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From morphology to single-cell molecules: 
high-resolution 3D histology in biomedicine
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Abstract 

High-resolution three-dimensional (3D) tissue analysis has emerged as a transformative innovation in the life sciences, 
providing detailed insights into the spatial organization and molecular composition of biological tissues. This review 
begins by tracing the historical milestones that have shaped the development of high-resolution 3D histology, high-
lighting key breakthroughs that have facilitated the advancement of current technologies. We then systematically 
categorize the various families of high-resolution 3D histology techniques, discussing their core principles, capabili-
ties, and inherent limitations. These 3D histology techniques include microscopy imaging, tomographic approaches, 
single-cell and spatial omics, computational methods and 3D tissue reconstruction (e.g. 3D cultures and spheroids). 
Additionally, we explore a wide range of applications for single-cell 3D histology, demonstrating how single-cell 
and spatial technologies are being utilized in the fields such as oncology, cardiology, neuroscience, immunology, 
developmental biology and regenerative medicine. Despite the remarkable progress made in recent years, the field 
still faces significant challenges, including high barriers to entry, issues with data robustness, ambiguous best prac-
tices for experimental design, and a lack of standardization across methodologies. This review offers a thorough 
analysis of these challenges and presents recommendations to surmount them, with the overarching goal of nurtur-
ing ongoing innovation and broader integration of cellular 3D tissue analysis in both biology research and clinical 
practice.
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Introduction
High-resolution 3D histology captures and analyzes 
the three-dimensional architecture of tissues, cells, and 
molecules using advanced imaging, spatial omics, com-
putational methods, and 3D tissue reconstruction. It pro-
vides detailed insights into tissue organization, cellular 
interactions, and subcellular structures at micrometer to 
nanometer scales, enhancing our understanding of tissue 
dynamics in their natural spatial context.

The vast complexity of biology predominantly mani-
fests in three dimensions. Although the spatial organi-
zation of proteins and macromolecular machines is 
well-understood, investigating the structure of simple 
organisms or individual tissues necessitates not only 
decoding molecular mechanisms within cells but also 
grasping how the microenvironment affects their behav-
ior. Recent innovations in multiplexed measurements 
for reconstructing 3D tissues—through both digital and 
experimental approaches—are embracing the inherent 
complexity of biological systems, ushering in a new era of 
scientific discovery and clinical application.

Currently, tissue biopsy stands as the primary clini-
cal method for tumor detection. Traditionally, imag-
ing techniques such as ultrasound imaging, computed 
tomography, and magnetic resonance imaging could help 
doctors observe tissue through physical methods. To bet-
ter understand the soft tissue structure in sarcoma, 3D 
computational methods could be used to analyze optical 
coherence tomography (OCT) images. As a computer-
aided high-resolution automatic recognition technology 
can provide effective indicators for the diagnosis and 
surgical resection of soft tissue sarcoma [1–3]. Addition-
ally, spatial gradients of physical and chemical properties 
play a crucial role in the differential regulation of bio-
logical processes across all scales, especially during the 
development of multicellular organisms. However, its 
requirements for tissue sampling limit the accuracy of 
the assessment, resulting in significant delays in the com-
pletion of surgical excision [4]. Therefore, advanced sur-
gical techniques based on real-time microscopic imaging 
and detection are needed to reduce the chance of local 
recurrence, minimize the excision area, and improve the 
efficiency of surgical treatment.

The advancement of single-cell 3D histology has been 
driven by two main catalysts: spatial omics and imaging 
techniques. Spatial omics enhance our understanding of 
intracellular processes by providing detailed insights into 
the molecular characteristics of cells within their native 
3D context. This approach allows for a more detailed and 
comprehensive understanding of 3D structural tissues 
through controlled and optimized microenvironments, 
thereby reconstructing inherent cell morphology and 
structure [5, 6]. On the other hand, imaging technologies 

provide a comprehensive overview of whole tissues and 
organs. 3D imaging has proven to be one of the most 
powerful tools for examining cellular networks and inter-
actions between different cell types [7]. Understanding 
the structure and function of cells within these networks 
is critical for documenting dynamic changes during tis-
sue development and regeneration [8]. Therefore, sin-
gle-cell 3D histology is a cutting-edge technique that 
involves the high-resolution analysis of individual cells 
within three-dimensional tissue structures. It combines 
the spatial information of cells in their native tissue con-
text with the molecular and structural details obtained 
through advanced imaging technologies. This approach 
allows researchers to study the intricate organization, 
interactions, and characteristics of individual cells within 
complex tissue environments, providing a deeper under-
standing of cellular behavior and function at a level of 
detail previously unattainable with traditional histologi-
cal methods.

Traditional single-cell omics are made on disaggre-
gated cells or nuclei lack spatial information, prompting 
scientists to develop techniques capable of measuring the 
molecular characteristics of cells in their native 3D con-
text. Spatial omics technologies have emerged, unveiling 
the 3D structure of cell. Unlike the non-spatial coun-
terparts, single-cell 3D histology methods offer spatial 
information integrated with imaging, presenting a more 
detailed and visualized atlas. These methods have facili-
tated the treatment of more complex diseases, shed new 
light on regenerative medicine, and helped to create 
detailed organ atlases. Although advanced techniques 
exist for studying single cells and tissues in two dimen-
sions, biological processes occur in a spatial context, and 
the three-dimensional arrangement of cells and their 
microenvironment profoundly affects their functions. As 
an example, the organization of cells within a tumor can 
influence its growth and response to treatment [9–11].

Recent advancements in tissue-clearing techniques 
have enabled the acquisition of high-resolution images 
of the fine internal structures of non-sliced biological tis-
sues and organs. These techniques can transform intact 
opaque tissues into optically transparent and macromo-
lecular permeable states, allowing the collection of three-
dimensional data in complex biological systems without 
destroying the original tissue structure [12, 13]. Three-
dimensional volumetric analysis using tissue clearing 
techniques provides comprehensive information about 
the volume of epidermal cells in a larger skin space than 
traditional two-dimensional methods [14].

Despite several limitations such as cost and accessibil-
ity, lack of standardization, and challenges in experimen-
tal design and data analysis, these powerful technologies 
have provided substantial insights into various fields, 
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including oncology, cardiovascular diseases, neurosci-
ence, immunology, developmental biology, and regen-
erative medicine. As technology advances and methods 
become standardized, 3D histology is poised to revo-
lutionize our approach to studying complex biological 
systems, offering unprecedented insights into the spatial 
dynamics of life.

Overview of 3D histology
3D tissue reconstruction has become a transformative 
tool in biomedical research, providing critical insights 
into tissue organization, cellular interactions, and sub-
cellular structures at micrometer to nanometer scales. 
This process involves several key stages, including sam-
ple preparation, imaging, spatial omics analysis, and 
advanced computational methods, each essential for pre-
serving tissue integrity and achieving high-resolution 3D 
reconstructions. By carefully examining these stages, we 
can appreciate the precision and complexity required to 
successfully reconstruct tissue structures in three dimen-
sions. Especially over the past two decades, innovations 
in tissue clearing techniques, imaging methods, virtual 
reality (VR), augmented reality (AR), and spatial omics 
have propelled 3D histology forward at an unprecedented 
pace. Tissue clearing methods, which make biologi-
cal tissues transparent while preserving their structural 
integrity, have been instrumental in enhancing imaging 
clarity. Advances in imaging technologies, such as light-
sheet microscopy and two-photon microscopy, have 
further enabled high-resolution, deep-tissue imaging. 
Recently, VR and AR have revolutionized how research-
ers interact with 3D histological data, providing immer-
sive experiences for studying complex tissue structures. 
Furthermore, spatial omics technologies—covering tran-
scriptomics, epigenomics, and proteomics—allow for the 
mapping of molecular landscapes within tissues, enabling 

detailed exploration of cellular organization and function 
in three dimensions (Fig. 1).

Sample preparation
To begin with, sample preparation is a fundamental pro-
cess that ensures the preservation of tissue structure for 
subsequent imaging. Fixation and embedding are the 
initial steps in this process. Fixatives can crosslink pro-
teins and nucleic acids, thereby maintaining the struc-
tural integrity of tissues and preventing degradation 
[15]. Following fixation, tissues are embedded in sup-
portive media like paraffin or resin. Paraffin embedding 
is commonly used for light microscopy, offering ease of 
sectioning and long-term storage [16]. In contrast, resin 
embedding provides superior support for ultra-thin sec-
tions required in electron microscopy, facilitating high-
resolution imaging of cellular ultrastructure [17]. In 
addition, there is a method called optimal cutting tem-
perature (OCT) embedding, which involves a water-
soluble polymer mixture. During the frozen sectioning 
process, OCT embedding agents effectively support and 
protect tissue structures, preventing damage caused by 
the formation of ice crystals [18]. Compared to the other 
two methods, OCT embedding is suitable for tissue sam-
ples that require rapid processing, particularly for fro-
zen tissue samples, immunohistochemical staining, and 
in situ hybridization experiments. This is because it can 
preserve the antigenicity of proteins and the integrity of 
RNA molecules [19]. Sectioning is the next crucial step, 
involving slicing the embedded tissue into thin layers. 
This is typically done using microtomes for paraffin-
embedded tissues or cryostats for frozen tissues. The for-
mer produces thin sections suitable for light microscopy, 
making it a staple in histological studies to examine tis-
sue architecture and cellular organization [20]. The latter 
is particularly advantageous for immunohistochemistry 

Fig. 1  Milestone events of 3D histology. Key events in the development of 3D histology were retrospectively summarized from 1590 to the present 
day
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and in  situ hybridization, as it preserves antigenicity in 
tissues, making it ideal for detecting specific proteins 
[21]. Staining, as the last step, enhances the contrast of 
tissue sections, highlighting specific structures for visu-
alization. Hematoxylin and eosin (H&E) staining is the 
most common technique, providing a general overview 
of tissue morphology [15]. Besides, immunohistochemi-
cal staining uses antibodies to detect specific proteins, 
offering insights into protein expression and localization, 
crucial for understanding disease mechanisms [21].

Given that opaque tissue is unsuitable for obtain-
ing high-resolution images [22], the employment of a 
clearing agent becomes imperative to render the tissue 
or organ transparent for the acquisition of precise 3D 
images. Enhanced depth imaging can be accomplished 
via tissue-clearing methodologies, facilitating the exami-
nation of extensive biological tissue specimens [23]. 
Stabilization to Handle Insoluble Embedded Lipids for 
Enhanced Detection (SHIELD) is often the first step, sta-
bilizing proteins and nucleic acids, and preserving the 
overall tissue architecture. By chemically stabilizing tis-
sue components, SHIELD allows repeated imaging cycles 
without significant fluorescence loss. This robust protec-
tion is vital for maintaining the integrity of the samples 
during the extensive analysis [24].Next, System-Wide 
control of Interaction Time and kinetics of Chemicals 
(SWITCH) is essential for achieving uniform labeling and 
clearing across large tissue volumes. SWITCH uses elec-
trophoretic and hydrophilic reagents to control the pene-
tration and interaction of clearing agents and fluorescent 
labels, significantly enhancing the clarity and signal-to-
noise ratio of deep tissue imaging [25]. Additionally, the 
complex structures of biological materials often result in 
unnecessary light scattering and absorption, leading to 
opacity [26, 27]. In most tissues, the scattering coefficient 
is 10 to 1000 times greater than the absorption coefficient 
[27, 28], which significantly limits the imaging depth and 
spatial resolution in conventional microscopy [29]. Light 
scattering in tissues arises from the differences between 
low refractive index (RI) water-based components, such 
as interstitial fluid and cytosol, and high RI lipid and pro-
tein-based components, such as cell membranes, myelin, 
and myofibrils. To further refine the clearing process, 3D 
Nanofluidic Clearing (3DNFC) and Immunolabeling-
enabled three-dimensional Imaging of Solvent-Cleared 
Organs (iDISCO) utilize nanofluidic channels to enhance 
the penetration of clearing agents, enabling rapid and 
uniform clearing of large tissue samples. These methods 
are particularly effective for preparing tissues for high-
resolution 3D imaging [30]. On the other hand, iDISCO 
[31] and its innovative versions such as ultimate three-
dimensional imaging of solvent-cleared organs (uDISCO) 
[32] and three-dimensional imaging of solvent-cleared 

organs (3DISCO) [33], use organic solvents to achieve 
tissue transparency and are compatible with immuno-
labeling, allowing for detailed visualization of specific 
proteins and cellular structures within cleared tissues 
[34, 35]. This technique is widely used for whole-organ 
imaging and offers excellent preservation of fluorescent 
signals. Although 3DISCO provides the highest degree of 
optical transparency, this technique alters the lipid struc-
tures associated with adipose tissues such as the breast 
[36]. Another limitation is that organic solvents rapidly 
quench endogenous fluorescence, requiring quick imag-
ing [37]. To address this issue, a new approach using a 
clearing agent containing fructose, urea, and glycerol for 
imaging (FUnGI) [37, 38] was developed, referred to as 
large-scale single-cell resolution 3D (LSR-3D) imaging. 
Notably, the combination of fructose and glycerol effec-
tively prevents tissue shrinkage and distortion associated 
with the use of urea [39]. In contrast to many previously 
reported clearing agents, FUnGI is a non-toxic, effective 
clearing agent that preserves organ structure integrity. 
Another significant advantage is that it allows tissues to 
be stored at 20°C before microscopic analysis, with no 
noticeable difference in fluorescence between freshly pre-
pared and frozen samples [37]. Finally, CLARITY (Clear 
Lipid-exchanged Acrylamide-hybridized Rigid Imag-
ing/Immunostaining/In situ-hybridization-compatible 
Tissue-hYdrogel) is employed to render tissues transpar-
ent while preserving structural and molecular integrity 
[12, 40]. The CLARITY employs hydrogel embedding to 
retain biomolecules and structural proteins, followed by 
lipid removal to achieve transparency. This technique 
enables multiple cycles of immunostaining and imag-
ing, making it ideal for the comprehensive 3D analysis 
of complex tissues [41]. To improve tissue transparency, 
the Clear Unobstructed Brain Imaging Cocktails and 
Computational Analysis (CUBIC) [42] method employs 
a range of hydrophilic solutions that efficiently eliminate 
lipids while safeguarding fluorescent signals and tissue 
morphology. This technique is particularly beneficial for 
whole-organ imaging, providing detailed visualization 
of neural and vascular networks. The ability to maintain 
structural detail while achieving transparency makes 
CUBIC an indispensable tool in 3D histology [43, 44]. 
Water-soluble dyes within the visible spectrum can effec-
tively reduce the RI contrast between water and lipids, 
thereby enhancing optical transparency in live biologi-
cal tissues [45, 46]. A recent study discovered that strong 
absorbent dye molecules could render the skin, muscle, 
and abdominal regions of living mice transparent, ena-
bling non-invasive, high-resolution imaging of deep tis-
sues [47]. Besides, tissue transparency is influenced by 
lipid content and average RI values [48–52]. However, 
due to the extracellular matrix (ECM) richness in tissues 
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like tendons, skin, and bones, the impact of lipids on the 
transparency of protein-rich tissues is minimal. There-
fore, RI modulation is more beneficial for achieving trans-
parency in these tissues, and materials that exhibit high 
RI and good tissue penetration are desired [53]. MXDA 
has been identified as a novel tissue-clearing chemical 
with a high RI in aqueous solutions [54]. Studies have 
shown that progressively cultivating biological specimens 
with increasing concentrations of MXDA can be used for 
clearing entire organs or organisms [55]. By improving 
MXDA-based RI solutions, a method was developed to 
enhance the tissue penetration of RI-matching reagents 
by combining MXDA with sucrose or iodixanol. MAX 
(MXDA-based aqueous RI adjustment solution X) [53] 
enables better tissue penetration without compromising 
tissue clearing activity, achieving a one-step tissue clear-
ing protocol. It can also be combined with modular pro-
cesses for de-fatting, decolorization, and decalcification, 
resulting in higher resolution.

Imaging methods
Experimental imaging methods
Tissues contain a variety of interconnected cells with 
different functional states and shapes, and this com-
plex organization cannot be captured on a single plane. 
For example, tumors have been shown to be highly het-
erogeneous, requiring large-scale spatial analysis to reli-
ably assess their cellular and structural composition [56]. 
Volumetric imaging allows for the visualization of entire 
biological samples, revealing the spatial phenotype and 
dynamic features of complex tissues [57]. A compre-
hensive understanding of pathophysiological processes 
requires non-invasive 3D imaging of deep tissues across 
multiple spatial and temporal scales to link transient sub-
cellular behaviors with long-term physiological events. 
The advances in 3D histology have revolutionized the 
landscape of biomedical research by providing unparal-
leled insight into tissue architecture and cellular arrange-
ment. Through various imaging methods, researchers 
can capture intricate, high-fidelity tissue images and con-
struct 3D representations, offering valuable insights into 
the complex mechanisms of diseases and the efficacy of 
potential treatments.

Optical microscopy is one of the most widely used 
techniques for 3D histological imaging. Among the 
various modalities, confocal microscopy stands out as 
a pioneering tool, which utilizes point illumination and 
spatial pinholes to eliminate out-of-focus light, resulting 
in high-resolution images suitable for 3D reconstruc-
tion. This technique is widely employed in cell biology to 
visualize the spatial distribution of proteins within cells 
[58, 59]. By capturing optical sections of samples at dif-
ferent depths, confocal microscopy has revolutionized 

the understanding of complex cellular dynamics such 
as migration and differentiation, providing a clear and 
detailed 3D representation of tissues [60, 61].

Building upon the success of confocal microscopy, mul-
tiphoton microscopy introduced a deeper tissue penetra-
tion capability, which is crucial for imaging live tissues. 
Unlike confocal microscopy using visible light, multipho-
ton microscopy employs longer wavelengths and multi-
photon excitation technology. This unique approach 
enables enhanced tissue penetration with reduced pho-
todamage, making it particularly useful for observing 
dynamic biological processes like neuronal activity [62]. 
Recent advancements in multiphoton imaging, such as 
spectral imaging, have further improved the technique’s 
ability to collect detailed and quantitative data from bio-
logical samples [63].

Light-sheet fluorescence microscopy (LSFM) is another 
emerging tool, with recent advancements that have 
improved imaging resolution and speed, significantly 
expanding the range of targets and endpoints that can 
be imaged while reducing phototoxicity [57]. This tech-
nique is particularly valuable in developmental biology 
and neuroimaging, where it has enabled researchers to 
observe tissue development and function in real-time 
[64, 65]. Moreover, congenital and adaptive immune 
factors mediate asthma responses within the complex 
3D structure of the lungs, characterized by multiple 
distinct lobes and a branching airway network known 
as the bronchial tree [66]. Therefore, to understand the 
pathogenesis of asthma and develop effective treat-
ments, achieving a multi-scale 3D spatial lung immune 
map is crucial, including information on lung anatomical 
structures, pathological tissue sites, and the distribution 
and phenotypes of individual immune cells [67]. LSFM 
can visualize the macro- and mesostructures of the 
entire lung tissue in 3D by using optical clearing meth-
ods. Through simple incubation in a series of immersion 
solutions, tissues are rendered transparent and optically 
accessible by homogenizing the RI of cellular and non-
cellular components (such as phospholipids, extracellular 
matrix, proteins, and DNA) in the tissue [48, 68]. For 3D 
LSFM, less toxic or non-toxic organic solvents, such as 
dibenzyl ether (DBE) and ethyl cinnamate (ECi), are typi-
cally used to achieve greater transparency in large tissue 
volumes and whole mouse organs after alcohol-mediated 
tissue dehydration [69–71]. After optical clearing based 
on organic solvents, LSFM generates thin light sheets and 
scans the entire tissue sample, minimizing damage while 
providing rapid 3D imaging [65, 72, 73].

Although optical microscopy provides significant 
insight into cellular structures, electron microscopy 
(EM) offers even higher resolution, capable of reveal-
ing ultrastructural details at the nanometer scale. There 
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are two primary types of electron microscopy used in 
3D histology: scanning electron microscopy (SEM) and 
transmission electron microscopy (TEM). SEM cap-
tures high-resolution images of the surface topography 
of tissues by scanning a focused electron beam over the 
specimen. It is particularly effective for examining the 
morphology of tissue surfaces, such as the epithelial lin-
ing of organs [74–76]. SEM has also seen advancements 
with methods like cryo-SEM and focused ion beam (FIB)-
SEM, which allow for the imaging of frozen samples in 
their native state and serial sectioning for 3D reconstruc-
tion [77, 78]. In contrast, TEM provides insights into the 
internal structure of cells, capturing detailed images of 
organelles like mitochondria and the endoplasmic reticu-
lum, which are crucial for understanding cellular func-
tion and pathology [79]. The capacity of TEM to unveil 
intricate cellular details renders it an indispensable tool 
for investigating the fundamental mechanisms of dis-
eases at the cellular level. For tissues and cells that are 
too thick to image using traditional microscopy such as 
LSFM, cryo-electron tomography (Cryo-ET) offers a via-
ble alternative. Cryo-ET uses ion beams to thin specific 
areas of interest within cells, yielding high-resolution 3D 
images of biological specimens while preserving their 
native state [80]. This technique has proven to be crucial 
in structural biology, particularly for studying complex 
cellular structures and molecular assemblies [81, 82].

In addition to traditional optical and electron micros-
copy, several emerging techniques have further expanded 
the capabilities of 3D histology. One such technique is 
atomic force microscopy (AFM), which measures surface 
topography using a sharp probe. AFM provides nanoscale 
resolution and allows researchers to study the mechani-
cal properties of tissues and cells, such as stiffness and 
elasticity [83]. This technique has proven particularly 
valuable in tissue engineering, where understanding cel-
lular responses to mechanical forces is critical. Recent 
developments in AFM, including high-speed imaging and 
force spectroscopy, have enhanced its application in the 
detailed study of cell mechanics [76, 84]. Another break-
through technology is laser capture microdissection 
(LCM), which enables the precise isolation of specific 
cells or tissue regions using a laser. This technique is par-
ticularly useful for studying heterogeneous tissues and 
rare cell populations, which can be difficult to analyze 
using conventional methods [85–88]. Advances in LCM, 
such as improved precision and automation, have made 
it an indispensable tool for molecular biology research, 
allowing for targeted analysis of specific cell types [76, 
89–91].

Finally, mass spectrometry imaging (MSI) has revo-
lutionized tissue analysis by providing spatial distribu-
tion maps of chemical compounds, such as metabolites, 

lipids, and proteins, within tissues. MSI enables research-
ers to visualize tissue composition in 3D, offering valua-
ble insights into disease biomarkers and tissue pathology 
[92]. Recent improvement in sensitivity and the integra-
tion of MSI with other imaging modalities result in a 
more comprehensive analysis of tissue structures [93, 94].

In conclusion, the development of various imaging 
technologies has profoundly impacted 3D histology, 
enabling researchers to explore tissue architecture and 
cellular organization with unprecedented detail. These 
imaging technologies play different roles in 3D histol-
ogy, complementing each other, and through multimodal 
imaging and integrated analysis, they drive the advance-
ment of 3D histology.

Clinical imaging methods
The evolution of 3D imaging technologies has signifi-
cantly enhanced diagnostic precision and treatment 
planning in medical imaging, and when applied within 
the framework of 3D histology, these technologie further 
enrich our understanding of tissue organization, cellular 
interactions, and subcellular structures, providing deeper 
insights into disease mechanisms. Here we introduce var-
ious 3D imaging modalities, their development over time, 
and their typical applications in clinical practice (Fig. 2).

Initially, CT, which is based on X-ray technology with 
the transmission of multiple X-ray beams through the 
body at diverse angles [95], revolutionized medical 
imaging by providing detailed cross-sectional images 
of tissues. The introduction of CT in the 1970s marked 
a significant breakthrough, offering unprecedented clar-
ity in visualizing internal structures [96]. By the 2000s, 
dual-energy CT emerged, further refining CT imaging by 
employing two distinct energy levels to distinguish tis-
sues with similar densities. This advancement improved 
tissue characterization and enabled more accurate detec-
tion of subtle abnormalities [96, 97]. Dual-energy CT has 
shown particular benefits in vascular imaging, oncology, 
and musculoskeletal assessments [98, 99]. This tech-
nique allows for better differentiation of tissue types and 
enhanced visualization of pathological changes [100, 
101]. Unlike conventional CT, a 3D imaging technique 
that can clearly understand the internal microstructure 
of a sample without destroying it has gradually been 
developed. Micro-CT scanning, introduced for small 
animal imaging, provides ultra-high resolution imaging 
at the micron scale for pre-clinical studies. This modal-
ity allows for detailed visualization of anatomical and 
pathological features at a microscopic scale, contribut-
ing to advancements in research and development [102]. 
The high resolution of micro-CT has been instrumen-
tal in studying disease models and evaluating therapeu-
tic interventions [103]. Moreover, cone beam computed 
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tomography (CBCT) has revolutionized dental and max-
illofacial imaging with its ability to deliver detailed 3D 
images. CBCT’s compact design and lower radiation dose 
compared to conventional CT make it advantageous for 
applications such as dental implants and orthodontics 
[104, 105]. The technology has improved patient safety 
and diagnostic accuracy, offering detailed views of dental 
and craniofacial structures [106, 107].

On the other hand, magnetic resonance imaging 
(MRI), using strong magnetic fields and radiofrequency 
(RF) waves to generate detailed images of soft tissues 
[108, 109], further advanced the field of medical imag-
ing with its superior ability to visualize soft tissues. MRI 
has become indispensable for diagnosing neurologi-
cal, musculoskeletal, and oncological conditions since 
its development in the 1980s [110]. The advent of 3D 
MRI allowed for the reconstruction of images in three 
dimensions, offering a more comprehensive assessment 
of complex anatomical structures. This modality sig-
nificantly improved soft-tissue contrast and diagnostic 
accuracy, facilitating detailed analysis of brain struc-
tures and tumors [111, 112]. 3D MRI has been pivotal 
in both clinical and research settings, enhancing our 

understanding of various diseases and their progres-
sion [111, 113]. A recent development, namely mag-
netic particle imaging (MPI), uses superparamagnetic 
nanoparticles to create high-resolution images with 
excellent spatial and temporal resolution. MPI’s ability 
to provide detailed and dynamic imaging has expanded 
its applications in preclinical research and clinical diag-
nostics [114, 115]. This technique offers advantages in 
terms of imaging speed and resolution compared to 
traditional modalities [116, 117].

Ultrasound imaging (sonography), known for its real-
time capabilities and safety, uses sound waves to create 
images of internal structures. As an advancement in 
this technology, high-frequency ultrasound enhances 
resolution and provides detailed images of superficial 
tissues and small structures. It has become indispensa-
ble in obstetrics, cardiology, and musculoskeletal imag-
ing due to its non-invasive nature and dynamic imaging 
features [118]. This modality has improved diagnostic 
accuracy in applications such as dermatology and oph-
thalmology, offering detailed insights into tissue struc-
tures. High-frequency ultrasound’s ability to capture 
real-time images has made it a valuable tool for guiding 

Fig. 2  Clinical imaging techniques. Key events in developing clinical imaging techniques were retrospectively summarized from 1956 
to the present
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interventions and monitoring treatment outcomes 
[119, 120].

Positron emission tomography (PET) provides func-
tional imaging using radiotracers to visualize metabolic 
activity, particularly in oncology for detecting cancerous 
tissues [121, 122]. The integration of PET with MRI in 
hybrid imaging systems, known as PET/MRI, synergisti-
cally merged PET’s functional imaging capabilities with 
MRI’s intricate anatomical details. This hybrid approach 
has provided a comprehensive view of physiological and 
structural data, enhancing diagnostic precision and treat-
ment planning [123, 124]. PET/MRI remains indispensa-
ble for assessing disease progression, treatment response, 
and guiding personalized therapy [125]. Similarly, PET/
CT hybrid imaging has further improved diagnostic 
accuracy by combining metabolic and anatomical infor-
mation [126, 127]. Following PET, single photon emis-
sion computed tomography (SPECT) provided another 
method for functional imaging using different radiotrac-
ers. SPECT has been particularly useful in cardiology and 
neurology for evaluating blood flow and metabolic pro-
cesses [128, 129]. The ability of SPECT to assess dynamic 
physiological changes complements anatomical imaging 
modalities, offering a more complete view of disease pro-
cesses [130].

Terahertz imaging and X-ray phase-contrast imag-
ing represent recent innovations with unique imaging 
capabilities. Terahertz imaging uses terahertz radiation 
to detect hidden features, with applications extending 
into security and material science [131]. X-ray phase-
contrast Imaging enhances image contrast by exploiting 
phase shifts of X-rays, improving the visibility of soft tis-
sues and fine structures [132, 133]. Both modalities offer 
advancements in imaging technology that extend beyond 
traditional methods, providing new insights into material 
and biological samples [134, 135].

In the field of optical imaging, OCT has been instru-
mental in capturing high-resolution images of tissues 
using light waves. OCT has found extensive applica-
tions in ophthalmology for diagnosing retinal diseases 
and has expanded into cardiology for imaging coro-
nary arteries [136, 137]. The technique’s ability to pro-
vide detailed cross-sectional images has been crucial 
for assessing tissue health and guiding clinical deci-
sions [138]. Moreover, photoacoustic imaging (PAI) 
combines optical and acoustic technologies to cre-
ate detailed images of tissue structures and functions. 
PAI has proven effective in imaging vascular structures 
and tissue oxygenation, offering insights into tumor 
physiology and guiding cancer treatment [139–141]. 
The integration of optical and acoustic signals in PAI 
allows for high-resolution images with anatomical 

and functional information, making it a valuable tool 
in various biomedical applications [142, 143]. In con-
trast, photoacoustic tomography (PAT) merges the 
advantages of optical and ultrasound imaging, offering 
detailed tissue structure and function information [144, 
145]. Therefore, multimodal imaging integrates various 
imaging techniques to leverage their strengths, provid-
ing a comprehensive diagnostic approach. Such inte-
gration enhances diagnostic capabilities and provides a 
holistic view of pathological conditions, improving dis-
ease diagnosis and treatment planning [146, 147].

With the advancement of biotechnology, more and 
more imaging techniques have been developed for the 
visualization of human tissues or organs. For instance, 
dynamic susceptibility contrast (DSC) imaging has 
been utilized for visualizing blood vessels and detect-
ing abnormalities such as aneurysms [148, 149]. Mag-
netic resonance elastography (MRE) assesses tissue 
stiffness, aiding in diagnosing liver fibrosis and other 
diseases [150, 151]. Moreover, diffuse optical tomogra-
phy (DOT) provides functional imaging based on light 
absorption and scattering, which is useful for brain 
imaging and cancer detection [152, 153].

In summary, the advancements in these 3D imaging 
technologies reflect a continuous progression toward 
greater diagnostic precision and enhanced treatment 
planning, showcasing the remarkable evolution of med-
ical imaging techniques over time.

Spatial omics
Spatial omics is widely regarded as a new frontier in 
life sciences. It combines omics technologies (such as 
transcriptomics, proteomics, epigenomics, and metab-
olomics) with spatial information, offering a deeper 
understanding of biological samples by analyzing the 
spatial distribution of biomolecules within tissues or 
cells [154]. Traditional omics technologies typically 
lose spatial information because they require tissue or 
cell samples to dissociate into homogeneous mixtures 
[155]. In contrast, spatial omics preserve the spatial 
structure of the sample, allowing the analysis of biomo-
lecular data while considering their spatial locations. 
Spatial omics enable the observation of the distribution 
of genes, proteins, or metabolites in two-dimensional 
(2D) space and reveal the specific locations of these 
biomolecules and their interrelationships within the 
tissue structure [154]. This is of great significance for 
understanding the complex structure of tissues, cell-to-
cell interactions, and the microenvironment of diseases 
[156–158]. The ability to measure molecular character-
istics of cells within their native 3D environment has 
driven the development of spatial omics (Fig. 3).
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Spatial transcriptomics
Spatial transcriptomics involves mapping gene expres-
sion at different locations within tissue sections, 
and  connecting gene data to their spatial coordinates 

within the tissue. This approach unveils the spatial 
diversity of gene expression and sheds light on the 
biological roles of distinct tissue regions. [159]. Deci-
phering the principles and mechanisms through which 
gene expression orchestrates the intricate cellular 

Fig. 3  3D histology inferred from spatial omics. This figure outlines the step-by-step workflow used to investigate the spatial distribution 
of various cell types within tissues. Firstly, tissue samples were prepared through a series of steps, including collection, embedding, sectioning, H.E. 
staining, and imaging. Following that, the tissue slices adjacent to the previously imaged sections were subjected to spatial multi-omics analysis, 
incorporating techniques such as spatial transcriptomics, spatial epigenomics, spatial genomics, spatial proteomics, and spatial metabolomics. 
Next, the resulting spatial omics data were processed using a range of tools and platforms, facilitating the spatial mapping of cell types and their 
expression levels. This comprehensive workflow allows for the evaluation of histological features at the 3D level, advancing research related 
to cellular dynamics and informing relevant therapeutic strategies
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organization in multicellular organisms holds profound 
implications for research in the life sciences [160].

The earlier development of single-cell RNA sequenc-
ing (scRNA-seq) provided comprehensive insights into 
the transcriptome, revolutionizing the ability to identify 
cell sub-populations [161]. However, limitations such as 
relatively low RNA transcript capture efficiency and cov-
erage potentially result in the omission of crucial gene 
expression in downstream analyses [162]. Additionally, 
tissue dissociation procedures may influence the tran-
scriptome, triggering transcriptome-wide changes such 
as ectopic gene expression. These alterations can intro-
duce signal contamination, potentially leading to the 
misclassification of cell subtypes during analysis [163]. 
With the advancements in spatial transcriptomics, these 
challenges have been progressively addressed. Each cell 
is now assigned a specific and unique spatial tag that 
includes spatial coordinate information, allowing for 
the precise localization of identified cell subpopulations 
within the original tissue section [164]. By leveraging 
spatial transcriptomics, researchers can acquire tran-
scriptomic data directly from intact tissue sections, thus 
acquiring spatial distribution information and elucidating 
patterns of cellular interactions [164].

