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ABSTRACT

The immune system operates within organized tissue landscapes, where spatial relationships between cells shape the nature and
outcome of immune responses. Over the past decade, protein imaging-based spatial technologies have transformed how immune
responses are studied within their native tissue context, enabling simultaneous high-plex detection of proteins and transcripts
at single-cell resolution. Driven by advances in computational methods such as tissue image cytometry, these approaches now
allow quantitative extraction of spatial metrics such as cellular neighborhoods, cell-cell distances, coexpression patterns, and
tissue architecture that are emerging as next-generation spatial biomarkers of immune function and disease diagnosis and/or
prognosis. This review provides a consolidated overview of immunology through the lens of imaging-based spatial proteomics
and tissue image cytometry, discussing the multiplex imaging platforms, staining strategies, and computational tools that enabled
this shift. We survey applications spanning tumor immunology, autoimmune and infectious diseases, immunometabolism,
neuroimmunology, and transplant immunology, revealing that immune organization is not random but spatially determined and
directly linked to disease outcome. We further evaluate the strengths and limitations of current approaches and explore future
directions including 3D imaging, artificial intelligence-driven spatial analysis, and the clinical translation of spatial biomarkers.

1 | Introduction

The single-cell technology revolution has transformed our under-
standing of biology by enabling the dissection of cellular iden-
tity at multiple molecular layers (genomics, transcriptomics,
proteomics, and beyond). These technologies have uncovered
molecular mechanisms that govern health and disease, allowing
us to define what constitutes a cell and how cellular states change
across conditions [1]. Yet a critical dimension remained missing:

spatial context. Cells do not exist in isolation; they are embedded
within tissues, where their function is shaped by interactions with
the surrounding microenvironment. This recognition gave rise to
spatial biology: the study of biomolecules and cells within their
native tissue context [2, 3].

Over the past decade, spatial approaches have rapidly evolved
into a rich ecosystem of modalities, initially led by spatial
transcriptomics, and increasingly extending into full omics inte-
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FIGURE 1 | Spatial omics publications from 2015 to 2025. (PubMed
database search: October 25, 2025; search queries: [“spatial tran-
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multiomics” OR “spatial multiomics,” “spatial proteomics,
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metabolomics,” “spatial genomics,” “spatial lipidomics”]).

gration (Figure 1). These modalities are enabled by three broad
classes of detection technologies: imaging-based, sequencing-
based, and mass spectrometry (MS)-based methods. Among
spatial biology modalities, imaging-based spatial transcriptomics
and spatial proteomics, particularly antibody-based spatial pro-
teomics, have gained considerable traction, as these technologies
build upon established diagnostic histopathology practices like
in situ hybridization, immunohistochemistry (IHC) and light
microscopy [4, 5]. By enabling simultaneous in situ detection
of multiple targets—referred to as multiplex or high-plex—
spatial methods quantify not only cellular composition but
also functional spatial biomarkers such as cell-cell distances,
coexpression, cellular interactions, neighborhood organization,
and tissue architecture [6]. As these technologies mature and
become increasingly integrated into both research and clinical
workflows, spatial biology now stands as one of the most dynamic
frontiers in biomedical science.

Within this landscape, just as flow cytometry transformed cell
suspension data into quantitative biological insight, spatial biol-
ogy demands an equivalent analytical counterpart for tissue, and
tissue image cytometry has emerged as that discipline, translating
multiplex imaging data into interpretable, spatially resolved,
and biologically meaningful information [7-11]. Of all domains
where this framework finds application, spatial immunology has
gained the most significant traction, driven largely by the growing
interest in the tumor immune microenvironment (TIME) [12-
14]. The TIME is highly heterogeneous, and while single-cell
approaches have uncovered novel mechanisms in which the
TIME shapes cancer aggressiveness, metastasis, and therapeutic
response, spatial analysis now provides the means to visualize
and quantify these interactions directly within tissue architecture

[6, 15, 16]. Importantly, the spatial frameworks shaped from
studies in tumor immunology extend beyond oncology, offering
a blueprint for studying the immune responses in a wide array of
pathological contexts [13, 14].

As the field continues to mature, the challenge is shifting from
generating spatial data to interpreting and translating it into
biological and clinical knowledge. Central to this is the growing
convergence between imaging-based spatial biology and digital
pathology, as tissue cytometry becomes increasingly routine in
clinical settings. Despite the rapid progress, no comprehensive
review has yet integrated the full analytical cycle with spatial
immunology as a unifying thread [17-19].

This review navigates the core components of imaging-based
spatial biology and tissue image cytometry, with immunology
as its central axis. We begin by examining the technological
landscape and how it defines what can be measured and at
what scale. We also address computational frameworks for tissue
image cytometry and survey the biological applications of these
methods across different disease contexts, highlighting how
spatial frameworks are revealing shared organizational principles
of immune responses across tissues and conditions. Finally, we
discuss the current technical and analytical hurdles limiting the
field, alongside emerging frontiers that will shape the next phase
of this spatial odyssey.

2 | Cutting-Edge Technologies for Spatial Immune
Profiling

Spatial immune profiling relies on a spectrum of technological
innovations, from how targets are labeled in situ and visualized
to how this information is extracted, quantified, and interpreted.

2.1 | Probing the Spatial Landscape: Labeling,
Detection, and Imaging

Tissue staining techniques are the basis of tissue image cytometry
and spatial biology as they define how proteins or transcripts are
labeled and subsequently imaged. Recent methodologies are built
upon routinely used chromogenic IHC and RNA hybridization
techniques (Figure 2). Table 1 summarizes the major staining
techniques used in spatial biology, including their underlying
principles.

Improvements in staining methods, such as tyramide signal
amplification (TSA) [30, 31], cyclic immunofluorescence [32],
or multiplexed error-robust fluorescence in situ hybridization
[28], have significantly increased multiplexing capabilities. These
advances now enable the detection of dozens of proteins or
transcripts within the same tissue section.

Pioneering work by Steiner et al. [9] introduced a methodology
integrating multiplex immunofluorescence staining, automated
scanning, and advanced image cytometry to quantify tissue-
resident leukocytes in human renal carcinoma tissues. This early
approach demonstrated that complex immunophenotyping can
be conducted directly on tissue sections.
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FIGURE 2 | From tissue sections to spatial immune insights: (A) tissue samples are mounted on slides, (B) stained using antibody-based methods for
protein detection or RNA hybridization for transcript detection, and (C) scanned using advanced microscopy. In many commercial platforms, staining
and scanning can be automated within a closed system. (D) The resulting images are preprocessed and analyzed with open-source or commercial
software. (E) Given the high dimensionality of the data, analysis typically begins with dimensionality reduction and clustering, followed by spatial
analysis to assess cell neighborhoods, cell-cell interactions, and tissue organization, enabling improved visualization and interpretation of immune

responses in situ (created with BioRender.com).

Since then, tissue staining and image cytometry techniques have
been widely applied to explore the pathobiology of numerous
diseases [33-36]. These methods have evolved into a broad
ecosystem of commercial platforms designed for multiplexed
spatial profiling, ranging from multispectral imaging systems to
fully integrated platforms that combine automated multiplexed
staining with imaging in a single workflow (see Table 2).
In the latter, tissue staining is commonly performed using
microfluidic-based cyclic labeling systems. Imaging relies on
fluorescence microscopy, using fluorochrome-conjugated anti-
bodies or oligonucleotides. However, the conventional approach
is constrained by spectral overlap, which limits how many
markers can be visualized per staining round. To overcome

these limitations, platforms such as the PhenoIlmager HT (Akoya
Biosciences) employ multispectral imaging. This microscopy
modality allows more fluorochromes to be used simultaneously,
increasing the multiplexing capacity. In practice, this is achieved
through technical advances in multispectral scanners such as
the incorporation of liquid crystal tunable filter (LCTF) technol-
ogy like in TissueFAXS spectra (TissueGnostics) multispectral
scanner, along with spectral unmixing algorithms (see Figure 3)
[37-39].

Going beyond fluorescence, imaging mass cytometry (IMC)
employs metal-conjugated antibodies detected via time-of-flight
MS, eliminating spectral overlap. The image is reconstructed pixel
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FIGURE 3 | Principle of multispectral imaging for high-plex tissue analysis. Tissue sections are stained with fluorochrome conjugates to detect the
target structures of interest. When multiple fluorophores are used simultaneously, their emission spectra often overlap, making it difficult to specifically
detect each signal. Detector crosstalk, however, will create false-positive events in spectrally adjacent channels. LCTF in multispectral scanners allow
the acquisition of images across narrow wavelength bands, generating what is known as a A-stack (lambda stack). This process captures the full emission
profile of all fluorochromes across the spectrum in all pixels. Computational spectral unmixing compares the emission profile from a sample to reference
spectra and then separates these overlapping spectra by a technology referred to as “linear unmixing” into distinct channels, generating clean, marker-
specific images (created with BioRender.com).

by pixel based on metal abundance, maintaining both resolution and technology-specific preprocessing tasks, including image
and multiplexing power [54]. registration, stitching, and alignment. While such functions are
necessary for the initial handling of spatial imaging data, they do
not typically support the breadth of analyses required for deeper
characterization. Researchers therefore frequently rely on third-
party software tools or bespoke pipelines, often implemented in
R or Python, to enable more advanced analytical workflows (see
Table 3).

2.2 | From Images to Insights: Tissue Image
Cytometry for Spatial Analysis

Most spatial biology platforms provide built-in image processing
capabilities, but these are largely limited to basic visualization
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Open-source software and tools benefit from large and active user
communities, online documentation, and forums that facilitate
troubleshooting and the sharing of novel workflows. They favor
flexibility and the creation of highly customized pipelines tailored
to specific biological questions as most researchers combine
multiple software within a single project [49, 99-101]. However,
the same reliance on community-driven development means that
quality control is largely based on “in the field” testing by users,
with issues and bugs identified during scientific work rather
than through formal validation. Further, while their modularity
enhances innovation and adaptation, at the same time it intro-
duces variability and technical barriers, limiting reproducibility
and comparability, which is particularly important when looking
toward clinical adoption [102].

Popular open-source software tools include ImageJ [103], QuPath
[85], or CellProfiler [104]. Open-source tools are widely adopted
within the academic community due to their accessibility and
flexibility for creating customized analysis pipelines [49]. On
the other hand, commercial software solutions offer robustness
and regulatory compliance, but at the expense of flexibility and
cost. While image file formats across platforms are not yet fully
standardized, limiting data exchange between tools, there is
a growing trend toward open and interoperable formats. For
imaging-based spatial proteomics, OME-TIFF has emerged as
a community standard, while for imaging-based spatial tran-
scriptomics, frameworks such as SpatialData aim to unify image
and molecular data into a single interoperable structure [92,
105]. Table 3 summarizes popular software and tools for tissue
cytometry in the spatial analysis field. A key strength of tissue
cytometry software lies in its ability to extract a broad range
of cellular features, from marker expression and morphology to
spatial relationships between cells.

The development of spatial metrics has been particularly trans-
formative, enabling quantitative assessment of tissue architecture
and immune organization, which can be used as predictive spatial
biomarkers [6]. A notable example is the TIME Spatial score,
which uses the spatial distribution of five biomarkers to predict
cancer recurrence risk within 5 years of surgery in hepatocellular
carcinoma patients [106].

As multiplexing grows and images contain hundreds (as in
spatial proteomics) to thousands (as in spatial transcriptomics)
of markers per sample, each individual cell becomes a data point
with high-dimensional biological features [107]. Such depth is
invaluable for research, allowing discovery of novel immune
subsets, functional states, and spatial interactions that other-
wise remain hidden. However, it also necessitates specialized
analysis frameworks to decipher the statistical complexity of
such high-dimensional data, mostly implemented in Python or
R like the scverse ecosystem—an integrated toolset for single-
cell and spatial omics analysis [51, 92, 90, 108]. These frameworks
support more powerful statistical methods like spatial statistics
or dimensionality reduction (e.g., PCA, t-SNE, UMAP, or SONG),
which compress high-dimensional features into 2D or 3D spaces
where we can easily visualize patterns and clusters that would
otherwise be hidden [109, 110].

Equally important is the ability to directly visualize analytical
results on tissue images, allowing researchers to cross-validate

computational outputs with the actual histological context. This
advantage is particularly evident in platforms that offer intuitive
graphical user interfaces, which facilitate both exploration and
quality control of spatial data.

Advances in artificial intelligence (AI), particularly in deep
learning (DL), are increasingly integrated into tissue cytometry
and histopathology [111]. These tools automate tasks such as
immune cell identification [112], biomarker scoring (e.g., PD-L1)
[113], and even tertiary lymphoid structures (TLS) identification
[114], in routine histological stains like hematoxylin and eosin
(H&E) or chromogenic THC.

More recently, Al-based approaches have been employed to
extract features from raw images or high-dimensional datasets
generated by spatial platforms, taking advantage of the vast
number of features available, to better predict cell phenotypes
[115], perform region classification [116], and even support clinical
diagnostics [117].

Some platforms have begun integrating Al-driven modules
directly. For instance, open-source software like QuPath, or com-
mercial like StrataQuest offer iterative training and prediction
models. However, Al-based advanced tools are mainly available
in the form of code repositories, like CellLens, a DL-based
pipeline that uniquely combines single-cell expression profiles,
spatial coordinates, and image features to classify immune popu-
lations [118]. However, the growing complexity of Al-driven and
multimodal analyses also highlights the need for robust standards
in data handling and image analysis. Without interoperable and
reproducible frameworks, the integration of imaging data with
other molecular modalities remains technically challenging.

Community-driven efforts for standardization in image analyses
like the Quality Assessment and Reproducibility for Instruments
& Images in Light Microscopy initiative [119], the FAIR Data
Principles spearheaded by the Global Biolmaging consortium
[120], or the Spatio-Temporal OMICS Consortium play a crucial
role in developing a data ecosystem that allows imaging data to be
interlinked with other modalities and facilitate a comprehensive
understanding of biological processes as cellular basis of diverse
medical conditions in immunology and beyond.

