlases could be derived directly from measured molecular
distributions rather than from histological annotation alone [10,11,18]. In an osmFISH
study, clustering and spatial-statistical analysis recovered the anatomical organization of the
mouse somatosensory cortex and quantified preferential colocalization or avoidance among
cell types [10]. Similarly, STARmap and MERFISH studies have linked transcriptomic cell
identity to cortical lamination, local cellular organization, and projection-related spatial
patterns in intact neural tissues [11,78].

Beyond discrete anatomical regions, imaging-based spatial transcriptomics can resolve
continuous molecular gradients and spatially restricted developmental programs. In the
mouse primary motor cortex, MERFISH links transcriptomic identity to laminar organiza-
tion, spatial gradients, and projection patterns [78]. Whole-brain MERFISH further showed
that molecular tissue organization includes spatial modules and continuous gradients
rather than just sharply separated anatomical compartments [20]. Developmental studies
have extended this logic by using MERFISH to resolve human fetal cortical layer and
area specification and to characterize spatially patterned complement-system organization
during postnatal mouse brain development [79,80]. These examples indicate that spatial
gradients and developmental patterning are central biological outputs of imaging-based
spatial transcriptomics, not merely by-products of cell-type mapping.

At larger scales, atlas-level imaging further integrates cell identity, tissue regions,
spatial neighborhoods, and anatomical reference frameworks. Whole-brain MERFISH
and the CNS STARmap PLUS atlas enabled atlas-scale mapping of cell types, molecular
tissue regions, and spatial neighborhoods across the mouse nervous system, revealing
that tissue organization often combines discrete anatomical structures with continuous
molecular variation [20,67,81]. Importantly, the value of these atlases is not limited to
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assigning cell types to coordinates; they also provide frameworks for comparing spatial
domains across animals, linking local niches to global anatomy, and interpreting molecular
tissue organization across scales [20,67,81]. Together, these studies show that tissue-level
applications of imaging-based spatial transcriptomics connect molecular cell states with
anatomical organization, spatial gradients, developmental programs, local neighborhoods,
and atlas-scale reference systems.

5.3. Disease Microenvironments and Pathology-Compatible Spatial Profiling

Tumors and other pathological tissues provide a stringent setting for spatial methods
because they combine cellular heterogeneity, architecture-dependent interactions, and the
need to preserve histological context in clinically relevant specimens [32,33]. Imaging-based
spatial transcriptomics is valuable in this context because it can link molecular states directly
to tissue organization while remaining increasingly compatible with pathology-oriented
workflows [34,35].

Spatial molecular imaging, including the CosMx/SMI platform, exemplifies this direc-
tion by enabling high-plex RNA and protein imaging in FFPE tissues with morphology-
guided segmentation, thereby supporting the identification of tumor and stromal cell
states, spatial niches, and putative cell-cell interaction patterns in clinically relevant
samples [35]. Subsequent studies have applied CosMx/SMI to clinically relevant tu-
mor specimens, including brain tumors and small cell lung cancer, to resolve pathology-
linked niches, microbe-associated or immune-associated spatial microenvironments, and
treatment-relevant spatial interactions. Beyond tumor profiling, pathology-aware spa-
tial transcriptomics can also resolve lesion-centered disease microenvironments [82,83].
STARmap PLUS, for example, mapped transcriptomic states together with amyloid-f3
plaques and hyperphosphorylated tau in an Alzheimer’s disease model, revealing spatially
structured pathological niches around lesions [35].

Some other platforms point to complementary translational formats rather than a
single, dominant workflow. Light-Seq enables imaging-guided spatial indexing of selected
cells or regions for downstream sequencing, whereas MOSAICA explores multiplexed
RNA-protein profiling in autofluorescent and clinically relevant materials [39,40].