Traditionally, analyzing multiple mRNAs necessi-
tated cell lysis, which prevented determining the precise 
localization of mRNAs within cells. Fluorescent in  situ 
RNA sequencing (FISSEQ) addresses this limitation by 
exposing environment-specific transcripts while main-
taining the tissue structure essential for RNA localiza-
tion [165]. This method is applicable to tissue slices and 
whole embryos, facilitating extensive parallel detection of 
genetic elements and supporting the analysis of cell phe-
notypes, gene regulation, and in situ environments [166]. 
Another spatial technique based on imaging, multiplexed 
error-robust fluorescence in  situ hybridization (MER-
FISH), allows the identification and quantification of a 
large array of RNA species at the single-cell level, rang-
ing from hundreds to thousands. It is achieved through a 
tailored fluorescent labeling approach that allows for the 
concurrent detection of multiple RNA molecules [167]. 
Fluorescence in  situ hybridization (FISH) methods such 
as Vizgen MERSCOPE [168], NanoString CosMx [169], 
and seqFISH + [170] are capable of capturing hundreds to 
thousands of transcripts at subcellular resolution [171].

Due to the unbiased spatial composition provided by 
spatial transcriptomics (ST) technologies, these meth-
ods have been instrumental in generating tissue atlases, 
which serve as invaluable resources for reference map-
ping [160]. ST-based approaches have successfully estab-
lished detailed maps of the entire mouse brain [172], as 
well as specific regions including the visual cortex [173], 
the primary motor cortex [174], the  middle temporal 

gyrus [175], the preoptic area of the hypothalamus [176], 
hippocampus [176, 177], and cerebellum [178]. Spatial 
transcriptomics technologies serve as powerful tools for 
studying the dynamics of complex structures, tissues, 
and organ systems, as well as their underlying mecha-
nisms [159]. Such methodologies offer invaluable bio-
logical insights by revealing intricate details of tissue 
architecture, developmental trajectories, and disease 
pathogenesis. Processes like infection and inflammation 
can substantially disrupt the cellular organization within 
tissues [179]. Anomalous spatial arrangements in tissues 
are often recognized as key indicators of pathological 
conditions [180]. Beyond normal development and phys-
iology, spatial transcriptomics can identify mechanisms 
underlying cancers, where the tissue architecture that 
supports normal physiological functions has been dis-
rupted [181–186]. It has been utilized to investigate the 
relationship between cancer cells in various states to ana-
lyze the tumor microenvironment [185, 187–189]. This 
approach enables the study of molecular characteristics 
that span the boundaries between cancerous and normal 
tissues [190].

While cutting-edge spatial transcriptomics technolo-
gies currently face limitations such as relatively low reso-
lution and insufficient sequencing depth, which hinder 
precise insights into normal and abnormal tissues [162], 
future advancements are expected to enable the study of 
larger-scale tissue specimens. This will facilitate the map-
ping of organ-level tissue topography, allowing for a more 
comprehensive and continuous interpretation of tissue 
architecture [159]. It is not feasible to achieve single-
cell resolution at the spatial level in certain spatial tran-
scriptomics methods, particularly in widely used spatial 
barcode-based techniques. Conversely, scRNA-seq fails 
to capture the spatial distribution of individual cells. By 
integrating spatial transcriptomics with scRNA-seq data, 
it is possible to retrospectively query publicly available 
datasets to uncover new biological insights that may have 
previously been concealed within the original data [158, 
159, 162].

Slide-tag is a spatial transcriptomics technique that 
combines spatial barcoding with high-throughput 
sequencing [191]. In this method, spatial barcode probes 
are pre-fixed on a slide, and when these barcodes bind to 
mRNA within the tissue, reverse transcription and ampli-
fication are carried out. High-throughput sequencing is 
then performed to capture gene expression information, 
along with its corresponding spatial location. Slide-tag 
enables genome-wide gene expression profiling in a sin-
gle experiment while preserving the spatial context of 
the tissue, producing spatial heatmaps of gene expression 
[192]. However, the resolution of Slide-tag is depend-
ent on the distribution density of the barcode probes 
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on the slide, typically achieving single-cell or subcellular 
resolution [193]. In contrast, the 10X Genomics Xenium 
[194] technology leverages in  situ fluorescence imaging 
to capture RNA expression at single-cell or subcellular 
resolution, significantly enhancing spatial precision. This 
technology directly maps and quantifies the spatial distri-
bution of millions of cells and billions of RNA molecules, 
enabling the simultaneous detection of RNA and pro-
teins within the same tissue Section [158]. It is compat-
ible with a variety of tissue types, including fresh frozen 
(FF), formalin-fixed paraffin-embedded (FFPE), tissue 
microarrays (TMA), and organoids [158, 195]. At the 
subcellular level, 10X Genomics Xenium reconstructs the 
morphological structure of the tissue microenvironment, 
offering new insights into the relationship between path-
ological tissue architecture and cellular function[196].
Patho-DBiT, a method for spatial whole transcriptome 
sequencing in formalin-fixed paraffin-embedded (FFPE) 
tissues, enables the analysis of diverse RNA species, splic-
ing isoforms, and single-nucleotide RNA variants, which 
enhances our understanding of tumor clonal architecture 
and progression in clinical pathology [197].

Spatial epigenomics
The mechanisms of cell interactions involve not only 
the transcriptome but also upstream factors such as 
epigenetics, which play a critical role in gene and tran-
scriptional regulation. Chromatin states govern genomic 
function and are regulated in a cell type-specific man-
ner [198, 199]. Simultaneously, a strong correlation 
exists between the cellular arrangement within tissues 
and their functional responsibilities. Spatial epigenom-
ics reveals how these modifications function in different 
tissue or cellular contexts by examining the spatial distri-
bution of epigenetic modifications such as DNA methyla-
tion, histone modifications, and chromatin accessibility. 
Genome-wide analyses of transcription factors and chro-
matin modifications offer insights into regulatory pro-
cesses such as gene transcription, cell differentiation, and 
cellular responses. Transcription factors control near 
gene transcription by targeting specific genomic regions 
and interpreting the DNA code [200]. The patterns of 
gene expression specific to each cell type are partly 
driven by the interplay between transcriptional mecha-
nisms and chromatin regulatory elements, a process that 
can become dysregulated in diseases [201, 202]. Sev-
eral approaches have been developed to simultaneously 
measure gene expression and chromatin accessibility at 
the single-cell level [203–205]. However, our capacity to 
investigate chromatin accessibility at a significant spatial 
resolution is currently constrained by the necessity for 
custom microfluidics or microdissection in existing spa-
tial chromatin analysis methods [206, 207].

Since the development of chromatin immunoprecipita-
tion (ChIP), it has become a widely utilized and power-
ful methods for chromatin analysis [208, 209]. The ChIP 
process involves cross-linking and fragmenting chroma-
tin into smaller segments in solution. An antibody is used 
to selectively capture the target chromatin epitope, after 
which genomic DNA is extracted for high-throughput 
sequencing. However, the cross-linking and sonication 
steps in ChIP-seq and its variants require a substantial 
number of cells, can potentially mask epitopes, pro-
duce high background noise, and often yield a relatively 
low signal-to-noise ratio [200]. Alongside ChIP, new 
enzyme-tethering techniques have emerged for use in 
live cells, including CUT&RUN (Cleavage Under Tar-
gets and Release Using Nuclease) [210] and single-mol-
ecule method CUT&Tag (Cleavage Under Targets and 
Tagmentation) [211]. The CUT&RUN protocol uses a 
fusion of MNase and protein A (PA-MNase) to cleave 
chromatin at the genomic locations where antibodies 
bind. Similarly, CUT&Tag targets chromatin associated 
with specific proteins in  situ by using a fusion of Tn5 
DNA transposase and protein A (pA-Tn5). CUT&Tag 
offers distinct advantages over ChIP-seq, such as requir-
ing only about one hundred cells, reduced background 
noise, a higher signal-to-noise ratio, enhanced repro-
ducibility, and a shorter protocol [212]. This method has 
been applied to the analysis of transcription factors and 
chromatin modifications across various species, includ-
ing humans [213], mice [214], piglets [215], cattle [216, 
217], zebrafish [218], fruit flies [219], Toxoplasma [220], 
and plants [221, 222].

Despite recent breakthroughs in single-cell sequenc-
ing that allow for the analysis of single-cell epigenomes 
[223–225], integrating spatial information of individual 
cells within their native tissue context remains challeng-
ing [204, 226–230]. Spatial-CUT&Tag [231], used for 
analyzing histone modifications in a spatially resolved 
manner, combines deterministic tissue barcoding [232, 
233] with CUT&Tag chemistry [234, 235] to enable 
in  situ analysis of chromatin states and transcription 
factors with high spatial resolution. Specifically, Spatial-
CUT&Tag employs specific antibodies to mark histone 
modifications and then utilizes the pA-Tn5 transposase 
for antibody-guided in situ tagmentation of target-bound 
DNA in native cells. This approach leverages microflu-
idic chips to achieve spatial encoding of histone modi-
fications. Once encoding is complete, sequencing is 
employed to acquire comprehensive gene sequences, fol-
lowed by the application of computational methodologies 
to reconstruct the spatial distribution of modifications. 
Similarly, spatial epigenomics also encompasses spatial 
ATAC-seq (Assay for Transposase-Accessible Chromatin 
Sequencing) [207], which maps chromatin accessibility 
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and reveals regions of open chromatin that are associated 
with active gene regulation. Spatial-ATAC-seq utilizes the 
Tn5 transposase to cleave open chromatin regions fol-
lowed by spatial encoding and next-generation sequenc-
ing. And computational methods are then employed 
to reconstruct the distribution of chromatin accessibil-
ity across the genome [236]. Histone modifications and 
chromatin accessibility represent two distinct aspects of 
epigenetic regulation. Comprehensive analysis of these 
diverse epigenetic dimensions enhances our insight into 
the intricate influence of epigenetic regulation on gene 
expression and cellular functionality. Significantly, these 
innovative methodologies afford unprecedented obser-
vation of epigenetic processes in tissue development, 
spanning both spatial and genome-wide scales, thereby 
enabling the spatial delineation of epigenetic regulatory 
landscapes intertwined with developmental and patho-
logical contexts.

Spatial genomics
Spatial genomics is used to study how the spatial posi-
tioning of genomic sequences or structural variants 
within the nucleus changes from one cell to another, and 
between different cell types, at specific locations in mul-
ticellular tissues or organs [237]. This can be exemplified 
by using multi-region sequencing to investigate intratu-
moral genetic heterogeneity [238]. The genome exhibits 
spatial organization across different length scales, from 
individual base pairs to entire chromosomes. This organi-
zation is thought to regulate gene expression and control 
cellular function, and it varies between different cell types 
within an organism [239]. By integrating genomic tech-
nologies with spatial information, it is possible not only 
to examine gene expression within individual cells but 
also to explore the organization, spatial arrangement, and 
interactions of genes within multicellular systems. This 
approach aids in the study of complex biological systems 
and the mechanisms underlying disease pathogenesis.

In a recent study, DNA seqFISH + (sequential fluo-
rescence in  situ hybridization with DNA encoding) was 
used to image 3,660 genomic loci in over 2,000 cells 
from mouse cortical tissue sections [240], along with 76 
RNAs and 8 histone marks, and nuclear bodies [241]. 
This revealed the presence of genomic regions associ-
ated with nuclear bodies and chromatin marks in differ-
ent cells. Currently, in  situ genome sequencing (IGS) is 
an exciting approach poised to drive the spatial genomics 
revolution [242]. IGS combines in  situ sequencing (ISS) 
with standard next-generation sequencing to decode and 
map the spatial distribution of hundreds of thousands of 
paired-end reads from thousands of randomly targeted 
DNA loci. ISS is capable of mapping the spatial organi-
zation of repetitive DNA elements, chromatin domains, 

and colocalization events between specific genomic 
regions and nuclear bodies at various stages of mouse 
embryonic development (zygote, two-cell, and four-cell 
stages), as well as in human fibroblasts [242]. Further-
more, in early mouse embryos, ISS allows for the spatial 
resolution of parental genomes, revealing parent-specific 
features of genome organization [242]. OligoFISSEQ (oli-
gonucleotide fluorescence in situ sequencing) is a multi-
plex hybridization technique based on Oligopaint probes 
and ISS. This method utilizes non-fluorescent Oligopaint 
probes during in situ hybridization, combined with in situ 
sequencing technology (such as ligation sequencing), to 
read the barcodes of labeled probes [243]. By hybridizing 
and ligating single fluorescent nucleotides or dye-labeled 
dinucleotides to the barcode regions, the barcode data is 
read sequentially, offering spatial genomic details base by 
base. Unlike traditional FISH methods, OligoFISSEQ can 
detect more genomic targets with fewer imaging cycles, 
thereby increasing detection throughput [237]. By inte-
grating high-throughput sequencing and spatial imag-
ing, OligoFISSEQ allows researchers to detect multiple 
genomic regions at high resolution, advancing the study 
of 3D genome organization. Although it is currently lim-
ited to studying certain genomic regions, its potential 
multiplexing capacity indicates that it could be expanded 
to cover broader genomic areas in the future.

Another promising recently emerged technique is 
slide-DNA-seq [244]. In slide-DNA-seq, DNA sequences 
are directly extracted from fixed tissue sections onto a 
slide coated with polystyrene beads. These beads con-
tain Illumina sequencing adapters and unique spatial 
barcodes, ensuring the preservation of spatial location 
information for each DNA sequence. Due to the 10 μm 
diameter of the beads, slide-DNA-seq is currently limited 
in achieving subcellular spatial resolution [237]. Applying 
slide-DNA-seq to tissue sections from mouse metastasis 
models and primary human cancers enables the identifi-
cation and spatial localization of tumor clones according 
to the genomic landscape of DNA copy number [244]. 
Thus, alongside ISS, slide-DNA-seq holds potential for 
cancer diagnostics by investigating tumor genetic and 
phenotypic diversity, thus contributing to personalized 
cancer treatment [245].

Ductal carcinoma in situ (DCIS) is a common precur-
sor to invasive breast cancer, yet the clonal diversity and 
genomic evolution that lead to recurrent disease remain 
poorly understood [246]. Additionally, generating a 
genomic profile of DCIS, especially at single-cell genomic 
resolution, is challenging due to the nature of tissue col-
lection, which predominantly involves FFPE blocks 
[247, 248]. Although a previous study demonstrated the 
feasibility of performing single-cell DNA sequencing 
(scDNA-seq) on a small number of FFPE samples, the 
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approach had limited cell throughput (n = 96), was costly, 
time-consuming, and unsuitable for high-throughput 
sequencing of large-scale samples [249]. To address this 
issue, the first high-throughput single-cell DNA sequenc-
ing method for FFPE tissues, known as archive nanowell 
sequencing (Arc-well), was developed [250]. This method 
enables the genomic analysis of thousands of single cells 
from FFPE tissues simultaneously and can also be applied 
to fresh and frozen tissue samples. Arc-well provides an 
efficient high-throughput solution, making it feasible to 
leverage single-cell technologies to study large collections 
of archived FFPE clinical samples [251]. In addition to 
cancer research, Arc-well can be used to investigate cel-
lular mutations and copy number variations in both nor-
mal and diseased tissues, offering new insights into the 
understanding of human diseases[252–255].

Although these techniques can currently only probe 
limited portions of the genome, the rapid advancements 
in sample preparation methods, imaging and sequenc-
ing technologies, and high-performance computing are 
expected to facilitate spatially resolved whole-exome or 
whole-genome sequencing in the near future [237].

Spatial proteomics
The primary objective of spatial proteomics is to charac-
terize the abundance and spatial distribution of proteins, 
along with their post-translational modifications within 
a two-dimensional space [256]. This is crucial for under-
standing the functional roles of proteins across different 
cellular and tissue regions, as well as their involvement in 
intercellular signaling. The function of a protein is inti-
mately linked to its subcellular localization, as different 
compartments provide distinct chemical environments 
(such as pH and redox conditions), potential interac-
tion partners, or substrates [257]. Therefore, the tight 
regulation of protein subcellular localization is a criti-
cal aspect of controlling cellular physiology [258]. Most 
cellular processes involve changes in protein subcellular 
localization, such as the nucleocytoplasmic shuttling of 
transcription factors, the relocalization of mitochondrial 
proteins during apoptosis, and the endocytic uptake of 
cargo receptors and signaling receptors at the cell sur-
face [257]. Conversely, the mis-localization of proteins 
is often associated with cellular dysfunction and disease, 
including neurodegenerative disorders, cancer, and meta-
bolic abnormalities [259–262]. Thus, understanding the 
spatial distribution of proteins at the subcellular level and 
capturing protein subcellular dynamics is essential for a 
comprehensive understanding of cell biology.

Immunohistochemistry (IHC), immunofluorescence 
(IF), mass spectrometry (MS), and cytometry [257] can 
be utilized to analyze the spatially resolved distribution 
of proteins or even the entire proteome at tissue, cellular, 

and subcellular levels [263]. These approaches each bal-
ance trade-offs between spatial information and depth 
of coverage, molecular or cellular throughput, and the 
time required for data acquisition [264]. The vast collec-
tion of tissue IHC images from the Protein Atlas Project 
provides unparalleled insights into the spatial (sub)cellu-
lar architecture and composition of tissues at the protein 
level. Spatial proteomics techniques form the founda-
tion for two fundamental spatial imaging technologies: 
imaging mass cytometry (IMC) and multiplexed ion 
beam imaging (MIBI) [154]. IMC integrates immunocy-
tochemistry and immunohistochemistry techniques with 
high-resolution laser ablation integrated into CyTOF 
(cytometry by time-of-flight mass spectrometry or mass 
cytometry) mass cytometry. This approach complements 
current imaging methods by mapping cell subpopula-
tions and cell–cell interactions, thereby highlighting 
tumor heterogeneity [265]. Similarly, MIBI uses second-
ary ion MS to image antibodies labeled with metal iso-
topes, allowing the analysis of samples with up to one 
hundred distinct metal isotope-labeled antibodies [266]. 
Emerging MS techniques for protein identification and 
quantification not only measure the abundance of pro-
teins and post-translational modifications (PTMs) in 
individual cells but also the assessment of protein com-
plexes and their subcellular distribution [267].

Nonetheless, these ion MS-based methods face limi-
tations in obtaining sufficiently pure metals. Tradi-
tional fluorescence immunohistochemistry, meanwhile, 
struggles to achieve single-cell analysis due to optical 
limitations and the difficulty of visualizing more than 7 
biomarkers in a single sample [158]. Fortunately, Cell 
DIVE and CODEX (CO-Detection by indEXing) circum-
vent this limitation through multiple rounds of staining, 
directly labeled with fluorescent dyes [268]. Both Cell 
DIVE and CODEX provide high-dimensional imaging of 
dozens of proteins within individual cells, facilitating the 
analysis of cellular spatial organization, cell interactions, 
and signaling states within tissue. In Cell DIVE, antibod-
ies are directly labeled with a fluorescent dye, followed 
by multiple rounds of staining, imaging, and fluores-
cence quenching [268]. In contrast, CODEX’s core design 
involves a unique oligonucleotide "barcode" attached to 
each antibody, whose complementary sequence binds 
to fluorescent dyes for subsequent imaging [269–271]. 
Additionally, emerging single-cell spatial in situ imaging 
technologies, such as GeoMx DSP (GeoMx digital spatial 
profiler) spatial omics technology, expand the detection 
limit, enabling spatial analysis of over 570 protein tar-
gets and the entire transcriptome, either individually or 
simultaneously [157, 272]. These advanced techniques 
allow researchers to overcome the limitations imposed 
by the number of fluorescence channels in the visible 
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spectrum, enabling the concurrent detection and analysis 
of 50 or more protein markers.

Compared to RNA, proteins are less susceptible to deg-
radation and unprone to cross-linking with other biomol-
ecules in FFPE samples [248]. Additionally, cell types are 
not directly visible and must be inferred from the spatial 
transcriptomic data [273]. Furthermore, RNA expression 
cannot directly predict protein expression [274–277]. 
Therefore, complementing RNA data with direct prot-
eomic measurements provides a more accurate reflection 
of specific cellular functions and states. In summary, it 
would be highly valuable to integrate spatial transcrip-
tomics datasets with high-throughput proteomic in  situ 
imaging as well as the spatial distribution of histone 
marks within tissues [243, 278, 279].

Spatial metabolomics
Adaptation of cellular metabolism is critical for the tis-
sue immune microenvironment (TIM) to maintain 
homeostasis or initiate damage responses [280]. Changes 
in metabolic flux determine chromatin accessibility 
through the direct modification of histones by metabo-
lites, thereby influencing subsequent downstream tran-
scriptional responses and ultimately dictating cell fate 
[281, 282]. Spatial metabolomics enables the mapping 
of metabolite distributions within tissues or cells, allow-
ing for the investigation of metabolic activity variations 
across different spatial locations and providing in-depth 
analysis of the metabolic microenvironment in distinct 
tissue regions.

The current demand for spatial metabolomics 
approaches has been driven by advancements in MSI 
technologies [283]. MSI is a powerful method for per-
forming in situ analysis of the molecular composition of 
biological tissues while preserving spatial information 
[284]. Initially, studies were constrained by limitations 
in spatial resolution and molecular classification. How-
ever, the rapid advancement of MSI instrumentation now 
enables the imaging of thousands of molecules, including 
metabolites, lipids, proteins, and glycans, at (sub)cellular 
resolution [285, 286]. Desorption electrospray ioniza-
tion (DESI) and matrix-assisted laser desorption ioniza-
tion (MALDI) MSI are complementary techniques for 
identifying hundreds of metabolites with near-single-cell 
resolution in a spatial context [287]. Metabolic repro-
gramming is a key regulator of cancer progression [288, 
289] and may contribute to treatment resistance [290], 
underscoring the necessity of evaluating metabolites 
and metabolic fluxes. MALDI-MSI allows for the spatial 
visualization of metabolites, particularly lipids, in tissues 
via laser ionization [291]. The matrix is directly applied 
to tissue sections, forming a co-crystal with metabo-
lites [292]. Upon laser irradiation, the matrix is ionized 

(by gaining or losing a proton), transferring charge to 
the metabolites, leading to their desorption and ioniza-
tion [292, 293]. The number of metabolites detected 
depends on matrix application, instrument parameters, 
and metabolite stability. DESI-MSI employs electrospray 
ionization to extract metabolites from tissues through a 
fine spray of charged solvent droplets [294]. A key advan-
tage is the minimal matrix interference, enabling mul-
tiple analyses of the same tissue section with different 
ionization modes and spatial resolutions, or tandem mass 
spectrometry for metabolite confirmation [295]. High-
speed data acquisition at low resolution can be followed 
by high spatial resolution analysis of selected regions. 
Due to the lack of matrix, which typically interferes with 
mass-to-charge ratios (m/z) below 500 Da, DESI-MSI is 
particularly well-suited for measuring small metabolites 
[296–304].

To infer biological mechanisms within spatial contexts, 
it is ideal to integrate spatial metabolomics with other 
omics layers in the same tissue section. Like other omics 
technologies, spatial metabolomics generates extensive 
datasets containing molecular information from a con-
siderable number of pixels [305]. Within the broader field 
of omics, a significant emphasis lies on integrating data 
from diverse modalities to create a holistic, multi-modal 
perspective of cellular states [306, 307]. Ultimately, fur-
ther efforts are needed to standardize sample prepara-
tion, metabolite detection, and identification to achieve 
broad approval for patient care [287].

Computational methods
The integration of computational methodologies has 
become a cornerstone in modern biomedical research, 
revolutionizing the way extensive and complex datasets 
are processed and interpreted. These advanced tools sig-
nificantly enhance the accuracy and efficiency of diag-
nostics, scientific research, and personalized medicine 
by unlocking deeper insights into biological systems. 
In particular, computational analysis has facilitated the 
extraction of meaningful conclusions from vast datasets 
that were once difficult to handle. Among the most nota-
ble advancements is the application of these techniques 
in 3D histology, where computational methods have 
drastically improved 3D tissue reconstruction and anal-
ysis [308]. By focusing on spatial mapping, gene expres-
sion profiling, protein interactions, and segmentation, 
these computational tools offer unprecedented capabili-
ties, ultimately pushing the boundaries of what can be 
achieved in tissue analysis (Fig. 4; Tables 1 and 2).

Analysis software
In the rapidly evolving field of biomedical research, com-
putational tools have become indispensable for 3D tissue 
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analysis, allowing researchers to study biological struc-
tures with unprecedented detail. These tools facilitate the 
extraction of meaningful biological insights from com-
plex datasets, providing a deeper understanding of tissue 
organization, function, and pathology. A recommended 
workflow for 3D tissue analysis includes four main stages: 
“data acquisition and preprocessing,” “tissue segmenta-
tion and structural analysis,” “spatial mapping and visu-
alization,” and “3D reconstruction, integration, and data 
interpretation.” Each stage involves specific computa-
tional tools designed to address the unique challenges 
of interpreting high-dimensional data in a three-dimen-
sional context. Below, we categorize these tools based on 
their functions, highlighting their contributions to the 
field of 3D tissue analysis.

Data acquisition and preprocessing
Effective 3D tissue analysis begins with the critical step 
of acquiring high-quality data. This involves advanced 

imaging techniques like confocal and light-sheet micros-
copy or spatial transcriptomics, which generate detailed, 
multi-dimensional datasets. Preprocessing this raw data 
is essential, encompassing the correction of imaging 
artifacts, alignment of tissue slices, and enhancement 
of image clarity. MagellanMapper offers a user-friendly 
interface for data acquisition and includes multi-scale 
modeling and 3D visualization capabilities, allowing 
researchers to clean, align, and enhance images before 
further analysis [309]. Additionally, STUtility plays a cru-
cial role in preprocessing spatial transcriptomics data 
by aligning histological images and synchronizing spa-
tial expression data, which are vital for accurate down-
stream analyses [310, 311]. For handling large datasets 
and aligning multiple tissue sections, PASTE2 improves 
stitching accuracy by aligning adjacent spatial transcrip-
tomics slices, maintaining the coherence of tissue struc-
tures during preprocessing [312, 313]. STAligner further 
enhances preprocessing with deep learning techniques, 

Fig. 4  Phylogenetic tree of computational tools for 3D histology. The categorization of analysis software for 3D histology can be visualized as a tree 
structure, with a central “root” labeled “Analysis Software for 3D Histology” and “Visualization Platforms”. The main branches extending from this root 
represent the primary areas of expertise for each tool, categorized into four key sections: “Data Acquisition and Preprocessing”, “Tissue Segmentation 
and Structural Analysis”, “Spatial Mapping and Visualization”, and “3D Reconstruction, Integration, and Interpretation”. Each tool or subgroup’s 
input data types are indicated by colored boxes for clarity. In total, the diagram illustrates 19 distinct tools, providing a comprehensive overview. 
For detailed information, including summaries and repository availability, please refer to Tables 1 and 2
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ensuring complex tissue samples are aligned and ready 
for subsequent analysis [314].

Tissue segmentation and structural analysis
Once data acquisition and preprocessing are complete, 
the focus shifts to the segmentation and structural 
analysis of tissues. This step is essential for distinguish-
ing between different tissue components, identifying cell 
types, and delineating structural features. Segmentation 
tools like DeepST [315], which leverages convolutional 
neural networks, enable precise delineation of intricate 
tissue structures. To further refine segmentation, STG-
Map provides clustering and alignment tools that aid 
in distinguishing between various regions and cellular 
components, especially in tissues with complex architec-
tures [316]. Additionally, graph-based approaches such 
as those utilized by MaskGraphene [317] and SpaGCN 
[318] are invaluable for analyzing tissue networks, map-
ping cell interactions, and identifying unique spatial 
domains. Moreover, Sparse Graph Autoencoder (SGAE) 
[319] simplifies the analysis of complex regulatory net-
works within tissues by identifying sparse representations 
of gene expression data. By focusing on dimensionality 
reduction and feature extraction for high-dimensional 
data, particularly in the analysis of gene expression, 
SGAE provides researchers with a manageable approach 
to studying gene regulation, facilitating the discovery of 
new insights into tissue function and disease mechanisms 
[320]. For heterogeneous datasets, Fused Gromov-Was-
serstein (FGW) [321] applies optimal transport theory to 
integrate multi-modal data, enhancing the resolution and 
accuracy of 3D models of cellular interactions [322]. By 
providing detailed and accurate models of tissue struc-
tures, Graspot enables researchers to gain a more com-
prehensive understanding of tissue architecture [323]. 
These tools collectively enhance our understanding of 
the tissue microenvironment, offering insights into both 
healthy and pathological conditions.

Spatial Mapping and Visualization
Spatial mapping focuses on understanding the spa-
tial arrangement of cellular components and visu-
alizing gene expression patterns within tissues in a 
three-dimensional context. This step is pivotal for elu-
cidating the relationships between spatial positioning 
and biological function. Tools like GraphST [324] and 
STAGATE [325] are instrumental in spatial mapping, 
employing graph-based techniques to integrate spatial 
and gene expression data. Moreover, Spatially Embed-
ded Deep Representation (SEDR) addresses this chal-
lenge by employing deep autoencoders and a masked 
self-supervised learning mechanism to construct low-
dimensional latent representations of gene expression, 

while simultaneously embedding the correspond-
ing spatial information through a variational graph 
autoencoder [326, 327]. Bipartite Graph Attention Auto 
Encoder (BiGATAE), a shell-like tool, can seamlessly 
integrate with existing single-slice clustering methods, 
adapting them for multi-slice clustering to enhance ST 
data by incorporating information from adjacent slices 
[328, 329].These tools allow for the visualization of gene 
expression changes across various regions, uncovering 
patterns that might be overlooked in two-dimensional 
analyses.

For reconstructing spatial landscapes, Tangram excels 
in aligning scRNA-seq data with tissue architecture, 
unveiling critical spatial patterns that enhance our under-
standing of tissue complexity [330]. In addition, Princi-
pal Component Regression and Statistical Analysis Tool 
(PRECAST) has been developed as a data integration 
method for multiple spatial transcriptomics datasets that 
exhibit complex batch effects and/or biological effects 
between slides [331–333].

3D Reconstruction, integration, and data interpretation
The final phase in 3D tissue analysis encompasses recon-
structing a comprehensive 3D model from multiple data 
slices and interpreting the integrated dataset. This phase 
transforms separate two-dimensional slices into a cohe-
sive and detailed 3D structure, enabling a holistic visu-
alization of tissue architecture and fostering meaningful 
biological insights. STitch3D is a key tool in this phase, 
assembling serial tissue sections into a continuous 3D 
dataset [334]. It ensures precise alignment and corrects 
distortions to maintain an accurate spatial representa-
tion. PASTE2 contributes to creating seamless 3D struc-
tures by aligning multiple tissue slices while preserving 
spatial and gene expression data integrity [312, 313]. 
Advanced data integration follows, merging multiple 
data modalities—such as gene expression and spatial 
data—for a more profound understanding of biological 
functions. Tools like GraphST utilize graph-based neural 
networks to integrate and cluster similar regions, identi-
fying distinct cell types [324].

Visualization of reconstructed 3D tissues is equally 
critical. MagellanMapper offers robust 3D visualization 
capabilities, allowing for multi-scale modeling that spans 
from macroscopic structures to microscopic features 
[309]. For accurate biological interpretation, SPACEL 
corrects imaging artifacts, ensuring reconstructed mod-
els faithfully represent the original biological tissue [335]. 
This comprehensive phase, blending 3D reconstruction 
with advanced data interpretation, offers unprecedented 
insights into the complexity of tissue architecture and 
function.
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Visualization platforms
ImageJ is a highly versatile, open-source software plat-
form widely used for image processing and analysis in 
biomedical research [336–339]. FIJI (Fiji Is Just ImageJ) 
is an enhanced version of ImageJ, bundled with a com-
prehensive set of plugins that facilitate a broad range 
of imaging tasks, including image segmentation, 3D 
reconstruction, and quantitative analysis. One of the 
significant advantages of ImageJ/FIJI is its customiz-
ability, allowing users to write macros and plugins tai-
lored to their specific research needs [340]. It supports 
various image formats and integrates seamlessly with 
other software tools, making it a staple in many labora-
tories worldwide [341].

To view the smaller ones, Imaris provides high-reso-
lution 3D visualization and analysis capabilities, making 
it an essential tool for studying cellular and subcellular 
structures [342]. Its advanced algorithms for image seg-
mentation, tracking, and visualization allow researchers 
to gain deep insights into dynamic biological processes. 
Imaris is particularly valuable for applications in cell 
biology and neuroscience, where precise tracking of cell 
movements and interactions is crucial [343]. The soft-
ware’s interactive visualization tools enable researchers 
to explore complex datasets intuitively, facilitating the 
discovery of new biological insights [344].

Napari is an open-source, Python-based visualization 
platform designed for the analysis of multi-dimensional 
data, particularly in the field of biological imaging. It 
provides high-performance visualization for 2D, 3D, and 
even 4D (time-lapse) datasets, making it an ideal tool for 
exploring complex biological structures and dynamic 
processes. One of the key strengths of Napari is its exten-
sibility; users can integrate custom plugins and leverage 
its support for a wide range of image formats, allowing 
for tailored analysis workflows. Napari’s interactive fea-
tures and efficient memory management make it par-
ticularly valuable for high-throughput analysis in life 
sciences, particularly in applications like single-cell imag-
ing and multi-channel fluorescence microscopy [345].

As for data, Amira is a sophisticated software plat-
form designed for visualizing and analyzing 3D biomedi-
cal data [346–349]. It excels in handling large datasets 
and offers advanced features for image segmentation, 
3D modeling, and quantitative analysis. Amira’s user-
friendly interface and comprehensive toolset enable 
detailed structural and functional analyses of biological 
tissues. This software is particularly effective for complex 
visualizations and simulations in developmental biology 
and neuroscience. Amira’s ability to integrate various 
data types, including MRI, CT, and microscopic images, 
makes it a versatile tool for multidisciplinary research 
[350].

Focusing on dynamic processes, Volocity offers fea-
tures such as image reconstruction, object segmentation, 
and quantitative analysis, making it a powerful tool for 
3D imaging and analysis [351, 352]. Its intuitive inter-
face and robust analysis capabilities make it suitable for 
a wide range of applications, including live cell imaging 
and developmental biology. Volocity’s strength lies in its 
ability to handle multi-channel and time-lapse data, pro-
viding a comprehensive view of dynamic processes. The 
software’s compatibility with various imaging modali-
ties ensures it can be seamlessly integrated into existing 
workflows, enhancing productivity and data accuracy 
[353].

3D tissue reconstruction
3D reconstruction technologies are revolutionizing bio-
medical research by enabling the precise creation of com-
plex tissue structures. This section discusses two main 
approaches to 3D reconstruction: cellular reconstruction 
and computational reconstruction, both of which are 
essential for understanding tissue architecture and func-
tion. While cellular/ histological reconstruction focuses 
on the physical fabrication of tissues and cell models, 
computational reconstruction uses digital technolo-
gies to create and analyze 3D representations of tissue 
structures.