3 | Immunity in Context: Spatial Applications to
Understand Pathogenesis

Across diverse pathological contexts, including cancer, tubercu-
losis (TB), and rheumatoid arthritis (RA), a unifying principle
has become increasingly evident: immune responses are spatially
structured rather than diffusely distributed. Features such as
granulomas, perivascular niches, immune exclusion zones, and
TLSs are not incidental histological correlates, but organized
tissue architectures that both reflect and regulate local immune
activity. Accordingly, cellular function cannot be inferred solely
from phenotype, as it is also conditioned by spatial localization
within the tissue context. Macrophages residing in the granuloma
core, for instance, may express markers similar to those at the
periphery, yet be subject to distinct cellular interactions, signaling
gradients, and metabolic constraints that confer nonequivalent
functional roles. Spatially resolved approaches make these rela-
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tionships measurable, enabling the identification of conserved
spatial patterns that contribute to disease pathogenesis across
tissues and clinical contexts.

3.1 | Tumor Immunology

Studying the TIME has become one of the most prominent
applications of spatial biology over the past decade [16]. In the
era of immunotherapies, where treatment success depends on
the dynamic interplay between tumor and immune cells, spatial
biology provides a powerful framework to visualize, quantify, and
interpret these relationships, revealing spatial patterns predictive
of treatment response that may outperform current biomarkers
[121-123].

It is increasingly evident that tumor infiltrating lymphocytes
and other cell types are organized into structured spatial
neighborhoods. Dissecting the composition and status of these
cellular communities could help in developing more targeted
immunotherapy strategies. Liu et al. [124] identified fibroblast-
centered niches conserved across 10 cancer types. These niches
arose from the interactions between cancer-associated fibrob-
lasts and neighboring tumor, stromal, and immune cells, with
distinct spatial arrangements correlating with different patient
prognoses. Garcia-Vicien et al. [125] used multiplexed imaging
to uncover a highly immunosuppressive microenvironment in
nonencapsulated colorectal cancer liver metastases compared
with encapsulated ones, underscoring not only the diagnostic
relevance of histological architectures but also the importance
of assessing the immune context to better understand therapy
responses.

Among the key drivers of antitumor immunity are CD8+ T cells.
Many immunotherapies aim to increase cytotoxic CD8+ T cell
infiltration and spatial biology helps reveal whether these cells
are not only present but also properly positioned [126-128]. For
example, spatial analysis of CD8+ T cell distribution in breast
cancer has shown that distance-based metrics such as proximity
and consistency, which capture how close and how uniformly
CD8+ T cells are positioned relative to tumor cells, are more
prognostically relevant than quantity alone [12, 129]. A similar
principle is applied to other cancers. For example, the proximity
of CD8+ tissue-resident memory T cell subsets to tumor cells
is dynamically altered during tumor progression in lung cancer,
with reduced interactions between specific CD8+ subsets and
tumor cells reflecting immune evasion [130].

Spatial approaches are also used to monitor immune remodeling
following therapy [131]. For instance, it has been observed that
therapeutic vaccination in prostate cancer resulted in distinct T
cell infiltration patterns in different tumor compartments [132].

Collectively, tumor immunology has laid the conceptual foun-
dation for spatial biology, demonstrating how immune cells
organize into functional architectures and how these patterns
correlate with outcomes [15]. T cell exclusion from tumor cores,
fibroblast-centered niches shaping immune access, and the prog-
nostic weight of the tumor-stroma boundary are not unique
to cancer. Analogous structures appear across inflammatory,

infectious, and degenerative contexts, suggesting that the spatial
logic of immune organization may be a fundamental principle of
tissue biology rather than a cancer-specific phenomenon.

3.2 | Autoimmune and Allergic Diseases
Autoimmune and allergic conditions arise when the immune
system reacts to self-antigens or harmless environmental stimuli.
These disorders often involve complex immune-stromal interac-
tions, but their precise etiology remains unclear in many cases.
Here we highlight some examples where spatial proteomics has
provided novel insights into the microenvironment organization
underlying these conditions.

3.2.1 | Rheumatoid Arthritis

RA is a chronic autoimmune disease characterized by the produc-
tion of autoantibodies to citrullinated proteins and inflammation
in the synovial tissue. Single-cell studies have greatly enhanced
our understanding of synovial cellular heterogeneity, but most of
this research relied on dissociated tissue, losing spatial context
[133-137].

A spatial study using IMC by De Lima et al. [24] identified
a macrophage subset (LYVE1+) localized around blood ves-
sels that reappears in remission after treatment, suggesting an
immunomodulatory role maintaining tissue homeostasis. In par-
allel, another study by Richard et al. [138] identified perivascular
collagen VI as a key structural and functional niche that regulates
immune responses in arthritis. Together, these findings highlight
the perivascular niche as a regulatory hub in RA pathogenesis.
Notably, the perivascular niche is not unique to autoimmunity, as
in cancer it has similarly been identified as a hub where immune
evasion and metastatic behavior are regulated [139, 140].

3.2.2 | Allergic Disease

Allergic diseases also feature chronic inflammation, often driven
by dysregulated immune-epithelial and immune-stromal inter-
actions. Conditions like asthma or atopic dermatitis are shaped by
inflammatory niches within the skin, airways, and mucosa [141,
142].

Spatial approaches highlight how allergic inflammation is sus-
tained by organized immune niches. For instance, in a mouse
model of house dust mite-induced asthma, He et al. [143]
combined multiple spatial technologies, including multiplexed
RNAScope, multiplex immunofluorescence, and spatial tran-
scriptomics, and observed that IL-2-rich niches in mediastinal
lymph nodes (those draining the thoracic cavity and adjacent to
the lungs) drive differentiation of migratory CD4+ T cells which
then home to the lungs and sustain allergic response. Crucially,
emerging evidence suggests that this spatially organized priming
does not end in the lymph node, as the formation of pulmonary
TLSs in the allergic lung could serve as progenitor niches
where allergen-specific T cell populations are maintained and
replenished, sustaining chronic inflammation [144].
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3.3 | Infectious Diseases

Mapping host-pathogen interactions in situ provides a deeper
understanding of how immune responses evolve within infected
tissues and how these responses influence disease progression.

3.3.1 | Tuberculosis

TB remains the leading cause of death from a single infectious
agent. In TB, immune cells aggregate into granulomas in the lung,
but the functional heterogeneity and evolution of these structures
are still poorly understood [145].

Multiplex imaging has revealed substantial immune diversity
within granulomas and across patients [146, 147]. Sawyer et al.
[148] introduced the “total cell central preference index” (tCPI), a
spatial metric that quantifies whether immune cells are concen-
trated toward the center or the periphery of granulomas. When
combined with immune cell composition data, this allowed strat-
ification of granulomas into distinct recurrent spatial patterns,
observed across most TB patients. Whether tCPI can predict
disease outcome or treatment response in TB remains an open
question to be investigated.

3.3.2 | COVID-19

During the COVID-19 pandemic, accelerated adoption of spatial
technologies enabled rapid insights into disease pathology. Early
studies focused on establishing what was happening in the
infected lung. Desai et al. [149] were among the earliest to apply
spatial transcriptomics to autopsy lung samples and revealed het-
erogeneous immune responses, with IFN-driven gene expression
localized to areas of active viral infection, which have been shown
to be nonuniformly distributed in the lungs [150]. Rendeiro
et al. [151] generated one of the first spatial lung atlases using
a 36-marker IMC panel, showing disrupted tissue architecture
and widespread immune infiltration. Balachander et al. [152]
used TSA-based multiplex IF to map proinflammatory cytokine
expression directly to pulmonary macrophages and alveolar
epithelial cells, linking cellular identity to spatial position within
the inflamed tissue. Most strikingly, Ng et al. [153] compared
gut and lung immune microenvironments in the same patients,
revealing that while lymphoid architecture was preserved in the
gut, it was disrupted in the lung, suggesting that the failure to
maintain organized immune structures may be a key feature of
severe pulmonary disease rather than a consequence of it.

333 | HIV

In HIV, the virus persists in tissue reservoirs such as the lymph
nodes, gut, or brain. Understanding these niches has become
a major focus [13, 154]. Papadopoulos et al. [155] combined
multispectral imaging and GeoMx DSP (a sequencing-based
spatial omics platform) to show that HIV persistence in B-cell
follicles is maintained by a local immunoregulatory environment,
where follicular helper T cells suppress CD8+ cytolytic activity,
allowing viral reservoirs to persist. This spatial logic, a structured
tissue compartment that restricts cytotoxic access, echoes what
has been described in tumor immunology, where CD8+ T cell

exclusion from tumor cores is a defining feature of immune
evasion in some types of cancer [156, 157].

While TB, COVID-19, and HIV are the most studied infectious
diseases using spatial approaches, particularly spatial transcrip-
tomics, recent efforts are expanding into spatial multiomics and
into studying other pathogen-related diseases [158-162].

3.4 | Immunometabolism

The field of immunometabolism explores the dynamic
relationship between immune responses and metabolic
processes, ranging from systemic inflammation in metabolic
disorders to cell-intrinsic metabolic reprogramming of immune
cells during disease. Immune function is shaped not only by
which cells are present but by where they are and how they are
organized, and in immunometabolism, a parallel dimension
emerges: the metabolic state of immune cells itself is spatially
determined [163].

3.4.1 | Obesity and Adipose Tissue Inflammation
Obesity is a common comorbidity across many diseases and
significantly impacts immune-metabolic dysregulation [164].
Research has focused on identifying which immune cells accu-
mulate in adipose tissue and how their metabolic states influence
their function.

A hallmark of inflamed adipose tissue is the formation of crown-
like structures (CLS). CLS, much like granulomas in infectious
disease, represent spatially organized immune responses built
around a local danger signal. These histological structures are
clusters of macrophages that surround dead or dying adipocytes,
which in mouse models have been suggested to be of a size that
prevents normal clearance, triggering a locally confined proin-
flammatory response [165]. Within these structures, spatially
resolved analysis has revealed distinct macrophage subpopula-
tions with divergent metabolic profiles whose interaction with
local fibroblasts seems to determine whether the tissue resolves
inflammation or progresses toward fibrosis, a major complication
in obesity [166, 167].

3.4.2 | Cancer and Metabolic Niches

The tumor microenvironment is not only immunologically
diverse but also metabolically heterogeneous [168, 169]. In high-
grade serous ovarian cancer, Berrell et al. [170] used a high-
plex imaging panel including metabolic markers such as iNOS,
GLUT1, IDO1, G6PD, and citrate synthase, among others, to
characterize distinct metabolic niches. Their findings linked low
metabolic activity with higher Treg proximity and worse survival,
suggesting that tumor metabolism shapes immune infiltration
patterns.

While spatial transcriptomics and proteomics technologies offer
insights into metabolic regulation, the number of spatial stud-
ies in this field remains limited. This may partly reflect the
fact that many metabolism-focused researchers turn to spatial
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metabolomics, which enables a direct mapping of metabolite
distribution. However, spatial metabolomics still trails behind
spatial transcriptomics and proteomics. New integrative studies
have begun to bridge this gap, introducing strategies that combine
IMC and MS imaging data to simultaneously capture cellular
phenotypes and metabolic function within the same spatial
context [171].

3.5 | Neuroimmunology

Microglia are the tissue-resident immune cells of the brain and
play central roles in both neuroprotection and neuroinflamma-
tion. They are deeply implicated in neurodegenerative diseases
like multiple sclerosis, Parkinson’s disease, and Alzheimer’s
disease [14, 172].

Ramaglia et al. [173] were one of the earliest to demonstrate
the potential of high-plex imaging in the brain, showing that
IMC could discriminate between resident microglia and recruited
immune cell populations within multiple sclerosis lesions, map
their spatial relationships to lesion type and activity, and bring
quantitative spatial analysis to the study of brain lesion architec-
ture.

In the context of Alzheimer’s disease, a spatial proteomics
study has shown that microglia span a continuum of immune
activation states shaped by local tissue environments, rather than
discrete “resting” or “activated” states. This spatially resolved
view highlights how microglial phenotypes are dynamically
regulated by their microenvironment and become skewed toward
a dysfunctional phenotype in diseased regions [174]. Previous
spatial studies have further shown that chronic proximity to
pathological deposits, such as amyloid S-plaques, progressively
drives microglia toward dysfunctional states [175-177]. Such
spatially resolved insights could inform therapeutic strategies in
Alzheimer’s disease to go beyond amyloid clearance and address
the functional state of microglia within their local tissue niches.

As the immune activity in the central nervous system is increas-
ingly recognized as region-specific, spatial biology provides a
critical framework to map stromal, glial, and immune cell
interactions [174, 178].

3.6 | Regenerative Immunology

Beyond its role in defense, the immune system is increasingly rec-
ognized as a central orchestrator of tissue repair and regeneration.
The field of regenerative immunology seeks to understand how
immune cells coordinate pathogen clearance, debris removal, and
the establishment of a prohealing microenvironment following
injury [179]. In acute myocardial infarction, Wiinnemann et al.
[37] observed monocyte recruitment concentrated in a defined
endocardial hub driven by locally upregulated molecular signals.
Disrupting this spatially confined recruitment worsened cardiac
function, demonstrating that the organization of the immune
response in space could determine healing outcome. A parallel
principle emerges in periodontal disease. Theofilou et al. [180]
showed that in healthy gingiva, neutrophils are spatially con-
fined, maintaining homeostasis, in contrast to other contexts

where neutrophil infiltration suggests inflammation. This spatial
confinement may be key to facilitate effective bacterial clearance
and avoid disease progression [181, 182].

The application of high-dimensional spatial proteomics in regen-
erative settings remains limited, highlighting an important
opportunity to further define how immune cell positioning and
interactions within tissue niches govern successful tissue repair.