6. Computational Challenges and Future Directions
6.1. Optical Crowding and Uncertainty Propagation in Spatial Interpretation

A central challenge in imaging-based spatial transcriptomics is that scaling transcript
coverage raises molecular density, thereby increasing ambiguity in localization, decoding,
and molecule calling [5,9,19]. Optical crowding is not only an imaging limitation but also
a source of statistical uncertainty that propagates across the analytical pipeline: missed
separations reduce molecule recovery, merged detections distort abundance estimates, and
incorrect correspondences alter inferred identities, and these errors can subsequently bias
transcript assignment, cell typing, and spatial interaction analysis [5,9,19]. More broadly,
image-processing decisions can reshape downstream biological interpretation even when
the underlying tissue is unchanged: restoration artifacts may generate or suppress puncta-
like signals, detection errors can alter the molecular point cloud, and segmentation or
assignment errors can distort the cell-by-gene matrix [17,19,49,58,64,65,67]. Strategies such
as error-robust coding, pseudocolor dilution, physical expansion, deconvolution, learning-
based detection, and transcript-aware segmentation can reduce this burden, but they do
not fully eliminate the need for uncertainty-aware modeling and downstream valida-
tion [5,9,17,19,76]. A major future challenge is, therefore, to move from hard molecular and
cellular calls toward probabilistic representations that retain confidence information across
downstream stages of analysis [5,9,17-19,76].
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6.2. Cell Boundary Inference as a Central Challenge in Cellular-Resolution Interpretation

Cellular-resolution interpretation remains fundamentally limited by cell boundary
inference, which remains unreliable in dense tissues, highly polarized cells, and partially
sectioned or weakly stained specimens [17,18,61]. The field has moved from nuclei-guided
heuristics toward transcript-aware probabilistic and learned models, including Baysor,
Proseg, CelloType, and Bering; however, robust segmentation and transcript-to-cell assign-
ment remain unresolved in many complex tissues [17,18,61-63]. In particular, thin neuronal
or immune cell processes remain difficult to delineate because they may contain sparse
transcripts, overlap with neighboring cells, and lack clear membrane or cytoplasmic mark-
ers [17,61-63]. This is not a minor implementation issue: errors at this stage directly alter
the cell-by-gene matrix and thereby affect cell typing, spatial-domain inference, interaction
analysis, and downstream biological conclusions. More fundamentally, the challenge is not
only where a boundary should be drawn but also how molecules should be attributed to
specific cells under intrinsically ambiguous spatial conditions [17,18,61-63].

6.3. Accuracy for Reference Integration

Reference-guided annotation has greatly expanded the interpretability of targeted spa-
tial panels, especially in atlas-scale studies, but it also introduces new dependencies [20,70].
Spatial labels increasingly inherit the assumptions, resolution limits, and sampling biases of
the sequencing taxonomies used for transfer or imputation [20,70]. Simultaneously, panel
design itself becomes a source of bias: a targeted assay can function as a robust anchor only
if the selected genes preserve the discriminative structure of the reference [20,70]. These
issues complicate cross-platform integration because different spatial assays do not always
produce the same kinds of molecular, cellular, or regional representations. Segmentation-
free frameworks such as FICTURE make this especially clear by showing that biologically
meaningful structure can sometimes be recovered without explicit cells, thereby underscor-
ing that cross-platform integration is often a problem of reconciling heterogeneous spatial
representations across platforms, resolutions, and assay chemistries rather than simply
transferring labels between datasets [69].

6.4. Computational Challenges in 3D, Multimodal, and Pathology-Aware Spatial Analysis

Three-dimensional, multimodal, and pathology-aware spatial transcriptomics am-
plify many core computational difficulties in the field, but they do so in different ways.
In thick tissues, signal attenuation, aberration, out-of-focus backgrounds, and complex
three-dimensional morphology complicate restoration, registration, and transcript assign-
ment [19,35]. These depth-dependent artifacts are not always spatially uniform: signals
from deeper tissue layers may show reduced intensity, broadened point-spread functions,
lower signal-to-background ratios, and increased cycle-to-cycle variability, which can affect
both molecule recovery and barcode decoding [19,30]. Learning-based restoration can par-
tially compensate for low-SNR or depth-degraded images, but it should not be treated as
an unbiased replacement for optical measurement; hallucinated puncta, suppressed weak
signals, or depth-specific overcorrection can directly distort molecule calls and downstream
biological interpretation [19,51,53].