Cellular recounstruction
Bioprinting and fabrication have emerged as ground-
breaking technologies for creating complex tissue struc-
tures using 3D printing. These methods allow for the 
precise deposition of cells, biomaterials, and growth fac-
tors to fabricate customized tissue models and potentially 
functional organs [354]. As a new industrial method, 3D 
bioprinting could create 3D tissues by depositing mate-
rial layer by layer [6]. In the biomedical field, 3D printing 
has been applied to the production of transplant organs 
and instruments, such as pelvis, mandible, joints, pros-
thetics, and other support structures. Recent develop-
ments in bioprinting technology include improvements 
in material formulations and printing techniques, ena-
bling the creation of more complex and functional tissue 
constructs [355, 356]. With the significant growth of 3D 
bioprinting in medicine and bioengineering, the fabri-
cation of tissues, organs, prosthetic devices, and drug-
delivery technologies will become possible [5, 357].

In parallel, 3D cell cultures such as organoid cultures 
[358] and spheroid cultures have become essential for 
studying tissue function and drug responses in 3D envi-
ronments. Organoids are self-organizing structures that 
mimic the architecture of real organs [359], they can be 
grown from both embryonic, induced stem cells and 
also from adult stem cells [360]. With the continuous 
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development of organoid culture systems and experi-
mental techniques, organoid culture has been applied 
to various tissues and organs, including intestine (small 
intestine/colon), stomach, liver, heart, lung, prostate, 
pancreas, kidney, breast, brain, retina, and inner ear 
[361–369]. Organoids derived from tumor stem cells 
are also beginning to show great potential in helping 
to understand the mechanism of tumor development, 
screening drug sensitivity, and promoting precision med-
icine and personalized diagnosis and treatment [370]. 
Organoids have unique advantages compared to cell line 
and patient-derived xenotransplantation models, but 
there is no standardized method to guide the cultiva-
tion of organoids, which has led to confusion in organoid 
research. Therefore, continuous technical improvement 
and improved repeatability are the keys to successfully 
solving this problem [371].

In contrast, spheroids are compact cell aggregates used 
to study cellular interactions and responses. The tight 
spatial arrangement of cells in the body enables complex 
interactions between individual cells and between cells 
and the extracellular matrix. This arrangement provides 
cells with unique cues to guide specific cell functions and 
growth. To replicate this spatial arrangement in  vitro, 
cells can be grown in a 3D culture system that makes cell-
to-cell contact to form spheres [372, 373]. Compared to 
monolayer or scaffold-based cultures, the cell spheres 
contribute to cell growth and have better cell function 
in terms of potency, angiogenesis, and differentiation. At 
present, cell spheres have been increasingly used in many 
fields such as cancer research, drug screening, and tissue 
assembly [374–376]. Recent developments in these cul-
ture methods include improved protocols for generating 
organoids and spheroids that more accurately replicate 
in vivo conditions [377].

Computational reconstruction
Simultaneously, 3D reconstruction provides a more 
comprehensive understanding of tissue architecture by 
digitally assembling 2D images into detailed 3D models. 
Computational reconstruction uses advanced algorithms 
and digital technologies to generate 3D representations 
of tissue structures from various imaging modalities, 
such as histology or microscopy images. These digi-
tal models allow researchers to study tissue at unprec-
edented levels of detail and complexity. As previously 
discussed in Sect. "4) Spatial proteomics", computational 
methods primarily focus on the algorithms involved in 
3D reconstruction. This section, therefore, will comple-
ment that discussion by focusing on the application of 
digital reconstruction through the use of AR (Augmented 
Reality) and VR (Virtual Reality) technologies, which 

enhance the visualization and interaction with these 3D 
tissue models.

VR and AR have revolutionized 3D histology by 
enhancing the understanding and analysis of complex 
tissue structures. AR enhances anatomical visualiza-
tion by superimposing virtual 3D information onto the 
real world, allowing researchers and medical profession-
als to interact with tissue structures within their actual 
environment. This is particularly beneficial for histologi-
cal studies, where AR can project 3D tissue structures 
directly onto real-world objects, facilitating a deeper 
understanding of their spatial relationships [378]. For 
instance, pathologists can use AR to overlay virtual his-
tological slices onto actual tissue samples, providing a 
comprehensive view that combines microscopic details 
with macroscopic context [379]. Similarly, VR offers an 
immersive environment where users can interact with 3D 
histological models from multiple angles and scales. This 
technology allows researchers to zoom in, rotate, and 
slice through virtual tissue models, providing an in-depth 
understanding of cellular and tissue morphology that is 
challenging to achieve with traditional 2D methods [380]. 
For example, VR can reconstruct histological sections 
into a 3D model, enabling comprehensive analysis of the 
spatial distribution of cells and extracellular matrix com-
ponents within tissues.

The clinical implication and research progress 
of single‑cell 3D histology
3D tissue analysis is reshaping biomedical research and 
clinical practice by providing unique insights into the 
intricate structures and functions of tissues. Through the 
integration of cutting-edge imaging techniques, experi-
mental methodologies, and computational tools, single-
cell 3D histology advances our understanding of disease 
mechanisms. This essay explores the profound impact of 
single-cell  3D histology across various fields, including 
oncology, cardiovascular diseases, neuroscience, immu-
nology, developmental biology, regenerative medicine, 
and other medical specialties. The following sections 
delve into specific applications and advancements in each 
area, illustrating how single-cell  3D histology is revolu-
tionizing diagnostics, treatment planning, and therapeu-
tic outcomes (Fig. 5).

Oncology
Single-cell 3D histology has not only revolutionized our 
understanding of tumor biology but has also transformed 
the broader landscape of cancer research by enabling 
researchers to explore the intricate interplay between 
tumors and their microenvironments in unprecedented 
detail. This innovative approach is essential for dissecting 
the complex mechanisms underlying tumor progression, 
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immune evasion, and treatment resistance, providing a 
multifaceted view that traditional methodologies cannot 
achieve.

Moreover, the integration of spatial omics technolo-
gies with single-cell analyses has enhanced our ability 
to uncover the complex relationships between tumor 
cells and the immune system [381–391]. Spatiotem-
poral metabolomic approaches, in conjunction with 
3D histology, have significantly advanced our under-
standing of how metabolic processes evolve within the 
tumor microenvironment, effectively linking cellular 
interactions to structural changes over both time and 
space in cancer biology [381]. For example, Open-ST 
is a high-resolution, cost-effective, and scalable spatial 

transcriptomics method capable of capturing subcel-
lular resolution while reconstructing cellular organiza-
tion in tissues. This technique provides crucial insights 
into molecular mechanisms across both 2D and 3D con-
texts, particularly revealing spatially organized cell states 
and biomarkers at the tumor/lymph node boundary, 
which is vital for understanding cancer metastasis [382]. 
Moreover, multiplex digital spatial profiling (mplxDSP) 
technology is utilized to dissect the tumor microenvi-
ronment of pancreatic ductal adenocarcinoma (PDAC) 
at the single-cell level, unveiling distinct gene expres-
sion patterns in cancer-associated fibroblasts (TAFs) and 
immune cells. These findings inform immune tolerance 
mechanisms and highlight potential prognostic mark-
ers linked to patient survival [383]. Recent advances in 

Fig. 5  Applications of single-cell 3D histology in clinical research. This circular figure illustrates the diverse applications of single-cell 3D 
histology in clinical research, segmented into six key areas: 1) Oncology focuses on tumor interactions, the tumor microenvironment, and tumor 
heterogeneity. 2) Cardiovascular highlights issues such as coronary artery disease, heart valve disease, and vascular pathology. 3) Neuroscience 
encompasses neurodegeneration, brain networks, and neurovascular coupling. 4) Immunology explores lymph node function, allergic reactions, 
and the cytokine storm phenomenon. 5) Developmental Biology examines aspects like placenta development, early embryo development, 
and the growth of the uterus and ovaries. 6) Regenerative Medicine emphasizes vascularization, the detailed visualization and reconstruction of skin 
tissue, and the implantation of biomaterials for tissue regeneration. Each segment underscores the potential of single-cell 3D histology to provide 
critical insights into various medical challenges, ultimately aiding in the development of more effective treatment strategies
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single-cell omics technologies have elucidated the molec-
ular diversity of tumor-associated macrophages (TAMs), 
proposing a consensus model for TAM classification and 
emphasizing the urgent need for standardized nomencla-
ture and comprehensive annotation to enhance targeted 
therapeutic strategies in cancer treatment [384]. Fur-
thermore, single-cell and spatial transcriptomic analyses 
reveal critical interactions between FAP+ fibroblasts and 
SPP1+ macrophages in colorectal cancer, demonstrating 
their role in creating an immune-excluded microenvi-
ronment that limits T-cell infiltration. This suggests that 
targeting these interactions could enhance the efficacy of 
immunotherapies, such as anti-PD-L1 treatments [385]. 
The spatial heterogeneity of the tumor microenviron-
ment in hepatocellular carcinoma (HCC) was explored 
through profiling 401 samples with 36 biomarkers, iden-
tifying vimentin (VIM) high macrophages as immune-
suppressive, which in turn enhances regulatory T cell 
activity and promotes tumor progression. These insights 
highlight the potential for personalized treatment strate-
gies in HCC by targeting specific spatial features of the 
tumor microenvironment [386]. Another innovative 
approach, Perturb-map, integrates clustered regularly 
interspaced short palindromic repeats (CRISPR) screen-
ing with spatial transcriptomics to effectively identify 
regulators of the tumor microenvironment (TME) in 
a lung cancer model. This method reveals how the loss 
of TGFβ-receptors in cancer cells can reshape the TME, 
enhancing its immunosuppressive properties by promot-
ing a fibro-mucinous state and T cell exclusion [387]. 
Additionally, the prognostic significance of myeloid 
immune cells in colorectal cancer has been highlighted 
through multiplexed immunofluorescence and spa-
tial analysis. 3D in vitro cell culture models designed to 
mimic the hypoxic TME and its immunosuppressive 
effects further illustrate the advantages of single-cell 3D 
histology over traditional 2D models. These advanced 
systems can replicate TME-immune interactions more 
accurately and also address challenges in integrating 
key hallmarks that influence model functionality [389]. 
Higher densities of mature CD14+HLA-DR+ cells corre-
late with lower cancer-specific mortality, whereas imma-
ture CD14+HLA-DR− cells show increased mortality 
risk, underscoring the importance of spatial distribution 
and multi-marker evaluations in the tumor microenvi-
ronment [392]. Spatial transcriptomics has been utilized 
to uncover spatial gene expression patterns in HER2-pos-
itive breast cancer, revealing tumor-associated cell type 
interactions and shared gene signatures that underscore 
immune responses and intra-tumor heterogeneity. This 
high-resolution mapping aids in understanding tumor 
biology and guiding treatment strategies [390]. Research-
ers are also employing multiplexed tissue imaging, 3D 

reconstruction, spatial statistics, and machine learning 
to create detailed atlases of cellular state transitions and 
immune interactions in colorectal cancer. This compre-
hensive approach reveals spatial gradients and complex 
molecular dynamics that shape tumor morphology and 
immune suppression, particularly at the tumor inva-
sive margin. As the field of cancer research continues to 
evolve, these innovative techniques are paving the way 
for more effective diagnostic and therapeutic strategies, 
ultimately enhancing patient outcomes [391].

The TME is crucial for understanding cancer progres-
sion and therapy resistance [393–398]. Recent advance-
ments in single-cell spatial transcriptomics, particularly 
through techniques like spatially constrained optimal 
transport interaction analysis (SCOTIA), allow research-
ers to reveal how therapy-associated remodeling of the 
TME impacts cancer dynamics. For example, changes in 
ligand-receptor interactions between TAFs and malig-
nant cells have been shown to contribute significantly 
to chemotherapy resistance in pancreatic cancer, high-
lighting the intricate interplay within the TME [393]. 
Moreover, the development of open-source software 
pipelines enables the quantification of tumor-infiltrating 
lymphocytes (TILs) and the tumor-stroma ratio (TSR) 
in colorectal cancer using whole-slide images. This tool 
effectively classifies cancers into five subgroups, with 
the CMS4-like subgroup correlated with poorer survival 
outcomes. Such advancements underscore the poten-
tial of machine learning in analyzing the tumor-immune 
microenvironment, thereby improving prognostic capa-
bilities [394]. Furthermore, recent advancements in bulk 
and single-cell sequencing technologies have significantly 
improved our understanding of tumor biology. These 
innovations allow for spatial mapping techniques that 
address tumor heterogeneity, microenvironments, and 
biomarkers, thus highlighting the potential for these 
technologies to inform therapeutic strategies and future 
developments in oncology. By integrating single-cell  3D 
histology, researchers can achieve a more comprehensive 
understanding of tumor architecture, heterogeneity, and 
the TME, providing spatially resolved omics profiles that 
are crucial for advancing treatment strategies [399].

Traditional 2D cell culture models often fail to replicate 
the complex interactions between tumor cells and their 
surrounding stroma, leading to a limited understanding 
of tumor biology [396]. In contrast, 3D models, such as 
organoids and spheroids, mimic the architecture and 
cellular heterogeneity of actual tumors, offering a more 
accurate representation of in  vivo conditions. These 3D 
systems facilitate the study of cancer stem cell niches, 
which are critical for tumor initiation, maintenance, and 
resistance to therapy [397]. TAFs play a significant role in 
modulating the TME and promoting cancer progression. 
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By leveraging  single-cell 3D histology, researchers can 
better study the interactions between TAFs and tumor 
cells, revealing their contributions to tumor growth, inva-
sion, and therapy resistance [398]. This comprehensive 
understanding of TAFs and their interactions is essential 
for developing more effective treatment modalities and 
improving patient outcomes in various cancer types.

The progression of cancer, particularly metastatic 
HCC, can be profoundly understood through integrated 
multi-omics profiling. This approach uncovers the spa-
tiotemporal evolution of tumors, revealing significant 
genomic divergence between primary and metastatic 
lesions, as well as polyclonal dissemination and neoanti-
gen heterogeneity, which contribute to immune evasion. 
Such studies emphasize the critical roles of somatic copy 
number alterations and the pro-metastatic microenvi-
ronment in facilitating tumor spread [400]. In the realm 
of breast cancer, whole-genome sequencing, along with 
highly multiplexed base-specific in  situ sequencing and 
single-cell resolved transcriptomics, allows scientists to 
create comprehensive maps of genetic subclones. These 
maps reveal complex growth patterns and unique fea-
tures of the tumor microenvironment, enhancing our 
understanding of cancer evolution and the spatial ecol-
ogy of tumors [401]. Additionally, spatially resolved 
transcriptomics have been utilized to investigate copy 
number variations across more than 120,000 regions in 
both benign and malignant prostate tissues. This research 
uncovers distinct clonal patterns that shed light on early 
genomic instability in benign tissues, challenging exist-
ing treatment paradigms [402]. A comprehensive spati-
otemporal analysis has identified COL1A1 as a key target 
for disrupting oncostreams in glioblastoma, which are 
dynamic multicellular structures contributing to tumor 
heterogeneity and progression [395]. Targeting COL1A1 
could potentially reprogram glioma characteristics and 
alter the tumor microenvironment, thereby enhanc-
ing treatment efficacy and improving patient survival 
[403]. The architectural features of tissues play a crucial 
role in tumor initiation and progression, influencing the 
mechanical microenvironment, stromal cell accessibility, 
and invasion pathways [404]. Moreover, spatial genom-
ics and population genetics models illustrate how tumor 
structure can dictate evolutionary patterns, such as 
clonal expansion or branching. These insights highlight 
the effectiveness of spatial modeling techniques in pre-
dicting and possibly controlling cancer progression [405].

The role of single-cell  3D histology in understanding 
tumor angiogenesis is another critical area of exploration 
[406, 407]. Angiogenesis, the formation of new blood ves-
sels, is a hallmark of tumor progression and a significant 
contributor to metastasis. Advanced 3D angiogenesis 
models, including organ-on-chip and vascular organoid 

systems, allow researchers to study the mechanisms driv-
ing tumor-associated vascular changes in a controlled 
environment [406]. For example, the use of U-net algo-
rithms for vessel segmentation has enabled detailed 
analysis of vascular structures, revealing how tumors 
manipulate blood vessel formation to secure nutrients 
and promote growth. Understanding these processes at 
a spatial level not only aids in elucidating tumor biology 
but also helps identify potential therapeutic targets to 
disrupt the blood supply to tumors [407].

Another most compelling aspects of single-cell  3D 
histology is its ability to reveal tumor heterogeneity at 
a spatial level [244, 390, 399, 408–412], allowing for the 
examination of how different cell populations coex-
ist within a tumor. Recent advancements in bulk and 
single-cell sequencing technologies have profoundly 
transformed our understanding of tumor biology, eluci-
dating how tumor architectures influence cancer mecha-
nisms [408]. These innovations enable spatial mapping 
techniques that effectively address tumor heterogeneity, 
microenvironments, and biomarkers, emphasizing their 
potential to inform therapeutic strategies and future 
developments in oncology. The insights gained from 
spatial and temporal intratumor heterogeneity analyses 
also prove invaluable in conditions like neuroblastoma, 
where high variability in somatic mutations and copy-
number alterations poses challenges to the reliability of 
single biopsies in treatment decisions [409]. This high-
lights the necessity for comprehensive multi-regional 
profiling to effectively inform targeted therapies. In 
HER2-positive breast cancer, spatial transcriptomics 
uncovers spatial gene expression patterns, revealing criti-
cal tumor-associated cell type interactions and shared 
gene signatures that underscore immune responses and 
intra-tumor heterogeneity [390]. Such high-resolution 
maps are essential for understanding tumor biology and 
guiding treatment strategies, showcasing the dynamic 
changes within tumors over time, including the roles of 
genetic and epigenetic alterations in driving tumor pro-
gression and therapy resistance [410]. Researchers have 
also leveraged spatially resolved paired whole-genome 
and transcriptome sequencing to demonstrate that intra-
tumor heterogeneity in colorectal cancer primarily arises 
from transcriptional plasticity rather than genetic ances-
try. This finding reveals that most genetic variations do 
not significantly affect phenotypic traits, emphasizing the 
common occurrence of spatial intermixing among tumor 
clones [411]. Techniques like slide-DNA-seq, which cap-
ture spatially resolved DNA sequences while preserving 
tumor architecture, enable the discovery of clonal hetero-
geneity and interactions within the tumor microenviron-
ment when integrated with spatial transcriptomics [244]. 
By integrating single-cell analyses with spatial context, 
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these advanced methods reveal the complex interactions 
and variations among cancer subclones, paving the way 
for future research and innovative therapeutic strategies. 
As these technologies continue to evolve, they prom-
ise to deepen our insights into tumor biology and refine 
our approaches to personalized medicine in oncology 
[412]. On the other side, three-dimensional imaging mass 
cytometry (3D IMC) stands out as a groundbreaking 
technique, allowing for the multiplexed detection of up 
to 40 molecular constituents within tissues at single-cell 
resolution [412]. This capability significantly enhances 
our grasp of cellular and microenvironmental hetero-
geneity in human breast cancer samples, facilitating 
the exploration of complex spatial phenomena, such as 
tumor cell invasion, which traditional two-dimensional 
imaging cannot capture.

Cardiology
Cardiovascular diseases (CVDs) remain a leading cause 
of morbidity and mortality worldwide, significantly 
impacting public health and healthcare systems. By ena-
bling the simultaneous analysis of multiple molecular 
layers within tissues, spatial multi-omics offers critical 
insights into the mechanisms underlying CVDs, thus 
enhancing our ability to develop personalized treatment 
strategies [413].

Mapping the adult human heart at single-cell resolu-
tion has revolutionized our understanding of its intricate 
biology, revealing cellular heterogeneity across six dis-
tinct regions, including specialized atrial and ventricular 
subsets [414–416]. This approach also elucidates unique 
immune, vascular, and cardiomyocyte networks, serv-
ing as a vital reference for cardiovascular research [414]. 
Employing single-nucleus RNA sequencing has further 
enhanced this exploration by characterizing the cellu-
lar and transcriptional diversity within the non-failing 
human heart. This method identifies nine major cell types 
and 20 subclusters, such as macrophages, endothelial 
cells, and fibroblasts, highlighting chamber- and sex-spe-
cific gene expressions linked to various cardiac traits and 
diseases [415]. Additionally, the integration of single-cell 
analyses with spatial transcriptomics allows researchers 
to map cellular niches within the human heart effectively. 
This innovative approach reveals pacemaker-specific reg-
ulatory networks and immune niches, which are crucial 
for understanding heart function and pathology. Moreo-
ver, these insights pave the way for developing tools for 
drug target prediction, providing novel perspectives on 
cardiac electro-anatomy and immunology [416].

Recent advancements in single-cell and single-
nucleus RNA sequencing have revolutionized the study 
of heart diseases by uncovering distinct cell-type-
specific transcriptional changes associated with heart 

failure [417, 418]. These techniques have revealed how 
cardiomyocytes converge toward disease states, while 
fibroblasts and myeloid cells exhibit significant diver-
sification, highlighting the complex cellular responses 
within failing hearts [417]. In another study, single-
nucleus RNA sequencing profiled 880,000 nuclei from 
hearts affected by dilated and arrhythmogenic cardio-
myopathy. The data uncovered genotype-specific cellu-
lar changes, unique transcriptional states, and intricate 
intercellular interactions, providing critical insights 
into the molecular mechanisms driving heart failure. 
These discoveries have the potential to inform new 
therapeutic targets aimed at slowing or reversing the 
progression of heart diseases [418].

A comprehensive spatial multi-omics map of human 
myocardial infarction further enriches our understanding 
of the intricate processes involved in injury, repair, and 
remodeling. By integrating single-cell gene expression, 
chromatin accessibility, and spatial transcriptomics data, 
this map reveals cell-type-specific changes and molecular 
interactions in different zones of the heart. These insights 
are crucial for identifying the cellular mechanisms under-
lying tissue repair and regeneration, paving the way for 
novel therapeutic approaches to support heart recovery 
post-infarction [419].The integrative analysis combining 
spatial transcriptomics and single-nucleus RNA sequenc-
ing in animal models, such as murine myocardial infarc-
tion, has indicated that the mechanosensitive genes, 
particularly Csrp3, have shown their critical roles in left 
ventricular remodeling, especially in the border zones 
during the early stages post-infarction. Understanding 
how these genes regulate tissue repair and adaptation 
in response to mechanical stress can guide the develop-
ment of therapeutic interventions aimed at preventing 
heart failure following a heart attack [420]. As for human, 
vascular pathology, including conditions like atheroscle-
rosis, benefits from high-resolution imaging methods 
such as 3D intravascular ultrasound (IVUS) and optical 
coherence tomography, which provide detailed views of 
the vascular lumen and wall. These techniques are essen-
tial for evaluating plaque composition, vascular anoma-
lies, and the extent of coronary artery disease (CAD). 3D 
histology aids in identifying high-risk plaques prone to 
rupture, thereby improving risk stratification and guiding 
interventional strategies [421]. Pulmonary hypertension, 
characterized by elevated pressure in the pulmonary 
arteries, can be better understood through imaging tech-
niques such as 3D echocardiography and MRI, which 
provide detailed assessments of right ventricular func-
tion and pulmonary artery anatomy, aiding in the diag-
nosis and management of this condition [422].Moreover, 
techniques like 3D coronary CT angiography and 3D 
perfusion MRI enable detailed visualization of coronary 
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arteries and myocardial blood flow, helping detect steno-
sis, evaluate myocardial ischemia, and assess the efficacy 
of revascularization procedures [423].

Furthermore, 3D imaging techniques, such as CT and 
MRI, have become indispensable tools in the diagno-
sis and management of cardiovascular diseases. These 
modalities provide comprehensive views of structures 
like the aorta and heart valves, aiding clinicians in assess-
ing conditions such as aneurysms, identifying their size, 
location, and potential risk of rupture [424, 425]. Addi-
tionally, MRI and 3D echocardiography are invaluable in 
evaluating the morphology and function of heart valves, 
particularly in the context of valvular heart disease. These 
imaging technologies are crucial for planning and moni-
toring interventions, including valve repairs and replace-
ments, to ensure precise and successful outcomes [426]. 
In cases where patients receive prosthetic heart valves, 
3D imaging techniques also play a critical role in post-
surgical evaluation. Detailed 3D echocardiography and 
CT scans help detect complications like thrombosis, 
endocarditis, or structural degeneration, ensuring that 
any potential issues are identified early, which is vital for 
maintaining the long-term functionality of the implants 
[427]. In addition, by enabling precise localization of 
arrhythmic foci, 3D histology supports the development 
of highly targeted electrophysiological mapping systems. 
These systems allow for 3D reconstructions of the heart’s 
electrical activity, which is particularly valuable in treat-
ing arrhythmias through catheter ablation. Accurate 
targeting of abnormal electrical pathways is essential for 
ensuring successful outcomes in patients undergoing 
treatment for arrhythmias, improving both treatment 
precision and patient safety [428].

Neuroscience
Single-cell  3D histology has revolutionized neurosci-
ence by providing comprehensive insights into the intri-
cate structures and functions of the brain [429]. This 
advanced approach allows researchers to study brain 
connectivity, and the mechanisms underlying various 
neurological conditions.

Advancements in 3D histology and spatial multi-omics 
technologies have revolutionized the study of brain cell 
types, providing unprecedented insights into neuronal 
diversity, gene regulation, and cellular organization 
in the brain [430–439]. HybISS (Hybridization-based 
in  situ sequencing) is one such innovation, enhancing 
spatial transcriptomics in both human and mouse brain 
tissues. By utilizing a novel barcoding system, HybISS 
improves RNA transcript detection, allowing for high-
throughput imaging of complex tissues. This technique 
enables researchers to analyze challenging human sam-
ples with greater precision, ultimately shedding light on 

the complex architecture and function of different brain 
regions [430]. A significant breakthrough in under-
standing the brain’s cellular complexity comes from the 
construction of a DNA methylation atlas of the mouse 
brain. This atlas, created by profiling over 103,982 nuclei, 
revealed 161 distinct cell clusters, uncovering the epi-
genetic landscapes that regulate neuronal diversity, spa-
tial organization, and enhancer-gene interactions. Such 
insights are crucial for understanding how gene expres-
sion is modulated across various brain regions and how 
epigenetic changes influence brain function [431]. Add-
ing to the understanding of brain diversity, a cell type 
atlas of the bearded dragon brain has illuminated both 
conserved and divergent neuron types, particularly in the 
thalamus. This research highlights the role of develop-
mental origins and circuit allocation in driving neuronal 
identity and evolution, providing a comparative model to 
deepen our understanding of amniote neuron diversity 
and the molecular mechanisms that shape it [432]. To 
complement these findings, a spatially resolved single-
cell epigenomic profiling method has been developed to 
reveal histone modifications at the individual cell level. 
This innovative approach generates high-resolution spa-
tial maps of active promoters and enhancers in mouse 
brains. By revealing how the epigenome regulates gene 
expression spatially, the method identifies important pro-
moter-enhancer interactions critical for the regulation of 
developmental genes, contributing to our knowledge of 
how brain function is shaped during development [433]. 
Single-cell multi-omics technologies have also been 
employed to identify conserved and divergent cis-regu-
latory elements within the mouse brain. These elements 
play a vital role in shaping species-specific traits and 
help researchers understand the contribution of trans-
posable elements to human-specific regulatory features. 
These studies are not only deepening our understand-
ing of brain gene regulation but also helping to develop 
machine learning tools capable of predicting regulatory 
features, offering a new layer of understanding regarding 
3D genome architecture and its implications for neuro-
logical diseases [434]. The snATAC-seq, a single-nucleus 
assay for transposase-accessible chromatin sequencing, 
has further contributed to creating a comparative atlas 
of chromatin accessibility across 1.1 million cells in the 
human brain. By identifying 107 distinct cell types, this 
research links chromatin accessibility to neuropsychiat-
ric disorders and demonstrates the conservation of key 
regulatory elements between mouse and human brain 
cells. This work offers profound implications for under-
standing the genetic underpinnings of mental health 
conditions and neurodevelopmental disorders [435]. In 
a broader effort to map the brain’s cellular architecture, 
a comprehensive cell atlas of the adult mouse brain has 
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been created using advanced spatial transcriptomics. 
This atlas, which spans over 10 million cells and includes 
5,000 distinct cell clusters, provides critical insights 
into the molecular and cellular architecture that under-
lies brain function. The atlas serves as a foundational 
resource for future research, offering a detailed view of 
the brain’s cellular diversity [436]. Additionally, a single-
cell DNA methylome and 3D multi-omic atlas of the 
adult mouse brain has been established using snmC-seq3 
and snm3C-seq, further enhancing our understanding of 
the brain’s molecular landscape [437]. By revealing spa-
tial methylation patterns and their associations with gene 
expression, this atlas offers invaluable insights into the 
regulatory networks that shape brain cell diversity. Such 
detailed molecular maps are crucial for understanding 
the mechanisms behind neurological diseases and brain 
development. Further emphasizing the importance of 
regulatory elements, single-cell multi-omics methods 
continue to unravel the role of cis-regulatory elements in 
both conserved and divergent traits between species. The 
contribution of transposable elements to human-spe-
cific regulatory features, along with the development of 
machine learning approaches, underscores the increasing 
significance of 3D genome architecture in shaping brain 
function and its relationship to neurodevelopmental and 
neurodegenerative diseases [438]. One of the most excit-
ing developments in this field is the MiP-seq technique, 
a high-throughput method that enables simultaneous 
detection of DNAs, RNAs, and proteins at subcellular 
resolution [439]. MiP-seq not only reduces costs and 
enhances decoding efficiency compared to other methods 
but also facilitates the identification of gene mutations 
and RNA modifications. This method’s integration with 
calcium and Raman imaging has created spatial multi-
omics atlases of mouse brain tissues, allowing research-
ers to correlate gene expression with neuronal activity. 
This multi-dimensional approach is revolutionizing our 
understanding of how genes influence brain activity at 
the cellular level, opening new avenues for research into 
brain function and dysfunction[439, 440].

Advancements in 3D histology and spatial multi-omics 
techniques are revolutionizing our understanding of 
various regions of the brain, including the hypothalamus 
[441], cerebrum [442], cortex [443–445], and hippocam-
pus [446]. These innovations are allowing researchers 
to map cellular diversity, gene regulation, and spatial 
organization with unprecedented precision. In the hypo-
thalamus, the novel technique EASI-FISH has made 
significant strides in mapping thick brain sections, pro-
viding a detailed spatial organization of cell types within 
the lateral hypothalamus [441]. This technique suc-
cessfully revealed nine distinct subregions, which has 
greatly enhanced our understanding of hypothalamic 

architecture and its diverse cell populations. This work 
is crucial for understanding the functional roles of the 
hypothalamus in regulating behaviors like hunger, thirst, 
and sleep, as well as its involvement in neuroendocrine 
signaling. Moving to the cerebrum, gene regulatory ele-
ments across 160 distinct cell types have been mapped 
in the adult mouse brain, identifying over 491,818 can-
didate cis-regulatory DNA elements [442]. These ele-
ments are linked to specific neuronal and glial functions, 
offering insights into the transcriptional programs that 
govern brain cell diversity. Understanding these regu-
latory elements provides crucial information on how 
genetic mutations or dysregulations in these pathways 
might lead to neurological diseases such as Alzheimer’s, 
schizophrenia, or epilepsy. In the cortex, advancements 
in spatial transcriptomics have been particularly impact-
ful. For instance, Slide-seqV2 enhances the spatial reso-
lution of transcriptomic data, achieving near-cellular 
resolution with an impressive ~ 50% RNA capture effi-
ciency [443]. This technology allows researchers to iden-
tify localized mRNA expression patterns in neurons and 
provides a clear picture of spatiotemporal development 
in the mouse neocortex. Further insights come from 
MERFISH, which helped create a spatially resolved cell 
atlas of the mouse primary motor cortex [444]. This study 
profiled approximately 300,000 cells and identified 95 
distinct neuronal and non-neuronal clusters, providing 
an intricate view of spatial organization and connectivity 
patterns that are critical for motor function. These find-
ings help elucidate how various neuron types contribute 
to motor control and how disruptions in these networks 
could lead to motor disorders such as Parkinson’s disease 
or amyotrophic lateral sclerosis (ALS). Further extend-
ing our understanding of the cortex, research on the 
macaque cortex has mapped 264 transcriptome-defined 
cell types using single-nucleus RNA sequencing and spa-
tial transcriptomics [445]. This work revealed regional 
preferences and complexities, including the identifica-
tion of primate-specific cell types enriched in layer 4 
of the cortex. These findings provide insights into the 
evolution of the primate brain and offer a comparative 
model for studying human brain functions. Advanced 
single-cell multiomics and 3D genomic profiling tech-
niques also play a critical role in understanding the evo-
lutionary divergence of gene regulatory programs in the 
mammalian neocortex. By integrating these methods, 
researchers can explore the interplay between conserved 
and divergent regulatory features, which is crucial for 
advancing our understanding of neurological diseases 
and traits that have evolved in primates [447]. In the hip-
pocampus, a region critical for memory formation and 
spatial navigation, researchers have utilized in  vivo bar-
coding and single-cell spatial transcriptomics to trace 
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lineage relationships within the mouse brain [446]. These 
methods have identified fate-restricted progenitor cells, 
which give rise to various cell types during development 
and have revealed the origins of microglia—the brain’s 
resident immune cells. By tracing the development of 
microglia from a limited number of primitive myeloid 
precursors, scientists can better understand the role 
these cells play in both normal brain function and in the 
response to injury or disease, such as in conditions like 
multiple sclerosis or neurodegeneration. Additionally, the 
ability to map the development of distinct cell popula-
tions in the hippocampus offers deeper insights into tis-
sue architecture and cell phenotypes that are crucial for 
understanding brain plasticity and regeneration.

Recent innovations like Polony gels have transformed 
the way researchers approach the molecular under-
pinnings of chronic pain. These gels provide a scalable 
and cost-effective method for fabricating DNA arrays 
with unique barcodes, enabling detailed mapping of 
the mouse parabrachial nucleus—a brain region asso-
ciated with pain processing—through Pixel-seq. By 
allowing researchers to perform single-cell spatial tran-
scriptomics, Polony gels have facilitated the identifica-
tion of neuropathic pain-regulated transcriptomes and 
the communication between cells following nerve injury 
[448]. Moreover, neural circuit mapping is enhanced by 
tools like CLARITY and light-sheet microscopy, which 
provide detailed, transparent views of the brain’s neu-
ral circuits [449]. These tools enable the visualization 
of entire neural networks in a three-dimensional space, 
making it possible to trace the intricate pathways that 
neurons use to communicate. By enabling precise map-
ping of brain circuits, these technologies provide the 
groundwork for developing more effective treatments for 
a wide range of brain diseases.