3.7 | Transplant Immunology

Allogeneic transplantation triggers immune recognition of donor
tissue, particularly due to differences in major histocompatibility
complex (MHC) molecules. The recipient’s T cells recognize
these MHC molecules as foreign, activating a cascade that can
result in graft rejection [183]. Because rejection unfolds within
the anatomical context of the graft, spatial profiling of the
donor-recipient interface yields deeper insights into transplant
immunopathology [184-186].

In liver transplantation, Zhou et al. [187] integrated single-
cell, spatial transcriptomics and multiplex immunofluorescence
across multiple stages and observed that transplant-associated T
cells driving rejection are not diffusely distributed but concen-
trated in defined tissue niches. Similarly, in a study of kidney
allograft biopsies, Alexander et al. [188] showcased an application
of IMC, Al-based classifiers and spatial metrics to distinguish
between different types of rejection based on the spatial arrange-
ment of immune cells within glomeruli and tubules. Integrating
molecular spatial data into established systems such as the Banff
classification, the traditional diagnostic framework in kidney
transplantation, could help uncover mechanisms underlying
rejection, improve diagnostic accuracy, enhance allograft moni-
toring, inform intervention strategies, and ultimately move the
field closer to achieving long-term immune tolerance [189].

4 | Roadblocks and New Routes in Spatial
Immunity

The rapid advancement of spatial biology applied to immunity
is accompanied by a set of unresolved challenges at the research
level that could also hinder clinical adoption, as well as emerging
opportunities that promise to redefine our understanding of in
situ immunology. Here we address the key technical and ana-
lytical hurdles currently limiting the field and explore emerging
frontiers that are beginning to reshape spatial immunity.

4.1 | Technical and Analytical Hurdles
4.1.1 | Sample Preparation, Staining, and Antibody
Validation

Despite the availability of standardized protocols from com-
mercial platforms, in practice assay development often requires
substantial optimization. A significant bottleneck is the limited
repertoire of well-validated antibodies, which restricts panel
design in antibody-based platforms. Moreover, the availabil-
ity of probes (antibodies/oligonucleotides) may vary over time
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depending on batch performance or commercial supply changes,
potentially requiring panel redesign and revalidation [190]. While
custom panels can be developed, they often vary across labo-
ratories, complicating reproducibility. Efforts from researchers
to publish detailed, open-access staining protocols are there-
fore invaluable in promoting transparency, reproducibility, and
community standards [62, 191-195].

4.1.2 | Throughput and Multiplexing Trade-Offs
Imaging-based spatial proteomics technologies offer single-cell
resolution but are limited in the number of measurable markers
compared with sequencing-based spatial transcriptomics. This
constraint largely stems from their reliance on antibody-based
detection, which introduces challenges such as fluorescence spec-
tral overlap and progressive loss of tissue and antigen integrity
caused by the iterative staining and detection cycles required.
As platforms evolve, improvements in staining chemistries and
signal detection are expected to enhance multiplexing. For
instance, Chang et al. [196] recently introduced PRISM (profiling
of RNA in situ through single-round imaging), a method that
expands multiplexing capacity for spatial RNA imaging not by
adding more fluorescent channels or iterative staining cycles,
but by exploiting fluorescence intensity gradations within only
four channels. Each transcript is assigned a unique combination
of intensity levels across channels, read out in a single imaging
round using conventional microscopes, enabling up to 64-plex
spatial RNA detection.

4.1.3 | Data Preprocessing, Cell Segmentation, and Cell
Annotation

Spatial datasets provide an extraordinary depth of information,
but this comes at the cost of increased noise and potential
technical biases. Therefore, robust data preprocessing steps are
essential, as inadequate preprocessing can propagate errors and
significantly impact downstream analysis such as cell type
annotation [197, 198]. While several strategies are being devel-
oped, preprocessing pipelines for spatial datasets remain largely
nonstandardized [199-202].

Inaccurate cell segmentation, particularly in densely packed
regions or irregularly shaped cells, can also significantly bias
downstream analysis [203]. The gold standard in cell seg-
mentation is based on the creation of expanded cell masks
combined with manual marker gating, which is labor-intensive
and error-prone [198, 201]. Emerging DL methods have substan-
tially improved nuclei and cellular segmentation accuracy and
automation [204]. Additionally, ML and DL approaches for cell
phenotyping are also being developed to overcome the limitations
of traditional strategies, though no universal standard tool has yet
been widely adopted [115, 205, 206].

4.1.4 | Computational Demands

Spatial datasets are exceptionally large; they can exceed 100 GB
per sample. Open-science initiatives encourage data deposition
in public repositories, following guidelines for appropriate publi-

cation [105, 119]. However, this raises questions about long-term
storage capacity and accessibility as spatial studies scale globally.

Spatial data analysis is still in its early stages, with laboratories
often using different pipelines or developing their own tools.
Thus, researchers are increasingly encouraged to share them
through open repositories. However, the absence of clear stan-
dards for documentation, implementation detail, and usability
often limits both reproducibility and adoption.

Further, as analytical frameworks grow in complexity, high
performance computing infrastructure is essential particularly
for those pipelines that integrate DL-based methods [204].
Researchers in resource-limited settings may face barriers to
accessing such computational capacity.

4.1.5 | Multimodal and Multiomic Data Integration

To capture a holistic view of tissue biology, researchers are
increasingly combining multimodal and multiomics data [19,
204, 207]. Some commercial platforms are already capable of
combining proteomic and transcriptomic data in a single assay,
facilitating data integration and analysis. Integration is more
straightforward when modalities share spatial coordinates (e.g.,
post-run H&E or IHC after PhenoCycler or Xenium runs in
the same tissue sample). For such aligned datasets, algorithmic
frameworks and DL models have been developed to merge spatial
layers [208-210].

However, integration becomes substantially harder when data
derive from different samples or platforms. Then biological
differences and platform-specific biases must be addressed. Sev-
eral computational strategies have been developed [211, 212],
including new computational frameworks such as SpatialData
[92] or DL-based models [213].

4.1.6 | From Bench to Bedside

The high-plex modality undoubtedly plays a key role in research
and is already finding its way into clinical settings, with appli-
cations emerging in clinical trials [214, 215]. However, multiplex
immunofluorescence panels comprising up to 10 markers remain
the most implemented format in clinical contexts [216-219].
Clinical translation will likely rely on marker reduction strate-
gies to define minimum predictive panels [220, 221]. Until
workflows—from sample preparation to data interpretation—
become sufficiently streamlined and scalable, high-plex assays
will remain impractical for pathology workflows, where time and
workload constraints demand “one-click” solutions [222, 223].

Beyond workflow optimization, prospective validation of spa-
tial biomarkers for clinical use presents unique technical and
regulatory challenges. Unlike conventional biomarkers such as
PD-L1, where scoring algorithms are mathematically explicit and
FDA-approved as companion diagnostics for specific drug-tumor
contexts, spatial biomarkers lack standardized definitions and
regulatory precedent [224, 225]. Spatial metrics require defin-
ing cell-to-cell distances, tissue compartment boundaries, and
higher-order spatial statistics [110]. An instructive intermediate
case is the Immunoscore, which quantifies the densities of
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FIGURE 4 | Examples of staining artifacts. (A) Missing TMA core. (B) Detached TMA with blurred imaging. (C) Nonspecific staining and
autofluorescence. (D) Staining aggregates and overexposure (figure panels assembled using BioRender.com).

two immune cell populations, CD3+ and CD8+ T lymphocytes,
across two spatially defined tumor regions, the tumor core and
the invasive margin, to predict risk of relapse in colorectal
cancer [226, 227]. Validated across 14 centers in 13 countries
and prospectively confirmed in two Phase 3 clinical trials, it
achieved CE-IVD status in the EU and is available in FDA
CLIA-certified laboratories for routine use [228-231]. That this
level of multicentric prospective effort was required for a metric
as conceptually straightforward as cell density underscores the
challenge ahead for spatially complex biomarkers. Standardiza-
tion efforts are nascent, with consensus guidelines for multiplex
IHC/TF reporting only recently published [232-234].

Another important consideration for clinical translation is cost, as
high-plex spatial assays remain expensive on a per-sample basis
in the research setting. In tumor immunology research, the use
of tissue microarrays (TMAs) is common to reduce costs and
maximize throughput, yet even in this format technical limita-
tions often arise. Reports have shown that within large multiplex
panels, certain proteins/RNA fail to stain reliably, and during
iterative staining cycles some TMA cores may be physically lost
or detached from the slide [235, 236]. These issues compromise
data completeness and reproducibility. Moreover, because most
of these imaging outputs are fluorescence-based, they remain
susceptible to batch effects introduced by sample type, staining
artifacts, imaging conditions, or instrument variability (Figure 4).
However, the relationship between diagnostic assay cost and
overall treatment expenditure is not straightforward. A compar-
ative cost analysis of the TumorProfiler melanoma project, a
multiomics diagnostic platform costing approximately five times
more than standard next-generation sequencing, suggests that
investment in advanced multiomics profiling may not necessarily
translate into increased overall healthcare expenditure, particu-
larly if it has the potential to improve treatment selection [237,
238]. While spatial proteomics via IMC was included as part
of this multiomics diagnostic platform, the specific contribution
of spatially derived metrics to treatment recommendations was
not reported specifically; dedicated cost-effectiveness analyses
specifically assessing the clinical and economic value of spatial
biomarkers as decision-support tools are currently lacking.

4.2 | Emerging frontiers in Spatial Immunity

4.2.1 | DataInference

Exciting progress is being made in Al-powered inference, where
molecular information is predicted from standard H&E images

[41, 239, 240]. For instance, a recent publication presented
ROSIE, an Al model that can generate multiplex IF images
from paired H&E images [241]. The core principle behind these
Al-powered inference models is that they are trained on seen
data, containing known markers, to later predict them in unseen
data. However, when certain markers are underrepresented or
unevenly distributed in the training data, model performance
can become biased, leading to poor prediction accuracy for
specific targets. Moreover, because these models only learn from
predefined patterns, they are inherently limited in their ability to
identify novel or rare cellular populations. Such limitations are
intrinsic to current approaches and highlight the need for larger,
more diverse, and well-annotated multimodal datasets to improve
model generalization [242].

4.2.2 | 3D Imaging and Super Resolution

Current spatial technologies operate on two-dimensional tissue
sections, which do not fully capture the 3D microenvironment
where they come from. This sampling bias could distort perceived
interactions between tissue microenvironment components [243-
245]. Most approaches for 3D imaging involve using thin serial
sections for 3D image reconstruction, where usual iterative
staining procedures can be applied for staining and later com-
putationally reconstructed into volumetric representations. Some
studies have sought to overcome the limitations of thin-section
imaging by increasing section thickness [244] or by employing
macrosections combined with techniques of tissue clearing and
microscopy modalities like light-sheet fluorescence microscopy
[246-249]. While they can provide highly detailed insights,
immunostaining methods capable of achieving the same level of
multiplexing as in 2D tissues are not currently developed [245].
Moreover, the technical complexity makes current 3D workflows
difficult to scale for routine use in histopathology settings [244].

In terms of resolution, spatial technologies allow us to map
immunity at the 2D single-cell level, typically at 20x or 40x
magnification, where the detection sensitivity is constrained by
the antibody-fluorochrome chemistry. Expansion microscopy is
a recent methodology to physically expand tissues to enhance
resolution without specialized optics [250-253]. Kang et al. [254]
have shown a 23-plex staining using cyclic staining in enlarged
tissues.

Looking forward, 3D and super-resolution imaging are in their
early stages, but they hold the potential to map tissues and organs
in ways never before possible.
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4.2.3 | Spatial Atlases

One of the most promising outcomes of the spatial biology
revolution is the development of comprehensive spatial atlases of
human tissues in health and disease [51, 255-259]. These atlases
serve as reference frameworks or training data for Al-driven data
inference. The continued evolution of 3D imaging and super
resolution microscopy promises to refine spatial fidelity of these
atlases.

4.2.4 | Next-Generation Tissue Image Cytometry

Recent years have witnessed remarkable progress in pipeline
development for spatial analysis, including the integration of AI-
driven image analysis solutions. Given the intrinsic heterogeneity
of biological data, achieving fully automated “one-click” ana-
lytical solutions remains challenging. However, with the aim of
democratizing spatial data analysis, an exciting avenue for tissue
image cytometry software is the incorporation of Al-assisted
interfaces (interactive chatbots or guided analysis modules) to
support nonexpert users and streamline analysis [260].

4.2.,5 | Advanced Computational Tools for Spatial Omics
As spatial datasets continue to grow in scale, resolution, and
multimodal complexity, mathematical innovation in computa-
tional frameworks will be a key driver of what spatial biology
can reveal. For instance, SPLISOSM (spatial isoform statisti-
cal modeling) enables detection of spatially variable transcript
isoforms, revealing spatial regulatory mechanisms that cannot
be detected when only measuring total gene expression [261].
At the tissue organization level, NicheCompass moves beyond
colocalization of cell types to identify tissue niches based on active
signaling events occurring between neighboring cells, revealing
the communication logic underlying tissue architecture rather
than simply describing who is next to whom [262].

5 | Concluding Remarks

Spatial biology has redefined how we observe immune responses,
offering a direct window into how immune cells organize, interact
and function within tissues.

Specifically, image-based spatial platforms serve as a powerful
approach allowing for the visualization of immune activity in
space. The methodologies and technologies discussed in this
review provide valuable insights into understanding immunity
across different pathologies.

While spatial technologies are still maturing, they are already
shaping the future of diagnostics and therapeutic discovery. Their
integration into clinical settings will depend on overcoming cur-
rent challenges around scalability, standardization, data analysis,
and cost.

As spatial biology continues to unfold, it will push immunology,
pathology, and precision medicine into a new era of spatially
informed care.

Author Contributions

L.C.-P. addressed the major reviewers’ comments and contributed to
the rewriting, editing, and finalization of the manuscript. S.G.S. drafted
the original manuscript and revised all subsequent versions. F.M. and
D.Y. contributed technical content and assisted in writing the sections
related to spatial biology and imaging technologies. R.C.E. and J.B.
conceptualized the study, provided the foundational framework for its
development, and critically reviewed all versions of the manuscript. All
authors reviewed and approved the final version for submission.