Registration also becomes more difficult in thick or physically expanded samples.
Beyond global translational, rigid, or affine correction, 3D workflows may require local
or deformable registration to account for tissue swelling, expansion anisotropy, section
deformation, Z-axis drift, and local distortions between imaging cycles [12,19,28]. In
multimodal settings, transcriptomic signals must be aligned with protein localization,
morphology, or other spatial readouts, making cross-modal correspondence and joint infer-
ence significantly more difficult. In pathology-aware workflows, lesion geometry, FFPE
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section-derived image artifacts, pre-analytical variability, staining-induced deformation,
and specimen-specific morphological distortions introduce additional alignment and inter-
pretation burdens [14,34-36,70]. Cross-modal registration with H&E, immunostaining, or
functional imaging is particularly challenging because these modalities differ in contrast
mechanisms, spatial resolution, and deformation patterns, requiring deformable alignment
and morphology-aware validation rather than simple image overlay [34,35,38].

A related infrastructure challenge is spatial data standardization. Imaging-based
spatial transcriptomics produces heterogeneous data objects, including raw image volumes,
decoded molecule tables, cell masks, cell-by-gene matrices, tissue annotations, coordinate
transforms, and multimodal metadata. Community formats and frameworks such as open
microscopy environment next-generation file formats and Zarr format (OME-NGFF/OME-
Zarr) and SpatialData provide scalable ways to represent large bioimaging and spatial omics
datasets, including chunked image storage, coordinate transformations, annotations, and
multimodal data [41-43]. Large-scale atlas-building efforts such as the Human Cell Atlas,
Human BioMolecular Atlas Program (HuBMAP), and the BRAIN Initiative Cell Census
Network and Cell Atlas Network (BICCN/BICAN) are also generating public spatial and
single-cell resources that can support method benchmarking, although task-specific ground
truth for segmentation, decoding, and transcript assignment remains limited [81,84,85].

These settings also require more than local molecule recovery. Scalable visualization,
atlas alignment, and three-dimensional reconstruction become part of the analytical prob-
lem itself rather than downstream presentation steps. The broader challenge is therefore no
longer simply to detect molecules in space but to align molecular signals with anatomy,
pathology, and multimodal context in ways that remain biologically coherent across scales
and under uncertainty [34,35,38,70].

6.5. Training and Validation Requirements for Learning-Based Analysis

Deep learning-based models are increasingly used in imaging-based spatial transcrip-
tomics for image restoration, spot detection, segmentation, transcript assignment, and
reference-guided annotation, but their reliability depends strongly on the design of training
and validation datasets [19,50,51,57,58]. Suitable training data should capture variation
in tissue type, platform chemistry, imaging depth, signal density, staining quality, sample
preparation, and pathology-associated artifacts, rather than relying only on visually clean
fields of view [14,53,58]. Different tasks require different forms of supervision: restoration
models often rely on paired low- and high-SNR images or simulated degradations, spot
detectors require molecule-level annotations or reliable pseudo-labels, segmentation mod-
els require nuclear, membrane, or transcript-informed boundary evidence, and reference-
mapping models require curated labels with documented uncertainty [17,19,50,57,58,71,74].

Public resources now provide useful starting points for model training and bench-
marking. Large-scale atlas-building efforts such as the Human Cell Atlas, HuBMAP, and
BICCN/BICAN have generated public single-cell, spatial, and multimodal resources that
can support reference construction, label transfer, and cross-dataset validation [81,84,85].
Platform-specific spatial atlases, including whole-brain MERFISH and the CNS STARmap
PLUS atlas, further provide large-scale examples for evaluating cell typing, spatial-domain
inference, and atlas alignment [20,70,81]. For image segmentation, general and annotated
tissue-imaging resources can also be found on the corresponding computational analysis
platforms such as TissueNet/Mesmer and Cellpose to support robust model develop-
ment [86-88].

However, existing public resources are not uniformly sufficient for all learning tasks
in imaging-based spatial transcriptomics. Their adequacy depends on the intended test
scenario: available datasets may be sufficient for pretraining, method development, or the
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stable evaluation of relatively generic image-segmentation tasks, especially when combined
with modest task-specific fine-tuning, but they are often insufficient for robust deploy-
ment in new tissues, platforms, FFPE specimens, thick sections, or highly crowded RNA
fields [53,58]. Current datasets are frequently fragmented across laboratories, platforms,
staining protocols, and imaging systems, and few single experiments provide the scale and
diversity needed for fully stable training and independent testing. In addition, complex tis-
sues, rare cell types, disease specimens, and volumetric samples remain underrepresented.
Many public datasets also lack matched membrane staining, 4’,6-diamidino-2-phenylindole
(DAPI) staining, high-resolution H&E or immunofluorescence images, raw multicycle
images, and expert-curated cell boundary or molecule-level annotations, all of which limit
feature extraction and the construction of high-quality ground truth labels.