One of the notable advancements in the area of cen-
tral nervous system (CNS) is the use of STARmap 
PLUS, which has enabled the creation of a spatial atlas 
of the mouse CNS by mapping over 1.09 million cells 
and profiling 1,022 genes in 3D [450]. This method led 
to the identification of 230 distinct molecular cell types 
and 106 molecular tissue regions, offering unparalleled 
insights into brain anatomy and aiding the development 
of gene delivery tools for therapeutic applications. 
Understanding the dynamic connectivity of brain net-
works is crucial, as neural communication occurs over 
different timescales and adapts in response to envi-
ronmental stimuli and internal states. As for neurode-
generation research, the application of  single-cell  3D 
histology has been groundbreaking in Alzheimer’s 
disease research, particularly through the STARmap 
PLUS method, which integrates high-resolution spa-
tial transcriptomics with protein detection [451]. This 

technique has revealed a comprehensive cellular map 
of Alzheimer’s disease progression in mouse models, 
highlighting a core–shell structure where disease-asso-
ciated microglia—the brain’s immune cells—interact 
with amyloid-β plaques. The plaques are hallmark fea-
tures of Alzheimer’s disease, and STARmap PLUS has 
allowed researchers to track how oligodendrocyte pre-
cursor cells and hyperphosphorylated tau—another 
pathological marker of Alzheimer’s—accumulate in 
specific brain regions.

Techniques like diffusion tensor imaging (DTI) and 
3D MRI allow researchers to visualize and analyze the 
intricate network of neural connections within the brain 
[452]. These techniques are essential for creating detailed 
maps of neural pathways, which are crucial for under-
standing how different brain regions interact and coor-
dinate various functions. This is particularly important 
in the study of neurodevelopmental disorders and neu-
rodegenerative diseases, where disruptions in brain con-
nectivity play a significant role in disease progression. 
Advanced imaging techniques such as 3D MRI and PET 
have been crucial in visualizing amyloid plaques [453], 
tau tangles, and other pathological features in the brain 
[454], which are central to diseases like Parkinson’s dis-
ease and ALS [455]. Additionally, by enabling detailed 
views of spinal cord architecture, 3D histology has also 
advanced the study of understanding axonal regenera-
tion—the process by which nerve fibers regenerate fol-
lowing injury—and neural network reorganization, both 
of which are crucial for developing therapies aimed at 
restoring function after spinal cord injuries [456]. The 
ability to visualize how axons regenerate and form new 
networks in real time through live-cell imaging and 3D 
time-lapse microscopy offers hope for improving recov-
ery outcomes in spinal cord injury patients, as well as for 
enhancing rehabilitation strategies [457]. For example, 
an integrative strategy that merges 15-color multispec-
tral imaging with mass spectrometry can be employed to 
categorize myeloid subsets within murine atherosclerotic 
plaques [458]. This approach establishes connections 
between their phenotypes and the cellular and metabolic 
microenvironments, surpassing the constraints of con-
ventional single-cell and histological techniques. More-
over, chniques like functional MRI (fMRI) and 3D laser 
speckle imaging provide valuable insights into how neu-
ral activity influences cerebral blood flow, offering a win-
dow into the intricate balance of energy and blood supply 
that maintains normal brain function. These imaging 
methods are especially useful for studying neurovascular 
disorders, where disrupted blood flow can lead to cogni-
tive impairment and neurodegeneration [459]. By captur-
ing real-time changes in blood flow in response to neural 
activity, these tools help researchers identify the early 
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signs of diseases like Alzheimer’s and vascular dementia 
and recognize the dynamic relationship between neu-
ral activity and cerebral blood flow [460], aiding in both 
diagnosis and treatment planning.

Immunology
Single-cell  3D histology has revolutionized the study 
of the immune system by offering detailed insights into 
the architecture and dynamics of immune responses, 
which were previously limited by traditional 2D tech-
niques. From studying lymph nodes to mapping immune 
cell behaviors, single-cell  3D histology has opened new 
avenues for examining immune responses, vaccine 
development, autoimmunity, infections, and transplant 
immunology.

One of the most promising applications of single-
cell  3D histology in immunology lies in its ability to 
enhance our understanding of immune responses, par-
ticularly in vaccination and immune cell behavior [461–
463]. For example, spatial CITE-seq allows detailed 
profiling of immune responses by co-mapping high-plex 
protein expression with whole transcriptomes at cel-
lular resolution, revealing germinal center reactions in 
tonsils and early immune responses in the skin following 
COVID-19 mRNA vaccination [461]. By profiling hun-
dreds of proteins and transcriptomes in human tissues, 
single-cell  3D histology provides critical data on how 
immune systems respond at the cellular level, which is 
invaluable for the development of new vaccines. Beyond 
vaccination, 3D histology advances cancer research by 
analyzing immune cell behaviors. Techniques like Ampli-
fication by Cyclic Extension (ACE) for mass cytometry 
allow for signal amplification of over 30 protein epitopes, 
enabling precise quantification of low-abundance pro-
teins and dynamic signaling in T lymphocytes [462]. This 
is particularly useful in the TME, where CD8 + cyto-
toxic T lymphocytes (CTLs) often face challenges such 
as exhaustion, limiting their efficacy in targeting cancer 
cells. ACE and similar tools provide key insights into how 
T cells interact with innate immune cells and how thera-
pies, such as immune checkpoint blockades, can be opti-
mized to improve CTL function [463].

Moreover, single-cell  3D histology has deepened 
insights into immune regions within tissues, especially 
lymph nodes, which are critical for initiating immune 
responses. Tools like Spatial Graph Fourier Transform 
(SpaGFT) improve gene expression imputation, enabling 
accurate characterization of immune regions and aiding 
in the detection of rare immune cells [464]. Confocal and 
multiphoton microscopy allow researchers to explore 
the spatial organization of lymph nodes, including the 
arrangement of T cells, B cells, and dendritic cells, offer-
ing a better understanding of immune response initiation 

and maintenance. Furthermore, single-cell  3D histol-
ogy enables the real-time tracking of cell migration and 
interactions, through techniques like intravital micros-
copy. This provides dynamic views of T and B cell move-
ments and interactions with other immune cells, helping 
researchers gain unprecedented insights into immune 
surveillance, activation, and migration. By integrating 
all these tools and techniques, 3D histology offers trans-
formative potential in improving immunotherapies and 
vaccine development by providing a deeper understand-
ing of immune cell behavior and interactions within their 
physiological context [465].

Autoimmune diseases [466, 467], infectious diseases 
[468, 469], and transplant immunology [463] are all criti-
cal areas where single-cell 3D histology has significantly 
enhanced our understanding of immune responses and 
tissue interactions. In autoimmune diseases, where the 
immune system mistakenly attacks the body’s own tis-
sues, chronic inflammation is a major concern. This 
prolonged activation of immune cells and the constant 
release of inflammatory mediators can result in severe 
tissue damage [466, 467]. 3D imaging techniques pro-
vides a detailed insights into how immune cells interact 
with tissues during these inflammatory responses, aids 
in elucidating the mechanisms involved in conditions 
such as allergic inflammation and hypersensitivity dis-
orders [468]. The infection model, enabled by 3D histol-
ogy, helps researchers study the speed and pathways of 
pathogen transmission, as well as the immune system’s 
dynamic response to infection [470, 471]. These insights 
are invaluable in developing targeted therapies to man-
age chronic inflammation and autoimmunity more effec-
tively [469]. In the context of transplant immunology, 3D 
analysis provides a comprehensive view of the immune 
processes involved in graft acceptance and rejection. 
This detailed perspective is vital for improving transplant 
outcomes, as it allows scientists to better understand the 
immune mechanisms behind graft rejection and toler-
ance [463].

The maternal–fetal interface is a dynamic environ-
ment that involves the coordination of immune tolerance 
to prevent the maternal immune system from attacking 
the developing fetus. The complex interactions between 
maternal immune cells and fetal tissues are crucial for 
a successful pregnancy[472, 473]. 3D imaging enables 
detailed visualization of placental architecture and the 
spatial distribution of immune cells, which is critical for 
understanding how immune tolerance is maintained 
throughout pregnancy [472]. Additionally, single-cell 3D 
histology provides insights into processes like decidu-
alization, which supports pregnancy by transforming 
the endometrial lining to accommodate fetal develop-
ment [474]. This technology has proven instrumental in 
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studying pregnancy complications like preeclampsia and 
recurrent miscarriages, offering potential pathways to 
improve maternal and fetal health outcomes [473].

Additionally, techniques like immuno-SABER improv-
ing imaging mass cytometry (IMC) and revealing 
immune cell characteristics, such as T cell co-receptors, 
that are often undetectable with traditional methods, 
which contribute to understanding immune markers and 
their spatial distribution [475]. This advancement aids in 
identifying new therapeutic targets, particularly in can-
cer immunotherapies. Real-time visualization of T cells 
in solid tumors using advanced imaging techniques like 
confocal and two-photon microscopy further enhances 
our understanding of CAR T-cell therapies by uncover-
ing factors like T cell exhaustion and multi-killing poten-
tial [476]. Spatial and kinetic data derived from these 
techniques are crucial for improving the effectiveness of 
CAR T-cell therapies in solid tumors. As for tools, slide-
TCR-seq, a 10-μm-resolution method for mapping T cell 
receptors (TCRs) and whole transcriptomes in intact tis-
sues [477]. It reveals spatially distinct TCR repertoires in 
human lymphoid germinal centers and heterogeneous 
immune responses in renal cell carcinoma and mela-
noma, enhancing understanding of T cell interactions 
and gene expression in adaptive immunity.

Developmental biology
Single-cell  3D histology is revolutionizing the field 
of developmental biology, providing unprecedented 
insights into the intricate processes of organismal forma-
tion, growth, and differentiation. By enabling research-
ers to explore the spatial organization of tissues and 
cells in three dimensions, this technology allows for a 
more comprehensive understanding of key biological 
events such as organogenesis, embryogenesis, and tissue 
morphogenesis.

Organogenesis is a pivotal phase of development 
that encompasses the formation and differentiation of 
organs from embryonic tissues [478]. Recent advance-
ments in single-cell transcriptomics and spatial biology 
have allowed researchers to explore these intricate pro-
cesses at unprecedented resolution, shedding light on 
the cellular diversity, spatial architecture, and regulatory 
mechanisms involved in early organ formation. One of 
the most comprehensive resources available is the single-
cell transcriptome atlas of 4–6 week human embryos, 
which reveals 313 distinct cell clusters across 18 devel-
opmental systems. This detailed mapping has elucidated 
the spatial arrangement of cell populations and uncov-
ered human-specific regulatory pathways essential for 
early organogenesis [478]. The mouse model has been 
instrumental in furthering our understanding of organo-
genesis. The development of the Mouse Organogenesis 

Spatiotemporal Transcriptomic Atlas (MOSTA) has pro-
vided high-resolution, dynamic maps of transcriptional 
activity during mouse embryonic development. Using 
DNA nanoball-patterned arrays and in  situ RNA cap-
ture, MOSTA enables detailed investigation of cellular 
heterogeneity and fate specification across different time 
points in organ development [479]. Further enriching the 
field, a three-dimensional spatial transcriptomic atlas of 
mouse embryogenesis at day 5.5–7.5 and 13.5 offer a new 
perspective on the molecular mechanisms that regulate 
organ development [480, 481]. By combining single-cell 
transcriptomics with spatial data, this atlas illuminates 
the cellular interactions and molecular pathways that 
guide cell fate divergence during organogenesis. This 
integrative approach is particularly valuable for organ 
engineering and regenerative medicine, as it provides a 
blueprint for replicating organ development in vitro. The 
application of 3D histology and spatial transcriptom-
ics in these studies allows for a detailed understanding 
of how cells communicate and organize to form com-
plex tissues. Additionally, in model organisms, research-
ers have generated high-resolution 3D spatiotemporal 
transcriptomic maps of developing Drosophila embryos 
and larvae by employing Stereo-seq. These maps reveal 
critical insights into the functional subregions within 
organs like the midguts and the larval testis, along with 
the transcription factor networks (regulons) that gov-
ern these developmental processes. The comprehensive 
data sets from these models offer valuable resources for 
studying complex developmental pathways, serving as 
references for understanding similar processes in higher 
organisms [482]. In vertebrates, spatial transcriptomics 
has illuminated distinct chondrocyte populations during 
embryonic limb development, highlighting the molecular 
pathways involved in chondrogenesis. These findings are 
significant for understanding the formation of cartilage, 
not only during development but also in the context of 
diseases like osteoarthritis, where cartilage regeneration 
is a therapeutic target. The identification of key molecu-
lar mechanisms in chondrogenesis opens new avenues 
for developing therapeutic interventions that aim to 
regenerate or repair damaged cartilage in degenerative 
conditions [483]. To further explore cell–cell communi-
cation during development, the COMMOT framework—
which utilizes collective optimal transport—has proven 
effective for analyzing spatial transcriptomics data. This 
analytical tool has demonstrated its robustness across 
various data sets, providing novel insights into the com-
munication pathways that govern cell differentiation and 
tissue formation during organogenesis [484].

Organs such as the heart [485, 486] and brain [487–
489], undergo highly complex developmental pro-
cesses that are difficult to capture using traditional 2D 
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techniques. However, advancements in organoid culture 
systems—which allow for the growth of 3D, organ-like 
structures in  vitro—have revolutionized the study of 
organogenesis. By integrating single-cell RNA-sequenc-
ing with high-resolution fluorescence in  situ hybridiza-
tion, researchers have uncovered that various cardiac 
cell types in the developing human heart form distinct 
cellular communities [485]. This approach sheds light on 
the complex cell–cell interactions and signaling pathways 
crucial for ventricular wall morphogenesis, providing val-
uable insights into heart development and potential strat-
egies for repair. Researchers unveiled a spatiotemporal 
gene expression and cell atlas of the developing human 
heart by employing spatial transcriptomics and single-
cell RNA sequencing. This pioneering methodology 
enabled the mapping of cell-type-specific gene expres-
sion profiles across three distinct developmental stages, 
culminating in a meticulously detailed subcellular spatial 
map. This invaluable resource, now publicly accessible, 
stands poised to significantly advance the field of human 
cardiogenesis research [486]. The innovative approach 
of MAGIC-seq, a cost-effective spatial transcriptome 
sequencing method, integrates microfluidics and spatial 
combinatorial indexing to achieve a notable eightfold 
increase in throughput while approaching near single-
cell resolution [488]. This advancement has facilitated the 
generation of a comprehensive 3D transcriptomic atlas of 
the developing mouse brain, empowering researchers to 
conduct dynamic analyses of transcriptional variations 
across different tissue types. Sequential fluorescence 
in  situ hybridization (seqFISH) was employed to inves-
tigate mouse embryos, integrating spatial and single-cell 
transcriptomic datasets to delineate cell types and elu-
cidate differentiation trajectories [489]. This approach 
significantly augmented our comprehension of organo-
genesis, with a specific emphasis on the midbrain-hind-
brain boundary and the development of the gut tube. 
These systems provide an experimental model to visual-
ize organ development in real-time and offer a platform 
for studying the molecular mechanisms driving tissue 
patterning and organ differentiation [490].

Early embryonic development represents a crucial 
phase in an organism’s life, where the foundational struc-
tures and tissues begin to form. A spatial multiomics atlas 
of the maternal–fetal interface reveals trophoblast dif-
ferentiation pathways and potential transcription factors 
driving EVT invasion, providing insights into placental 
development and implications for understanding preg-
nancy disorders like pre-eclampsia [491]. The application 
of  single-cell 3D histology begins with early embryonic 
development, including processes such as embryo mor-
phogenesis, gastrulation [492], and neurulation. Moreo-
ver, utilizing advanced 3D cell culture techniques, such 

as 3D prolonged  in  vitro  culture (pIVC) system, could 
help us discover embryo development from several days 
post-fertilization [493]. These capabilities to visualize and 
quantify cellular behaviors in three dimensions has sig-
nificantly advanced our understanding of the fundamen-
tal mechanisms driving early embryogenesis.

The Stereo-seq technology has enabled a comprehen-
sive spatial transcriptomic analysis of zebrafish embryo-
genesis, profiling 91 sections across six critical time 
points. This study revealed gene expression landscapes 
and developmental trajectories, correlating microen-
vironmental cues with cell-fate decisions. By captur-
ing these dynamic processes, Stereo-seq provides a vital 
reference for studying how embryonic cells differentiate 
and respond to their environments throughout develop-
ment [494]. In mouse embryogenesis, researchers uti-
lized multiple single-cell RNA-sequencing datasets to 
reconstruct cellular trajectories spanning 19 develop-
mental stages, from E3.5 to E13.5. This work led to the 
creation of the TOME graph, a powerful tool for identify-
ing key transcription factors that regulate development. 
It also highlighted evolutionary homologs, deepening 
our understanding of how similar cell types evolve and 
function across species [495]. Innovative techniques 
such as IGS have further advanced our understanding 
of embryogenesis by combining DNA sequencing with 
spatial imaging. IGS allows researchers to localize thou-
sands of genomic loci within intact samples, revealing 
parent-specific structural changes during development. 
This method provides a detailed view of single-cell chro-
matin domains, linking genomic sequence with spa-
tial organization from base pairs to entire organisms 
[239]. Additionally, Genome-wide RNA Tomography 
offers a high-resolution, 3D atlas of gene expression in 
zebrafish embryos by combining histology, low-input 
RNA sequencing, and mathematical image reconstruc-
tion. This technique enables the identification of spa-
tial gene expression patterns, proving its potential for 
broader applications in spatially resolved transcriptom-
ics [496]. The DBiT-seq technique, which utilizes deter-
ministic barcoding in tissues, allows for the simultaneous 
mapping of mRNAs and proteins in fixed samples via 
next-generation sequencing. By employing microfluidic 
channels for in  situ barcoding, DBiT-seq has facilitated 
the identification of tissue types and cell distributions in 
mouse embryos, making it applicable across fields such 
as cancer biology and clinical pathology [232].

Regenerative medicine
The integration of 3D histology with cutting-edge sin-
gle-cell genomic technologies has provided remarkable 
insights into various organ systems, contributing sig-
nificantly to our understanding of complex biological 
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processes such as neurogenesis, organ regeneration, and 
tissue remodeling. This advancement is particularly evi-
dent in studies involving the brain, kidney, heart, and 
immune systems, where researchers have been able to 
map cell populations, identify transcriptional dynam-
ics, and uncover the regenerative capabilities of various 
tissues.

In the field of neuroscience, 3D histology combined 
with single-cell genomic profiling has been instrumental 
in unveiling the complexity of the nervous system [497, 
498]. Studies on the axolotl telencephalon, for example, 
have provided valuable insights into neurogenesis and 
brain regeneration. Single-cell genomic methodologies 
have unveiled critical neuronal subpopulations such 
as glutamatergic and GABAergic neurons. Further-
more, these techniques have captured the transcrip-
tional dynamics linked to the regenerative capabilities 
of ependymoglia, specialized glial cells with the remark-
able capacity to replenish lost neurons following brain 
injury [497]. The spatial resolution achieved through 
techniques like Stereo-seq has further identified injury-
induced progenitor cell populations in the axolotl brain, 
offering clues about how certain neurons can revert to an 
immature state to facilitate tissue repair. These findings 
not only deepen our understanding of neurogenesis but 
also highlight evolutionary parallels between tetrapods, 
providing important perspectives on the broader mech-
anisms underlying nervous system regeneration and 
organization [498].

In parallel,  single-cell 3D histology provides valu-
able insights into the mechanisms of kidney disease pro-
gression and potential therapeutic targets, particularly 
through technologies like the ACE. This innovative tech-
nique enhances mass cytometry sensitivity, enabling the 
simultaneous quantification of over 30 proteins. Such 
capabilities are crucial for studying molecular repro-
gramming during epithelial-to-mesenchymal transitions 
(EMT) and for profiling pathological states in tissues, 
including polycystic kidneys [462]. Recent comprehensive 
multi-omics analyses of human kidneys have revealed 
four distinct microenvironments: glomerular, immune, 
tubule, and fibrotic. Each of these microenvironments 
plays a critical role in kidney function and pathology, 
particularly highlighting the significance of the fibrotic 
microenvironment in disease classification and progno-
sis [499]. Further investigations into kidney injury have 
led to the development of a comprehensive multi-omics 
atlas detailing 51 distinct cell types and 28 altered cellular 
states. This atlas, which incorporates spatial transcrip-
tomic profiles and 3D imaging analyses, effectively links 
cellular neighborhoods to immune responses and out-
comes following injury [500]. A particularly significant 

finding is the identification of distinct subpopulations 
of pericytes and fibroblasts as the primary sources of 
myofibroblasts in human kidney fibrosis. Single-cell RNA 
sequencing has elucidated the cellular origins and differ-
entiation pathways leading to myofibroblast formation, a 
process integral to the progression of fibrosis. The identi-
fication of NKD2 as a potential therapeutic target in this 
context opens new avenues for intervention, aiming to 
prevent or reverse fibrotic changes in the kidney [501]. 
Moreover, the integration of high-spatial-resolution 
metabolomics methods, such as MALDI-MSI combined 
with isotope tracing, has further enhanced our under-
standing of kidney repair dynamics. This approach allows 
for the analysis of cell-type-specific metabolic changes 
during recovery from ischemia–reperfusion injury, shed-
ding light on how different kidney regions respond meta-
bolically during the healing process [502].

Further contributions of  single-cell 3D histology are 
seen in cardiac development and repair, where advanced 
single-cell RNA sequencing and high-resolution imaging 
techniques have revealed the organization of diverse car-
diac cell types into specialized communities [485]. This 
work has significantly advanced our knowledge of how 
cell–cell interactions and signaling pathways contribute 
to critical processes like ventricular wall morphogen-
esis. By mapping these specialized cellular interactions, 
researchers are gaining important insights into both 
normal heart development and potential strategies for 
repairing damaged cardiac tissue.

Beyond these organ-specific discoveries, the appli-
cation of single-cell  3D histology in immunology has 
been pivotal in clarifying the role of immune cells in tis-
sue repair and regeneration. Spatial transcriptomics has 
been instrumental in uncovering injury-specific gene 
expression patterns and cellular interactions in mod-
els of kidney ischemia–reperfusion injury, revealing the 
critical roles played by immune cells in facilitating tissue 
repair [503]. Inflammatory responses, while essential for 
defending against microbial infections, also play a vital 
role in facilitating tissue regeneration. However, the exact 
mechanisms by which different immune cell subtypes 
contribute to these regenerative processes remain a sub-
ject of ongoing investigation [466].

Other applications and progress
3D histology has found significant applications and made 
substantial progress in orthopedics, dentistry, and der-
matology. This advanced imaging approach provides 
critical insights into complex structures and processes, 
leading to improved diagnostics, treatment planning, and 
therapeutic outcomes in these medical specialties.

In orthodontics, 3D imaging allows for the accu-
rate assessment of dental and skeletal relationships, 
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improving the planning and outcomes of orthodontic 
treatments [504]. Advancements in spatial biology tech-
niques for analyzing osteoarthritis (OA) microenviron-
ments have been instrumental in elucidating the disease’s 
complexities. By integrating genomics, transcriptom-
ics, and advanced imaging methods, researchers have 
enhanced their understanding of OA phenotypes [505]. 
This integrated approach not only sheds light on the 
disease processes but also paves the way for the devel-
opment of more precise diagnostic and therapeutic strat-
egies. Moreover, detailed single-cell and spatial maps of 
the human endometrium reveal signaling pathways that 
influence epithelial cell fate and enhance our understand-
ing of endometrial cancers and endometriosis to inform 
future therapeutic strategies [506].

Dermatology has also benefited significantly from 
advancements in 3D histology. For skin cancer diagno-
sis and treatment, 3D imaging techniques such as OCT 
and confocal microscopy provide detailed images of skin 
layers, enabling early detection and precise excision of 
cancerous tissues [507]. In conditions like psoriasis and 
atopic dermatitis, 3D imaging helps in assessing the 
extent and severity of lesions, facilitating better treat-
ment planning and monitoring [508, 509]. Additionally, 
3D histology plays a critical role in wound healing and 
scar assessment by providing detailed visualization of 
skin remodeling processes and aiding in the development 
of effective therapies for burns, cellulitis, and other skin 
injuries [510].

Challenges and perspectives
The emergence of 3D tissue imaging technologies repre-
sents a significant advancement in research capabilities. 
While these tools offer immense potential, researchers 
must exercise caution in their application. It is essential 
to formulate research questions that genuinely stand 
to benefit from 3D imaging and to design experimental 
plans based on robust statistical principles. Addressing 
these challenges is crucial for leveraging the full potential 
of 3D imaging technologies in scientific inquiry.

Challenges in 3D tissue imaging
Cost and accessibility
The barrier to entry for 3D tissue imaging is high due 
to the significant costs and accessibility issues associ-
ated with the specially required equipment. For instance, 
imaging methods like PET and CARS require costly 
facilities, necessitating substantial financial investment 
from research institutions. Maintaining and operating 
these sophisticated instruments require extensive train-
ing, further escalating the overall cost [511]. This finan-
cial burden can limit access to state-of-the-art imaging 

technologies, particularly for smaller laboratories and 
institutions with constrained budgets. Moreover, the 
need for specialized training to operate and trouble-
shoot these complex imaging systems is also disturbing. 
The intricacies involved in setting up experiments, opti-
mizing imaging parameters, and interpreting the results 
demand a high level of expertise. Consequently, the lack 
of skilled personnel can hinder the adoption and effective 
use of 3D imaging technologies in various research set-
tings [58].

Significant robustness in technologies
3D tissue imaging technologies temporarily facing signif-
icant robustness issues, particularly concerning resolu-
tion limitations and artifact reduction. The resolution of 
3D images is often constrained by the optical properties 
of the imaging system and the sample itself. For instance, 
light scattering and absorption in thicker tissues can 
degrade image quality, limiting the achievable resolution 
and depth penetration [29]. Despite advancements in 
imaging techniques, such as light-sheet microscopy, these 
limitations persist. Artifact reduction is also a critical 
challenge. Artifacts, which can arise from various sources 
including sample preparation and imaging processes, can 
obscure critical details and lead to misinterpretations. 
Addressing these artifacts requires meticulous optimiza-
tion of imaging protocols and advanced image processing 
techniques, which can be resource-intensive and com-
plex [512].

Lack of best practices for experimental design and data 
analysis
Sample preparation is a crucial step that significantly 
impacts the quality of 3D images. Techniques such as tis-
sue clearing, staining and labeling, and fixation and pres-
ervation must be optimized to preserve tissue integrity 
and enhance image quality [39]. However, there is consid-
erable variability in these methods, and standardized pro-
tocols are often lacking. Additionally, the large volumes 
of data generated by 3D imaging require efficient storage, 
processing, and analysis capabilities. However, the need 
for high computational resources to handle and analyze 
large datasets can be a limiting factor for many laborato-
ries [513]. Image stitching and registration are essential 
for creating coherent 3D datasets from individual images, 
but these processes can be computationally intensive and 
prone to errors [514]. In addition to this, segmenting and 
quantifying complex 3D structures require sophisticated 
algorithms and software tools, which makes image analy-
sis tools difficult to develop and implement. Automa-
tion of these processes is still in its infancy, and manual 
intervention is often required, increasing the potential 
for variability and bias [341]. Furthermore, the biological 
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relevance of the quantified data must be carefully inter-
preted, necessitating thorough validation with biological 
controls and comparative studies.

Standardization
Standardization is a critical issue in 3D tissue imaging, 
affecting the reproducibility and comparability of results 
across different studies and laboratories. The absence 
of standardized protocols for sample preparation, data 
acquisition, processing, and analysis creates inconsisten-
cies in research that hinder the advancement of the field 
[515]. For instance, variations in tissue-clearing meth-
ods can lead to differences in transparency and staining, 
affecting the quality and interpretability of the resulting 
images [39]. Ethical and regulatory issues further compli-
cate standardization efforts. Obtaining patient consent 
and ensuring data privacy are paramount, particularly 
in clinical research settings. Researchers must navigate 
complex regulatory landscapes to comply with ethical 
guidelines, which can vary significantly across regions 
and institutions [516] Additionally, the lack of stand-
ardized ethical guidelines for the use and sharing of 3D 
imaging data can impede collaborative efforts and data 
sharing [517, 518].

In conclusion, while 3D tissue imaging holds immense 
promise for advancing biomedical research, several sig-
nificant challenges must be addressed to unlock its full 
potential. To overcome these obstacles, the following 
methods can be considered:

(a)	 It is crucial to increase funding and support for 
acquiring and maintaining 3D imaging systems. 
Training programs and workshops can help build 
expertise in 3D imaging technologies, ensuring 
that researchers are well-equipped to utilize these 
tools effectively. Collaborative efforts and shared 
resources among institutions can also alleviate the 
financial burden and enhance access to cutting-
edge technologies.

(b)	 Technological advancements, such as improved 
imaging systems [29, 58, 511] and standardized 
sample preparation methods [39], will enhance the 
robustness and quality of 3D imaging. Developing 
imaging systems with higher resolution and bet-
ter depth penetration, such as adaptive optics and 
advanced light-sheet microscopy, can help over-
come current limitations. Standardizing sample 
preparation protocols, including tissue clearing and 
staining, can reduce variability and improve the 
quality of 3D images.

(c)	 Establishing clear best practices for experimen-
tal design and analysis is crucial for advancing the 
field. Developing standardized protocols for sam-

ple preparation, data acquisition, and processing 
can enhance reproducibility and comparability of 
results. Additionally, ensuring ethical and regula-
tory compliance through standardized guidelines 
can facilitate the responsible use and sharing of 3D 
imaging data [517, 518].

Future directions
The future of 3D tissue imaging is brimming with 
potential as technological advancements continue to 
enhance our understanding and capabilities in biomedi-
cal research. Here, we explore several key areas that are 
poised to revolutionize the field.

Improved equipment and imaging techniques
The development of portable and miniaturized imaging 
devices is set to democratize access to advanced imaging 
technologies. Handheld microscopy systems and com-
pact optical coherence tomography (OCT) devices are 
making high-resolution imaging more accessible in vari-
ous settings, including clinical environments and field 
research [519, 520]. These portable systems enhance the 
ability to perform real-time analysis and diagnostics, thus 
broadening the scope of applications in both research 
and clinical practice.

Advancements in super-resolution imaging techniques 
are also pushing the boundaries of spatial resolution, 
allowing us to visualize cellular structures at the nanom-
eter scale. As the first far-field microscopy imaging tech-
nique to break the optical diffraction limit, stimulated 
emission depletion (STED) microscopy achieves a three-
dimensional resolution of 30 ~ 50 nm through the use of 
nonlinear effects [521–523]. Expansion microscopy, for 
example, involves physically enlarging tissue samples, 
enabling high-resolution imaging of otherwise obscured 
details [524]. These techniques are breaking the diffrac-
tion limit, revealing intricate cellular details previously 
unattainable [525, 526].

Integration of multimodal imaging techniques
The integration of multimodal imaging techniques is 
another promising development. Combining different 
imaging modalities, such as fluorescence microscopy, 
electron microscopy, and MRI, provides a comprehen-
sive view of tissue structures [527]. Each modality offers 
unique strengths: fluorescence microscopy for detailed 
molecular imaging, electron microscopy for high-reso-
lution ultrastructural data, and MRI for revealing tissue 
composition and function. This multimodal approach 
allows researchers to obtain a holistic understanding of 
complex biological systems [528].
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Real-time 3D imaging and functional imaging tech-
niques are also transforming our ability to observe 
dynamic biological processes. Advances in light-sheet 
fluorescence microscopy and multi-photon microscopy 
now allow for live, high-resolution imaging of tissues 
in action, essential for studying phenomena such as cell 
migration, tissue development, and therapeutic responses 
[526, 529, 530]. Functional imaging techniques, such as 
calcium imaging and functional MRI, complement struc-
tural imaging by capturing physiological activities and 
biochemical changes in real-time, enhancing our under-
standing of processes like neural activity and vascular 
dynamics [531, 532].

Artificial intelligence and machine learning
Artificial intelligence (AI) and machine learning are 
revolutionizing the analysis of 3D tissue imaging data. 
AI-powered algorithms significantly enhance data pro-
cessing efficiency and accuracy, enabling the extraction 
of meaningful insights from complex datasets [533]. 
Deep learning techniques automate tasks such as image 
segmentation, feature extraction, and pattern recogni-
tion, which accelerates research and improves reproduc-
ibility [534, 535]. There is an urgent need for a universal 
method to convert existing NGS protocols into spatially 
resolved technologies. Spatial transcriptomics by reori-
ented projections and sequencing (STRP-seq) achieves 
this transition by using a tissue sampling strategy based 
on multi-angle slicing and a probabilistic image recon-
struction algorithm, which can reconstruct complex 2D 
spatial patterns [536]. However, more integrated tech-
nologies need to be developed to combine AI with spatial 
proteomics [537], metabolomics, and other omics fields. 
By tracking the spatial distribution of gene expression, 
protein changes, and metabolic activities, researchers can 
better understand the dynamic changes in tissues during 
development, disease, and treatment processes.

Innovative contrast agents
Innovative contrast agents are also advancing the capabil-
ities of 3D tissue imaging. Novel agents, such as targeted 
fluorescent probes and nanoparticle-based markers, 
improve imaging sensitivity and specificity [538, 539]. 
These agents allow for precise visualization of molecular 
targets and cellular processes, providing valuable infor-
mation for both research and clinical applications [540].

Impact on personalized medicine
The convergence of these advancements is paving the 
way for significant strides in personalized medicine. Tai-
lored treatments based on precise imaging and analysis 
of individual patient tissues are becoming more feasi-
ble. The ability to visualize and analyze tissues at high 

resolution and in real-time allows for more accurate 
diagnosis, treatment planning, and monitoring of thera-
peutic responses [160, 162].