Acknowledgments

The authors declare that Microsoft Copilot and ChatGPT were used
to assist in correcting grammatical and typographical errors and in
refining sentence structure. These tools were employed to improve
clarity, conciseness, and consistency in language. The text has been
thoroughly reviewed and polished by the authors, and all scientific ideas,
interpretations, and content remain entirely the authors’ own.

Open access publishing facilitated by Bond University, as part of the Wiley
- Bond University agreement via the Council of Australasian University
Librarians

Funding

L.C.-P. acknowledges QUT Postgraduate Research Award and ARC CTET
Top-Up Scholarships. J.B. acknowledges NHMRC Ideas grant.

Ethics Statement

The authors have nothing to report.

Conflicts of Interest

R.C.E. is the co-founder and CEO of TissueGnostics GmbH, Austria. F.M.
is a Senior Product Manager at TissueGnostics GmbH, Austria. All other
authors declare no conflicts of interest.

Data Availability Statement

The authors have nothing to report.

References

1. A. Baysoy, Z. Bai, R. Satija, and R. Fan, “The Technological Landscape
and Applications of Single-cell Multi-omics,” Nature Reviews Molecular
Cell Biology 24 (2023): 695-713.

2. D. Bressan, G. Battistoni, and G. J. Hannon, “The Dawn of Spatial
Omics,” Science 381 (2023): eabq4964.

3. A. Heindl, S. Nawaz, and Y. Yuan, “Mapping Spatial Heterogeneity
in the Tumor Microenvironment: a New Era for Digital Pathology,”
Laboratory Investigation 95 (2015): 377-384.

4. M. Omar, G. N. Fanelli, F. Socciarelli, et al., “Antibody-Based Mul-
tiplex Image Analysis: Standard Analytical Workflows and Artificial

Intelligence Tools for Pathologists,” Laboratory Investigation 105 (2025):
104220.

5. “Method of the Year 2024: Spatial Proteomics,” Nature Methods 21
(2024): 2195-2196.

6.S.-Y. Jing, H.-Q. Wang, P. Lin, J. Yuan, Z.-X. Tang, and H. Li,
“Quantifying and Interpreting Biologically Meaningful Spatial Signatures
Within Tumor Microenvironments,” NPJ Precision Oncology 9 (2025): 68.

7. F. Mungenast, A. Fernando, R. Nica, et al., “Next-Generation Digital
Histopathology of the Tumor Microenvironment,” Genes 12 (2021): 538.

8. R. C. Ecker, R. Rogojanu, M. Streit, K. Oesterreicher, and G. E.
Steiner, “An Improved Method for Discrimination of Cell Populations in

MedComm, 2026

19 of 26



Tissue Sections Using Microscopy-based Multicolor Tissue Cytometry,”
Cytometry Part A 69A (2006): 119-123.

9. G. E. Steiner, R. C. Ecker, G. Kramer, F. Stockenhuber, and M. J.
Marberger, “Automated Data Acquisition by Confocal Laser Scanning
Microscopy and Image Analysis of Triple Stained Immunofluorescent
Leukocytes in Tissue,” Journal of Immunological Methods 237 (2000):
39-50.

10. M. Y. Gerner, W. Kastenmuller, I. Ifrim, J. Kabat, and R. N. Germain,
“Histo-cytometry: a Method for Highly Multiplex Quantitative Tissue
Imaging Analysis Applied to Dendritic Cell Subset Microanatomy in
Lymph Nodes,” Immunity 37 (2012): 364-376.

11. C. R. Stoltzfus, J. Filipek, B. H. Gern, et al., “CytoMAP: a Spatial
Analysis Toolbox Reveals Features of Myeloid Cell Organization in
Lymphoid Tissues,” Cell Reports 31 (2020): 107523.

12. H. Liang, J. Huang, H. Li, et al., “Spatial Proximity of CD8(+) T Cells
to Tumor Cells Predicts Neoadjuvant Therapy Efficacy in Breast Cancer,”
NPJ Breast Cancer 11 (2025): 13.

13. K. Hu, T. R. O’Neil, H. Baharlou, et al., “The Spatial Biology of HIV
Infection,” PLoS Pathogens 21 (2025): €e1012888.

14. C. He, B. Chen, H. Yang, and X. Zhou, “The Dual Role of Microglia in
Alzheimer’s Disease: From Immune Regulation to Pathological Progres-
sion,” Frontiers in Aging Neuroscience 17 (2025): 1554398.

15.J. R. Lindsay, J. Altreuter, J. V. Alessi, et al., “Pan-cancer Spatial
Characterization of Key Immune Biomarkers in the Tumor Microenvi-
ronment,” Cell Reports Medicine (2025): 102418.

16. G. Grant and C. M. Ferrer, “The Role of the Immune Tumor
Microenvironment in Shaping Metastatic Dissemination, Dormancy, and
Outgrowth,” Trends in Cell Biology (2025).

17. Y. Lee, M. Lee, Y. Shin, K. Kim, and T. Kim, “Spatial Omics in Clinical
Research: a Comprehensive Review of Technologies and Guidelines for
Applications,” International Journal of Molecular Sciences 26 (2025): 3949.

18. L. Liu, A. Chen, Y. Li, J. Mulder, H. Heyn, and X. Xu, “Spatiotemporal
Omics for Biology and Medicine,” Cell 187 (2024): 4488-4519.

19. X. Liu, T. Peng, M. Xu, et al., “Spatial multi-omics: Deciphering Tech-
nological Landscape of Integration of Multi-omics and Its Applications,”
Journal of Hematology & Oncology 17 (2024): 72.

20. D. J. Fassler, S. Abousamra, R. Gupta, et al., “Deep Learning-based
Image Analysis Methods for Brightfield-acquired Multiplex Immunobhis-
tochemistry Images,” Diagnostic Pathology 15 (2020): 100.

21. S.Jarosch, J. Kohlen, S. Wagner, E. D’Ippolito, and D. H. Busch, “Chip-
Cytometry for Multiplexed Detection of Protein and mRNA Markers on
human FFPE Tissue Samples,” STAR Protocols 3 (2022): 101374.

22. E. C. Stack, C. Wang, K. A. Roman, and C. C. Hoyt, “Multiplexed
Immunohistochemistry, Imaging, and Quantitation: a Review, With an
Assessment of Tyramide Signal Amplification, Multispectral Imaging and
Multiplex Analysis,” Methods (San Diego, California) 70 (2014): 46-58.

23. A. Rochwarger, L. Kaufmann, J. Zhao, et al., “A Validation Workflow
for Novel Oligonucleotide Sequences to Expand the Multiplexing Capac-
ity of the CO-Detection by indEXing (CODEX) Platform,” Laboratory
Investigation 105 (2025): 104200.

24.S. Naderi-Azad, D. Croitoru, S. Khalili, L. Eder, and V. Piguet,
“Research Techniques Made Simple: Experimental Methodology for
Imaging Mass Cytometry,” Journal of Investigative Dermatology 141 (2021):
467-473.el.

25. F. Wiinnemann, F. Sicklinger, K. Bestak, et al., “Spatial Multiomics of
Acute Myocardial Infarction Reveals Immune Cell Infiltration Through
the Endocardium,” Nature Cardiovascular Research 4 (2025): 1345-1362.

26. M. Wu, V. Lambatan, P. Guo, and W. J. Joiner, “Protocol for Mul-
tiplexed RNAscope-based Imaging of mRNAs in Whole-mount Adult
Drosophila Brains,” STAR Protocols 6 (2025): 103615.

27.]. Han, Y. Song, J. Lee, K. Nyamzaya, and E. Kim, “Rolling Cir-
cle Amplification for next-generation Molecular Diagnostics, Genome

Analysis, and Spatial Transcriptome Profiling,” Nanoscale 17 (2025):
21345-21378.

28. J. R. Moffitt and X. Zhuang, “RNA Imaging With Multiplexed Error-
Robust Fluorescence in Situ Hybridization (MERFISH),” Methods in
Enzymology 572 (2016): 1-49.

29. S. He, R. Bhatt, C. Brown, et al., “High-plex Imaging of RNA and
Proteins at Subcellular Resolution in Fixed Tissue by Spatial Molecular
Imaging,” Nature Biotechnology 40 (2022): 1794-1806.

30. M. N. Bobrow and P. T. Moen Jr, “Tyramide Signal Amplification
(TSA) Systems for the Enhancement of ISH Signals in Cytogenetics,”
Current Protocols in Cytometry 11 (2001): 8-9.

31. Z. E. Toth and E. Mezey, “Simultaneous Visualization of Multiple
Antigens With Tyramide Signal Amplification Using Antibodies From
the Same Species,” Journal of Histochemistry & Cytochemistry 55 (2007):
545-554.

32.J. R. Lin, M. Fallahi-Sichani, J. Y. Chen, and P. K. Sorger, “Cyclic
Immunofluorescence (CycIF), a Highly Multiplexed Method for Single-
cell Imaging,” Current Protocols in Chemical Biology 8 (2016): 251-
264.

33.J. De Lima, M. A. Boutet, O. Bortolotti, et al., “Spatial Mapping of
Rheumatoid Arthritis Synovial Niches Reveals a LYVE1(+) Macrophage
Network Associated With Response to Therapy,” Annals of the Rheumatic
Diseases 84, no. 12 (2025): 1955-1967.

34. C. Munoz-Castro, A. Noori, C. G. Magdamo, et al., “Cyclic Multiplex
Fluorescent Immunohistochemistry and Machine Learning Reveal Dis-
tinct States of Astrocytes and Microglia in Normal Aging and Alzheimer’s
Disease,” Journal of Neuroinflammation 19 (2022): 30.

35. X. Zhou, J. Ning, R. Cai, et al., “Multi-omic Analysis Revealed the
Immunological Patterns and Diagnostic Value of Exhausted T Cell-
derived PTTGI in Patients With Psoriasis,” Biochemical and Biophysical
Research Communications 734 (2024): 150740.

36. A. Morley-Bunker, J. Pearson, M. J. Currie, et al., “Assessment of Intra-
tumoural Colorectal Cancer Prognostic Biomarkers Using RNA in Situ
Hybridisation,” Oncotarget 10 (2019): 1425.

37. N. Kaneko, H. H. Kuo, J. Boucau, et al., “Loss of Bcl-6-Expressing
T Follicular Helper Cells and Germinal Centers in COVID-19,” Cell 183
(2020): 143-157.€13.

38.Z. Cai, L. Chen, S. Chen, R. Fang, X. Chen, and W. Lei, “Single-
cell RNA Sequencing Reveals Pro-invasive Cancer-associated Fibroblasts
in Hypopharyngeal Squamous Cell Carcinoma,” Cell Communication &
Signaling 21 (2023): 292.

39. A. Viratham Pulsawatdi, S. G. Craig, V. Bingham, et al., “A Robust
Multiplex Immunofluorescence and Digital Pathology Workflow for the
Characterisation of the Tumour Immune Microenvironment,” Molecular
Oncology 14 (2020): 2384-2402.

40. D. Wang, A. Cheung, G. E. Mawdsley, et al., “A Modified Bleaching
Method for Multiplex Immunofluorescence Staining of FFPE Tissue
Sections,” Applied Immunohistochemistry & Molecular Morphology 32
(2024): 447-452.

41.J. M. J. Valanarasu, H. Xu, N. Usuyama, et al., “Multimodal AI
Generates Virtual Population for Tumor Microenvironment Modeling,”
Cell 189 (2026): 386-400 €19.

42. A. Abedini, J. Levinsohn, K. A. Klotzer, et al., “Single-cell Multi-
omic and Spatial Profiling of human Kidneys Implicates the Fibrotic
Microenvironment in Kidney Disease Progression,” Nature Genetics 56
(2024): 1712-1724.

43. N. Ozirmak Lermi, M. M. Ayala, S. Hernandez, et al., “Comparison
of Imaging Based Single-cell Resolution Spatial Transcriptomics Profiling
Platforms Using Formalin-fixed Paraffin-embedded Tumor Samples,”
Nature Communications 16 (2025): 8499.

44.]. R. E. Carty, K. Devarakonda, R. M. O’Connor, et al., “Amygdala-
liver Signalling Orchestrates Glycaemic Responses to Stress,” Nature 646
(2025): 697-706.

20 of 26

MedComm, 2026



45. P. Pinol-Jurado, J. Verdu-Diaz, E. Fernandez-Simon, et al., “Imaging
Mass Cytometry Analysis of Becker Muscular Dystrophy Muscle Samples
Reveals Different Stages of Muscle Degeneration,” Scientific Reports 14
(2024): 3365.

46. A. Souberan, C. Jiguet-Jiglaire, S. Toutain, et al., “Brain Tumoroids:
Treatment Prediction and Drug Development for Brain Tumors With Fast,
Reproducible, and Easy-to-use Personalized Models,” Neuro Oncology 27
(2025): 415-429.

47. A. Kinkhabwala, C. Herbel, J. Pankratz, et al., “MACSima Imaging
Cyclic Staining (MICS) Technology Reveals Combinatorial Target Pairs
for CAR T Cell Treatment of Solid Tumors,” Scientific Reports 12 (2022):
1911.

48. P. Cadinu, K. N. Sivanathan, A. Misra, et al., “Charting the Cellular
Biogeography in Colitis Reveals Fibroblast Trajectories and Coordinated
Spatial Remodeling,” Cell 187 (2024): 2010-2028 e30.

49. Z. Ahmad, M. Alzubaidi, K. Al-Thelaya, et al., “Advancing Open-
source Visual Analytics in Digital Pathology: a Systematic Review of
Tools, Trends, and Clinical Applications,” Journal of Pathology Informat-
ics 18 (2025): 100454.