Validation should, therefore, extend beyond visual image quality or classification
accuracy and include downstream molecular and biological criteria [19,49,53,58]. For
restoration and spot detection, relevant criteria include molecule recovery, localization
precision, false-positive and false-negative rates, decoding consistency, blank-code behavior
when available, and reproducibility across fields of view or replicate samples [9,19,49,58].
For segmentation and transcript assignment, evaluation should include cell-by-gene matrix
stability, marker-gene consistency, doublet or spillover behavior, and robustness across cell
morphologies and tissue densities [17,64,65,67]. For reference mapping, transferred labels
should be assessed together with confidence scores, marker expression, spatial localization,
and unsupervised or de novo analyses to reduce bias toward predefined cell states [71,74].
Transparent reporting of training data, annotation strategies, held-out test sets, failure cases,
uncertainty estimates, and cross-platform generalization is therefore essential for robust
deployment [14,53,58].

7. Conclusions

Imaging-based spatial transcriptomics has progressed from low-plex single-molecule
RNA imaging to a diverse methodological framework that spans cyclic hybridization,
error-robust barcoding, in situ sequencing, volumetric profiling, multimodal readouts, and
pathology-compatible workflows. Its distinctive value lies in preserving molecular identity
and spatial context across multiple biological scales, from subcellular RNA localization to
tissue architecture and atlas-scale organization.

However, imaging-based spatial transcriptomics is not defined by the assay chemistry
alone. Its biological interpretability depends equally on computation: the field functions
as an experiment-algorithm co-design framework in which image processing, decoding,
segmentation, assignment, and spatial inference determine how imaging signals become
biological knowledge.

The most important challenge ahead is no longer simply to measure more genes but
to improve the fidelity and uncertainty awareness of spatial interpretation. In particular,
future progress will depend on more reliable molecule-to-cell assignment, stronger integra-
tion across three-dimensional, multimodal, and pathology-aware data, and computational
frameworks that preserve confidence information rather than collapsing uncertainty too
early into hard calls. If these challenges can be addressed, imaging-based spatial transcrip-
tomics will continue to move the field from descriptive molecular mapping toward a more
mechanistic spatial systems biology approach.
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ISH in situ hybridization
ISS in situ sequencing
RCA rolling circle amplification
smFISH single-molecule fluorescence in situ hybridization
MERFISH multiplexed error-robust fluorescence in situ hybridization
seqFISH sequential fluorescence in situ hybridization
osmFISH ouroboros single-molecule fluorescence in situ hybridization
STARmap spatially resolved transcript amplicon readout mapping
ExSeq expansion sequencing
ExFISH expansion fluorescence in situ hybridization
EASI-FISH expansion-assisted iterative fluorescence in situ hybridization
FFPE formalin-fixed paraffin-embedded
HyblISS hybridization-based in situ sequencing
RAEFISH reverse-padlock amplicon-encoding fluorescence in situ hybridization
PRISM profiling of RNA in situ through single-round imaging
FISH fluorescence in situ hybridization
ISTDECO in situ transcriptomics decoding by deconvolution
QC quality control
H&E hematoxylin and eosin
MOSAICA multi omic single-scan assay with integrated combinatorial analysis
SNR signal-to-noise ratio
CARE content-aware image restoration
JSIT joint sparse method for imaging transcriptomics
scRNA-seq single-cell RNA-sequencing
SPLIT spatial purification of layered intracellular transcripts
FICTURE factor inference of cartographic transcriptome at ultra-high resolution
OME-NGFF/OME-Zarr  open microscopy environment next-generation file formats and Zarr format
HubMAP Human BioMolecular Atlas Program
BICCN/BICAN BRAIN Initiative Cell Census Network and Cell Atlas Network
DAPI 4/ 6-diamidino-2-phenylindole
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