Further, the integration of single-cell RNA sequenc-
ing with CRISPR/Cas screening library allows 
researchers to perturb gene expression at the sin-
gle-cell level and examine resulting transcriptional 
changes. Techniques like Perturb-Seq [541], CRISP-seq 
[542], and CROP-seq [543] facilitate high-throughput 
investigations into how genetic perturbations influ-
ence gene expression and cellular functions. Moreover, 
methods such as genome editing of synthetic target 
arrays for lineage tracing (GESTALT) [544, 545] and 
lineage tracing by nuclease-activated editing of ubiq-
uitous sequences (LINNAEUS) [546] enable the iden-
tification of cellular lineage relationships, cataloging of 
cell identities in diverse tissues, and simultaneous line-
age tracing with transcriptome profiling in thousands 
of single cells [547]. Although CRISPR/Cas technol-
ogy has advanced single-cell research significantly, its 
utilization in spatial genomics necessitates additional 
refinement. By combining spatial genomics, research-
ers can use CRISPR/Cas9 to knock out or activate 
genes in specific tissue regions (such as the cerebral 
cortex or tumor microenvironment) to study spatial 
gene expression changes and their effects on tissue 
development or disease progression [548, 549].

The future of 3D tissue imaging is characterized by 
remarkable advancements in equipment, imaging tech-
niques, and analysis methods. Portable and miniatur-
ized devices, super-resolution imaging, and real-time 
functional imaging are expanding our capabilities. The 
integration of multimodal imaging techniques and the 
application of AI and innovative contrast agents are 
further enhancing our understanding of tissue biology. 
These developments are set to revolutionize personal-
ized medicine, offering deeper insights into complex 
biological processes and improving diagnostic and 
therapeutic strategies.

Acknowledgements
This work was supported by the National Natural Science Foundation of China 
[Grant No. 32470835, No. 32170493], the Beijing Natural Science Foundation 
(Grant No. 7242169, No. L248056), the Clinical Medicine Plus X—Young Schol-
ars Project, Peking University, the Fundamental Research Funds for the Central 
Universities (Grant No. PKU2024LCXQ044).

Authors’ contributions
Conceptualization: XZ, JF and FM; Methodology: XX, JS, RZ, KL; Writing and 
editing: XX, JS, XZ, JF and FM; Supervision: XZ, JF and FM.

Funding
This work was supported by the National Natural Science Foundation of China 
[Grant No. 32470835, No. 32170493], the Beijing Natural Science Foundation 
(Grant No. 7242169, No. L248056), the Clinical Medicine Plus X—Young Schol-
ars Project, Peking University, the Fundamental Research Funds for the Central 
Universities (Grant No. PKU2024LCXQ044).



Page 38 of 50Xu et al. Molecular Cancer           (2025) 24:63 

Data availability
No datasets were generated or analysed during the current study.

Declarations

Ethics approval and consent to participate
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 22 November 2024   Accepted: 18 January 2025

References
	 1.	 Wang S, Liu CH, Zakharov VP, Lazar AJ, Pollock RE, Larin KV. Three-

dimensional computational analysis of optical coherence tomogra-
phy images for the detection of soft tissue sarcomas. J Biomed Opt. 
2014;19:21102.

	 2.	 Brezinski ME, Fujimoto JG. Optical coherence tomography: high-resolu-
tion imaging in nontransparent tissue. IEEE J Sel Top Quantum Electron. 
1999;5:1185–92.

	 3.	 Fujimoto JG. Optical coherence tomography. Comptes Rendus de 
l’Académie des Sciences-Series IV-Physics. 2001;2:1099–111.

	 4.	 Katz MH, Choi EA, Pollock RE. Current concepts in multimodality 
therapy for retroperitoneal sarcoma. Expert Rev Anticancer Ther. 
2007;7:159–68.

	 5.	 Shahrubudin N, Lee TC, Ramlan R. An overview on 3D printing technol-
ogy: technological, materials, and applications. Procedia manufactur-
ing. 2019;35:1286–96.

	 6.	 Khanna A, Ayan B, Undieh AA, Yang YP, Huang NF. Advances in three-
dimensional bioprinted stem cell-based tissue engineering for cardio-
vascular regeneration. J Mol Cell Cardiol. 2022;169:13–27.

	 7.	  Verma M, Murkonda BS, Asakura Y, Asakura A. Skeletal muscle tissue 
clearing for LacZ and fluorescent reporters, and immunofluorescence 
staining. In: Skeletal muscle regeneration in the mouse: methods and 
protocols. 2016. p. 129–140.

	 8.	 Karthikeyan S, Kim K, Asakura Y, Verma M, Asakura A. Three-
dimensional imaging analysis for skeletal muscle. Methods Mol Biol. 
2023;2640:463–77.

	 9.	 Gerdes MJ, Sevinsky CJ, Sood A, Adak S, Bello MO, Bordwell A, Can A, 
Corwin A, Dinn S, Filkins RJ. Highly multiplexed single-cell analysis of 
formalin-fixed, paraffin-embedded cancer tissue. Proc Natl Acad Sci. 
2013;110:11982–7.

	 10.	 Junttila MR, De Sauvage FJ. Influence of tumour micro-environment 
heterogeneity on therapeutic response. Nature. 2013;501:346–54.

	 11.	 Tirosh I, Izar B, Prakadan SM, Wadsworth MH, Treacy D, Trombetta JJ, 
Rotem A, Rodman C, Lian C, Murphy G. Dissecting the multicellular 
ecosystem of metastatic melanoma by single-cell RNA-seq. Science. 
2016;352:189–96.

	 12.	 Chung K, Wallace J, Kim S-Y, Kalyanasundaram S, Andalman AS, David-
son TJ, Mirzabekov JJ, Zalocusky KA, Mattis J, Denisin AK. Structural 
and molecular interrogation of intact biological systems. Nature. 
2013;497:332–7.

	 13.	 Lee E, Choi J, Jo Y, Kim JY, Jang YJ, Lee HM, Kim SY, Lee H-J, Cho K, Jung 
N. ACT-PRESTO: rapid and consistent tissue clearing and labeling 
method for 3-dimensional (3D) imaging. Sci Rep. 2016;6: 18631.

	 14.	 Kim DH, Lee SJ, Seo SH, Ahn HH, Kim BJ, Sun W, Rhyu IJ. Three-dimen-
sional imaging for the analysis of human epidermal melanocytes. 
Pigment Cell Melanoma Res. 2022;35:534–8.

	 15.	 Carson FL, Cappellano CH. Pigments, minerals, and cytoplasmic 
granules. Histotechnology: A Self-Instructional Text. 4th ed. Chicago: 
American Society for Clinical Pathology. 2015:242-61.

	 16.	 Donczo B, Guttman A. Biomedical analysis of formalin-fixed, paraffin-
embedded tissue samples: the Holy Grail for molecular diagnostics. J 
Pharm Biomed Anal. 2018;155:125–34.

	 17.	 Bancroft JD, Gamble M. Theory and practice of histological techniques. 
Edinburgh: Elsevier health sciences, Churchill Livingstone; 2008.

	 18.	 Snijders MLH, Zajec M, Walter LAJ, de Louw R, Oomen MHA, Arshad S, 
van den Bosch TPP, Dekker LJM, Doukas M, Luider TM, et al. Cryo-
Gel embedding compound for renal biopsy biobanking. Sci Rep. 
2019;9:15250.

	 19.	 Zhao X, Huffman KE, Fujimoto J, Canales JR, Girard L, Nie G, Heymach 
JV, Wistuba II, Minna JD, Yu Y. Quantitative proteomic analysis of optimal 
cutting temperature (OCT) embedded core-needle biopsy of lung 
cancer. J Am Soc Mass Spectrom. 2017;28:2078–89.

	 20.	 Suvarna KS, Layton C, Bancroft JD. Bancroft’s theory and practice of 
histological techniques. Edinburgh: Elsevier health sciences; 2018.

	 21.	 Shi S-R, Key ME, Kalra KL. Antigen retrieval in formalin-fixed, paraffin-
embedded tissues: an enhancement method for immunohistochemi-
cal staining based on microwave oven heating of tissue sections. J 
Histochem Cytochem. 1991;39:741–8.

	 22.	 Kolesová H, Čapek M, Radochová B, Janáček J, Sedmera D. Comparison 
of different tissue clearing methods and 3D imaging techniques for 
visualization of GFP-expressing mouse embryos and embryonic hearts. 
Histochem Cell Biol. 2016;146:141–52.

	 23.	 Gómez-Gaviro MV, Sanderson D, Ripoll J, Desco M. Biomedical applica-
tions of tissue clearing and three-dimensional imaging in health and 
disease. iScience. 2020;23:101432.

	 24.	 Park Y-G, Sohn CH, Chen R, McCue M, Yun DH, Drummond GT, Ku T, 
Evans NB, Oak HC, Trieu W. Protection of tissue physicochemical proper-
ties using polyfunctional crosslinkers. Nat Biotechnol. 2019;37:73–83.

	 25.	 Murray E, Cho JH, Goodwin D, Ku T, Swaney J, Kim S-Y, Choi H, Park Y-G, 
Park J-Y, Hubbert A. Simple, scalable proteomic imaging for high-
dimensional profiling of intact systems. Cell. 2015;163:1500–14.

	 26.	 Yun SH, Kwok SJJ. Light in diagnosis, therapy and surgery. Nat Biomed 
Eng. 2017;1:0008.

	 27.	 Tuchin VV. Optical clearing of tissues and blood using the immersion 
method. J Phys D Appl Phys. 2005;38:2497.

	 28.	 Horstmeyer R, Ruan H, Yang C. Guidestar-assisted wavefront-shaping 
methods for focusing light into biological tissue. Nat Photonics. 
2015;9:563–71.

	 29.	 Ntziachristos V. Going deeper than microscopy: the optical imaging 
frontier in biology. Nat Methods. 2010;7:603–14.

	 30.	 Pac J, Koo DJ, Cho H, Jung D, Choi MH, Choi Y, Kim B, Park JU, Kim SY, 
Lee Y. Three-dimensional imaging and analysis of pathological tissue 
samples with de novo generation of citrate-based fluorophores. Sci-
ence Advances. 2022;8:eadd9419.

	 31.	 Renier N, Wu Z, Simon DJ, Yang J, Ariel P, Tessier-Lavigne M. iDISCO: a 
simple, rapid method to immunolabel large tissue samples for volume 
imaging. Cell. 2014;159:896–910.

	 32.	 Pan C, Cai R, Quacquarelli FP, Ghasemigharagoz A, Lourbopoulos 
A, Matryba P, Plesnila N, Dichgans M, Hellal F, Ertürk A. Shrinkage-
mediated imaging of entire organs and organisms using uDISCO. Nat 
Methods. 2016;13:859–67.

	 33.	 Ertürk A, Becker K, Jährling N, Mauch CP, Hojer CD, Egen JG, Hellal F, 
Bradke F, Sheng M, Dodt H-U. Three-dimensional imaging of solvent-
cleared organs using 3DISCO. Nat Protoc. 2012;7:1983–95.

	 34.	 Vigouroux RJ, Belle M, Chédotal A. Neuroscience in the third dimen-
sion: shedding new light on the brain with tissue clearing. Mol Brain. 
2017;10:33.

	 35.	 Azaripour A, Lagerweij T, Scharfbillig C, Jadczak AE, Willershausen B, Van 
Noorden CJ. A survey of clearing techniques for 3D imaging of tissues 
with special reference to connective tissue. Prog Histochem Cytochem. 
2016;51:9–23.

	 36.	 Lloyd-Lewis B, Davis FM, Harris OB, Hitchcock JR, Lourenco FC, Pasche 
M, Watson CJ. Imaging the mammary gland and mammary tumours in 
3D: optical tissue clearing and immunofluorescence methods. Breast 
Cancer Res. 2016;18:127.

	 37.	 Rios AC, Capaldo BD, Vaillant F, Pal B, van Ineveld R, Dawson CA, Chen 
Y, Nolan E, Fu NY, Jackling FC, et al. Intraclonal plasticity in mammary 
tumors revealed through large-scale single-cell resolution 3D imaging. 
Cancer Cell. 2019;35:618–632.e616.

	 38.	 Sahu S, Albaugh ME, Martin BK, Patel NL, Riffle L, Mackem S, Kalen 
JD, Sharan SK. Growth factor dependency in mammary organoids 
regulates ductal morphogenesis during organ regeneration. Sci Rep. 
2022;12:7200.



Page 39 of 50Xu et al. Molecular Cancer           (2025) 24:63 	

	 39.	 Richardson DS, Lichtman JW. Clarifying tissue clearing. Cell. 
2015;162:246–57.

	 40.	 Tomer R, Ye L, Hsueh B, Deisseroth K. Advanced CLARITY for rapid and 
high-resolution imaging of intact tissues. Nat Protoc. 2014;9:1682–97.

	 41.	 Jensen KHR, Berg RW. Advances and perspectives in tissue clearing 
using CLARITY. J Chem Neuroanat. 2017;86:19–34.

	 42.	 Nojima S, Susaki EA, Yoshida K, Takemoto H, Tsujimura N, Iijima S, 
Takachi K, Nakahara Y, Tahara S, Ohshima K. CUBIC pathology: three-
dimensional imaging for pathological diagnosis. Sci Rep. 2017;7:9269.

	 43.	 Murakami TC, Mano T, Saikawa S, Horiguchi SA, Shigeta D, Baba K, 
Sekiya H, Shimizu Y, Tanaka KF, Kiyonari H. A three-dimensional single-
cell-resolution whole-brain atlas using CUBIC-X expansion microscopy 
and tissue clearing. Nat Neurosci. 2018;21:625–37.

	 44.	 Hasegawa S, Inoue T, Inagi R. Neuroimmune interactions and kidney 
disease. Kidney Research and Clinical Practice. 2019;38:282.

	 45.	 Li M, Biswas S, Hail CU, Atwater HA. Refractive index modulation in 
monolayer molybdenum diselenide. Nano Lett. 2021;21:7602–8.

	 46.	 Lucarini V, Saarinen JJ, Peiponen KE, Vartiainen EM. Kramers-Kronig 
relations in optical materials research. Berlin: Springer Science & Busi-
ness Media; 2005.

	 47.	 Ou Z, Duh YS, Rommelfanger NJ, Keck CHC, Jiang S, Brinson K Jr, Zhao 
S, Schmidt EL, Wu X, Yang F, et al. Achieving optical transparency in 
live animals with absorbing molecules. Science. 2024;385: eadm6869.

	 48.	 Tainaka K, Kuno A, Kubota SI, Murakami T, Ueda HR. Chemical prin-
ciples in tissue clearing and staining protocols for whole-body cell 
profiling. Annu Rev Cell Dev Biol. 2016;32:713–41.

	 49.	 Lee B, Lee E, Kim JH, Kim HJ, Kang YG, Kim HJ, Shim JK, Kang SG, Kim 
BM, Kim K, et al. Sensitive label-free imaging of brain samples using 
FxClear-based tissue clearing technique. iScience. 2021;24:102267.

	 50.	 Lee E, Kim HJ, Sun W. See-through technology for biological tissue: 
3-dimensional visualization of macromolecules. Int Neurourol J. 
2016;20:S15–22.

	 51.	 Kim JH, Jang MJ, Choi J, Lee E, Song KD, Cho J, Kim KT, Cha HJ, Sun W. 
Optimizing tissue-clearing conditions based on analysis of the critical 
factors affecting tissue-clearing procedures. Sci Rep. 2018;8:12815.

	 52.	 Lee E, Kim HJ, Shaker MR, Ryu JR, Ham MS, Seo SH, Kim DH, Lee K, 
Jung N, Choe Y, et al. High-performance acellular tissue scaffold 
combined with hydrogel polymers for regenerative medicine. ACS 
Biomater Sci Eng. 2019;5:3462–74.

	 53.	 Lee B, Lee JH, Kim DH, Kim ES, Seo BK, Rhyu IJ, Sun W. MAX: a simple, 
affordable, and rapid tissue clearing reagent for 3D imaging of wide 
variety of biological specimens. Sci Rep. 2022;12:19508.

	 54.	 Zhu J, Yu T, Li Y, Xu J, Qi Y, Yao Y, Ma Y, Wan P, Chen Z, Li X, et al. MACS: 
rapid aqueous clearing system for 3D mapping of intact organs. Adv 
Sci (Weinh). 2020;7:1903185.

	 55.	 Zhu J, Liu X, Deng Y, Li D, Yu T, Zhu D. Tissue optical clearing for 
3D visualization of vascular networks: a review. Vascul Pharmacol. 
2021;141: 106905.

	 56.	 van Ineveld RL, van Vliet EJ, Wehrens EJ, Alieva M, Rios AC. 3D imag-
ing for driving cancer discovery. Embo j. 2022;41: e109675.

	 57.	 Roostalu U, Hansen HH, Hecksher-Sørensen J. 3D light-sheet fluo-
rescence microscopy in preclinical and clinical drug discovery. Drug 
Discov Today. 2024;29: 104196.

	 58.	 Pawley J. Handbook of biological confocal microscopy. New York: 
Springer Science and Business Media; 2006.

	 59.	 Hibbs AR. Confocal microscopy for biologists. New York: Springer 
Science and Business Media; 2004.

	 60.	 Minsky M. Memoir on inventing the confocal scanning microscope. 
Scanning. 1988;10:128–38.

	 61.	 Huisken J, Stainier DY. Selective plane illumination microscopy tech-
niques in developmental biology. 2009.

	 62.	 Denk W, Strickler JH, Webb WW. Two-photon laser scanning fluores-
cence microscopy. Science. 1990;248:73–6.

	 63.	 Wang Y, Liu B, Ding L, Chen C, Shan X, Wang D, Tian M, Song J, 
Zheng Z, Xu X, Zhong X. Multi‐Photon Super‐Linear Image Scanning 
Microscopy Using Upconversion Nanoparticles (Laser Photonics Rev. 
18 (12)/2024). Laser & Photonics Reviews. 2024;18(12):2470073.

	 64.	 Pampaloni F, Berge U, Marmaras A, Horvath P, Kroschewski R, Stelzer 
EH. Tissue-culture light sheet fluorescence microscopy (TC-LSFM) 
allows long-term imaging of three-dimensional cell cultures under 
controlled conditions. Integr Biol (Camb). 2014;6:988–98.

	 65.	 Santi PA. Light sheet fluorescence microscopy: a review. J Histochem 
Cytochem. 2011;59:129–38.

	 66.	 Li H, Wang H, Sokulsky L, Liu S, Yang R, Liu X, Zhou L, Li J, Huang C, 
Li F, et al. Single-cell transcriptomic analysis reveals key immune cell 
phenotypes in the lungs of patients with asthma exacerbation. J 
Allergy Clin Immunol. 2021;147:941–54.

	 67.	 Wu YC, Moon HG, Bindokas VP, Phillips EH, Park GY, Lee SS. Mul-
tiresolution 3D optical mapping of immune cell infiltrates in mouse 
asthmatic lung. Am J Respir Cell Mol Biol. 2023;69:13–21.

	 68.	 Yu T, Zhu J, Li D, Zhu D. Physical and chemical mechanisms of tissue 
optical clearing. iScience. 2021;24:102178.

	 69.	 Qi Y, Yu T, Xu J, Wan P, Ma Y, Zhu J, Li Y, Gong H, Luo Q, Zhu D. FDISCO: 
advanced solvent-based clearing method for imaging whole organs. 
Sci Adv. 2019;5: eaau8355.

	 70.	 Klingberg A, Hasenberg A, Ludwig-Portugall I, Medyukhina A, Männ L, 
Brenzel A, Engel DR, Figge MT, Kurts C, Gunzer M. Fully automated eval-
uation of total glomerular number and capillary tuft size in nephritic 
kidneys using lightsheet microscopy. J Am Soc Nephrol. 2017;28:452–9.

	 71.	 Masselink W, Reumann D, Murawala P, Pasierbek P, Taniguchi Y, Bon-
nay F, Meixner K, Knoblich JA, Tanaka EM. Broad applicability of a 
streamlined ethyl cinnamate-based clearing procedure. Development. 
2019;146:dev166884.

	 72.	 Lee SS, Bindokas VP, Kron SJ. Multiplex three-dimensional mapping of 
macromolecular drug distribution in the tumor microenvironment. Mol 
Cancer Ther. 2019;18:213–26.

	 73.	 Huisken J, Swoger J, Del Bene F, Wittbrodt J, Stelzer EH. Optical section-
ing deep inside live embryos by selective plane illumination micros-
copy. Science. 2004;305:1007–9.

	 74.	 Dan D. Optical microscopy: advances and applications. Frontiers in 
Physics. 2023;11:1337300.

	 75.	 Goldstein JI, Newbury DE, Michael JR, Ritchie NW, Scott JHJ, Joy DC. 
Scanning electron microscopy and X-ray microanalysis. Cham: Springer; 
2017.

	 76.	 Fleming N. The microscopic advances that are opening big opportuni-
ties in cell biology. Nature. 2019;575:S91–S91.

	 77.	 Hayles M, De Winter D. An introduction to cryo-FIB-SEM cross-section-
ing of frozen, hydrated life science samples. J Microsc. 2021;281:138–56.

	 78.	 Rigort A, Plitzko JM. Cryo-focused-ion-beam applications in structural 
biology. Arch Biochem Biophys. 2015;581:122–30.

	 79.	 Bozzola JJ, Russell LD. Electron microscopy: principles and techniques 
for biologists. Sudbury: Jones & Bartlett Learning; 1999.

	 80.	 Chua EY, Mendez JH, Rapp M, Ilca SL, Tan YZ, Maruthi K, Kuang H, 
Zimanyi CM, Cheng A, Eng ET. Better, faster, cheaper: recent advances 
in cryo–electron microscopy. Annu Rev Biochem. 2022;91:1–32.

	 81.	 Koning RI, Koster AJ, Sharp TH. Advances in cryo-electron tomography 
for biology and medicine. Ann Anat. 2018;217:82–96.

	 82.	 Lučič V, Rigort A, Baumeister W. Cryo-electron tomography: the chal-
lenge of doing structural biology in situ. J Cell Biol. 2013;202:407–19.

	 83.	 Binnig G, Quate CF, Gerber C. Atomic force microscope. Phys Rev Lett. 
1986;56: 930.

	 84.	 Otaki T, Katoh K. Apodized phase contrast microscopy for bright high 
contrast reveals motion of organelles. Opt Rev. 2023;30:268–74.

	 85.	 Emmert-Buck MR, Bonner RF, Smith PD, Chuaqui RF, Zhuang Z, Gold-
stein SR, Weiss RA, Liotta LA. Laser capture microdissection. Science. 
1996;274:998–1001.

	 86.	 Morimoto M, Morimoto M, Whitmire J, Star RA, Urban JF Jr, Gause WC. 
Laser capture microdissection (LCM): preparation and sectioning of 
frozen tissue blocks and purification of RNA from isolated cells. CSH 
Protoc. 2006;2006:pdb.prot4107.

	 87.	 Aaltonen KE, Ebbesson A, Wigerup C, Hedenfalk I. Laser capture micro-
dissection (LCM) and whole genome amplification (WGA) of DNA from 
normal breast tissue –- optimization for genome wide array analyses. 
BMC Res Notes. 2011;4:69.

	 88.	 Rabelo-Gonçalves EM, Sgardioli IC, Lopes-Cendes I, Escanhoela CA, 
Almeida JR, Zeitune JM. Improved detection of Helicobacter pylori 
DNA in formalin-fixed paraffin-embedded (FFPE) tissue of patients with 
hepatocellular carcinoma using laser capture microdissection (LCM). 
Helicobacter. 2013;18:244–5.

	 89.	 Liotta LA, Pappalardo PA, Carpino A, Haymond A, Howard M, Espina 
V, Wulfkuhle J, Petricoin E. Laser capture proteomics: spatial tissue 



Page 40 of 50Xu et al. Molecular Cancer           (2025) 24:63 

molecular profiling from the bench to personalized medicine. Expert 
Rev Proteomics. 2021;18:845–61.

	 90.	 Guo W, Hu Y, Qian J, Zhu L, Cheng J, Liao J, Fan X. Laser capture micro-
dissection for biomedical research: towards high-throughput, multi-
omics, and single-cell resolution. J Genet Genomics. 2023;50:641–51.

	 91.	 Bhamidipati T, Sinha M, Sen CK, Singh K. Laser capture microdissection 
in the spatial analysis of epigenetic modifications in skin: a comprehen-
sive review. Oxid Med Cell Longev. 2022;2022:4127238.

	 92.	 Zimmerman TA, Monroe EB, Tucker KR, Rubakhin SS, Sweedler JV. 
Imaging of cells and tissues with mass spectrometry: adding chemical 
information to imaging. Methods Cell Biol. 2008;89:361–90.

	 93.	 Buchberger AR, DeLaney K, Johnson J, Li L. Mass spectrometry imaging: 
a review of emerging advancements and future insights. Anal Chem. 
2018;90:240.

	 94.	 Porta Siegel T, Hamm G, Bunch J, Cappell J, Fletcher JS, Schwamborn K. 
Mass spectrometry imaging and integration with other imaging modal-
ities for greater molecular understanding of biological tissues. Mol Imag 
Biol. 2018;20:888–901.

	 95.	 Hsieh J. Computed tomography: principles, design, artifacts, and recent 
advances. 2003.

	 96.	 Müller N. Computed tomography and magnetic resonance imaging: 
past, present and future. Eur Respir J. 2002;19:3s–12s.

	 97.	 Simons D, Kachelrieß M, Schlemmer H-P. Recent developments of dual-
energy CT in oncology. Eur Radiol. 2014;24:930–9.

	 98.	 Agostini A, Borgheresi A, Mari A, Floridi C, Bruno F, Carotti M, Schicchi N, 
Barile A, Maggi S, Giovagnoni A. Dual-energy CT: theoretical principles 
and clinical applications. Radiol Med (Torino). 2019;124:1281–95.

	 99.	 Alabsi H, Alreshoodi S, Low E, Sultan N, Murray N, Mallinson P, Munk 
PL, Ouellette HA. Advancements in dual-energy CT applications for 
musculoskeletal imaging. Curr Radiol Rep. 2017;5:1–14.

	100.	 Vlahos I, Chung R, Nair A, Morgan R. Dual-energy CT: vascular applica-
tions. Am J Roentgenol. 2012;199:S87–97.

	101.	 De Santis D, Eid M, De Cecco CN, Jacobs BE, Albrecht MH, Varga-Szemes 
A, Tesche C, Caruso D, Laghi A, Schoepf UJ. Dual-energy computed 
tomography in cardiothoracic vascular imaging. Radiologic Clinics. 
2018;56:521–34.

	102.	 Li H, Zhang H, Tang Z, Hu G. Micro-computed tomography for small 
animal imaging: technological details. Prog Nat Sci. 2008;18:513–21.

	103.	 Clark DP, Badea CT. Advances in micro-CT imaging of small animals. 
Phys Med. 2021;88:175–92.

	104.	 Yavuz Y. Cone beam computed tomography in dentistry. In: Health & 
science 2021-III. 2009. p. 207.

	105.	 Mamatha J, Chaitra KR, Paul RK, George M, Anitha J, Khanna B. Cone 
beam computed tomography-dawn of a new imaging modality in 
orthodontics. J Int Oral Health. 2015;7:96–9.

	106.	 Kumar V, Ludlow J, Mol A, Cevidanes L. Comparison of conventional 
and cone beam CT synthesized cephalograms. Dentomaxillofacial 
Radiology. 2007;36:263–9.

	107.	 Horner K. Cone beam CT for dental and maxillofacial radiology (evi-
dence based guidelines). 2012.

	108.	 Liang ZP, Lauterbur PC. Principles of magnetic resonance imaging. 
Bellingham: SPIE Optical Engineering Press; 2000.

	109.	 Hashemi RH, Bradley WG, Lisanti CJ. MRI: the basics: the basics. Philadel-
phia: Lippincott Williams & Wilkins; 2012.

	110.	 Tofts P. Quantitative MRI of the brain: measuring changes caused by 
disease. Hoboken: John Wiley & Sons; 2005.

	111.	 Pardakhti N, Sajedi H. Brain age estimation based on 3D MRI images 
using 3D convolutional neural network. Multimedia tools and applica-
tions. 2020;79:25051–65.

	112.	 Young GS. Advanced MRI of adult brain tumors. Neurol Clin. 
2007;25:947–73.

	113.	 Natt O, Watanabe T, Boretius S, Radulovic J, Frahm J, Michaelis T. High-
resolution 3D MRI of mouse brain reveals small cerebral structures 
in vivo. J Neurosci Methods. 2002;120:203–9.

	114.	 Buzug TM, Bringout G, Erbe M, Gräfe K, Graeser M, Grüttner M, Halkola 
A, Sattel TF, Tenner W, Wojtczyk H, et al. Magnetic particle imag-
ing: introduction to imaging and hardware realization. Z Med Phys. 
2012;22:323–34.

	115.	 Borgert J, Schmidt JD, Schmale I, Rahmer J, Bontus C, Gleich B, David 
B, Eckart R, Woywode O, Weizenecker J, et al. Fundamentals and 

applications of magnetic particle imaging. J Cardiovasc Comput 
Tomogr. 2012;6:149–53.

	116.	 Saritas EU, Goodwill PW, Croft LR, Konkle JJ, Lu K, Zheng B, Conolly SM. 
Magnetic particle imaging (MPI) for NMR and MRI researchers. J Magn 
Reson. 2013;229:116–26.

	117.	 Knopp T, Gdaniec N, Möddel M. Magnetic particle imaging: from proof 
of principle to preclinical applications. Phys Med Biol. 2017;62:R124.

	118.	 Albano D, Aringhieri G, Messina C, De Flaviis L, Sconfienza LM. High-
Frequency and Ultra-High Frequency Ultrasound: Musculoskeletal 
Imaging up to 70 MHz. Semin Musculoskelet Radiol. 2020;24(2):125-34.

	119.	 Shung KK. High frequency ultrasonic imaging. J Med Ultrasound. 
2009;17:25–30.

	120.	 Hu C-H, Xu X-C, Cannata JM, Yen JT, Shung KK. Development of a real-
time, high-frequency ultrasound digital beamformer for high-frequency 
linear array transducers. IEEE Trans Ultrason Ferroelectr Freq Control. 
2006;53:317–23.

	121.	 Rohren EM, Turkington TG, Coleman RE. Clinical applications of PET in 
oncology. Radiology. 2004;231:305–32.

	122.	 Kasban H, El-Bendary M, Salama D. A comparative study of medical 
imaging techniques. International Journal of Information Science and 
Intelligent System. 2015;4:37–58.

	123.	 Pichler BJ, Judenhofer MS, Wehrl HF. PET/MRI hybrid imaging: devices 
and initial results. Eur Radiol. 2008;18:1077–86.

	124.	 Nensa F, Beiderwellen K, Heusch P, Wetter A. Clinical applications of 
PET/MRI: current status and future perspectives. Diagn Interv Radiol. 
2014;20:438.

	125.	 Boellaard R, Delgado-Bolton R, Oyen WJ, Giammarile F, Tatsch K, Eschner 
W, Verzijlbergen FJ, Barrington SF, Pike LC, Weber WA. FDG PET/CT: 
EANM procedure guidelines for tumour imaging: version 2.0. European 
journal of nuclear medicine and molecular imaging. 2015;42:328–54.

	126.	 Kim EE, Lee MC, Inoue T, Wong WH. Clinical PET and PET/CT: principles 
and applications. New York: Springer Science & Business Media; 2012.

	127.	 von Schulthess GK. Positron emission tomography versus positron 
emission tomography/computed tomography: from “unclear” to “new-
clear” medicine. Mol Imag Biol. 2004;6:183–7.

	128.	 Ljungberg M, Pretorius PH. SPECT/CT: an update on technological 
developments and clinical applications. Br J Radiol. 2018;91: 20160402.

	129.	 Ritt P, Kuwert T. Quantitative SPECT/CT-technique and clinical applica-
tions. Recent Results Cancer Res. 2020;216:565–90.

	130.	 Ciarmiello A, Giovannini E, Meniconi M, Cuccurullo V, Gaeta MC. Hybrid 
SPECT/CT imaging in neurology. Curr Radiopharm. 2014;7:5–11.

	131.	 Pawar AY, Sonawane DD, Erande KB, Derle DV. Terahertz technology and 
its applications. Drug invention today. 2013;5:157–63.

	132.	 Snigirev A, Snigireva I, Kohn V, Kuznetsov S, Schelokov I. On the pos-
sibilities of x-ray phase contrast microimaging by coherent high-energy 
synchrotron radiation. Rev Sci Instrum. 1995;66:5486–92.

	133.	 Stevenson AW, Gureyev TE, Paganin D, Wilkins S, Weitkamp T, Snigirev A, 
Rau C, Snigireva I, Youn H, Dolbnya I. Phase-contrast X-ray imaging with 
synchrotron radiation for materials science applications. Nucl Instrum 
Methods Phys Res, Sect B. 2003;199:427–35.

	134.	 Wilkins S, Gureyev TE, Gao D, Pogany A, Stevenson A. Phase-contrast 
imaging using polychromatic hard X-rays. Nature. 1996;384:335–8.

	135.	 Bravin A, Coan P, Suortti P. X-ray phase-contrast imaging: from pre-
clinical applications towards clinics. Phys Med Biol. 2012;58:R1.

	136.	 Huang D, Swanson EA, Lin CP, Schuman JS, Stinson WG, Chang W, Hee 
MR, Flotte T, Gregory K, Puliafito CA, et al. Optical coherence tomogra-
phy. Science. 1991;254:1178–81.

	137.	 Fujimoto JG. Optical coherence tomography: technology and applica-
tions. In: IEEE/LEOS International Conference on Optical MEMs. Munich: 
IEEE; 2002. p. 147–148.

	138.	 Jindahra P, Hedges TR, Mendoza-Santiesteban CE, Plant GT. Optical 
coherence tomography of the retina: applications in neurology. Curr 
Opin Neurol. 2010;23:16–23.

	139.	 Mallidi S, Luke GP, Emelianov S. Photoacoustic imaging in cancer 
detection, diagnosis, and treatment guidance. Trends Biotechnol. 
2011;29:213–21.

	140.	 Valluru KS, Willmann JK. Clinical photoacoustic imaging of cancer. 
Ultrasonography. 2016;35:267.

	141.	 Mehrmohammadi M, Joon Yoon S, Yeager D, Emelianov SY. Photoa-
coustic imaging for cancer detection and staging. Current Molecular 
Imaging (Discontinued). 2013;2:89–105.



Page 41 of 50Xu et al. Molecular Cancer           (2025) 24:63 	

	142.	 Zhang E, Laufer J, Pedley R, Beard P. In vivo high-resolution 3D pho-
toacoustic imaging of superficial vascular anatomy. Phys Med Biol. 
2009;54:1035.

	143.	 Rich LJ, Seshadri M. Photoacoustic imaging of vascular hemodynam-
ics: validation with blood oxygenation level–dependent MR imaging. 
Radiology. 2015;275:110–8.