50.J. R. Lin, Y. A. Chen, D. Campton, et al., “High-plex Immunofluo-
rescence Imaging and Traditional Histology of the Same Tissue Section
for Discovering Image-based Biomarkers,” Nature Cancer 4 (2023):
1036-1052.

51. C. W. Tan, N. Berrell, M. L. Donovan, et al., “The Development of a
High-plex Spatial Proteomic Methodology for the Characterisation of the
Head and Neck Tumour Microenvironment,” NPJ Precision Oncology 9
(2025): 191.

52. S. Li, B. Jiang, H. Zhou, S. Yang, L. Yang, and Y. Hong, “Development
of a Prognostic Immune Cell-based Model for Ovarian Cancer Using
Multiplex Immunofluorescence,” Journal of Translational Medicine 23
(2025): 688.

53. A. Meshcheryakova, F. Mungenast, R. Ecker, and D. Mechtcheriakova,
“Tissue Image cytometry,” in Imaging Modalities for Biological and
Preclinical Research: a Compendium, Volume 1: Part I: Ex vivo biological
imaging, pp. 1-2. Bristol, UK: IOP Publishing, 2021.

54. V. Milosevic, “Different Approaches to Imaging Mass Cytometry Data
Analysis,” Bioinformatics Advances 3 (2023): vbad046.

55. C. Stringer, T. Wang, M. Michaelos, and M. Pachitariu, “Cellpose:
a Generalist Algorithm for Cellular Segmentation,” Nature Methods 18
(2021): 100-106.

56. L. Lokhande, D. Nilsson, J. de Matos Rodrigues, et al., “Quantification
and Profiling of Early and Late Differentiation Stage T Cells in Mantle Cell
Lymphoma Reveals Immunotherapeutic Targets in Subsets of Patients,”
Cancers (Basel) 16 (2024): 2289.

57. M. Y. Lee, J. S. Bedia, S. S. Bhate, et al., “CellSeg: a Robust, Pre-trained
Nucleus Segmentation and Pixel Quantification Software for Highly Mul-
tiplexed Fluorescence Images,” BMC Bioinformatics [Electronic Resource|
23 (2022): 46.

58. D. Smith, A. Eichinger, E. Fennell, et al., “Spatial and Single Cell
Mapping of castleman disease Reveals Key Stromal Cell Types and
Cytokine Pathways,” Nature Communications 16 (2025): 6009.

59. N. F. Greenwald, G. Miller, E. Moen, et al., “Whole-cell Segmentation
of Tissue Images With human-level Performance Using Large-scale Data
Annotation and Deep Learning,” Nature Biotechnology 40 (2022): 555-
565.

60. A. Huck, Y. Rodriguez-Sillke, C. Bojarski, et al., “Imaging Mass
Cytometry-Based Immune Profiling of Human Peyer’s Patches in Patients
With Crohn’s Disease,” European Journal of Immunology 55 (2025):
€70071.

61. U. Schmidt, M. Weigert, C. Broaddus, and G. Myers, “Cell Detection
With Star-convex Polygons,” in International conference on medical
image computing and computer-assisted intervention, pp. 265-273. Cham:
Springer International Publishing, 2018.

62. M. L. Donovan, N. Jhaveri, N. Ma, et al., “Protocol for High-plex,
Whole-slide Imaging of human Formalin-fixed Paraffin-embedded Tissue
Using PhenoCycler-Fusion,” STAR Protocols 5 (2024): 103226.

63. M. Delaporte, M. Guillout, P. Bellaud, et al., “Protocol for Studying the
Immune Microenvironment of human Hepatocellular Carcinoma by Cell
DIVE Multiplex Immunofluorescence Imaging,” STAR Protocols 6 (2025):
103946.

64. C. Quek, A. Pratapa, X. Bai, et al., “Single-cell Spatial Multiomics
Reveals Tumor Microenvironment Vulnerabilities in Cancer Resistance
to Immunotherapy,” Cell Reports 43 (2024): 114392.

65. C. Yapp, E. Novikov, W. D. Jang, et al., “UnMICST: Deep Learning
With Real Augmentation for Robust Segmentation of Highly Multiplexed
Images of human Tissues,” Communications Biology 5 (2022): 1263.

66. L. Lla6-Cid, J. Wong, I. F. Botana, et al., “Integrative multi-omics
Reveals a Regulatory and Exhausted T-cell Landscape in CLL and Identi-
fies galectin-9 as an Immunotherapy Target,” Nature Communications 16
(2025): 7271.

67. N. Sofroniew, T. Lambert, G. Bokota, et al. Napari: a Multi-
dimensional Image Viewer for Python. Zenodo. (2026), https://doi.org/10.
5281/zenodo.3555620.

68. R. Tubelleza, A. Kilgallon, C. W. Tan, J. Monkman, J. F. Fraser,
and A. Kulasinghe, “PRISM: a Python Package for Interactive and
Integrated Analysis of Multiplexed Tissue Microarrays,” NAR Genomics
& Bioinformatics 7 (2025): 1qaf114.

69. N. Pielawski, A. Andersson, C. Avenel, et al., “TissUUmaps 3:
Improvements in Interactive Visualization, Exploration, and Quality
Assessment of Large-scale Spatial Omics Data,” Heliyon 9 (2023): €15306.

70. L. Bonstingl, M. Zinnegger, K. Sallinger, et al., “Advanced Single-cell
and Spatial Analysis With High-multiplex Characterization of Circulating
Tumor Cells and Tumor Tissue in Prostate Cancer: Unveiling Resistance
Mechanisms With the CoDuCo in Situ Assay,” Biomarker Research 12
(2024): 140.

71. D. R. Stirling, A. E. Carpenter, and B. A. Cimini, “CellProfiler
Analyst 3.0: Accessible Data Exploration and Machine Learning for Image
Analysis,” Bioinformatics 37 (2021): 3992-3994.

72. K. Copeland, A. I. Permata Sari, J. Copeland, N. Jinawath, and M.
S. Shiao, “Protocol for Spatial Analysis of Multiple Markers Across
Adjacent Tissue Sections Captured by RNAscope Using CellProfiler,”
STAR Protocols 6 (2025): 103914.

73. A. J. Schmidt, G. D. Wright, F. Ronchese, and K. M. Price, “Skin
Whole-Mount Immunofluorescent Staining Protocol, 3D Visualization,
and Spatial Image Analysis,” Current Protocols 3 (2023): €820.

74. T. Su, S. Wang, S. Huang, et al., “Multiplex Immunohistochemistry
and High-throughput Image Analysis for Evaluation of Spatial Tumor
Immune Cell Markers in human Breast Cancer,” Cancer Biomarkers 35
(2022): 193-206.

75. W. Zhang, Q. Zhou, J. V. Nguyen, et al., “Comparison of QuPath and
HALO Platforms for Analysis of the Tumor Microenvironment in Prostate
Cancer,” Laboratory Investigation 105 (2025): 104246.

76. S. J. Karnik, C. Gulbronson, P. C. Jordan, et al., “Multiplex Imaging of
Murine Bone Marrow Using Phenocycler 2.0,” Leukemia 39 (2025): 1476~
1489.

77. G. Porter, M. D. Norris, M. Apte, and A. M. Merlot, “Spatial Profiling
of Endoplasmic Reticulum Stress Markers in Tumor Associated Cells
Predicts Patient Outcomes in Pancreatic Cancer,” Neoplasia 60 (2025):
101115.

78. E. Shenasa, S. Thornton, D. Gao, F. K. F. Kommoss, and T. O. Nielsen,
“Immune Biomarkers on Tissue Microarray Cores Support the Presence
of Adjacent Tertiary Lymphoid Structures in Soft Tissue Sarcoma,”
Laboratory Investigation 105 (2025): 104091.

79. D. Schapiro, H. W. Jackson, S. Raghuraman, et al., “histoCAT: Analysis
of Cell Phenotypes and Interactions in Multiplex Image Cytometry Data,”
Nature Methods 14 (2017): 873-876.

MedComm, 2026

21 of 26


https://doi.org/10.5281/zenodo.3555620

80. A.Bouzekri, A. Esch, and O. Ornatsky, “Multidimensional Profiling of
Drug-treated Cells by Imaging Mass Cytometry,” FEBS Open Bio 9 (2019):
1652-1669.

81. L. Khalfaoui, R. M. Moore, J. C. Villasboas, et al., “Spatial Phenotyping
of human Bronchial Airways in Obstructive Lung Disease,” Respiratory
Research 26 (2025): 232.

82. S. Berg, D. Kutra, T. Kroeger, et al., “ilastik: Interactive Machine
Learning for (bio)Image Analysis,” Nature Methods 16 (2019): 1226-1232.

83. B. Hunter, I. Nicorescu, E. Foster, et al., “OPTIMAL: an OPTimized
Imaging Mass Cytometry AnaLysis Framework for Benchmarking Seg-
mentation and Data Exploration,” Cytometry Part A: The journal of the
International Society for Analytical Cytology 105 (2024): 36-53.

84. S. Tripathi, H. Najem, C. Dussold, et al., “Pediatric Glioma Immune
Profiling Identifies TIM3 as a Therapeutic Target in BRAF Fusion
Pilocytic Astrocytoma,” Journal of Clinical Investigation 134 (2024):
el177413.

85. P. Bankhead, M. B. Loughrey, J. A. Fernandez, et al., “QuPath: Open
Source Software for Digital Pathology Image Analysis,” Scientific Reports
7 (2017): 16878.

86. A. 1. Giotakis, J. Dudas, R. Glueckert, E. Buechel, and H. Riechelmann,
“Identification of Neutrophils and Eosinophils in Upper Airway Mucosa
With Immunofluorescence Multiplex Image Cytometry,” Histochemistry
and Cell Biology 162 (2024): 203-214.

87. A.1. Giotakis, A. Runge, J. Dudas, et al., “Analysis of Cells of Epithelial,
Connective Tissue and Immune Differentiation in HPV-positive-, HPV-
negative Oropharyngeal Carcinoma and Normal Oropharyngeal Tissue
by Immunofluorescence Multiplex Image Cytometry: a Preliminary
Report,” BMC Cancer 23 (2023): 1154.

88. T. Yeung, Y. Zhang, Q. Zhou, and R. Burack, “Neighborhood Cluster-
ing Analysis to Define Epithelial-stromal Interface for Tumor Infiltrating
Lymphocyte Evaluation,” Journal of Pathology Informatics 19 (2025):
100465.

89. C. R. Stoltzfus, R. Sivakumar, L. Kunz, et al., “Multi-Parameter
Quantitative Imaging of Tumor Microenvironments Reveals Perivascular
Immune Niches Associated with Anti-Tumor Immunity,” Frontiers in
Immunology 12 (2021): 726492.

90. G. Palla, H. Spitzer, M. Klein, et al., “Squidpy: a Scalable Framework
for Spatial Omics Analysis,” Nature Methods 19 (2022): 171-178.

91. E. N. Kim, H. Y. Seok, J. Koh, et al., “Multiplexed Imaging-driven
Single-cell Analysis of Abdominal Aortic Aneurysm According to C-
reactive Protein Deposition,” Translational Research 282 (2025): 14-30.

92. L. Marconato, G. Palla, K. A. Yamauchi, et al., “SpatialData: an Open
and Universal Data Framework for Spatial Omics,” Nature Methods 22
(2025): 58-62.

93. Q. Blampey, K. Mulder, M. Gardet, et al., “Sopa: a Technology-
invariant Pipeline for Analyses of Image-based Spatial Omics,” Nature
Communications 15 (2024): 4981.

94. D. Schienstock, J. L. Hor, S. Devi, and S. N. Mueller, “Cecelia: a
Multifunctional Image Analysis Toolbox for Decoding Spatial Cellular
Interactions and Behaviour,” Nature Communications 16 (2025): 1931.

95.Y. O. Alexandre, N. Potemkin, D. Schienstock, et al., “Splenic Fibrob-
lastic Reticular Cells Orchestrate Dendritic Cell Maturation and Facilitate
CD8(+) T Cell Priming and Protective Memory,” Science Advances 11
(2025): eadt5939.

96. D. Schapiro, A. Sokolov, C. Yapp, et al., “MCMICRO: a Scalable,
Modular Image-processing Pipeline for Multiplexed Tissue Imaging,”
Nature Methods 19 (2022): 311-315.

97.Y. Tan, T. N. Kempchen, M. Becker, et al., “SPACEc: a Streamlined,
Interactive Python Workflow for Multiplexed Image Processing and
Analysis,” Nature Communications 16 (2025): 10652.

98. V. Y. Naei, R. Tubelleza, J. Monkman, et al., “Spatial Interac-
tion Mapping of PD-1/PD-L1 in Head and Neck Cancer Reveals the

Role of Macrophage-tumour Barriers Associated With Immunotherapy
Response,” Journal of Translational Medicine 23 (2025): 177.

99.J. Windhager, V. R. T. Zanotelli, D. Schulz, et al., “An End-to-
end Workflow for Multiplexed Image Processing and Analysis,” Nature
Protocols 18 (2023): 3565-3613.

100. A. Franken, M. Bila, A. Mechels, et al., “CD4+T Cell Activation
Distinguishes Response to Anti-PD-L1+Anti-CTLA4 Therapy From Anti-
PD-L1 Monotherapy,” Immunity 57 (2024): 541-558.e7.

101. Y. Wang, Y. Guan, D. Feng, et al., “Infiltrating Macrophages Replace
Kupffer Cells and Play Diverse Roles in Severe Alcohol-associated
hepatitis,” Cellular & Molecular Immunology 22, no. 10 (2025): 1262-1275.

102. Y. Bussi and L. Keren, “Multiplexed Image Analysis: What Have We
Achieved and Where Are We Headed?,” Nature Methods 21 (2024): 2212—
2215.

103. A. B. Schroeder, E. T. A. Dobson, C. T. Rueden, P. Tomancak, F. Jug,
and K. W. Eliceiri, “The ImageJ Ecosystem: Open-source Software for
Image Visualization, Processing, and Analysis,” Protein Science 30 (2021):
234-249.

104. D. R. Stirling, M. J. Swain-Bowden, A. M. Lucas, A. E. Carpenter, B. A.
Cimini, and A. Goodman, “CellProfiler 4: Improvements in Speed, Utility
and Usability,” BMC Bioinformatics [Electronic Resource] 22 (2021): 433.

105. D. Schapiro, C. Yapp, A. Sokolov, et al., “MITI Minimum Information
Guidelines for Highly Multiplexed Tissue Images,” Nature Methods 19
(2022): 262-267.

106. G. Jia, P. He, T. Dai, et al., “Spatial Immune Scoring System Predicts
Hepatocellular Carcinoma Recurrence,” Nature 640 (2025): 1031-1041.

107. J. L. Carstens, S. N. Krishnan, A. Rao, et al., “Spatial Multiplexing and
Omics,” Nature Reviews Methods Primers 4 (2024): 54.

108. F. A. Wolf, P. Angerer, and F. J. Theis, “SCANPY: Large-scale Single-
cell Gene Expression Data Analysis,” Genome Biology 19 (2018): 15.

109. E. R. Parra, “Methods to Determine and Analyze the Cellular
Spatial Distribution Extracted from Multiplex Inmunofluorescence Data
to Understand the Tumor Microenvironment,” Frontiers in Molecular
Biosciences 8 (2021): 668340.

110. H. D. Summers, J. W. Wills, and P. Rees, “Spatial Statistics Is a
Comprehensive Tool for Quantifying Cell Neighbor Relationships and
Biological Processes via Tissue Image Analysis,” Cell Reports Methods 2
(2022): 100348.

111. L. Cardenas-Piedra, R. C. Ecker, and J. Batra, “Bioimage Analysis,”
in Encyclopedia of Bioinformatics and Computational Biology (Second
Edition), pp. 527-538. Oxford: Elsevier, 2025.

112. N. Zurek, Y. Zhang, D. P. B. McGovern, A. E. Walts, and A. Gertych,
“Immunohistochemistry Annotations Enhance Al Identification of Lym-
phocytes and Neutrophils in Digitized H&E Slides From Inflammatory
Bowel Disease,” Computer Methods and Programs in Biomedicine 257
(2024):108423.

113. G. Shamai, A. Livne, A. Polonia, et al.,, “Deep Learning-based
Image Analysis Predicts PD-L1 Status From H&E-stained Histopathology
Images in Breast Cancer,” Nature Communications 13 (2022): 6753.

114. Z. Chen, X. Wang, Z. Jin, et al, “Deep Learning on Tertiary
Lymphoid Structures in Hematoxylin-eosin Predicts Cancer Prognosis
and Immunotherapy Response,” npj Precision Oncology 8 (2024): 73.

115. A. Magness, E. Colliver, K. S. S. Enfield, et al., “Deep Cell Phenotyping
and Spatial Analysis of Multiplexed Imaging With TRACERx-PHLEX,”
Nature Communications 15 (2024): 5135.

116. Y. Yang, M. Xie, Y. Feng, et al., “CellSeg2TLS: A Deep Learning
Framework for Predicting the Maturation of Tertiary Lymphoid Struc-
tures in Pathology Images,” 2024 IEEE International Symposium on
Biomedical Imaging (2024): 1-5.

117. M. Pytlarz, K. Wojnicki, P. Pilanc, B. Kaminska, and A. Crimi,
“Deep Learning Glioma Grading With the Tumor Microenvironment
Analysis Protocol for Comprehensive Learning, Discovering, and Quan-

22 0f 26

MedComm, 2026



tifying Microenvironmental Features,” Journal of Imaging Informatics in
Medicine 37 (2024): 1711-1727.

118. B. Zhu, S. Gao, S. Chen, et al., “CellLENS Enables Cross-domain
Information Fusion for Enhanced Cell Population Delineation in Single-
cell Spatial Omics Data,” Nature Immunology 26 (2025): 963-974.

119. C. Schmied, M. S. Nelson, S. Avilov, et al., “Community-developed
Checklists for Publishing Images and Image Analyses,” Nature Methods
21 (2024): 170-181.

120. I. Kemmer, A. Keppler, B. Serrano-Solano, et al., “Building a FAIR
Image Data Ecosystem for Microscopy Communities,” Histochemistry and
Cell Biology 160 (2023): 199-209.

121. R. Shakya, T. H. Nguyen, N. Waterhouse, and R. Khanna, “Immune
Contexture Analysis in Immuno-oncology: Applications and Challenges
of Multiplex Fluorescent Immunohistochemistry,” Clinical & Transla-
tional Immunology 9 (2020): e1183.

122.J. Oh, J. Hoelzl, J. C. T. Carlson, et al., “Spatial Analysis Identifies
DC Niches as Predictors of pembrolizumab Therapy in Head and Neck
Squamous Cell Cancer,” Cell Reports Medicine 6 (2025): 102100.

123. A. Sinha, D. Ghosh, and D. Karati, “Tumor Microenvironment and
Immunotherapy: From Bench to Bedside,” Medical Oncology 42 (2025):
244.

124.Y. Liu, A. Sinjab, J. Min, et al., “Conserved Spatial Subtypes and
Cellular Neighborhoods of Cancer-associated Fibroblasts Revealed
by Single-cell Spatial Multi-omics,” Cancer Cell 43 (2025): 905-
924 e6.

125. G. Garcia-Vicien, N. Ruiz, P. Micke, et al., “The Histological Growth
Patterns in Liver Metastases From Colorectal Cancer Display Differences
in Lymphoid, Myeloid, and Mesenchymal Cells,” MedComm 5 (2024):
€70000.

126. H. Raskov, A. Orhan, J. P. Christensen, and I. Gogenur, “Cytotoxic
CD8(+) T Cells in Cancer and Cancer Immunotherapy,” British Journal
of Cancer 124 (2021): 359-367.

127. Q. C. Ton Nu, G. Deka, and P. H. Park, “CD8(+) T Cell-based
Immunotherapy: Promising Frontier in human Diseases,” Biochemical
Pharmacology 237 (2025): 116909.

128. H. Li, D. P. Zandberg, A. Kulkarni, et al., “Distinct CD8(+) T Cell
Dynamics Associate With Response to Neoadjuvant Cancer Immunother-
apies,” Cancer Cell 43 (2025): 757-775 €8.

129. A. E. Walker, X. Gao, Q. Wang, et al., “Prognostic Significance
of CD8+ T Cell Spatial Biomarkers in ER+ and ER- breast Cancer: a
Retrospective Cohort Study,” PLOS Medicine 22 (2025): €1004647.

130. L. Yang, H. Yang, M. Zhao, et al., “Stage-dependent Spatial Distribu-
tion and Prognostic Value of CD8(+) Tissue-resident Memory T Cells in
NSCLC,” NPJ Precision Oncology 9 (2025): 51.

131. X. Q. Wang, E. Danenberg, C. S. Huang, et al., “Spatial Predictors of
Immunotherapy Response in Triple-negative Breast Cancer,” Nature 621
(2023): 868-876.

132. H. A. Sater, J. L. Marté, R. N. Donahue, et al., “Neoadjuvant PROST-
VAC Prior to Radical Prostatectomy Enhances T-cell Infiltration Into
the Tumor Immune Microenvironment in Men With Prostate Cancer,”
Journal for ImmunoTherapy of Cancer 8 (2020): e000655.

133. B. Schonfeldova, K. Zec, and I. A. Udalova, “Synovial Single-cell
Heterogeneity, Zonation and Interactions: a Patchwork of Effectors in
Arthritis,” Rheumatology 61 (2022): 913-925.

134. C. D. Buckley, C. Ospelt, S. Gay, and K. S. Midwood, “Location, Loca-
tion, Location: How the Tissue Microenvironment Affects Inflammation
in RA,” Nature Reviews Rheumatology 17 (2021): 195-212.

135. H. Koppejan, M. Hameetman, G. Beyrend, et al., “Immunoprofiling
of Early, Untreated Rheumatoid Arthritis Using Mass Cytometry Reveals
an Activated Basophil Subset Inversely Linked to ACPA Status,” Arthritis
Research & Therapy 23 (2021): 272.

136. D. A. Rao, “Immune-cell Profiling to Guide Stratification and Treat-
ment of Patients With Rheumatic Diseases,” Nature Reviews Rheumatol-
ogy 21, no. 11 (2025): 657-670.

137. X. Xia, C. He, Z. Xue, et al., “Single Cell Immunoprofile of Synovial
Fluid in Rheumatoid Arthritis With TNF/JAK Inhibitor Treatment,”
Nature Communications 16 (2025): 2152.

138. J. B. Richard, A. Hoyle, M. Bower, et al., “Synovial Matrix Turnover
Controls Immune Cell Spatial Patterning in Inflammation Resolution,”
Molecular Systems Biology 21 (2025): 1638-1665.

139. F. Marsh-Wakefield, C. Santhakumar, A. L. Ferguson, et al., “Spa-
tial Mapping of the HCC Landscape Identifies Unique Intratumoral
Perivascular-immune Neighborhoods,” Hepatology Communications 8
(2024): €0540.

140. U. Onubogu, C. D. Gatenbee, S. Prabhakaran, et al., “Spatial Analysis
of Recurrent Glioblastoma Reveals Perivascular Niche Organization,” JCI
Insight 9 (2024): €179853.

141. S. Chennareddy and P. M. Brunner, “From Genes to Geography:
Mapping Allergic Disease Landscapes With Spatial Transcriptomics,” The
Journal of Allergy and Clinical Immunology 155 (2025): 800-802.

142. H. Zhang, M. T. Patrick, J. Zhao, et al., “Techniques and Analytic
Workflow for Spatial Transcriptomics and Its Application to Allergy
and Inflammation,” The Journal of Allergy and Clinical Immunology 155
(2025): 678-687.

143. K. He, H. Xiao, W. A. MacDonald, et al., “Spatial Microniches of IL-2
Combine With IL-10 to Drive Lung Migratory T(H)2 Cells in Response to
Inhaled Allergen,” Nature Immunology 25 (2024): 2124-2139.

144. D. J. Bangs, B. Hondowicz, K. Abadie, et al., “Tertiary Lymphoid
Structures Support the Development of Allergen-specific Progenitor
CD4+ T Cells,” bioRxiv (2025).

145. S. Jaiswal, S. Fatima, E. Velarde de la Cruz, and S. Kumar, “Unrav-
eling the Role of the Immune Landscape in Tuberculosis Granuloma,”
Tuberculosis (Edinburgh, Scotland) 152 (2025): 102615.

146. R. Xu, W. Xiao, G. Ding, et al., “The Use of Multiplex Imaging
Techniques to Characterize Tuberculous Granuloma Heterogeneity,”
WIREs Mechanisms of Disease 15 (2023): e1601.

147. M. Abengozar-Muela, M. V. Esparza, D. Garcia-Ros, et al., “Diverse
Immune Environments in human Lung Tuberculosis Granulomas
Assessed by Quantitative Multiplexed Immunofluorescence,” Modern
Pathology 33 (2020): 2507-2519.

148. A. J. Sawyer, E. Patrick, J. Edwards, et al., “Spatial Mapping Reveals
Granuloma Diversity and Histopathological Superstructure in human
Tuberculosis,” Journal of Experimental Medicine 220 (2023): €20221392.

149. N. Desai, A. Neyaz, A. Szabolcs, et al., “Temporal and Spatial
Heterogeneity of Host Response to SARS-CoV-2 Pulmonary Infection,”
Nature Communications 11 (2020): 6319.

150. A. Kulasinghe, C. W. Tan, A. F. Ribeiro Dos Santos Miggiolaro,
et al., “Profiling of Lung SARS-CoV-2 and Influenza Virus Infection
Dissects Virus-specific Host Responses and Gene Signatures,” European
Respiratory Journal 59 (2022): 2101881.

151. A. F. Rendeiro, H. Ravichandran, Y. Bram, et al., “The Spatial
Landscape of Lung Pathology During COVID-19 Progression,” Nature 593
(2021): 564-569.

152. A. Balachander, B. Lee, S. K. Biswas, et al., “Organ-specific Immune
Response in Lethal SARS-CoV-2 Infection by Deep Spatial Phenotyping,”
Clinical & Translational Immunology 11 (2022): e1384.

153. A. H. C. Ng, H. Hu, K. Wang, et al., “Organ-specific Immunity: a
Tissue Analysis Framework for Investigating Local Immune Responses
to SARS-CoV-2,” Cell Reports 42 (2023): 113212.

154. Q. Guan, A. Eshetu, and Y. C. Ho, “Roadmap for Spatial Transcrip-
tomics of HIV in Tissues,” Current Opinion in HIV and AIDS 20 (2025):
502-511.

MedComm, 2026

23 of 26



155. A. O. Papadopoulos, L. Mvaya, T. Khaba, et al., “Spatial Regulation
of CD8+ T Cells at the HLA-E-NKG2A Axis Drives HIV Persistence in
Lymph Node B Cell Follicles,” Cell Reports 44 (2025): 116181.

156. Y. Xia, J. Ma, X. Yang, et al., “Identifying the Spatial Architecture
That Restricts the Proximity of CD8+ T Cells to Tumor Cells in Pancreatic
Ductal Adenocarcinoma,” Cancers 16 (2024): 1434.

157. X. Guo, S. Ma, J. Wang, Y. Fu, and W. Ma, “Terminally Exhausted
CD8(+) T Cells in Solid Tumors: Biology, Biomarker Potential and
Translational Tools for Precision Oncology,” Frontiers in Immunology 16
(2025): 1709852.

158. C. G. Williams, M. L. Moreira, T. Asatsuma, et al., “Plasmodium
Infection Induces Phenotypic, Clonal, and Spatial Diversity Among
Differentiating CD4+T Cells,” Cell Reports 43 (2024): 114317.