	144.	 Xu M, Wang LV. Photoacoustic imaging in biomedicine. Review of 
scientific instruments. 2006;77:77.

	145.	 Xia J, Wang LV. Photoacoustic tomography of the brain. In: Optical 
methods and instrumentation in brain imaging and therapy. New York: 
Springer; 2012. p. 137–156.

	146.	 Tempany CM, Jayender J, Kapur T, Bueno R, Golby A, Agar N, Jolesz FA. 
Multimodal imaging for improved diagnosis and treatment of cancers. 
Cancer. 2015;121:817–27.

	147.	 Liu H, Lin W, He L, Chen T. Radiosensitive core/satellite ternary het-
eronanostructure for multimodal imaging-guided synergistic cancer 
radiotherapy. Biomaterials. 2020;226: 119545.

	148.	 Levin JM, Ross MH, Harris G, Renshaw PF. Applications of dynamic 
susceptibility contrast magnetic resonance imaging in neuropsychiatry. 
Neuroimage. 1996;4:S147–162.

	149.	 Romano A, Rossi Espagnet MC, Calabria LF, Coppola V, Figà Talamanca 
L, Cipriani V, Minniti G, Pierallini A, Fantozzi LM, Bozzao A. Clinical 
applications of dynamic susceptibility contrast perfusion-weighted MR 
imaging in brain tumours. Radiol Med. 2012;117:445–60.

	150.	 Venkatesh SK, Yin M, Ehman RL. Magnetic resonance elastography of 
liver: technique, analysis, and clinical applications. J Magn Reson Imag-
ing. 2013;37:544–55.

	151.	 Li Y, Gao Q, Chen N, Zhang Y, Wang J, Li C, He X, Jiao Y, Zhang Z. Clinical 
studies of magnetic resonance elastography from 1995 to 2021: scien-
tometric and visualization analysis based on CiteSpace. Quant Imaging 
Med Surg. 2022;12:5080.

	152.	 Hoshi Y, Yamada Y. Overview of diffuse optical tomography and its clini-
cal applications. J Biomed Opt. 2016;21:091312–091312.

	153.	 Mozumder M, Hirvi P, Nissilä I, Hauptmann A, Ripoll J, Singh DE. Diffuse 
optical tomography of the brain: effects of inaccurate baseline optical 
parameters and refinements using learned post-processing. Biomed 
Opt Express. 2024;15:4470–85.

	154.	 Bressan D, Battistoni G, Hannon GJ. The dawn of spatial omics. Science. 
2023;381: eabq4964.

	155.	 Xiao Y, Yu D. Tumor microenvironment as a therapeutic target in cancer. 
Pharmacol Ther. 2021;221: 107753.

	156.	 Goltsev Y, Samusik N, Kennedy-Darling J, Bhate S, Hale M, Vazquez G, 
Black S, Nolan GP. Deep profiling of mouse splenic architecture with 
CODEX multiplexed imaging. Cell. 2018;174(968–981): e915.

	157.	 Merritt CR, Ong GT, Church SE, Barker K, Danaher P, Geiss G, Hoang M, 
Jung J, Liang Y, McKay-Fleisch J. Multiplex digital spatial profiling of 
proteins and RNA in fixed tissue. Nat Biotechnol. 2020;38:586–99.

	158.	 Su J, Song Y, Zhu Z, Huang X, Fan J, Qiao J, Mao F. Cell-cell communica-
tion: new insights and clinical implications. Signal Transduct Target Ther. 
2024;9:196.

	159.	 Du J, Yang YC, An ZJ, Zhang MH, Fu XH, Huang ZF, Yuan Y, Hou J. 
Advances in spatial transcriptomics and related data analysis strategies. 
J Transl Med. 2023;21:330.

	160.	 Rao A, Barkley D, França GS, Yanai I. Exploring tissue architecture using 
spatial transcriptomics. Nature. 2021;596:211–20.

	161.	 Tang F, Barbacioru C, Wang Y, Nordman E, Lee C, Xu N, Wang X, Bodeau 
J, Tuch BB, Siddiqui A. mRNA-Seq whole-transcriptome analysis of a 
single cell. Nat Methods. 2009;6:377–82.

	162.	 Longo SK, Guo MG, Ji AL, Khavari PA. Integrating single-cell and spatial 
transcriptomics to elucidate intercellular tissue dynamics. Nat Rev 
Genet. 2021;22:627–44.

	163.	 van den Brink SC, Sage F, Vértesy Á, Spanjaard B, Peterson-Maduro J, 
Baron CS, Robin C, Van Oudenaarden A. Single-cell sequencing reveals 
dissociation-induced gene expression in tissue subpopulations. Nat 
Methods. 2017;14:935–6.

	164.	 Ståhl PL, Salmén F, Vickovic S, Lundmark A, Navarro JF, Magnusson J, 
Giacomello S, Asp M, Westholm JO, Huss M. Visualization and analysis of 
gene expression in tissue sections by spatial transcriptomics. Science. 
2016;353:78–82.

	165.	 Lee JH, Daugharthy ER, Scheiman J, Kalhor R, Yang JL, Ferrante TC, Terry 
R, Jeanty SS, Li C, Amamoto R. Highly multiplexed subcellular RNA 
sequencing in situ. Science. 2014;343:1360–3.

	166.	 Lee JH, Daugharthy ER, Scheiman J, Kalhor R, Ferrante TC, Terry R, 
Turczyk BM, Yang JL, Lee HS, Aach J. Fluorescent in situ sequencing (FIS-
SEQ) of RNA for gene expression profiling in intact cells and tissues. Nat 
Protoc. 2015;10:442–58.

	167.	 Wang G, Moffitt JR, Zhuang X. Multiplexed imaging of high-density 
libraries of RNAs with MERFISH and expansion microscopy. Sci Rep. 
2018;8:4847.

	168.	 Liu J, Tran V, Vemuri VNP, Byrne A, Borja M, Kim YJ, Agarwal S, Wang R, 
Awayan K, Murti A. Concordance of MERFISH spatial transcriptom-
ics with bulk and single-cell RNA sequencing. Life science alliance. 
2023;6:e202201701.

	169.	 He S, Bhatt R, Brown C, Brown EA, Buhr DL, Chantranuvatana K, Danaher 
P, Dunaway D, Garrison RG, Geiss G. High-plex imaging of RNA and 
proteins at subcellular resolution in fixed tissue by spatial molecular 
imaging. Nat Biotechnol. 2022;40:1794–806.

	170.	 Eng C-HL, Lawson M, Zhu Q, Dries R, Koulena N, Takei Y, Yun J, Cronin 
C, Karp C, Yuan G-C. Transcriptome-scale super-resolved imaging in 
tissues by RNA seqFISH+. Nature. 2019;568:235–9.

	171.	 Gulati GS, D’Silva JP, Liu Y, Wang L, Newman AM. Profiling cell identity 
and tissue architecture with single-cell and spatial transcriptomics. Nat 
Rev Mol Cell Biol. 2024:1-21.

	172.	 Ortiz C, Navarro JF, Jurek A, Märtin A, Lundeberg J, Meletis K. Molecular 
atlas of the adult mouse brain. Sci Adv. 2020;6:eabb3446.

	173.	 Wang X, Allen WE, Wright MA, Sylwestrak EL, Samusik N, Vesuna 
S, Evans K, Liu C, Ramakrishnan C, Liu J. Three-dimensional intact-
tissue sequencing of single-cell transcriptional states. Science. 
2018;361:eaat5691.

	174.	 BRAIN Initiative Cell Census Network (BICCN). A multimodal cell 
census and atlas of the mammalian primary motor cortex. Nature. 
2021;598:86-102.

	175.	 Gyllborg D, Langseth CM, Qian X, Choi E, Salas SM, Hilscher MM, Lein ES, 
Nilsson M. Hybridization-based in situ sequencing (HybISS) for spatially 
resolved transcriptomics in human and mouse brain tissue. Nucleic 
Acids Res. 2020;48:e112–e112.

	176.	 Moffitt JR, Bambah-Mukku D, Eichhorn SW, Vaughn E, Shekhar K, Perez 
JD, Rubinstein ND, Hao J, Regev A, Dulac C. Molecular, spatial, and func-
tional single-cell profiling of the hypothalamic preoptic region. Science. 
2018;362: eaau5324.

	177.	 Shah S, Lubeck E, Zhou W, Cai L. In situ transcription profiling of single 
cells reveals spatial organization of cells in the mouse hippocampus. 
Neuron. 2016;92:342–57.

	178.	 Kebschull JM, Richman EB, Ringach N, Friedmann D, Albarran E, Kolluru 
SS, Jones RC, Allen WE, Wang Y, Cho SW. Cerebellar nuclei evolved by 
repeatedly duplicating a conserved cell-type set. Science. 2020;370: 
eabd5059.

	179.	 Safai B, Good RA. Immunodermatology. New York: Springer Science & 
Business Media; 2013.

	180.	 Damjanov I. Histopathology: a color atlas and textbook. (No Title). 1996.
	181.	 Thrane K, Eriksson H, Maaskola J, Hansson J, Lundeberg J. Spatially 

resolved transcriptomics enables dissection of genetic heterogeneity in 
stage III cutaneous malignant melanoma. Cancer Res. 2018;78:5970–9.

	182.	 Grauel AL, Nguyen B, Ruddy D, Laszewski T, Schwartz S, Chang J, Chen 
J, Piquet M, Pelletier M, Yan Z, et al. TGFβ-blockade uncovers stromal 
plasticity in tumors by revealing the existence of a subset of interferon-
licensed fibroblasts. Nat Commun. 2020;11:6315.

	183.	 Berglund E, Maaskola J, Schultz N, Friedrich S, Marklund M, Bergen-
stråhle J, Tarish F, Tanoglidi A, Vickovic S, Larsson L, et al. Spatial maps 
of prostate cancer transcriptomes reveal an unexplored landscape of 
heterogeneity. Nat Commun. 2018;9:2419.

	184.	 Wang Y, Ma S, Ruzzo WL. Spatial modeling of prostate cancer metabolic 
gene expression reveals extensive heterogeneity and selective vulner-
abilities. Sci Rep. 2020;10:3490.

	185.	 Hwang WL, Jagadeesh KA, Guo JA, et al. Single-nucleus and spatial 
transcriptome profiling of pancreatic cancer identifies multicellular 
dynamics associated with neoadjuvant treatment. Nature genetics. 
2022;54(8):1178-91.



Page 42 of 50Xu et al. Molecular Cancer           (2025) 24:63 

	186.	 Smith EA, Hodges HC. The spatial and genomic hierarchy of tumor 
ecosystems revealed by single-cell technologies. Trends in cancer. 
2019;5:411–25.

	187.	 Baron M, Tagore M, Hunter MV, Kim IS, Moncada R, Yan Y, Campbell NR, 
White RM, Yanai I. The stress-like cancer cell state is a consistent compo-
nent of tumorigenesis. Cell Syst. 2020;11(536–546): e537.

	188.	 Moncada R, Barkley D, Wagner F, Chiodin M, Devlin JC, Baron M, Hajdu 
CH, Simeone DM, Yanai I. Integrating microarray-based spatial transcrip-
tomics and single-cell RNA-seq reveals tissue architecture in pancreatic 
ductal adenocarcinomas. Nat Biotechnol. 2020;38:333–42.

	189.	 Alon S, Goodwin DR, Sinha A, Wassie AT, Chen F, Daugharthy ER, Bando 
Y, Kajita A, Xue AG, Marrett K. Expansion sequencing: spatially precise 
in situ transcriptomics in intact biological systems. Science. 2021;371: 
eaax2656.

	190.	 Ji AL, Rubin AJ, Thrane K, Jiang S, Reynolds DL, Meyers RM, Guo MG, 
George BM, Mollbrink A, Bergenstråhle J, et al. Multimodal analysis of 
composition and spatial architecture in human squamous cell carci-
noma. Cell. 2020;182:497–514.e422.

	191.	 Russell AJC, Weir JA, Nadaf NM, Shabet M, Kumar V, Kambhampati S, 
Raichur R, Marrero GJ, Liu S, Balderrama KS, et al. Slide-tags enables 
single-nucleus barcoding for multimodal spatial genomics. Nature. 
2024;625:101–9.

	192.	 Ståhl PL. Gene expression of single cells mapped in tissue sections. 
Nature. 2024;625:38–9.

	193.	 Russell AJC, Weir JA, Nadaf NM, et al. Slide-tags enables single-
nucleus barcoding for multimodal spatial genomics. Nature. 
2024;625(7993):101-9.

	194.	 Zhang Q, Jiang S, Schroeder A, Hu J, Li K, Zhang B, Dai D, Lee EB, Xiao R, 
Li M. Leveraging spatial transcriptomics data to recover cell locations in 
single-cell RNA-seq with CeLEry. Nat Commun. 2023;14:4050.

	195.	 Wang H, Huang R, Nelson J, Gao C, Tran M, Yeaton A, Felt K, Pfaff KL, 
Bowman T, Rodig SJ, Wei K. Systematic benchmarking of imaging 
spatial transcriptomics platforms in FFPE tissues. bioRxiv. 2023.

	196.	 Janesick A, Shelansky R, Gottscho AD, Wagner F, Williams SR, Rouault 
M, Beliakoff G, Morrison CA, Oliveira MF, Sicherman JT, et al. High 
resolution mapping of the tumor microenvironment using integrated 
single-cell, spatial and in situ analysis. Nat Commun. 2023;14:8353.

	197.	 Bai Z, Zhang D, Gao Y, Tao B, Zhang D, Bao S, Enninful A, Wang Y, Li H, 
Su G, et al. Spatially exploring RNA biology in archival formalin-fixed 
paraffin-embedded tissues. Cell. 2024;187:6760-79.e24.

	198.	 Kelsey G, Stegle O, Reik W. Single-cell epigenomics: recording the past 
and predicting the future. Science. 2017;358:69–75.

	199.	 Gorkin DU, Barozzi I, Zhao Y, Zhang Y, Huang H, Lee AY, Li B, Chiou J, 
Wildberg A, Ding B, et al. An atlas of dynamic chromatin landscapes in 
mouse fetal development. Nature. 2020;583:744–51.

	200.	 Fu Z, Jiang S, Sun Y, Zheng S, Zong L, Li P. Cut&tag: a powerful epige-
netic tool for chromatin profiling. Epigenetics. 2024;19: 2293411.

	201.	 Corces MR, Granja JM, Shams S, Louie BH, Seoane JA, Zhou W, Silva TC, 
Groeneveld C, Wong CK, Cho SW. The chromatin accessibility landscape 
of primary human cancers. Science. 2018;362: eaav1898.

	202.	 Ge Y, Gomez NC, Adam RC, Nikolova M, Yang H, Verma A, Lu CPJ, Polak 
L, Yuan S, Elemento O. Stem cell lineage infidelity drives wound repair 
and cancer. Cell. 2017;169:636–650. e614.

	203.	 Satpathy AT, Granja JM, Yost KE, Qi Y, Meschi F, McDermott GP, Olsen 
BN, Mumbach MR, Pierce SE, Corces MR. Massively parallel single-cell 
chromatin landscapes of human immune cell development and intra-
tumoral T cell exhaustion. Nat Biotechnol. 2019;37:925–36.

	204.	 Ma S, Zhang B, LaFave LM, Earl AS, Chiang Z, Hu Y, Ding J, Brack A, 
Kartha VK, Tay T. Chromatin potential identified by shared single-cell 
profiling of RNA and chromatin. Cell. 2020;183(1103–1116): e1120.

	205.	 Chen S, Lake BB, Zhang K. High-throughput sequencing of the tran-
scriptome and chromatin accessibility in the same cell. Nat Biotechnol. 
2019;37:1452–7.

	206.	 Thornton CA, Mulqueen RM, Torkenczy KA, Nishida A, Lowenstein 
EG, Fields AJ, Steemers FJ, Zhang W, McConnell HL, Woltjer RL. 
Spatially mapped single-cell chromatin accessibility. Nat Commun. 
2021;12:1274.

	207.	 Deng Y, Bartosovic M, Ma S, Zhang D, Kukanja P, Xiao Y, Su G, Liu Y, Qin 
X, Rosoklija GB. Spatial profiling of chromatin accessibility in mouse and 
human tissues. Nature. 2022;609:375–83.

	208.	 Solomon MJ, Varshavsky A. Formaldehyde-mediated DNA-protein 
crosslinking: a probe for in vivo chromatin structures. Proc Natl Acad 
Sci. 1985;82:6470–4.

	209.	 Gilmour DS, Lis JT. In vivo interactions of RNA polymerase II with genes 
of Drosophila melanogaster. Mol Cell Biol. 1985;5:2009–18.

	210.	 Skene PJ, Henikoff JG, Henikoff S. Targeted in situ genome-wide 
profiling with high efficiency for low cell numbers. Nat Protoc. 
2018;13:1006–19.

	211.	 Kaya-Okur HS, Janssens DH, Henikoff JG, Ahmad K, Henikoff S. 
Efficient low-cost chromatin profiling with CUT&Tag. Nat Protoc. 
2020;15:3264–83.

	212.	 Henikoff S, Henikoff JG, Kaya-Okur HS, Ahmad K. Efficient chromatin 
accessibility mapping in situ by nucleosome-tethered tagmentation. 
Elife. 2020;9: e63274.

	213.	 Janssens DH, Meers MP, Wu SJ, Babaeva E, Meshinchi S, Sarthy JF, 
Ahmad K, Henikoff S. Automated CUT&Tag profiling of chromatin 
heterogeneity in mixed-lineage leukemia. Nat Genet. 2021;53:1586–96.

	214.	 Rhodes CT, Thompson JJ, Mitra A, Asokumar D, Lee DR, Lee DJ, Zhang 
Y, Jason E, Dale RK, Rocha PP. An epigenome atlas of neural progenitors 
within the embryonic mouse forebrain. Nat Commun. 2022;13:4196.

	215.	 Li M, Liu Q, Xie S, Fu C, Li J, Tian C, Li X, Li C. LncRNA TCONS_00323213 
promotes myogenic differentiation by interacting with PKNOX2 to 
upregulate MyoG in porcine satellite cells. Int J Mol Sci. 2023;24: 6773.

	216.	 Susami K, Ikeda S, Hoshino Y, Honda S, Minami N. Genome-wide profil-
ing of histone H3K4me3 and H3K27me3 modifications in individual 
blastocysts by CUT&Tag without a solid support (NON-TiE-UP CUT&Tag). 
Sci Rep. 2022;12:11727.

	217.	 Zhou C, Halstead MM, Bonnet-Garnier A, Schultz RM, Ross PJ. Histone 
remodeling reflects conserved mechanisms of bovine and human 
preimplantation development. EMBO Rep. 2023;24: e55726.

	218.	 Akdogan-Ozdilek B, Duval KL, Meng FW, Murphy PJ, Goll MG. Identifica-
tion of chromatin states during zebrafish gastrulation using CUT & RUN 
and CUT & Tag. Dev Dyn. 2022;251:729–42.

	219.	 Ahmad K, Henikoff S. The H3. 3K27M oncohistone antagonizes repro-
gramming in Drosophila. PLoS genetics. 2021;17: e1009225.

	220.	 Srivastava S, Holmes MJ, White MW, Sullivan WJ Jr. Toxoplasma gondii 
AP2XII-2 contributes to transcriptional repression for sexual commit-
ment. Msphere. 2023;8:e00606–00622.

	221.	 Wu L, Luo Z, Shi Y, Jiang Y, Li R, Miao X, Yang F, Li Q, Zhao H, Xue J. A 
cost-effective tsCUT&Tag method for profiling transcription factor bind-
ing landscape. J Integr Plant Biol. 2022;64:2033–8.

	222.	 Ouyang W, Luan S, Xiang X, Guo M, Zhang Y, Li G, Li X. Profiling plant 
histone modification at single-cell resolution using snCUT&Tag. Plant 
Biotechnol J. 2022;20:420.

	223.	 Macosko EZ, Basu A, Satija R, Nemesh J, Shekhar K, Goldman M, Tirosh 
I, Bialas AR, Kamitaki N, Martersteck EM, et al. Highly parallel genome-
wide expression profiling of individual cells using nanoliter droplets. 
Cell. 2015;161:1202–14.

	224.	 Klein AM, Mazutis L, Akartuna I, Tallapragada N, Veres A, Li V, Peshkin L, 
Weitz DA, Kirschner MW. Droplet barcoding for single-cell transcriptom-
ics applied to embryonic stem cells. Cell. 2015;161:1187–201.

	225.	 Cao J, Spielmann M, Qiu X, Huang X, Ibrahim DM, Hill AJ, Zhang 
F, Mundlos S, Christiansen L, Steemers FJ, et al. The single-cell 
transcriptional landscape of mammalian organogenesis. Nature. 
2019;566:496–502.

	226.	 Rotem A, Ram O, Shoresh N, Sperling RA, Goren A, Weitz DA, Bernstein 
BE. Single-cell ChIP-seq reveals cell subpopulations defined by chroma-
tin state. Nat Biotechnol. 2015;33:1165–72.

	227.	 Grosselin K, Durand A, Marsolier J, Poitou A, Marangoni E, Nemati F, 
Dahmani A, Lameiras S, Reyal F, Frenoy O, et al. High-throughput single-
cell ChIP-seq identifies heterogeneity of chromatin states in breast 
cancer. Nat Genet. 2019;51:1060–6.

	228.	 Bartosovic M, Kabbe M, Castelo-Branco G. Single-cell CUT&Tag profiles 
histone modifications and transcription factors in complex tissues. Nat 
Biotechnol. 2021;39:825–35.

	229.	 Wu SJ, Furlan SN, Mihalas AB, Kaya-Okur HS, Feroze AH, Emerson SN, 
Zheng Y, Carson K, Cimino PJ, Keene CD. Single-cell CUT&Tag analysis of 
chromatin modifications in differentiation and tumor progression. Nat 
Biotechnol. 2021;39:819–24.

	230.	 Lake BB, Chen S, Sos BC, Fan J, Kaeser GE, Yung YC, Duong TE, Gao D, 
Chun J, Kharchenko PV, Zhang K. Integrative single-cell analysis of 



Page 43 of 50Xu et al. Molecular Cancer           (2025) 24:63 	

transcriptional and epigenetic states in the human adult brain. Nat 
Biotechnol. 2018;36:70–80.

	231.	 Deng Y, Bartosovic M, Kukanja P, Zhang D, Liu Y, Su G, Enninful A, Bai Z, 
Castelo-Branco G, Fan R. Spatial-CUT&Tag: spatially resolved chromatin 
modification profiling at the cellular level. Science. 2022;375:681–6.

	232.	 Liu Y, Yang M, Deng Y, Su G, Enninful A, Guo CC, Tebaldi T, Zhang D, 
Kim D, Bai Z, et al. High-spatial-resolution multi-omics sequencing via 
deterministic barcoding in tissue. Cell. 2020;183:1665–1681.e1618.

	233.	 Liu Y, Yang M, Deng Y, et al. High-spatial-resolution multi-
omics sequencing via deterministic barcoding in tissue. Cell. 
2020;183(6):1665-81.e18.

	234.	 Kaya-Okur HS, Wu SJ, Codomo CA, Pledger ES, Bryson TD, Henikoff JG, 
Ahmad K, Henikoff S. CUT&Tag for efficient epigenomic profiling of 
small samples and single cells. Nat Commun. 2019;10:1930.

	235.	 Henikoff S, Henikoff JG, Kaya-Okur HS, Ahmad K. Efficient chromatin 
accessibility mapping in situ by nucleosome-tethered tagmentation. 
Elife. 2020;9:e63274.

	236.	 Llorens-Bobadilla E, Zamboni M, Marklund M, Bhalla N, Chen X, Hart-
man J, Frisén J, Ståhl PL. Solid-phase capture and profiling of open 
chromatin by spatial ATAC. Nat Biotechnol. 2023;41:1085–8.

	237.	 Bouwman BAM, Crosetto N, Bienko M. The era of 3D and spatial 
genomics. Trends Genet. 2022;38:1062–75.

	238.	 Gerlinger M, Rowan AJ, Horswell S, Larkin J, Endesfelder D, Gronroos E, 
Martinez P, Matthews N, Stewart A, Tarpey P. Intratumor heterogeneity 
and branched evolution revealed by multiregion sequencing. N Engl J 
Med. 2012;366:883–92.

	239.	 Payne AC, Chiang ZD, Reginato PL, Mangiameli SM, Murray EM, Yao 
CC, Markoulaki S, Earl AS, Labade AS, Jaenisch R, et al. In situ genome 
sequencing resolves DNA sequence and structure in intact biological 
samples. Science. 2021;371:eaay3446.

	240.	 Takei Y, Yun J, Zheng S, Ollikainen N, Pierson N, White J, Shah S, Thom-
assie J, Suo S, Eng CHL. Integrated spatial genomics reveals global 
architecture of single nuclei. Nature. 2021;590:344–50.

	241.	 Takei Y, Zheng S, Yun J, Shah S, Pierson N, White J, Schindler S, Tischbirek 
CH, Yuan G-C, Cai L. Single-cell nuclear architecture across cell types in 
the mouse brain. Science. 2021;374:586–94.

	242.	 Payne AC, Chiang ZD, Reginato PL, Mangiameli SM, Murray EM, Yao C-C, 
Markoulaki S, Earl AS, Labade AS, Jaenisch R. In situ genome sequenc-
ing resolves DNA sequence and structure in intact biological samples. 
Science. 2021;371: eaay3446.

	243.	 Nguyen HQ, Chattoraj S, Castillo D, Nguyen SC, Nir G, Lioutas A, Her-
shberg EA, Martins NM, Reginato PL, Hannan M. 3D mapping and accel-
erated super-resolution imaging of the human genome using in situ 
sequencing. Nat Methods. 2020;17:822–32.

	244.	 Zhao T, Chiang ZD, Morriss JW, LaFave LM, Murray EM, Del Priore I, Meli 
K, Lareau CA, Nadaf NM, Li J. Spatial genomics enables multi-modal 
study of clonal heterogeneity in tissues. Nature. 2022;601:85–91.

	245.	 Schilsky RL. Implementing personalized cancer care. Nat Rev Clin Oncol. 
2014;11:432–8.

	246.	 Bleyer A, Welch HG. Effect of three decades of screening mammogra-
phy on breast-cancer incidence. N Engl J Med. 2012;367:1998–2005.

	247.	 Feldman MY. Reactions of nucleic acids and nucleodroteins with 
formaldehyde. Prog Nucleic Acid Res Mol Biol. 1973;13:1–49.

	248.	 Hoffman EA, Frey BL, Smith LM, Auble DT. Formaldehyde crosslink-
ing: a tool for the study of chromatin complexes. J Biol Chem. 
2015;290:26404–11.

	249.	 Martelotto LG, Baslan T, Kendall J, Geyer FC, Burke KA, Spraggon L, Pis-
cuoglio S, Chadalavada K, Nanjangud G, Ng CK. Whole-genome single-
cell copy number profiling from formalin-fixed paraffin-embedded 
samples. Nat Med. 2017;23:376–85.

	250.	 Wang K, Kumar T, Wang J, Minussi DC, Sei E, Li J, Tran TM, Thennavan 
A, Hu M, Casasent AK, et al. Archival single-cell genomics reveals per-
sistent subclones during DCIS progression. Cell. 2023;186:3968–3982.
e3915.

	251.	 Kokkat TJ, Patel MS, McGarvey D, LiVolsi VA, Baloch ZW. Archived forma-
lin-fixed paraffin-embedded (FFPE) blocks: a valuable underexploited 
resource for extraction of DNA, RNA, and protein. Biopreservation and 
biobanking. 2013;11:101–6.

	252.	 Wang Y, Navin NE. Advances and applications of single-cell sequencing 
technologies. Mol Cell. 2015;58:598–609.

	253.	 Cai X, Evrony GD, Lehmann HS, Elhosary PC, Mehta BK, Poduri A, Walsh 
CA. Single-cell, genome-wide sequencing identifies clonal somatic 
copy-number variation in the human brain. Cell Rep. 2014;8:1280–9.

	254.	 Wang J, Fan HC, Behr B, Quake SR. Genome-wide single-cell analysis of 
recombination activity and de novo mutation rates in human sperm. 
Cell. 2012;150:402–12.

	255.	 Gawad C, Koh W, Quake SR. Single-cell genome sequencing: current 
state of the science. Nat Rev Genet. 2016;17:175–88.

	256.	 Mao Y, Wang X, Huang P, Tian R. Spatial proteomics for understanding 
the tissue microenvironment. Analyst. 2021;146:3777–98.

	257.	 Lundberg E, Borner GHH. Spatial proteomics: a powerful discovery tool 
for cell biology. Nat Rev Mol Cell Biol. 2019;20:285–302.

	258.	 Bauer NC, Doetsch PW, Corbett AH. Mechanisms regulating protein 
localization. Traffic. 2015;16:1039–61.

	259.	 Guardia CM, De Pace R, Mattera R, Bonifacino JS. Neuronal functions 
of adaptor complexes involved in protein sorting. Curr Opin Neuro-
biol. 2018;51:103–10.

	260.	 Banworth MJ, Li G. Consequences of Rab GTPase dysfunction in 
genetic or acquired human diseases. Small GTPases. 2018;9:158–81.

	261.	 Bridges RJ, Bradbury NA: Cystic fibrosis, cystic fibrosis transmembrane 
conductance regulator and drugs: insights from cellular trafficking. 
In: Targeting trafficking in drug development. 2018. p. 385–425.

	262.	 Meyer K, Kirchner M, Uyar B, Cheng J-Y, Russo G, Hernandez-Miranda 
LR, Szymborska A, Zauber H, Rudolph I-M, Willnow TE. Mutations in 
disordered regions can cause disease by creating dileucine motifs. 
Cell. 2018;175(239–253): e217.

	263.	 Uhlén M, Fagerberg L, Hallström BM, Lindskog C, Oksvold P, Mardino-
glu A, Sivertsson Å, Kampf C, Sjöstedt E, Asplund A. Tissue-based map 
of the human proteome. Science. 2015;347: 1260419.

	264.	 Thul PJ, Åkesson L, Wiking M, Mahdessian D, Geladaki A, Ait Blal H, 
Alm T, Asplund A, Björk L, Breckels LM. A subcellular map of the 
human proteome. Science. 2017;356: eaal3321.

	265.	 Giesen C, Wang HA, Schapiro D, Zivanovic N, Jacobs A, Hattendorf B, 
Schüffler PJ, Grolimund D, Buhmann JM, Brandt S. Highly multiplexed 
imaging of tumor tissues with subcellular resolution by mass cytom-
etry. Nat Methods. 2014;11:417–22.

	266.	 Angelo M, Bendall SC, Finck R, Hale MB, Hitzman C, Borowsky AD, 
Levenson RM, Lowe JB, Liu SD, Zhao S. Multiplexed ion beam imag-
ing of human breast tumors. Nat Med. 2014;20:436–42.

	267.	 Slavov N. Unpicking the proteome in single cells. Science. 
2020;367:512–3.

	268.	 Uttam S, Stern AM, Sevinsky CJ, Furman S, Pullara F, Spagnolo D, 
Nguyen L, Gough A, Ginty F, Lansing Taylor D. Spatial domain analysis 
predicts risk of colorectal cancer recurrence and infers associated 
tumor microenvironment networks. Nat Commun. 2020;11:3515.

	269.	 Hansen J, Sealfon R, Menon R, Eadon MT, Lake BB, Steck B, Anjani K, 
Parikh S, Sigdel TK, Zhang G. A reference tissue atlas for the human 
kidney. Science advances. 2022;8:eabn4965.

	270.	 Mongia A, Zohora FT, Burget NG, Zhou Y, Saunders DC, Wang YJ, 
Brissova M, Powers AC, Kaestner KH, Vahedi G. AnnoSpat annotates 
cell types and quantifies cellular arrangements from spatial proteom-
ics. Nat Commun. 2024;15:3744.

	271.	 Schürch CM, Bhate SS, Barlow GL, Phillips DJ, Noti L, Zlobec I, Chu P, 
Black S, Demeter J, McIlwain DR. Coordinated cellular neighborhoods 
orchestrate antitumoral immunity at the colorectal cancer invasive 
front. Cell. 2020;182(1341–1359): e1319.

	272.	 Zollinger DR, Lingle SE, Sorg K, Beechem JM, Merritt CR. GeoMx™ 
RNA assay: high multiplex, digital, spatial analysis of RNA in FFPE tis-
sue. In: Situ hybridization protocols. 2020. p. 331–345.

	273.	 Mund A, Brunner AD, Mann M. Unbiased spatial proteomics with 
single-cell resolution in tissues. Mol Cell. 2022;82:2335–49.

	274.	 Buccitelli C, Selbach M. mRNAs, proteins and the emerging principles 
of gene expression control. Nat Rev Genet. 2020;21:630–44.

	275.	 Liu Y, Beyer A, Aebersold R. On the dependency of cellular protein 
levels on mRNA abundance. Cell. 2016;165:535–50.

	276.	 Wang J, Ma Z, Carr SA, Mertins P, Zhang H, Zhang Z, Chan DW, Ellis 
MJ, Townsend RR, Smith RD. Proteome profiling outperforms tran-
scriptome profiling for coexpression based gene function prediction. 
Mol Cell Proteomics. 2017;16:121–34.



Page 44 of 50Xu et al. Molecular Cancer           (2025) 24:63 

	277.	 Zhang B, Wang J, Wang X, Zhu J, Liu Q, Shi Z, Chambers MC, Zim-
merman LJ, Shaddox KF, Kim S. Proteogenomic characterization of 
human colon and rectal cancer. Nature. 2014;513:382–7.

	278.	 Deng Y, Bartosovic M, Kukanja P, et al. Spatial-CUT&Tag: spatially 
resolved chromatin modification profiling at the cellular level. Sci-
ence. 2022;375(6581):681-6.

	279.	 Su JH, Zheng P, Kinrot SS, Bintu B, Zhuang X. Genome-scale imaging 
of the 3D organization and transcriptional activity of chromatin. Cell. 
2020;182:1641–1659.e1626.

	280.	 Ghosh-Choudhary S, Liu J, Finkel T. Metabolic regulation of cell fate 
and function. Trends Cell Biol. 2020;30:201–12.

	281.	 Merkuri F, Rothstein M, Simoes-Costa M. Histone lactylation couples 
cellular metabolism with developmental gene regulatory networks. 
Nat Commun. 2024;15:90.

	282.	 Wang Y, Li H, Jiang S, Fu D, Lu X, Lu M, Li Y, Luo D, Wu K, Xu Y. The 
glycolytic enzyme PFKFB3 drives kidney fibrosis through promot-
ing histone lactylation-mediated NF-κB family activation. Kidney Int. 
2024;106:226-40.