159. M. R. M. Du, C. Wang, C. W. Law, et al., “Benchmarking Spatial Tran-
scriptomics Technologies With the Multi-sample SpatialBenchVisium
Dataset,” Genome Biology 26 (2025): 77.

160. J. S. P. Doehl, H. Ashwin, N. Brown, et al., “Spatial Point Pattern
Analysis Identifies Mechanisms Shaping the Skin Parasite Landscape
in Leishmania donovani Infection,” Frontiers in Immunology 12 (2021):
795554.

161. A. Anil, R. E. D. Braza, B. Liu, et al., “Staphylococcus aureus Exhibits
Spatiotemporal Heterogeneity in Sae Activity During Kidney Abscess
Development,” MBio 16 (2025): €0204325.

162. X. Tan, L. F. Grice, M. Tran, et al., “A Robust Platform for Integrative
Spatial Multi-omics Analysis to Map Immune Responses to SARS-CoV-2
Infection in Lung Tissues,” Immunology 170 (2023): 401-418.

163. F. J. Hartmann, “Spatial Immunometabolism: Integrating Technolo-
gies to Decode Cellular Metabolism in Tissues,” European Journal of
Immunology 55 (2025): €70094.

164. S. R. Shaikh, M. A. Beck, Y. Alwarawrah, and N. J. Maclver,
“Emerging Mechanisms of Obesity-associated Immune Dysfunction,”
Nature Reviews Endocrinology 20 (2024): 136-148.

165. A. Lindhorst, N. Raulien, P. Wieghofer, et al., “Adipocyte Death
Triggers a Pro-inflammatory Response and Induces Metabolic Activation
of Resident Macrophages,” Cell Death & Disease 12 (2021): 579.

166. H. Kohda, M. Tanaka, S. Shichino, et al.,, “Novel Cell-to-Cell
Communications between Macrophages and Fibroblasts Regulate
Obesity-Induced Adipose Tissue Fibrosis,” Diabetes 74 (2025): 1135-
1152.

167. C. M. Stansbury, G. A. Dotson, H. Pugh, A. Rehemtulla, I. Rajapakse,
and L. A. Muir, “A Lipid-associated Macrophage Lineage Rewires the
Spatial Landscape of Adipose Tissue in Early Obesity,” JCI Insight 8
(2023): e171701.

168. S. Chen, W. Chen, T. Xu, et al.,, “The Impact of Aberrant Lipid
Metabolism on the Immune Microenvironment of Gastric Cancer: a Mini
Review,” Frontiers in Immunology 16 (2025): 1639823.

169. S.-L. Chen, Y.-R. Fei, X.-X. Cai, et al., “Exploring the Role of Metabolic
Pathways in TNBC Immunotherapy: Insights From Single-cell and Spatial
Transcriptomics,” Frontiers in Endocrinology 15 (2025): 1528248.

170. N. Berrell, A. Kilgallon, M. L. Donovan, et al., “Proximity and
Metabolic Activity Proxies in the Tumor Microenvironment as Predictors
of Survival in High Grade Serous Ovarian Cancer,” iScience 28 (2025):
113572.

171. J. B. Nunes, M. E. Ijsselsteijn, T. Abdelaal, et al., “Integration of Mass
Cytometry and Mass Spectrometry Imaging for Spatially Resolved Single-
cell Metabolic Profiling,” Nature Methods 21 (2024): 1796-1800.

172. V. W. Yong, “Microglia in Multiple Sclerosis: Protectors Turn Destroy-
ers,” Neuron 110 (2022): 3534-3548.

173. V. Ramaglia, S. Sheikh-Mohamed, K. Legg, et al., “Multiplexed
Imaging of Immune Cells in Staged Multiple Sclerosis Lesions by Mass
Cytometry,” Elife 8 (2019): e48051.

174. D. Mrdjen, B. J. Cannon, M. Amouzgar, et al., “Spatial Proteomics of
Alzheimer’s Disease-specific human Microglial States,” Nature Immunol-
0gy 26 (2025): 1397-1410.

175. A. Mallach, M. Zielonka, V. van Lieshout, et al., “Microglia-astrocyte
Crosstalk in the Amyloid Plaque Niche of an Alzheimer’s disease Mouse
Model, as Revealed by Spatial Transcriptomics,” Cell Reports 43 (2024):
114216.

176. A. Millet, J. H. Ledo, and S. F. Tavazoie, “An Exhausted-Like
Microglial Population Accumulates in Aged and APOE4 Genotype
Alzheimer’s Brains,” Immunity 57 (2024): 153-170 e6.

177. D. R. Avey, B. Ng, R. A. Vialle, et al., “Uncovering Plaque-glia Niches
in human Alzheimer’s disease Brains Using Spatial Transcriptomics,”
Molecular Neurodegeneration Advances 1 (2025): 2.

178. V. Ramaglia, A. Florescu, M. Zuo, S. Sheikh-Mohamed, and J. L.
Gommerman, “Stromal Cell-Mediated Coordination of Immune Cell
Recruitment, Retention, and Function in Brain-Adjacent Regions,” The
Journal of Immunology 206 (2021): 282-291.

179. L. C. Shanley, O. R. Mahon, D. J. Kelly, and A. Dunne, “Harnessing
the Innate and Adaptive Immune System for Tissue Repair and Regen-
eration: Considering More Than Macrophages,” Acta Biomaterialia 133
(2021): 208-221.

180. V. L. Theofilou, D. Fraser, E. Kanasi, et al., “Distinct Spatial Organi-
zation Governs Oral Mucosal Immunity,” Nature Immunology 27 (2026):
624-635.

181. L. Y. Yin, X. Z. Li, and J. Hou, “Macrophages in Periodontitis: a
Dynamic Shift Between Tissue Destruction and Repair,” Japanese Dental
Science Review 58 (2022): 336-347.

182. S. Kuang, J. Yang, Z. Shen, J. Xia, and Z. Lin, “Single-Cell and
Spatial Multi-Omics Analysis Reveal That Targeting JAG1 in Epithe-
lial Cells Reduces Periodontal Inflammation and Alveolar Bone Loss,”
International Journal of Molecular Sciences 25 (2024): 13255.

183. G. Benichou and H. H. Lancia, “Intercellular Transfer of MHC
Molecules in T Cell Alloimmunity and Allotransplantation,” Biomedical
Journal 47 (2024): 100749.

184.J. S. Y. Li, A. M. Raghubar, N. A. Matigian, M. S. Y. Ng, N. M. Rogers,
and A. J. Mallett, “The Utility of Spatial Transcriptomics for Solid Organ
Transplantation,” Transplantation 107 (2023): 1463-1471.

185. A. Loupy, E. Preka, X. Chen, H. Wang, J. He, and K. Zhang,
“Reshaping Transplantation With AI, Emerging Technologies and Xeno-
transplantation,” Nature Medicine 31 (2025): 2161-2173.

186. P. Tasca, B. M. van den Berg, T. J. Rabelink, et al., “Application
of Spatial-omics to the Classification of Kidney Biopsy Samples in
Transplantation,” Nature Reviews Nephrology 20 (2024): 755-766.

187. T. Zhou, K. Guo, C. Dong, et al., “Single-cell and Spatial Transcrip-
tomics Reveal Transplant-associated T Cells and Myeloid Cells in human
Liver Transplantation,” Frontiers in Immunology 17 (2026): 1745647.

188. M. P. Alexander, M. Zaidi, N. Larson, et al., “Exploring the Single-
cell Immune Landscape of Kidney Allograft Inflammation Using Imaging
Mass Cytometry,” American Journal of Transplantation 24 (2024): 549-
563.

189. H. J. Jeong, “Diagnosis of Renal Transplant Rejection: Banff Clas-
sification and Beyond,” Kidney Research and Clinical Practice 39 (2020):
17-31.

190. D. Kwon, “The Antibodies Don’t Work! The Race to Rid Labs of
Molecules That Ruin Experiments,” Nature 635 (2024): 26-28.

191. L. T. Quigley, L. Pang, E. Tavancheh, et al., “Protocol for Investigating
Tertiary Lymphoid Structures in human and Murine Fixed Tissue Sec-
tions Using Opal-TSA Multiplex Immunohistochemistry,” STAR Protocols
4(2023): 101961.

192. J. Da Gama Duarte, L. T. Quigley, E. Tavancheh, S. Ostrouska, and A.
Behren, “A Multispectral Immunohistochemistry Panel to Investigate I'é

24 of 26

MedComm, 2026



T Cells and Butyrophilin Molecules in the Tumour Microenvironment,”
Exploration of Immunology 2 (2022): 383-392.

193.Y. Lin, S. Singh, C. Xu, et al., “Protocol for Tyramide Signal
Amplification Immunohistochemical Detection of Notchl Signaling in
the Vascular System,” STAR Protocols 5 (2024): 103519.

194. Q. Zhu, Z. Zhao, J. Olness, and E. Boone, “Human Lung MERFISH
Protocol for Fresh Frozen Tissue,” (2025).

195. S. Lata, S. M. Yabaji, A. K. O’Connell, et al., “Protocol for 3D Mul-
tiplexed Fluorescent Imaging of Pulmonary TB Lesions Using Opal-TSA
Dyes for Signal Amplification,” STAR Protocols 6 (2025): 103640.

196. T. Chang, S. Zhao, K. Deng, et al., “High-plex Spatial RNA Imaging
in One Round With Conventional Microscopes Using Color-intensity
Barcodes,” Nature Biotechnology (2025): 1-13.

197. X. Lu, M. Zhou, B. Gao, et al., “stGRL: Spatial Domain Identification,
Denoising, and Imputation Algorithm for Spatial Transcriptome Data
Based on Multi-task Graph Contrastive Representation Learning,” BMC
Biology 23 (2025): 177.

198. J. W. Hickey, Y. Tan, G. P. Nolan, and Y. Goltsev, “Strategies for
Accurate Cell Type Identification in CODEX Multiplexed Imaging Data,”
Frontiers in Immunology 12 (2021): 727626.

199. G.J. Baker, E. Novikov, Z. Zhao, et al., “Quality Control for Single-cell
Analysis of High-plex Tissue Profiles Using CyLinter,” Nature Methods 21
(2024): 2248-2259.

200. A. M. Sequeira, M. E. Ijsselsteijn, M. Rocha, and N. de Miranda,
“PENGUIN: a Rapid and Efficient Image Preprocessing Tool for Multi-
plexed Spatial Proteomics,” Computational and Structural Biotechnology
Journal 23 (2024): 3920-3928.

201. W. A. M. Vierdag and S. K. Saka, “A Perspective on FAIR Quality Con-
trol in Multiplexed Imaging Data Processing,” Frontiers in Bioinformatics
4(2024): 1336257.

202. K. Wang, K. Ait-Ahmad, S. Kupp, et al., “Toward Universal
Immunofluorescence Normalization for Multiplex Tissue Imaging With
UniFORM,” Cell Reports Methods 5 (2025): 101172.

203. J. Kriel, J. J. D. Moffet, T. Lu, et al., “An Integrative Spatial Multi-omic
Workflow for Unified Analysis of Tumor Tissue,” Cell Reports Methods 6
(2026): 101306.

204.Y. Dai, A. Kizhakeyil, D. Chihara, et al.,, “Multi-modal Spatial
Characterization of Tumor Immune Microenvironments Identifies Tar-
getable Inflammatory Niches in Diffuse Large B Cell Lymphoma,” Nature
Genetics 57 (2025): 2715-2727.

205.J. Zhao, Y. Liu, M. Wang, et al., “Insights Into Highly Multiplexed
Tissue Images: a Primer for Mass Cytometry Imaging Data Analysis,”
TrAC Trends in Analytical Chemistry 157 (2022): 116794.

206. H. Sun, S. Yu, A. M. Casals, et al., “Flexible and Robust Cell-type
Annotation for Highly Multiplexed Tissue Images,” Cell Systems 16 (2025):
101374.

207. P. S. L. Schafer, D. Dimitrov, E. J. Villablanca, and J. Saez-Rodriguez,
“Integrating Single-cell Multi-omics and Prior Biological Knowledge for a
Functional Characterization of the Immune System,” Nature Immunology
25 (2024): 405-417.

208.J. Chen, W. Hartnett, V. S. Basava, et al., “Protocol for Integrating
Immunohistochemistry and H&E Annotations With Xenium Data at
Single-cell Resolution,” STAR Protocols 6 (2025): 104107.

209. Y. Zhou, X. Xiao, L. Dong, C. Tang, G. Xiao, and L. Xu, “Cooperative
Integration of Spatially Resolved Multi-omics Data With COSMOS,”
Nature Communications 16 (2025): 27.

210. O. Lapuente-Santana, J. Kant, and F. Eduati, “Integrating
Histopathology ~ and  Transcriptomics  for ~ Spatial =~ Tumor
Microenvironment Profiling in a Melanoma Case Study,” NPJ Precision
Oncology 8 (2024): 254.

211. C. Huan, J. Li, Y. Li, et al., “Spatially Resolved Multiomics: Data
Analysis From Monoomics to Multiomics,” BME Frontiers 6 (2025): 0084.

212. S. Mages, N. Moriel, I. Avraham-Davidi, et al., “TACCO Unifies
Annotation Transfer and Decomposition of Cell Identities for Single-cell
and Spatial Omics,” Nature Biotechnology 41 (2023): 1465-1473.

213. P. Yang, K. Jin, Y. Yao, et al., “Spatial Integration of Multi-omics
Single-cell Data With SIMO,” Nature Communications 16 (2025): 1265.

214. D. Phillips, M. Matusiak, B. R. Gutierrez, et al., “Immune Cell
Topography Predicts Response to PD-1 Blockade in Cutaneous T Cell
Lymphoma,” Nature Communications 12 (2021): 6726.

215. C. F. Stockem, J. van Dorp, N. van Dijk, et al., “Final Clinical
Analysis of Pre-operative ipilimumab and nivolumab in Locally Advanced
Urothelial Cancer and Exploration of Tumor-draining Lymph Node
Composition: the NABUCCO Trial,” European Journal of Cancer 229
(2025): 115731.