	283.	 Watrous JD, Alexandrov T, Dorrestein PC. The evolving field of imaging 
mass spectrometry and its impact on future biological research. J Mass 
Spectrom. 2011;46:209–22.

	284.	 Santos AA, Delgado TC, Marques V, Ramirez-Moncayo C, Alonso C, Vidal-
Puig A, Hall Z, Martínez-Chantar ML, Rodrigues CMP. Spatial metabo-
lomics and its application in the liver. Hepatology. 2024;79:1158–79.

	285.	 Pacholski M, Winograd N. Imaging with mass spectrometry. Chem Rev. 
1999;99:2977–3006.

	286.	 Gilmore IS, Heiles S, Pieterse CL. Metabolic imaging at the single-cell 
scale: recent advances in mass spectrometry imaging. Annu Rev Anal 
Chem. 2019;12:201–24.

	287.	 Planque M, Igelmann S, Ferreira Campos AM, Fendt SM. Spatial metabo-
lomics principles and application to cancer research. Curr Opin Chem 
Biol. 2023;76: 102362.

	288.	 Rinaldi G, Pranzini E, Van Elsen J, Broekaert D, Funk CM, Planque M, 
Doglioni G, Altea-Manzano P, Rossi M, Geldhof V. In vivo evidence for 
serine biosynthesis-defined sensitivity of lung metastasis, but not of pri-
mary breast tumors, to mTORC1 inhibition. Mol Cell. 2021;81:386–397. 
e387.

	289.	 Martínez-Reyes I, Chandel NS. Cancer metabolism: looking forward. Nat 
Rev Cancer. 2021;21:669–80.

	290.	 Hanahan D. Hallmarks of cancer: new dimensions. Cancer Discov. 
2022;12:31–46.

	291.	 Ruiz-Rodado V, Lita A, Larion M. Advances in measuring cancer cell 
metabolism with subcellular resolution. Nat Methods. 2022;19:1048–63.

	292.	 Lee PY, Yeoh Y, Omar N, Pung Y-F, Lim LC, Low TY. Molecular tissue 
profiling by MALDI imaging: recent progress and applications in cancer 
research. Crit Rev Clin Lab Sci. 2021;58:513–29.

	293.	 Wu J, Rong Z, Xiao P, Li Y. Imaging method by matrix-assisted laser des-
orption/ionization mass spectrometry (MALDI-MS) for tissue or tumor: a 
mini review. Processes. 2022;10: 388.

	294.	 Arentz G, Mittal P, Zhang C, Ho Y-Y, Briggs M, Winderbaum L, Hoffmann 
M, Hoffmann P. Applications of mass spectrometry imaging to cancer. 
Adv Cancer Res. 2017;134:27–66.

	295.	 Planque M, Igelmann S, Campos AMF, Fendt S-M. Spatial metabolomics 
principles and application to cancer research. Curr Opin Chem Biol. 
2023;76: 102362.

	296.	 Banerjee S, Zare RN, Tibshirani RJ, Kunder CA, Nolley R, Fan R, Brooks 
JD, Sonn GA. Diagnosis of prostate cancer by desorption electrospray 
ionization mass spectrometric imaging of small metabolites and lipids. 
Proc Natl Acad Sci. 2017;114:3334–9.

	297.	 Morse N, Jamaspishvili T, Simon D, Patel PG, Ren KYM, Wang J, Oleschuk 
R, Kaufmann M, Gooding RJ, Berman DM. Reliable identification of pros-
tate cancer using mass spectrometry metabolomic imaging in needle 
core biopsies. Lab Invest. 2019;99:1561–71.

	298.	 Vijayalakshmi K, Shankar V, Bain RM, Nolley R, Sonn GA, Kao CS, Zhao H, 
Tibshirani R, Zare RN, Brooks JD. Identification of diagnostic metabolic 
signatures in clear cell renal cell carcinoma using mass spectrometry 
imaging. Int J Cancer. 2020;147:256–65.

	299.	 Theriault RL, Kaufmann M, Ren KY, Varma S, Ellis RE. Metabolomics pat-
terns of breast cancer tumors using mass spectrometry imaging. Int J 
Comput Assist Radiol Surg. 2021;16:1089–99.

	300.	 Santoro AL, Drummond RD, Silva IT, Ferreira SS, Juliano L, Vendramini 
PH, Lemos MBDC, Eberlin MN, Andrade VP. In situ DESI-MSI lipidomic 
profiles of breast cancer molecular subtypes and precursor lesions. Can 
Res. 2020;80:1246–57.

	301.	 Vaughn A, DeHoog RJ, Eberlin LS, Appling DR. Metabotype analysis of 
Mthfd1l-null mouse embryos using desorption electrospray ionization 
mass spectrometry imaging. Anal Bioanal Chem. 2021;413:3573–82.

	302.	 León M, Ferreira CR, Eberlin LS, Jarmusch AK, Pirro V, Rodrigues ACB, 
Favaron PO, Miglino MA, Cooks RG. Metabolites and lipids associated 
with fetal swine anatomy via desorption electrospray ionization–mass 
spectrometry imaging. Sci Rep. 2019;9:7247.

	303.	 Zhang G, Zhang J, DeHoog RJ, Pennathur S, Anderton CR, Venkatacha-
lam MA, Alexandrov T, Eberlin LS, Sharma K. DESI-MSI and METASPACE 
indicates lipid abnormalities and altered mitochondrial membrane 
components in diabetic renal proximal tubules. Metabolomics. 
2020;16:1–13.

	304.	 Silva AAR, Cardoso MR, Rezende LM, Lin JQ, Guimaraes F, Silva GRP, 
Murgu M, Priolli DG, Eberlin MN, Tata A. Multiplatform investigation of 
plasma and tissue lipid signatures of breast cancer using mass spec-
trometry tools. Int J Mol Sci. 2020;21: 3611.

	305.	 Rietjens RG, Wang G, van den Berg BM, Rabelink TJ. Spatial metabo-
lomics in tissue injury and regeneration. Curr Opin Genet Dev. 2024;87: 
102223.

	306.	 Hao Y, Hao S, Andersen-Nissen E, Mauck WM, Zheng S, Butler A, Lee MJ, 
Wilk AJ, Darby C, Zager M. Integrated analysis of multimodal single-cell 
data. Cell. 2021;184(3573–3587): e3529.

	307.	 Bredikhin D, Kats I, Stegle O. MUON: multimodal omics analysis frame-
work. Genome Biol. 2022;23:42.

	308.	 Liu Y, Yang C. Computational methods for alignment and integration 
of spatially resolved transcriptomics data. Comput Struct Biotechnol J. 
2024;23:1094–105.

	309.	 Young DM, Duhn C, Gilson M, Nojima M, Yuruk D, Kumar A, Yu W, Sand-
ers SJ. Whole-brain image analysis and anatomical atlas 3D generation 
using MagellanMapper. Curr Protoc Neurosci. 2020;94: e104.

	310.	 Bergenstråhle J, Larsson L, Lundeberg J. Seamless integration of image 
and molecular analysis for spatial transcriptomics workflows. BMC 
Genomics. 2020;21:1–7.

	311.	 Imani KBC, Dodda JM, Yoon J, Torres FG, Imran AB, Deen GR, Al-Ansari R. 
Seamless integration of conducting hydrogels in daily life: from prepa-
ration to wearable application. Adv Sci (Weinh). 2024;11: e2306784.

	312.	 Liu X, Zeira R, Raphael BJ. Partial alignment of multislice spatially 
resolved transcriptomics data. Genome Res. 2023;33:1124–32.

	313.	 Liu X, Zeira R, Raphael BJ. Partial alignment of multislice spatially 
resolved transcriptomics data. Genome Res. 2023;33(7):1124-32.

	314.	 Zhou X, Dong K, Zhang S. Integrating spatial transcriptomics data 
across different conditions, technologies and developmental stages. 
Nat Comput Sci. 2023;3:894–906.

	315.	 Xu C, Jin X, Wei S, Wang P, Luo M, Xu Z, Yang W, Cai Y, Xiao L, Lin X. 
DeepST: identifying spatial domains in spatial transcriptomics by deep 
learning. Nucleic Acids Res. 2022;50:e131–e131.

	316.	 Liu L, Bi S, Wang N, Wang M. A universal framework for spatial transcrip-
tomics data mining with interpretable unsupervised graph representa-
tion learning. 2024. Available at SSRN 4791548.

	317.	 Hu Y, et al. MaskGraphene: an advanced framework for interpretable 
joint representation for multi-slice, multi-condition spatial transcrip-
tomics. bioRxiv. 2025`.

	318.	 Hu J, Li X, Coleman K, Schroeder A, Ma N, Irwin DJ, Lee EB, Shinohara RT, 
Li M. SpaGCN: Integrating gene expression, spatial location and histol-
ogy to identify spatial domains and spatially variable genes by graph 
convolutional network. Nat Methods. 2021;18:1342–51.

	319.	 Cao L, Yang C, Hu L, Jiang W, Ren Y, Xia T, Xu M, Ji Y, Li M, Xu X, et al. 
Deciphering spatial domains from spatially resolved transcriptomics 
with Siamese graph autoencoder. Gigascience. 2024;13:13.

	320.	 Yang X, Zhang H, Cai J. Auto-encoding and distilling scene graphs for 
image captioning. IEEE Trans Pattern Anal Mach Intell. 2022;44:2313–27.

	321.	 Vayer T, Chapel L, Flamary R, Tavenard R, Courty N. Fused Gromov-
Wasserstein distance for structured objects. Algorithms. 2020;13: 212.

	322.	 Peyré G, Cuturi M, Solomon J. Gromov-wasserstein averaging of kernel 
and distance matrices. International conference on machine learning. 
2016. p. 2664-2672. PMLR 48.



Page 45 of 50Xu et al. Molecular Cancer           (2025) 24:63 	

	323.	 Gao Z, Cao K, Wan L. Graspot: a graph attention network for spatial 
transcriptomics data integration with optimal transport. Bioinformatics. 
2024;40(Supplement_2):ii137-45.

	324.	 Long Y, Ang KS, Li M, Chong KLK, Sethi R, Zhong C, Xu H, Ong Z, 
Sachaphibulkij K, Chen A. Spatially informed clustering, integration, and 
deconvolution of spatial transcriptomics with GraphST. Nat Commun. 
2023;14:1155.

	325.	 Dong K, Zhang S. Deciphering spatial domains from spatially resolved 
transcriptomics with an adaptive graph attention auto-encoder. Nat 
Commun. 2022;13:1739.

	326.	 Xu H, Fu H, Long Y, Ang KS, Sethi R, Chong K, Li M, Uddamvathanak R, 
Lee HK, Ling J. Unsupervised spatially embedded deep representation 
of spatial transcriptomics. Genome Medicine. 2024;16:12.

	327.	 Xu H, Fu H, Long Y, Ang KS, Sethi R, Chong K, Li M, Uddamvathanak R, 
Lee HK, Ling J, et al. Unsupervised spatially embedded deep represen-
tation of spatial transcriptomics. Genome Med. 2024;16:12.

	328.	 Goodfellow I, Pouget-Abadie J, Mirza M, Xu B, Warde-Farley D, Ozair S, 
Courville A, Bengio Y. Generative adversarial networks. Commun ACM. 
2020;63:139–44.

	329.	 Tao Y, Sun X, Wang F. BiGATAE: a bipartite graph attention auto-encoder 
enhancing spatial domain identification from single-slice to multi-
slices. Briefings in Bioinformatics. 2024;25:bbae045.

	330.	 Biancalani T, Scalia G, Buffoni L, Avasthi R, Lu Z, Sanger A, Tokcan N, 
Vanderburg CR, Segerstolpe Å, Zhang M. Deep learning and alignment 
of spatially resolved single-cell transcriptomes with Tangram. Nat 
Methods. 2021;18:1352–62.

	331.	 Liu W, Liao X, Luo Z, Yang Y, Lau MC, Jiao Y, Shi X, Zhai W, Ji H, Yeong 
J. Probabilistic embedding, clustering, and alignment for integrating 
spatial transcriptomics data with PRECAST. Nat Commun. 2023;14:296.

	332.	 Jolliffe IT. Principal component analysis for special types of data. New 
York: Springer New York; 2002. p. 338-72.

	333.	 Ringnér M. What is principal component analysis? Nat Biotechnol. 
2008;26:303–4.

	334.	 Wang G, Zhao J, Yan Y, Wang Y, Wu AR, Yang C. Construction of a 3D 
whole organism spatial atlas by joint modelling of multiple slices with 
deep neural networks. Nature Machine Intelligence. 2023;5:1200–13.

	335.	 Xu H, Wang S, Fang M, Luo S, Chen C, Wan S, Wang R, Tang M, Xue T, Li 
B. SPACEL: deep learning-based characterization of spatial transcrip-
tome architectures. Nat Commun. 2023;14:7603.

	336.	 Schneider CA, Rasband WS, Eliceiri KW. NIH Image to ImageJ: 25 years 
of image analysis. Nat Methods. 2012;9:671–5.

	337.	 Abràmoff MD, Magalhães PJ, Ram SJ. Image processing with ImageJ. 
Biophotonics international. 2004;11:36–42.

	338.	 Collins TJ. ImageJ for microscopy. Biotechniques. 2007;43:S25–30.
	339.	 Rueden CT, Schindelin J, Hiner MC, DeZonia BE, Walter AE, Arena ET, 

Eliceiri KW. Image J2: ImageJ for the next generation of scientific image 
data. BMC Bioinformatics. 2017;18:1–26.

	340.	 Schroeder AB, Dobson ET, Rueden CT, Tomancak P, Jug F, Eliceiri KW. 
The ImageJ ecosystem: open-source software for image visualization, 
processing, and analysis. Protein Sci. 2021;30:234–49.

	341.	 Schindelin J, Arganda-Carreras I, Frise E, Kaynig V, Longair M, Pietzsch 
T, Preibisch S, Rueden C, Saalfeld S, Schmid B. Fiji: an open-source 
platform for biological-image analysis. Nat Methods. 2012;9:676–82.

	342.	 Park S, Gonzalez DG, Guirao B, Boucher JD, Cockburn K, Marsh ED, Mesa 
KR, Brown S, Rompolas P, Haberman AM. Tissue-scale coordination of 
cellular behaviour promotes epidermal wound repair in live mice. Nat 
Cell Biol. 2017;19:155–63.

	343.	 Hand A, Sun T, Barber D, Hose D, MacNeil S. Automated tracking of 
migrating cells in phase-contrast video microscopy sequences using 
image registration. J Microsc. 2009;234:62–79.

	344.	 Sugawara Y, Kamioka H, Honjo T, Tezuka KI, Takano-Yamamoto T. Three-
dimensional reconstruction of chick calvarial osteocytes and their cell 
processes using confocal microscopy. Bone. 2005;36:877–83.

	345.	 napari Work HD. napari: A multidimensional image viewer for python 
a guide to some of the key concepts of napari. Better Programming. 
2023.

	346.	 Lorensen WE, Cline HE. Marching cubes: a high resolution 3D surface 
construction algorithm. In: Seminal graphics: pioneering efforts that 
shaped the field. 1998. p. 347–353.

	347.	 Yushkevich PA, Piven J, Hazlett HC, Smith RG, Ho S, Gee JC, Gerig 
G. User-guided 3D active contour segmentation of anatomical 

structures: significantly improved efficiency and reliability. Neuroimage. 
2006;31:1116–28.

	348.	 Bitter I, Kaufman AE, Sato M. Penalized-distance volumetric skeleton 
algorithm. IEEE Trans Visual Comput Graphics. 2001;7:195–206.

	349.	 Kikinis R, Pieper SD, Vosburgh KG. 3D slicer: a platform for subject-spe-
cific image analysis, visualization, and clinical support. In: Intraoperative 
imaging and image-guided therapy. New York: Springer New York; 
2013. p. 277–289.

	350.	 Stalling D, Westerhoff M, Hege H-C. Amira: a highly interactive system 
for visual data analysis. The visualization handbook. 2005;38:749–67.

	351.	 Li L, Zhou Q, Voss TC, Quick KL, LaBarbera DV. High-throughput imag-
ing: focusing in on drug discovery in 3D. Methods. 2016;96:97–102.

	352.	 Piltti KM, Haus DL, Do E, Perez H, Anderson AJ, Cummings BJ. 
Computer-aided 2D and 3D quantification of human stem cell fate 
from in vitro samples using Volocity high performance image analysis 
software. Stem Cell Res. 2011;7:256–63.

	353.	 Wiesmann V, Franz D, Held C, Münzenmayer C, Palmisano R, Witten-
berg T. Review of free software tools for image analysis of fluores-
cence cell micrographs. J Microsc. 2015;257:39–53.

	354.	 Murphy SV, Atala A. 3D bioprinting of tissues and organs. Nat Bio-
technol. 2014;32:773–85.

	355.	 Cui H, Nowicki M, Fisher JP, Zhang LG. 3D bioprinting for organ 
regeneration. Adv Healthcare Mater. 2017;6: 1601118.

	356.	 Matai I, Kaur G, Seyedsalehi A, McClinton A, Laurencin CT. Progress in 
3D bioprinting technology for tissue/organ regenerative engineer-
ing. Biomaterials. 2020;226: 119536.

	357.	 Liaw CY, Guvendiren M. Current and emerging applications of 3D 
printing in medicine. Biofabrication. 2017;9: 024102.

	358.	 Sato T, Vries RG, Snippert HJ, Van De Wetering M, Barker N, Stange 
DE, Van Es JH, Abo A, Kujala P, Peters PJ. Single Lgr5 stem cells build 
crypt-villus structures in vitro without a mesenchymal niche. Nature. 
2009;459:262–5.

	359.	 Clevers H. Modeling development and disease with organoids. Cell. 
2016;165:1586–97.

	360.	 Prior N, Inacio P, Huch M. Liver organoids: from basic research to 
therapeutic applications. Gut. 2019;68:2228–37.

	361.	 Lancaster MA, Renner M, Martin C-A, Wenzel D, Bicknell LS, Hurles 
ME, Homfray T, Penninger JM, Jackson AP, Knoblich JA. Cerebral orga-
noids model human brain development and microcephaly. Nature. 
2013;501:373–9.

	362.	 Greggio C, De Franceschi F, Figueiredo-Larsen M, Gobaa S, Ranga 
A, Semb H, Lutolf M, Grapin-Botton A. Artificial three-dimensional 
niches deconstruct pancreas development in vitro. Development. 
2013;140:4452–62.

	363.	 McCracken KW, Catá EM, Crawford CM, Sinagoga KL, Schumacher 
M, Rockich BE, Tsai Y-H, Mayhew CN, Spence JR, Zavros Y. Modelling 
human development and disease in pluripotent stem-cell-derived 
gastric organoids. Nature. 2014;516:400–4.

	364.	 Zhao B, Ni C, Gao R, Wang Y, Yang L, Wei J, Lv T, Liang J, Zhang Q, 
Xu W, et al. Recapitulation of SARS-CoV-2 infection and cholan-
giocyte damage with human liver ductal organoids. Protein Cell. 
2020;11:771–5.

	365.	 Qu M, Xiong L, Lyu Y, Zhang X, Shen J, Guan J, Chai P, Lin Z, Nie B, Li C, 
et al. Establishment of intestinal organoid cultures modeling injury-
associated epithelial regeneration. Cell Res. 2021;31:259–71.

	366.	 Takasato M, Er PX, Chiu HS, Maier B, Baillie GJ, Ferguson C, Parton 
RG, Wolvetang EJ, Roost MS, Chuva de Sousa Lopes SM. Kidney 
organoids from human iPS cells contain multiple lineages and model 
human nephrogenesis. Nature. 2015;526:564–8.

	367.	 Koehler KR, Nie J, Longworth-Mills E, Liu XP, Lee J, Holt JR, Hashino 
E. Generation of inner ear organoids containing functional hair cells 
from human pluripotent stem cells. Nat Biotechnol. 2017;35:583–9.

	368.	 Sahu S, Sahoo S, Sullivan T, O’Sullivan TN, Turan S, Albaugh ME, 
Burkett S, Tran B, Salomon DS, Kozlov SV, et al. Spatiotemporal 
modulation of growth factors directs the generation of multilineage 
mouse embryonic stem cell-derived mammary organoids. Dev Cell. 
2024;59:175–186.e178.

	369.	 Nakano T, Ando S, Takata N, Kawada M, Muguruma K, Sekiguchi K, 
Saito K, Yonemura S, Eiraku M, Sasai Y. Self-formation of optic cups 
and storable stratified neural retina from human ESCs. Cell Stem Cell. 
2012;10:771–85.



Page 46 of 50Xu et al. Molecular Cancer           (2025) 24:63 

	370.	 Spence JR, Mayhew CN, Rankin SA, Kuhar MF, Vallance JE, Tolle K, 
Hoskins EE, Kalinichenko VV, Wells SI, Zorn AM. Directed differentiation 
of human pluripotent stem cells into intestinal tissue in vitro. Nature. 
2011;470:105–9.

	371.	 Zhou C, Wu Y, Wang Z, Liu Y, Yu J, Wang W, Chen S, Wu W, Wang J, Qian 
G, He A. Standardization of organoid culture in cancer research. Cancer 
Med. 2023;12:14375–86.

	372.	 Decarli MC, Amaral R, Dos Santos DP, Tofani LB, Katayama E, Rezende 
RA, da Silva JVL, Swiech K, Suazo CAT, Mota C. Cell spheroids as a 
versatile research platform: formation mechanisms, high throughput 
production, characterization and applications. Biofabrication. 2021;13: 
032002.

	373.	 Shao C, Chi J, Zhang H, Fan Q, Zhao Y, Ye F. Development of cell sphe-
roids by advanced technologies. Advanced Materials Technologies. 
2020;5: 2000183.

	374.	 Nunes AS, Barros AS, Costa EC, Moreira AF, Correia IJ. 3D tumor sphe-
roids as in vitro models to mimic in vivo human solid tumors resistance 
to therapeutic drugs. Biotechnol Bioeng. 2019;116:206–26.

	375.	 Huang B-W, Gao J-Q. Application of 3D cultured multicellular spheroid 
tumor models in tumor-targeted drug delivery system research. J 
Control Release. 2018;270:246–59.

	376.	 Ong CS, Zhou X, Han J, Huang CY, Nashed A, Khatri S, Mattson G, 
Fukunishi T, Zhang H, Hibino N. In vivo therapeutic applications of cell 
spheroids. Biotechnol Adv. 2018;36:494–505.

	377.	 Xie Z, Wang L, Zhang Y. Advances in organoid culture research. Glob 
Med Genet. 2022;9:268–76.

	378.	 Ferrer-Torregrosa J, Torralba J, Jimenez M, García S, Barcia J. ARBOOK: 
development and assessment of a tool based on augmented reality for 
anatomy. J Sci Educ Technol. 2015;24:119–24.

	379.	 Moro C, Štromberga Z, Raikos A, Stirling A. The effectiveness of virtual 
and augmented reality in health sciences and medical anatomy. Anat 
Sci Educ. 2017;10:549–59.

	380.	 Garzón J, Pavón J, Baldiris S. Systematic review and meta-analysis 
of augmented reality in educational settings. Virtual Reality. 
2019;23:447–59.

	381.	 Xiao Y, Li Y, Zhao H. Spatiotemporal metabolomic approaches to the 
cancer-immunity panorama: a methodological perspective. Mol Can-
cer. 2024;23:202.

	382.	 Schott M, León-Periñán D, Splendiani E, Strenger L, Licha JR, Penti-
malli TM, Schallenberg S, Alles J, Samut Tagliaferro S, Boltengagen 
A, et al. Open-ST: high-resolution spatial transcriptomics in 3D. Cell. 
2024;187:3953–3972.e3926.

	383.	 Han S, Fu D, Tushoski GW, Meng L, Herremans KM, Riner AN, Geoge 
TJ, Huo Z, Hughes SJ. Single-cell profiling of microenvironment com-
ponents by spatial localization in pancreatic ductal adenocarcinoma. 
Theranostics. 2022;12:4980–92.

	384.	 Ma RY, Black A, Qian BZ. Macrophage diversity in cancer revisited in the 
era of single-cell omics. Trends Immunol. 2022;43:546–63.

	385.	 Qi J, Sun H, Zhang Y, Wang Z, Xun Z, Li Z, Ding X, Bao R, Hong L, Jia W, 
et al. Single-cell and spatial analysis reveal interaction of FAP(+) fibro-
blasts and SPP1(+) macrophages in colorectal cancer. Nat Commun. 
2022;13:1742.

	386.	 Qiu X, Zhou T, Li S, Wu J, Tang J, Ma G, Yang S, Hu J, Wang K, Shen 
S, et al. Spatial single-cell protein landscape reveals vimentin(high) 
macrophages as immune-suppressive in the microenvironment of 
hepatocellular carcinoma. Nat Cancer. 2024;5:1557-78.

	387.	 Dhainaut M, Rose SA, Akturk G, Wroblewska A, Nielsen SR, Park ES, 
Buckup M, Roudko V, Pia L, Sweeney R, et al. Spatial CRISPR genom-
ics identifies regulators of the tumor microenvironment. Cell. 
2022;185:1223–1239.e1220.

	388.	 Väyrynen JP, Haruki K, Väyrynen SA, Lau MC, Dias Costa A, Borowsky J, 
Zhao M, Ugai T, Kishikawa J, Akimoto N, et al. Prognostic significance 
of myeloid immune cells and their spatial distribution in the colorectal 
cancer microenvironment. J Immunother Cancer. 2021;9:e002297.

	389.	 Bhattacharya S, Calar K, de la Puente P. Mimicking tumor hypoxia and 
tumor-immune interactions employing three-dimensional in vitro 
models. J Exp Clin Cancer Res. 2020;39:75.

	390.	 Andersson A, Larsson L, Stenbeck L, Salmén F, Ehinger A, Wu SZ, Al-
Eryani G, Roden D, Swarbrick A, Borg Å, et al. Spatial deconvolution 
of HER2-positive breast cancer delineates tumor-associated cell type 
interactions. Nat Commun. 2021;12:6012.

	391.	 Lin JR, Wang S, Coy S, Chen YA, Yapp C, Tyler M, Nariya MK, Heiser CN, 
Lau KS, Santagata S, Sorger PK. Multiplexed 3D atlas of state transitions 
and immune interaction in colorectal cancer. Cell. 2023;186:363–381.
e319.

	392.	 Väyrynen JP, Haruki K, Väyrynen SA, Lau MC, Costa AD, Borowsky J, 
Zhao M, Ugai T, Kishikawa J, Akimoto N. Prognostic significance of 
myeloid immune cells and their spatial distribution in the colorectal 
cancer microenvironment. Journal for Immunotherapy of Cancer. 
2021;9:e002297.

	393.	 Shiau C, Cao J, Gong D, Gregory MT, Caldwell NJ, Yin X, Cho JW, Wang 
PL, Su J, Wang S, et al. Spatially resolved analysis of pancreatic cancer 
identifies therapy-associated remodeling of the tumor microenviron-
ment. Nat Genet. 2024;56:2466-78.

	394.	 Yoo SY, Park HE, Kim JH, Wen X, Jeong S, Cho NY, Gwon HG, Kim K, Lee 
HS, Jeong SY, et al. Whole-slide image analysis reveals quantitative 
landscape of tumor-immune microenvironment in colorectal cancers. 
Clin Cancer Res. 2020;26:870–81.

	395.	 Faisal SM, Clewner JE, Stack B, Varela ML, Comba A, Abbud G, Motsch 
S, Castro MG, Lowenstein PR. Spatiotemporal insights into glioma 
oncostream dynamics: unraveling formation, stability, and disassembly 
pathways. Adv Sci (Weinh). 2024;11: e2309796.

	396.	 Barbosa MAG, Xavier CPR, Pereira RF, Petrikaitė V, Vasconcelos MH. 3D 
cell culture models as recapitulators of the tumor microenvironment 
for the screening of anti-cancer drugs. Cancers (Basel). 2021;14:14.

	397.	 Ravi M, Paramesh V, Kaviya S, Anuradha E, Solomon FP. 3D cell culture 
systems: advantages and applications. J Cell Physiol. 2015;230:16–26.

	398.	 Majety M, Pradel LP, Gies M, Ries CH. Fibroblasts influence survival and 
therapeutic response in a 3D co-culture model. PLoS ONE. 2015;10: 
e0127948.

	399.	 Lee S, Kim G, Lee J, Lee AC, Kwon S. Mapping cancer biology in space: 
applications and perspectives on spatial omics for oncology. Mol 
Cancer. 2024;23:26.

	400.	 Sun Y, Wu P, Zhang Z, Wang Z, Zhou K, Song M, Ji Y, Zang F, Lou L, Rao 
K, et al. Integrated multi-omics profiling to dissect the spatiotem-
poral evolution of metastatic hepatocellular carcinoma. Cancer Cell. 
2024;42:135–156.e117.

	401.	 Lomakin A, Svedlund J, Strell C, Gataric M, Shmatko A, Rukhovich 
G, Park JS, Ju YS, Dentro S, Kleshchevnikov V, et al. Spatial genomics 
maps the structure, nature and evolution of cancer clones. Nature. 
2022;611:594–602.

	402.	 Erickson A, He M, Berglund E, Marklund M, Mirzazadeh R, Schultz N, 
Kvastad L, Andersson A, Bergenstråhle L, Bergenstråhle J, et al. Spatially 
resolved clonal copy number alterations in benign and malignant tis-
sue. Nature. 2022;608:360–7.

	403.	 Comba A, Faisal SM, Dunn PJ, Argento AE, Hollon TC, Al-Holou WN, 
Varela ML, Zamler DB, Quass GL, Apostolides PF, et al. Spatiotemporal 
analysis of glioma heterogeneity reveals COL1A1 as an actionable 
target to disrupt tumor progression. Nat Commun. 2022;13:3606.

	404.	 Almagro J, Messal HA, Elosegui-Artola A, van Rheenen J, Behrens A. 
Tissue architecture in tumor initiation and progression. Trends Cancer. 
2022;8:494–505.

	405.	 Noble R, Burri D, Le Sueur C, Lemant J, Viossat Y, Kather JN, Beerenwin-
kel N. Spatial structure governs the mode of tumour evolution. Nat Ecol 
Evol. 2022;6:207–17.

	406.	 Bhat SM, Badiger VA, Vasishta S, Chakraborty J, Prasad S, Ghosh S, Joshi 
MB. 3D tumor angiogenesis models: recent advances and challenges. J 
Cancer Res Clin Oncol. 2021;147:3477–94.

	407.	 Ramakrishnan V, Schönmehl R, Artinger A, Winter L, Böck H, Schreml 
S, Gürtler F, Daza J, Schmitt VH, Mamilos A, et al. 3D visualization, skel-
etonization and branching analysis of blood vessels in angiogenesis. Int 
J Mol Sci. 2023;24:7714.

	408.	 Kuett L, Catena R, Özcan A, Plüss A, Schraml P, Moch H, de Souza N, 
Bodenmiller B. Three-dimensional imaging mass cytometry for highly 
multiplexed molecular and cellular mapping of tissues and the tumor 
microenvironment. Nat Cancer. 2022;3:122–33.

	409.	 Schmelz K, Toedling J, Huska M, Cwikla MC, Kruetzfeldt LM, Proba J, 
Ambros PF, Ambros IM, Boral S, Lodrini M, et al. Spatial and temporal 
intratumour heterogeneity has potential consequences for single 
biopsy-based neuroblastoma treatment decisions. Nat Commun. 
2021;12:6804.



Page 47 of 50Xu et al. Molecular Cancer           (2025) 24:63 	

	410.	 Meacham CE, Morrison SJ. Tumour heterogeneity and cancer cell 
plasticity. Nature. 2013;501:328–37.

	411.	 Househam J, Heide T, Cresswell GD, Spiteri I, Kimberley C, Zapata L, 
Lynn C, James C, Mossner M, Fernandez-Mateos J, et al. Phenotypic 
plasticity and genetic control in colorectal cancer evolution. Nature. 
2022;611:744–53.

	412.	 Lewis SM, Asselin-Labat ML, Nguyen Q, Berthelet J, Tan X, Wimmer VC, 
Merino D, Rogers KL, Naik SH. Spatial omics and multiplexed imaging to 
explore cancer biology. Nat Methods. 2021;18:997–1012.

	413.	 Kiessling P, Kuppe C. Spatial multi-omics: novel tools to study the com-
plexity of cardiovascular diseases. Genome Med. 2024;16:14.

	414.	 Litviňuková M, Talavera-López C, Maatz H, Reichart D, Worth CL, Lind-
berg EL, Kanda M, Polanski K, Heinig M, Lee M. Cells of the adult human 
heart. Nature. 2020;588:466–72.

	415.	 Tucker NR, Chaffin M, Fleming SJ, Hall AW, Parsons VA, Bedi KC Jr, Akkad 
AD, Herndon CN, Arduini A, Papangeli I, et al. Transcriptional and cel-
lular diversity of the human heart. Circulation. 2020;142:466–82.

	416.	 Kanemaru K, Cranley J, Muraro D, Miranda AMA, Ho SY, Wilbrey-Clark 
A, Patrick Pett J, Polanski K, Richardson L, Litvinukova M, et al. Spatially 
resolved multiomics of human cardiac niches. Nature. 2023;619:801–10.

	417.	 Koenig AL, Shchukina I, Amrute J, Andhey PS, Zaitsev K, Lai L, Bajpai 
G, Bredemeyer A, Smith G, Jones C, et al. Single-cell transcriptomics 
reveals cell-type-specific diversification in human heart failure. Nat 
Cardiovasc Res. 2022;1:263–80.

	418.	 Reichart D, Lindberg EL, Maatz H, Miranda AMA, Viveiros A, Shvetsov N, 
Gärtner A, Nadelmann ER, Lee M, Kanemaru K, et al. Pathogenic variants 
damage cell composition and single cell transcription in cardiomyopa-
thies. Science. 2022;377:eabo1984.

	419.	 Kuppe C, Ramirez Flores RO, Li Z, Hayat S, Levinson RT, Liao X, Hannani 
MT, Tanevski J, Wünnemann F, Nagai JS, et al. Spatial multi-omic map of 
human myocardial infarction. Nature. 2022;608:766–77.

	420.	 Yamada S, Ko T, Hatsuse S, Nomura S, Zhang B, Dai Z, Inoue S, Kubota 
M, Sawami K, Yamada T, et al. Spatiotemporal transcriptome analy-
sis reveals critical roles for mechano-sensing genes at the border 
zone in remodeling after myocardial infarction. Nat Cardiovasc Res. 
2022;1:1072–83.