216. A.J. Moskowitz, P. Ghione, E. Jacobsen, et al., “A Phase 2 Biomarker-
driven Study of ruxolitinib Demonstrates Effectiveness of JAK/STAT
Targeting in T-cell Lymphomas,” Blood 138 (2021): 2828-2837.

217. M. M. Leonard, J. A. Silvester, D. Leffler, et al., “Evaluating Responses
to Gluten Challenge: a Randomized, Double-Blind, 2-Dose Gluten
Challenge Trial,” Gastroenterology 160 (2021): 720-733 8.

218.J. P. Guegan, F. Peyraud, B. Dadone-Montaudie, et al., “Analysis of
PD1, LAG3, TIGIT, and TIM3 Expression in human Lung Adenocarci-
noma Reveals a 25-gene Signature Predicting Immunotherapy Response,”
Cell Reports Medicine 5 (2024): 101831.

219. H. Wu, W. Shu, Y. Ding, et al., “The Immune Signatures Predict Gas-
tric/Gastroesophageal Junction Cancer Response to First-line anti-PD-1
Blockade or Chemotherapy,” BMC Cancer 25 (2025): 1369.

220. P. W. Harms, T. L. Frankel, M. Moutafi, et al., “Multiplex Immuno-
histochemistry and Immunofluorescence: a Practical Update for Patholo-
gists,” Modern Pathology 36 (2023): 100197.

221. T. N. Aung, K. M. Bates, and D. L. Rimm, “High-Plex Assessment of
Biomarkers in Tumors,” Modern Pathology 37 (2024): 100425.

222. E. J. Mulholland and S. J. Leedham, “Redefining Clinical Prac-
tice Through Spatial Profiling: a Revolution in Tissue Analysis,” The
Annals of the Royal College of Surgeons of England 106 (2024): 305-
312.

223. D. Gong, J. M. Arbesfeld-Qiu, E. Perrault, J. W. Bae, and W. L. Hwang,
“Spatial Oncology: Translating Contextual Biology to the Clinic,” Cancer
Cell 42 (2024): 1653-1675.

224. N. Colombo, E. Zsiros, A. Sebastianelli, et al., “LBA3 Pembrolizumab
vs Placebo plus Weekly Paclitaxel+Bevacizumab in Platinum-resistant
Recurrent Ovarian Cancer: Results From the Randomized Double-blind
Phase III ENGOT-ov65/KEYNOTE-B96 Study,” Annals of Oncology 36
(2025): S1582.

225.]. Cortes, H. S. Rugo, D. W. Cescon, et al., “Pembrolizumab plus
Chemotherapy in Advanced Triple-Negative Breast Cancer,” The New
England Journal of Medicine 387 (2022): 217-226.

226. H. A. Blair, “Immunoscore(R): a Diagnostic Assay for Clinical
Management of Colon Cancer,” Molecular Diagnosis & Therapy 24 (2020):
365-370.

227.]. Galon, A. Costes, F. Sanchez-Cabo, et al., “Type, Density, and
Location of Immune Cells within Human Colorectal Tumors Predict
Clinical Outcome,” Science 313 (2006): 1960-1964.

228. F. Pages, B. Mlecnik, F. Marliot, et al., “International Validation of
the Consensus Immunoscore for the Classification of Colon Cancer: a
Prognostic and Accuracy Study,” Lancet 391 (2018): 2128-2139.

229. F. Pages, J. Taieb, P. Laurent-Puig, and J. Galon, “The Consensus
Immunoscore in Phase 3 Clinical Trials; Potential Impact on Patient
Management Decisions,” Oncoimmunology 9 (2020): 1812221.

230. F. Pages, T. Andre, J. Taieb, et al., “Prognostic and Predictive Value
of the Immunoscore in Stage III Colon Cancer Patients Treated With
Oxaliplatin in the Prospective IDEA France PRODIGE-GERCOR Cohort
Study,” Annals of Oncology 31 (2020): 921-929.

MedComm, 2026

25 0f 26



231. F. A. Sinicrope, Q. Shi, F. Hermitte, et al., “Contribution of
Immunoscore and Molecular Features to Survival Prediction in Stage III
Colon Cancer,” JNCI Cancer Spectrum 4 (2020): pkaa023.

232.J. M. Taube, G. Akturk, M. Angelo, et al., “The Society for
Immunotherapy of Cancer Statement on Best Practices for Multiplex
Immunohistochemistry (IHC) and Immunofluorescence (IF) Staining
and Validation,” Journal for ImmunoTherapy of Cancer 8 (2020): e000155.

233.S. Sater, C. B. Bifulco, J. Rodriguez-Canales, et al., “Society
for Immunotherapy of Cancer: Standards for Reporting of Multiplex
Immunohistochemistry/Immunofluorescence Assays (STORMI),” Jour-
nal for ImmunoTherapy of Cancer 13 (2025): €012280.

234.J. M. Taube, J. C. Sunshine, M. Angelo, et al., “Society for
Immunotherapy of Cancer: Updates and Best Practices for Multiplex
Immunohistochemistry (IHC) and Immunofluorescence (IF) Image
Analysis and Data Sharing,” Journal for ImmunoTherapy of Cancer 13
(2025): e008875.

235. V. Kumar, P. Randhawa, R. Bilodeau, et al., “Spatial Profiling of the
Prostate Cancer Tumor Microenvironment Reveals Multiple Differences
in Gene Expression and Correlation With Recurrence Risk,” Cancers
(Basel) 14 (2022): 4923.

236. T. N. Aung, J. Monkman, J. Warrell, et al., “Spatial Signatures for
Predicting Immunotherapy Outcomes Using Multi-omics in Non-small
Cell Lung Cancer,” Nature Genetics 57 (2025): 2482-2493.

237. A. Irmisch, X. Bonilla, S. Chevrier, et al., “The Tumor Profiler Study:
Integrated, Multi-omic, Functional Tumor Profiling for Clinical Decision
Support,” Cancer Cell 39 (2021): 288-293.

238. T. Mehra, D. Menges, B. Gosztonyi, et al., “Comparative Cost
Analysis of a Diagnostic Multi-omics Platform for Decision Support in
Advanced Cancer—results From the Tumor Profiler Melanoma Project,”
NPJ Precision Oncology 10 (2025): 35.

239. A. Levy-Jurgenson, X. Tekpli, V. N. Kristensen, and Z. Yakhini,
“Spatial Transcriptomics Inferred From Pathology Whole-slide Images
Links Tumor Heterogeneity to Survival in Breast and Lung Cancer,”
Scientific Reports 10 (2020): 18802.

240. Z. Li, Y. Li, J. Xiang, et al., “Al-enabled Virtual Spatial Proteomics
From Histopathology for Interpretable Biomarker Discovery in Lung
Cancer,” Nature Medicine 32 (2026): 231-244.

241. E. Wu, M. Bieniosek, Z. Wu, et al., “ROSIE: AI Generation of
Multiplex Immunofluorescence Staining From Histopathology Images,”
Nature Communications 16 (2025): 7633.

242. B. Chai, C. Efstathiou, H. Yue, and V. M. Draviam, “Opportunities
and Challenges for Deep Learning in Cell Dynamics Research,” Trends in
Cell Biology 34 (2024): 955-967.

243. V. Boulat, A. Ciccarelli, M. S. Hung, L. Zhang, A. Grigoriadis, and D.
P. Calado, “Protocol for Rapid 5-plex 3D Imaging and Single-cell Analysis
of Immune Responses in Whole Murine Lymph Nodes,” STAR Protocols
6 (2025): 104059.

244. C. Yapp, A. J. Nirmal, F. Zhou, et al., “Highly Multiplexed 3D
Profiling of Cell States and Immune Niches in human Tumors,” Nature
Methods 22 (2025): 2180-2193.

245. W. Cho, S. Kim, and Y. G. Park, “Towards Multiplexed Immunofluo-
rescence of 3D Tissues,” Molecular Brain 16 (2023): 37.

246. E. A. Susaki, “Unlocking the Potential of Large-scale 3D Imaging
With Tissue Clearing Techniques,” Microscopy (Oxford) 74 (2025): 179-188.

247.]. Zheng, Y. C. Wu, E. H. Phillips, X. Cai, X. Wang, and S. Seung-
Young Lee, “Increased Multiplexity in Optical Tissue Clearing-Based
Three-Dimensional Immunofluorescence Microscopy of the Tumor
Microenvironment by Light-Emitting Diode Photobleaching,” Laboratory
Investigation 104 (2024): 102072.

248. W. Li, R. N. Germain, and M. Y. Gerner, “High-dimensional Cell-
level Analysis of Tissues With Ce3D Multiplex Volume Imaging,” Nature
Protocols 14 (2019): 1708-1733.

249. P. E. Rios Coronado and K. Red-Horse, “Enhancing Cardiovascular
Research With Whole-organ Imaging,” Current Opinion in Hematology 28
(2021): 214-220.

250. Y. Cui, G. Yang, D. R. Goodwin, et al., “Expansion Microscopy Using
a Single Anchor Molecule for High-yield Multiplexed Imaging of Proteins
and RNAs,” PLoS ONE 18 (2023): e0291506.

251. T. W. Shin, H. Wang, C. Zhang, et al., “Dense, Continuous Membrane
Labeling and Expansion Microscopy Visualization of Ultrastructure in
Tissues,” Nature Communications 16 (2025): 1579.

252. Z. Cheng, C. Stefani, T. Skillman, et al., “MicroMagnify: a Mul-
tiplexed Expansion Microscopy Method for Pathogens and Infected
Tissues,” Advanced Science (Weinheim) 10 (2023): €2302249.

253. F. Chen, P. W. Tillberg, and E. S. Boyden, “Optical Imaging.
Expansion Microscopy,” Science 347 (2015): 543-548.

254.]. Kang, M. E. Schroeder, Y. Lee, et al., “Multiplexed Expansion
Revealing for Imaging Multiprotein Nanostructures in Healthy and
Diseased Brain,” Nature Communications 15 (2024): 9722.

255. S.Z.Wu, G. Al-Eryani, D. L. Roden, et al., “A Single-cell and Spatially
Resolved Atlas of human Breast Cancers,” Nature Genetics 53 (2021): 1334—
1347.

256.J. Hu, F. Liu, J. Zhang, et al., “Spatially Resolved Transcriptomic
Analysis of the Adult human Prostate,” Nature Genetics 57 (2025): 922-933.

257. A. M. Khaliq, M. Rajamohan, O. Saeed, et al., “Spatial Transcrip-
tomic Analysis of Primary and Metastatic Pancreatic Cancers Highlights
Tumor Microenvironmental Heterogeneity,” Nature Genetics 56 (2024):
2455-2465.

258. P. Y. Zhou, C. Zhou, W. Gan, et al., “Single-cell and Spatial Archi-
tecture of Primary Liver Cancer,” Communications Biology 6 (2023):
1181.

259. F. Perez-Villatoro, A. Shabanova, L. van Wagensveld, et al., “Single-
cell Spatial Atlas of High-grade Serous Ovarian Cancer Uncovers MHC
Class II as a Key Predictor of Spatial Tumor Ecosystems and Clinical
Outcomes,” Cancer Discovery (2026).

260. W. Lei, C. Fuster-Barcelo, G. Reder, A. Munoz-Barrutia, and W.
Ouyang, “Biolmage. IO Chatbot: a Community-driven AI Assistant
for Integrative Computational Bioimaging,” Nature Methods 21 (2024):
1368-1370.

261.J. Su, Y. Qu, M. Schertzer, et al., “Mapping Isoforms and Regula-
tory Mechanisms From Spatial Transcriptomics Data With SPLISOSM,”
Nature Biotechnology (2026): 1-12.

262.S. Birk, 1. Bonafonte-Pardas, A. M. Feriz, et al., “Quantitative
Characterization of Cell Niches in Spatially Resolved Omics Data,” Nature
Genetics 57 (2025): 897-909.

26 of 26

MedComm, 2026



	Mapping Immunity With Cutting-Edge Spatial Biology and Tissue Cytometry Innovations
	1 | Introduction
	2 | Cutting-Edge Technologies for Spatial Immune Profiling
	2.1 | Probing the Spatial Landscape: Labeling, Detection, and Imaging
	2.2 | From Images to Insights: Tissue Image Cytometry for Spatial Analysis

	3 | Immunity in Context: Spatial Applications to Understand Pathogenesis
	3.1 | Tumor Immunology
	3.2 | Autoimmune and Allergic Diseases
	3.2.1 | Rheumatoid Arthritis
	3.2.2 | Allergic Disease

	3.3 | Infectious Diseases
	3.3.1 | Tuberculosis
	3.3.2 | COVID-19
	3.3.3 | HIV

	3.4 | Immunometabolism
	3.4.1 | Obesity and Adipose Tissue Inflammation
	3.4.2 | Cancer and Metabolic Niches

	3.5 | Neuroimmunology
	3.6 | Regenerative Immunology
	3.7 | Transplant Immunology

	4 | Roadblocks and New Routes in Spatial Immunity
	4.1 | Technical and Analytical Hurdles
	4.1.1 | Sample Preparation, Staining, and Antibody Validation
	4.1.2 | Throughput and Multiplexing Trade-Offs
	4.1.3 | Data Preprocessing, Cell Segmentation, and Cell Annotation
	4.1.4 | Computational Demands
	4.1.5 | Multimodal and Multiomic Data Integration
	4.1.6 | From Bench to Bedside

	4.2 | Emerging frontiers in Spatial Immunity
	4.2.1 | Data Inference
	4.2.2 | 3D Imaging and Super Resolution
	4.2.3 | Spatial Atlases
	4.2.4 | Next-Generation Tissue Image Cytometry
	4.2.5 | Advanced Computational Tools for Spatial Omics


	5 | Concluding Remarks
	Author Contributions
	Acknowledgments
	Funding
	Ethics Statement
	Conflicts of Interest
	Data Availability Statement
	References