	421.	 Blaha MJ, Nasir K, Rivera JJ, Choi EK, Chang SA, Yoon YE, Chun EJ, Choi 
SI, Agatston A, Blumenthal RS. Gender differences in coronary plaque 
composition by coronary computed tomography angiography. Coron 
Artery Dis. 2009;20:506–12.

	422.	 Haddad F, Hunt SA, Rosenthal DN, Murphy DJ. Contemporary reviews in 
cardiovascular medicine. Circulation. 2008;117:1436.

	423.	 De Jong S, van Veen TA, van Rijen HV, de Bakker JM. Fibrosis and cardiac 
arrhythmias. J Cardiovasc Pharmacol. 2011;57:630–8.

	424.	 Naoum C, Blanke P, Cavalcante JL, Leipsic J. Cardiac computed tomog-
raphy and magnetic resonance imaging in the evaluation of mitral and 
tricuspid valve disease: implications for transcatheter interventions. 
Circulation: Cardiovascular Imaging. 2017;10:e005331.

	425.	 Hallett R, Moainie S, Hermiller J, Fleischmann D. CT and MRI of aortic 
valve disease: clinical update. Curr Radiol Rep. 2016;4:1–14.

	426.	 Rudski LG, Lai WW, Afilalo J, Hua L, Handschumacher MD, Chan-
drasekaran K, Solomon SD, Louie EK, Schiller NB. Guidelines for the 
echocardiographic assessment of the right heart in adults: a report 
from the American Society of Echocardiography: endorsed by the 
European Association of Echocardiography, a registered branch of the 
European Society of Cardiology, and the Canadian Society of Echocar-
diography. J Am Soc Echocardiogr. 2010;23:685–713.

	427.	 Zoghbi WA, Chambers JB, Dumesnil JG, Foster E, Gottdiener JS, Gray-
burn PA, Khandheria BK, Levine RA, Marx GR, Miller FA. Recommenda-
tions for evaluation of prosthetic valves with echocardiography and 
doppler ultrasound: a report From the American Society of Echocardi-
ography’s Guidelines and Standards Committee and the Task Force on 
Prosthetic Valves, developed in conjunction with the American College 
of Cardiology Cardiovascular Imaging Committee, Cardiac Imaging 
Committee of the American Heart Association, the European Associa-
tion of Echocardiography, a registered branch of the European Society 
of Cardiology, the Japanese Society of Echocardiography and the 
Canadian Society of Echocardiography, endorsed by the American Col-
lege of Cardiology Foundation, American Heart Association, European 
Association of Echocardiography, a registered branch of the European 
Society of Cardiology, the Japanese Society of Echocardiography, 

and Canadian Society of Echocardiography. J Am Soc Echocardiogr. 
2009;22:975–1014.

	428.	 Zhang XD, Tan HW, Gu J, Jiang WF, Zhao L, Wang YL, Liu YG, Zhou L, 
Gu JN, Liu X. Efficacy and safety of catheter ablation for long-standing 
persistent atrial fibrillation in women. Pacing Clin Electrophysiol. 
2013;36:1236–44.

	429.	 Close JL, Long BR, Zeng H. Spatially resolved transcriptomics in neuro-
science. Nat Methods. 2021;18:23–5.

	430.	 Gyllborg D, Langseth CM, Qian X, Choi E, Salas SM, Hilscher MM, Lein ES, 
Nilsson M. Hybridization-based in situ sequencing (HybISS) for spatially 
resolved transcriptomics in human and mouse brain tissue. Nucleic 
Acids Res. 2020;48: e112.

	431.	 Liu H, Zhou J, Tian W, Luo C, Bartlett A, Aldridge A, Lucero J, Osteen JK, 
Nery JR, Chen H, et al. DNA methylation atlas of the mouse brain at 
single-cell resolution. Nature. 2021;598:120–8.

	432.	 Hain D, Gallego-Flores T, Klinkmann M, Macias A, Ciirdaeva E, Arends 
A, Thum C, Tushev G, Kretschmer F, Tosches MA, Laurent G. Molecular 
diversity and evolution of neuron types in the amniote brain. Science. 
2022;377: eabp8202.

	433.	 Lu T, Ang CE, Zhuang X. Spatially resolved epigenomic profiling of 
single cells in complex tissues. Cell. 2022;185:4448–4464.e4417.

	434.	 Zhang D, Deng Y, Kukanja P, Agirre E, Bartosovic M, Dong M, Ma C, Ma 
S, Su G, Bao S, et al. Spatial epigenome-transcriptome co-profiling of 
mammalian tissues. Nature. 2023;616:113–22.

	435.	 Li YE, Preissl S, Miller M, Johnson ND, Wang Z, Jiao H, Zhu C, Wang Z, Xie 
Y, Poirion O, et al. A comparative atlas of single-cell chromatin acces-
sibility in the human brain. Science. 2023;382: eadf7044.

	436.	 Zhang M, Pan X, Jung W, Halpern AR, Eichhorn SW, Lei Z, Cohen L, 
Smith KA, Tasic B, Yao Z, et al. Molecularly defined and spatially resolved 
cell atlas of the whole mouse brain. Nature. 2023;624:343–54.

	437.	 Liu H, Zeng Q, Zhou J, Bartlett A, Wang BA, Berube P, Tian W, Kenworthy 
M, Altshul J, Nery JR, et al. Single-cell DNA methylome and 3D multi-
omic atlas of the adult mouse brain. Nature. 2023;624:366–77.

	438.	 Zu S, Li YE, Wang K, Armand EJ, Mamde S, Amaral ML, Wang Y, Chu A, 
Xie Y, Miller M, et al. Single-cell analysis of chromatin accessibility in the 
adult mouse brain. Nature. 2023;624:378–89.

	439.	 Wu X, Xu W, Deng L, Li Y, Wang Z, Sun L, Gao A, Wang H, Yang X, Wu C, 
et al. Spatial multi-omics at subcellular resolution via high-throughput 
in situ pairwise sequencing. Nat Biomed Eng. 2024;8:872–89.

	440.	 Heffel MG, Zhou J, Zhang Y, Lee DS, Hou K, Pastor-Alonso O, Abuhanna 
KD, Galasso J, Kern C, Tai CY, et al. Temporally distinct 3D multi-omic 
dynamics in the developing human brain. Nature. 2024;635:481-9.

	441.	 Wang Y, Eddison M, Fleishman G, Weigert M, Xu S, Wang T, Rokicki K, 
Goina C, Henry FE, Lemire AL, et al. EASI-FISH for thick tissue defines lat-
eral hypothalamus spatio-molecular organization. Cell. 2021;184:6361–
6377.e6324.

	442.	 Li YE, Preissl S, Hou X, Zhang Z, Zhang K, Qiu Y, Poirion OB, Li B, Chiou 
J, Liu H, et al. An atlas of gene regulatory elements in adult mouse 
cerebrum. Nature. 2021;598:129–36.

	443.	 Stickels RR, Murray E, Kumar P, Li J, Marshall JL, Di Bella DJ, Arlotta P, 
Macosko EZ, Chen F. Highly sensitive spatial transcriptomics at near-
cellular resolution with Slide-seqV2. Nat Biotechnol. 2021;39:313–9.

	444.	 Zhang M, Eichhorn SW, Zingg B, Yao Z, Cotter K, Zeng H, Dong H, 
Zhuang X. Spatially resolved cell atlas of the mouse primary motor 
cortex by MERFISH. Nature. 2021;598:137–43.

	445.	 Chen A, Sun Y, Lei Y, Li C, Liao S, Meng J, Bai Y, Liu Z, Liang Z, Zhu Z, et al. 
Single-cell spatial transcriptome reveals cell-type organization in the 
macaque cortex. Cell. 2023;186:3726–3743.e3724.

	446.	 Ratz M, von Berlin L, Larsson L, Martin M, Westholm JO, La Manno G, 
Lundeberg J, Frisén J. Clonal relations in the mouse brain revealed by 
single-cell and spatial transcriptomics. Nat Neurosci. 2022;25:285–94.

	447.	 Zemke NR, Armand EJ, Wang W, Lee S, Zhou J, Li YE, Liu H, Tian W, 
Nery JR, Castanon RG, et al. Conserved and divergent gene regulatory 
programs of the mammalian neocortex. Nature. 2023;624:390–402.

	448.	 Fu X, Sun L, Dong R, Chen JY, Silakit R, Condon LF, Lin Y, Lin S, Palmiter 
RD, Gu L. Polony gels enable amplifiable DNA stamping and spatial 
transcriptomics of chronic pain. Cell. 2022;185:4621–4633.e4617.

	449.	 Spencer SS. Neural networks in human epilepsy: evidence of and 
implications for treatment. Epilepsia (Series 4). 2002;43:219.



Page 48 of 50Xu et al. Molecular Cancer           (2025) 24:63 

	450.	 Shi H, He Y, Zhou Y, Huang J, Maher K, Wang B, Tang Z, Luo S, Tan P, Wu 
M, et al. Spatial atlas of the mouse central nervous system at molecular 
resolution. Nature. 2023;622:552–61.

	451.	 Zeng H, Huang J, Zhou H, Meilandt WJ, Dejanovic B, Zhou Y, Bohlen 
CJ, Lee SH, Ren J, Liu A, et al. Integrative in situ mapping of single-cell 
transcriptional states and tissue histopathology in a mouse model of 
Alzheimer’s disease. Nat Neurosci. 2023;26:430–46.

	452.	 Bullmore E, Sporns O. Complex brain networks: graph theoreti-
cal analysis of structural and functional systems. Nat Rev Neurosci. 
2009;10:186–98.

	453.	 Scheres SH. Alzheimer’s plaques and tangles revealed by 3D micros-
copy. Nature. 2024;631:747-8.

	454.	 Oldan J, Jewells V, Pieper B, Wong T. Complete evaluation of dementia: 
PET and MRI correlation and diagnosis for the neuroradiologist. Am J 
Neuroradiol. 2021;42:998–1007.

	455.	 Spires-Jones TL, Hyman BT. The intersection of amyloid beta and tau at 
synapses in Alzheimer’s disease. Neuron. 2014;82:756–71.

	456.	 Silva NA, Sousa N, Reis RL, Salgado AJ. From basics to clinical: a compre-
hensive review on spinal cord injury. Prog Neurobiol. 2014;114:25–57.

	457.	 Hatten ME. Central nervous system neuronal migration. Annu Rev 
Neurosci. 1999;22:511–39.

	458.	 Goossens P, Lu C, Cao J, Gijbels MJ, Karel JMH, Wijnands E, Claes 
BSR, Fazzi GE, Hendriks TFE, Wouters K, et al. Integrating multiplex 
immunofluorescent and mass spectrometry imaging to map myeloid 
heterogeneity in its metabolic and cellular context. Cell Metab. 
2022;34:1214–1225.e1216.

	459.	 Pascual-Leone A, Amedi A, Fregni F, Merabet LB. The plastic human 
brain cortex. Annu Rev Neurosci. 2005;28:377–401.

	460.	 Attwell D, Buchan AM, Charpak S, Lauritzen M, MacVicar BA, New-
man EA. Glial and neuronal control of brain blood flow. Nature. 
2010;468:232–43.

	461.	 Liu Y, DiStasio M, Su G, Asashima H, Enninful A, Qin X, Deng Y, Nam J, 
Gao F, Bordignon P, et al. High-plex protein and whole transcriptome 
co-mapping at cellular resolution with spatial CITE-seq. Nat Biotechnol. 
2023;41:1405–9.

	462.	 Lun XK, Sheng K, Yu X, Lam CY, Gowri G, Serrata M, Zhai Y, Su H, Luan J, 
Kim Y, et al. Signal amplification by cyclic extension enables high-sensi-
tivity single-cell mass cytometry. Nat Biotechnol. 2024. p. 1-11.

	463.	 Farhood B, Najafi M, Mortezaee K. CD8+ cytotoxic T lymphocytes in 
cancer immunotherapy: a review. J Cell Physiol. 2019;234:8509–21.

	464.	 Chang Y, Liu J, Jiang Y, Ma A, Yeo YY, Guo Q, McNutt M, Krull JE, Rodig SJ, 
Barouch DH, et al. Graph fourier transform for spatial omics representa-
tion and analyses of complex organs. Nat Commun. 2024;15:7467.

	465.	 Kelch ID, Bogle G, Sands GB, Phillips AR, LeGrice IJ, Dunbar PR. High-
resolution 3D imaging and topological mapping of the lymph node 
conduit system. PLoS Biol. 2019;17: e3000486.

	466.	 Choi B, Lee C, Yu J-W. Distinctive role of inflammation in tissue repair 
and regeneration. Arch Pharmacal Res. 2023;46:78–89.

	467.	 Mack M. Inflammation and fibrosis. Matrix Biol. 2018;68–69:106–21.
	468.	 Chen PC, Hsieh MH, Kuo WS, Wu LSH, Wang JY. Trained immunity and 

macrophage reprogramming in allergic disorders. Cell Mol Immunol. 
2023;20:1084–6.

	469.	 den Blanken MD, van der Bent S, Liberton N, Grimbergen M, Hofman 
MB, Verdaasdonk R, Rustemeyer T. Quantification of cutaneous allergic 
reactions using 3D optical imaging: a feasibility study. Skin research and 
technology. 2020;26:67–75.

	470.	 Subbian S. Innate immune evasion strategies during microbial infec-
tion. Frontiers in Cellular and Infection Microbiology. 2023;13:1332253.

	471.	 Tweedell RE, Kumar SP, Kanneganti T-D. Innate sensing pathways: defin-
ing new innate immune and inflammatory cell death pathways has 
shaped translational applications. PLoS Biol. 2023;21: e3002022.

	472.	 Burton GJ, Fowden AL. The placenta: a multifaceted, transient organ. 
Philosophical Transactions of the Royal Society B: Biological Sciences. 
2015;370:20140066.

	473.	 Faas MM, De Vos P. Uterine NK cells and macrophages in pregnancy. 
Placenta. 2017;56:44–52.

	474.	 Greenbaum S, Averbukh I, Soon E, Rizzuto G, Baranski A, Greenwald NF, 
Kagel A, Bosse M, Jaswa EG, Khair Z, et al. A spatially resolved timeline of 
the human maternal-fetal interface. Nature. 2023;619:595-+.

	475.	 Hosogane T, Casanova R, Bodenmiller B. DNA-barcoded signal 
amplification for imaging mass cytometry enables sensitive and highly 
multiplexed tissue imaging. Nat Methods. 2023;20:1304–9.

	476.	 Espie D, Donnadieu E. CAR T-cell behavior and function revealed by 
real-time imaging. Semin Immunopathol. 2023;45:229–39.

	477.	 Liu S, Iorgulescu JB, Li S, Borji M, Barrera-Lopez IA, Shanmugam V, Lyu 
H, Morriss JW, Garcia ZN, Murray E, et al. Spatial maps of T cell receptors 
and transcriptomes reveal distinct immune niches and interactions in 
the adaptive immune response. Immunity. 2022;55:1940–1952.e1945.

	478.	 Xu Y, Zhang T, Zhou Q, Hu M, Qi Y, Xue Y, Nie Y, Wang L, Bao Z, Shi W. A 
single-cell transcriptome atlas profiles early organogenesis in human 
embryos. Nat Cell Biol. 2023;25:604–15.

	479.	 Chen A, Liao S, Cheng M, Ma K, Wu L, Lai Y, Qiu X, Yang J, Xu J, Hao S, 
et al. Spatiotemporal transcriptomic atlas of mouse organogenesis 
using DNA nanoball-patterned arrays. Cell. 2022;185:1777–1792.e1721.

	480.	 Peng G, Suo S, Cui G, Yu F, Wang R, Chen J, Chen S, Liu Z, Chen G, Qian Y, 
et al. Molecular architecture of lineage allocation and tissue organiza-
tion in early mouse embryo. Nature. 2019;572:528–32.

	481.	 Qu F, Li W, Xu J, Zhang R, Ke J, Ren X, Meng X, Qin L, Zhang J, Lu F, et al. 
Three-dimensional molecular architecture of mouse organogenesis. 
Nat Commun. 2023;14:4599.

	482.	 Wang M, Hu Q, Lv T, Wang Y, Lan Q, Xiang R, Tu Z, Wei Y, Han K, Shi C, 
et al. High-resolution 3D spatiotemporal transcriptomic maps of devel-
oping Drosophila embryos and larvae. Dev Cell. 2022;57:1271–1283.
e1274.

	483.	 Kulzhanova G, Hansen V, Shammas H, Reuter J, Wu C-L. Spatial transcrip-
tomics reveal unique molecular fingerprints of chondrogenesis during 
embryonic limb development. Osteoarthritis Cartilage. 2022;30:S49–50.

	484.	 Cang Z, Zhao Y, Almet AA, Stabell A, Ramos R, Plikus MV, Atwood SX, 
Nie Q. Screening cell-cell communication in spatial transcriptomics via 
collective optimal transport. Nat Methods. 2023;20:218–28.

	485.	 Farah EN, Hu RK, Kern C, Zhang Q, Lu TY, Ma Q, Tran S, Zhang B, Carlin 
D, Monell A, et al. Spatially organized cellular communities form the 
developing human heart. Nature. 2024;627:854–64.

	486.	 Asp M, Giacomello S, Larsson L, Wu C, Fürth D, Qian X, Wärdell E, 
Custodio J, Reimegård J, Salmén F, et al. A spatiotemporal organ-wide 
gene expression and cell atlas of the developing human heart. Cell. 
2019;179:1647–1660.e1619.

	487.	 Ren X, Zhong G, Zhang Q, Zhang L, Sun Y, Zhang Z. Reconstruction of 
cell spatial organization from single-cell RNA sequencing data based 
on ligand-receptor mediated self-assembly. Cell Res. 2020;30:763–78.

	488.	 Zhu J, Pang K, Hu B, He R, Wang N, Jiang Z, Ji P, Zhao F. Custom 
microfluidic chip design enables cost-effective three-dimensional 
spatiotemporal transcriptomics with a wide field of view. Nat Genet. 
2024;56:2259–70.

	489.	 Lohoff T, Ghazanfar S, Missarova A, Koulena N, Pierson N, Griffiths JA, 
Bardot ES, Eng CL, Tyser RCV, Argelaguet R, et al. Integration of spatial 
and single-cell transcriptomic data elucidates mouse organogenesis. 
Nat Biotechnol. 2022;40:74–85.

	490.	 Sumbalova Koledova Z. 3D Cell culture: techniques for and beyond 
organoid applications. New York: Springer US; 2024. p. 1-12.

	491.	 Arutyunyan A, Roberts K, Troulé K, Wong FCK, Sheridan MA, Kats I, 
Garcia-Alonso L, Velten B, Hoo R, Ruiz-Morales ER, et al. Spatial multi-
omics map of trophoblast development in early pregnancy. Nature. 
2023;616:143–51.

	492.	 Xiao Z, Cui L, Yuan Y, He N, Xie X, Lin S, Yang X, Zhang X, Shi P, 
Wei Z. 3D reconstruction of a gastrulating human embryo. Cell. 
2024;187(2855–2874):e2819.

	493.	 Zhai J, Xu Y, Wan H, Yan R, Guo J, Skory R, Yan L, Wu X, Sun F, Chen G. 
Neurulation of the cynomolgus monkey embryo achieved from 3D 
blastocyst culture. Cell. 2023;186(2078–2091): e2018.

	494.	 Liu C, Li R, Li Y, Lin X, Zhao K, Liu Q, Wang S, Yang X, Shi X, Ma Y, 
et al. Spatiotemporal mapping of gene expression landscapes and 
developmental trajectories during zebrafish embryogenesis. Dev Cell. 
2022;57:1284–1298.e1285.

	495.	 Qiu C, Cao J, Martin BK, Li T, Welsh IC, Srivatsan S, Huang X, Calderon 
D, Noble WS, Disteche CM, et al. Systematic reconstruction of cellular 
trajectories across mouse embryogenesis. Nat Genet. 2022;54:328–41.

	496.	 Junker JP, Noël ES, Guryev V, Peterson KA, Shah G, Huisken J, McMahon 
AP, Berezikov E, Bakkers J, van Oudenaarden A. Genome-wide RNA 
tomography in the zebrafish embryo. Cell. 2014;159:662–75.



Page 49 of 50Xu et al. Molecular Cancer           (2025) 24:63 	

	497.	 Lust K, Maynard A, Gomes T, Fleck JS, Camp JG, Tanaka EM, Treutlein B. 
Single-cell analyses of axolotl telencephalon organization, neurogen-
esis, and regeneration. Science. 2022;377: eabp9262.

	498.	 Wei X, Fu S, Li H, Liu Y, Wang S, Feng W, Yang Y, Liu X, Zeng YY, Cheng M, 
et al. Single-cell Stereo-seq reveals induced progenitor cells involved in 
axolotl brain regeneration. Science. 2022;377: eabp9444.

	499.	 Abedini A, Levinsohn J, Klötzer KA, Dumoulin B, Ma Z, Frederick J, 
Dhillon P, Balzer MS, Shrestha R, Liu H, et al. Single-cell multi-omic and 
spatial profiling of human kidneys implicates the fibrotic microenviron-
ment in kidney disease progression. Nat Genet. 2024;56:1712–24.

	500.	 Lake BB, Menon R, Winfree S, Hu Q, Melo Ferreira R, Kalhor K, Barwinska 
D, Otto EA, Ferkowicz M, Diep D, et al. An atlas of healthy and injured 
cell states and niches in the human kidney. Nature. 2023;619:585–94.

	501.	 Kuppe C, Ibrahim MM, Kranz J, Zhang X, Ziegler S, Perales-Patón J, 
Jansen J, Reimer KC, Smith JR, Dobie R, et al. Decoding myofibroblast 
origins in human kidney fibrosis. Nature. 2021;589:281–6.

	502.	 Wang G, Heijs B, Kostidis S, Mahfouz A, Rietjens RGJ, Bijkerk R, Koudijs 
A, van der Pluijm LAK, van den Berg CW, Dumas SJ, et al. Analyzing 
cell-type-specific dynamics of metabolism in kidney repair. Nat Metab. 
2022;4:1109–18.

	503.	 Polonsky M, Gerhardt LMS, Yun J, Koppitch K, Colón KL, Amrhein H, 
Wold B, Zheng S, Yuan GC, Thomson M, et al. Spatial transcriptomics 
defines injury specific microenvironments and cellular interactions in 
kidney regeneration and disease. Nat Commun. 2024;15:7010.

	504.	 Abdelkarim A. Cone-beam computed tomography in orthodontics. 
Dentistry journal. 2019;7: 89.

	505.	 Fan X, Sun AR, Young RSE, Afara IO, Hamilton BR, Ong LJY, Crawford R, 
Prasadam I. Spatial analysis of the osteoarthritis microenvironment: 
techniques, insights, and applications. Bone Res. 2024;12:7.

	506.	 Garcia-Alonso L, Handfield LF, Roberts K, Nikolakopoulou K, Fernando 
RC, Gardner L, Woodhams B, Arutyunyan A, Polanski K, Hoo R, et al. 
Mapping the temporal and spatial dynamics of the human endome-
trium in vivo and in vitro. Nat Genet. 2021;53:1698–711.

	507.	 Nasir M, Khan MA, Sharif M, Javed MY, Saba T, Ali H, Tariq J. Melanoma 
detection and classification using computerized analysis of dermo-
scopic systems: a review. Current Medical Imaging. 2020;16:794–822.

	508.	 Grajdeanu I-A, Statescu L, Vata D, Popescu IA, Porumb-Andrese E, 
Patrascu AI, Taranu T, Crisan M, Solovastru LG. Imaging techniques in the 
diagnosis and monitoring of psoriasis. Exp Ther Med. 2019;18:4974–80.

	509.	 Guimarães P, Batista A, Zieger M, Kaatz M, Koenig K. Artificial intel-
ligence in multiphoton tomography: atopic dermatitis diagnosis. Sci 
Rep. 2020;10:7968.

	510.	 Rousselle P, Montmasson M, Garnier C. Extracellular matrix contribution 
to skin wound re-epithelialization. Matrix Biol. 2019;75:12–26.

	511.	 Rengier F, Mehndiratta A, Von Tengg-Kobligk H, Zechmann CM, Unter-
hinninghofen R, Kauczor H-U, Giesel FL. 3D printing based on imaging 
data: review of medical applications. Int J Comput Assist Radiol Surg. 
2010;5:335–41.

	512.	 Megason SG, Fraser SE. Imaging in systems biology. Cell. 
2007;130:784–95.

	513.	 Meijering E. Cell segmentation: 50 years down the road [life sciences]. 
IEEE Signal Process Mag. 2012;29:140–5.

	514.	 Preibisch S, Saalfeld S, Tomancak P. Globally optimal stitching of tiled 3D 
microscopic image acquisitions. Bioinformatics. 2009;25:1463–5.

	515.	 Eliceiri KW, Berthold MR, Goldberg IG, Ibáñez L, Manjunath BS, Martone 
ME, Murphy RF, Peng H, Plant AL, Roysam B. Biological imaging software 
tools. Nat Methods. 2012;9:697–710.

	516.	 Abadi E, Segars WP, Tsui BM, Kinahan PE, Bottenus N, Frangi AF, Maid-
ment A, Lo J, Samei E. Virtual clinical trials in medical imaging: a review. 
Journal of Medical Imaging. 2020;7:042805–042805.

	517.	 Padmapriya ST, Parthasarathy S. Ethical data collection for medical 
image analysis: a structured approach. Asian Bioeth Rev. 2023;16:1–14.

	518.	 Cromey DW. Avoiding twisted pixels: ethical guidelines for the appro-
priate use and manipulation of scientific digital images. Sci Eng Ethics. 
2010;16:639–67.

	519.	 Song G, Jelly ET, Chu KK, Kendall WY, Wax A. A review of low-cost and 
portable optical coherence tomography. Progress in Biomedical Engi-
neering. 2021;3: 032002.

	520.	 Jung W, Kim J, Jeon M, Chaney EJ, Stewart CN, Boppart SA. Handheld 
optical coherence tomography scanner for primary care diagnostics. 
IEEE Trans Biomed Eng. 2010;58:741–4.

	521.	 Hell SW, Dyba M, Jakobs S. Concepts for nanoscale resolution in fluores-
cence microscopy. Curr Opin Neurobiol. 2004;14:599–609.

	522.	 Donnert G, Keller J, Medda R, Andrei MA, Rizzoli SO, Lührmann R, Jahn 
R, Eggeling C, Hell SW. Macromolecular-scale resolution in biological 
fluorescence microscopy. Proc Natl Acad Sci. 2006;103:11440–5.

	523.	 Dyba M, Hell SW. Focal spots of size λ/23 open up far-field florescence 
microscopy at 33 nm axial resolution. Phys Rev Lett. 2002;88: 163901.

	524.	 Chen F, Tillberg PW, Boyden ES. Expansion microscopy. Science. 
2015;347:543–8.

	525.	 Huang B, Babcock H, Zhuang X. Breaking the diffraction barrier: super-
resolution imaging of cells. Cell. 2010;143:1047–58.

	526.	 Schermelleh L, Ferrand A, Huser T, Eggeling C, Sauer M, Biehlmaier O, 
Drummen GP. Super-resolution microscopy demystified. Nat Cell Biol. 
2019;21:72–84.

	527.	 Walter A, Paul-Gilloteaux P, Plochberger B, Sefc L, Verkade P, Mannheim 
JG, Slezak P, Unterhuber A, Marchetti-Deschmann M, Ogris M. Cor-
related multimodal imaging in life sciences: expanding the biomedical 
horizon. Frontiers in Physics. 2020;8: 47.

	528.	 Jiang X, Ma J, Xiao G, Shao Z, Guo X. A review of multimodal 
image matching: methods and applications. Information Fusion. 
2021;73:22–71.

	529.	 Hickey SM, Ung B, Bader C, Brooks R, Lazniewska J, Johnson IR, Sorvina 
A, Logan J, Martini C, Moore CR. Fluorescence microscopy—an outline 
of hardware, biological handling, and fluorophore considerations. Cells. 
2021;11:35.

	530.	 Andreev A, Azarova EV, Delahanty J. Fluorescence microscopy: back-
bone of modern biomedical research. Amsterdam: Elsevier; 2024. p. 
51–92.

	531.	 Panayides AS, Amini A, Filipovic ND, Sharma A, Tsaftaris SA, Young A, 
Foran D, Do N, Golemati S, Kurc T, et al. AI in medical imaging informat-
ics: current challenges and future directions. IEEE J Biomed Health 
Inform. 2020;24:1837–57.

	532.	 He Y, Wang M, Chen X, Pohmann R, Polimeni JR, Scheffler K, Rosen BR, 
Kleinfeld D, Yu X. Ultra-slow single-vessel BOLD and CBV-based fMRI 
spatiotemporal dynamics and their correlation with neuronal intracel-
lular calcium signals. Neuron. 2018;97(925–939): e925.

	533.	 Kalli VDR. Creating an AI-powered platform for neurosurgery alongside 
a usability examination: progressing towards minimally invasive robot-
ics. Journal of Artificial Intelligence General Science (JAIGS). 2024;3:363–
75 ISSN: 3006–4023.

	534.	 Ng WL, Chan A, Ong YS, Chua CK. Deep learning for fabrication and 
maturation of 3D bioprinted tissues and organs. Virtual and Physical 
Prototyping. 2020;15:340–58.

	535.	 Singh SP, Wang L, Gupta S, Goli H, Padmanabhan P, Gulyás B. 3D deep 
learning on medical images: a review. Sensors. 2020;20: 5097.

	536.	 Donoho DL. Compressed sensing. IEEE Trans Inf Theory. 
2006;52:1289–306.

	537.	 Hu B, He R, Pang K, Wang G, Wang N, Zhu W, Sui X, Teng H, Liu T, Zhu J, 
Jiang Z, Zhang J, Zuo Z, Wang W, Ji P, Zhao F. High-resolution spatially 
resolved proteomics of complex tissues based on microfluidics and 
transfer learning. Cell. 2025;S0092–8674(24):01436-3.

	538.	 Fu Q, Zhu R, Song J, Yang H, Chen X. Photoacoustic imaging: contrast 
agents and their biomedical applications. Adv Mater. 2019;31: 1805875.

	539.	 Wahsner J, Gale EM, Rodríguez-Rodríguez A, Caravan P. Chemistry of 
MRI contrast agents: current challenges and new frontiers. Chem Rev. 
2018;119:957–1057.

	540.	 Hu H. Recent advances of bioresponsive nano-sized contrast agents for 
ultra-high-field magnetic resonance imaging. Front Chem. 2020;8: 203.

	541.	 Jin X, Simmons SK, Guo A, Shetty AS, Ko M, Nguyen L, Jokhi V, Rob-
inson E, Oyler P, Curry N, et al. In vivo Perturb-Seq reveals neuronal 
and glial abnormalities associated with autism risk genes. Science. 
2020;370:eaaz6063.

	542.	 Jaitin DA, Weiner A, Yofe I, Lara-Astiaso D, Keren-Shaul H, David E, 
Salame TM, Tanay A, van Oudenaarden A, Amit I. Dissecting immune 
circuits by linking CRISPR-pooled screens with single-cell RNA-Seq. Cell. 
2016;167:1883–1896.e1815.

	543.	 Datlinger P, Rendeiro AF, Schmidl C, Krausgruber T, Traxler P, Klugham-
mer J, Schuster LC, Kuchler A, Alpar D, Bock C. Pooled CRISPR screening 
with single-cell transcriptome readout. Nat Methods. 2017;14:297–301.



Page 50 of 50Xu et al. Molecular Cancer           (2025) 24:63 

	544.	 McKenna A, Findlay GM, Gagnon JA, Horwitz MS, Schier AF, Shendure 
J: Whole-organism lineage tracing by combinatorial and cumulative 
genome editing. Science 2016, 353:aaf7907.

	545.	 Raj B, Wagner DE, McKenna A, Pandey S, Klein AM, Shendure J, Gagnon 
JA, Schier AF. Simultaneous single-cell profiling of lineages and cell 
types in the vertebrate brain. Nat Biotechnol. 2018;36:442–50.

	546.	 Spanjaard B, Hu B, Mitic N, Olivares-Chauvet P, Janjuha S, Ninov N, Jun-
ker JP. Simultaneous lineage tracing and cell-type identification using 
CRISPR-Cas9-induced genetic scars. Nat Biotechnol. 2018;36:469–73.

	547.	 So RWL, Chung SW, Lau HHC, Watts JJ, Gaudette E, Al-Azzawi ZAM, 
Bishay J, Lin LT, Joung J, Wang X, Schmitt-Ulms G. Application of CRISPR 
genetic screens to investigate neurological diseases. Mol Neurode-
gener. 2019;14:41.

	548.	 He Z, Maynard A, Jain A, Gerber T, Petri R, Lin HC, Santel M, Ly K, Dupré 
JS, Sidow L, et al. Lineage recording in human cerebral organoids. Nat 
Methods. 2022;19:90–9.

	549.	 He L, Li Z, Su D, Du H, Zhang K, Zhang W, Wang S, Xie F, Qiu Y, Ma S, et al. 
Tumor microenvironment-responsive nanocapsule delivery CRISPR/
Cas9 to reprogram the immunosuppressive microenvironment in 
hepatoma carcinoma. Adv Sci (Weinh). 2024;11:e2403858.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


	From morphology to single-cell molecules: high-resolution 3D histology in biomedicine
	Abstract 
	Introduction
	Overview of 3D histology
	Sample preparation
	Imaging methods
	Experimental imaging methods
	Clinical imaging methods

	Spatial omics
	Spatial transcriptomics
	Spatial epigenomics
	Spatial genomics
	Spatial proteomics
	Spatial metabolomics

	Computational methods
	Analysis software
	Data acquisition and preprocessing
	Tissue segmentation and structural analysis
	Spatial Mapping and Visualization
	3D Reconstruction, integration, and data interpretation
	Visualization platforms

	3D tissue reconstruction
	Cellular recounstruction
	Computational reconstruction


	The clinical implication and research progress of single-cell 3D histology
	Oncology
	Cardiology
	Neuroscience
	Immunology
	Developmental biology
	Regenerative medicine
	Other applications and progress

	Challenges and perspectives
	Challenges in 3D tissue imaging
	Cost and accessibility
	Significant robustness in technologies
	Lack of best practices for experimental design and data analysis
	Standardization

	Future directions
	Improved equipment and imaging techniques
	Integration of multimodal imaging techniques
	Artificial intelligence and machine learning
	Innovative contrast agents
	Impact on personalized medicine


	Acknowledgements
	References


