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ABSTRACT

Precision oncology increasingly depends on assays that preserve both biomarker identity and the spatial
context of the tumor microenvironment (TME). Conventional single-plex chromogenic immunohistochemistry
remains clinically valuable, but its limited plex and loss of cell-to-cell context can constrain assessment of
heterogeneous immune and stromal compartments. This narrative technical review examines multiplex
immunohistochemistry and immunofluorescence, high-dimensional immunophenotyping, imaging mass
cytometry, and oligonucleotide-barcoded imaging systems as complementary approaches for predictive
biomarker discovery and targeted therapy. It also reviews the computational pathway from image acquisition
and registration through cell segmentation, phenotyping, dimensionality reduction, spatial statistics, and
clinically interpretable tissue architectures. Across the cited literature, spatially resolved multi-marker
measurements provide information that is not captured by isolated marker percentages or bulk molecular
averages, including immune-cell proximity, exclusion, co-expression, and neighborhood organization. These
features can refine hypotheses about response and resistance to immune-checkpoint inhibition and support
rational combination-therapy design, while artificial-intelligence methods can improve reproducibility in
segmentation and high-dimensional pattern recognition. However, translation into routine diagnostics requires
standardized pre-analytics, validated antibody panels, transparent computational pipelines, external clinical
validation, data infrastructure, and multidisciplinary quality assurance. Multiplex spatial pathology should
therefore be viewed as a rapidly advancing complementary framework for precision oncology whose strongest
clinical claims remain dependent on prospective validation and laboratory standardization.
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1. Introduction

Over the past two decades, oncology has moved from predominantly non-selective cytotoxic therapy toward
treatment strategies that increasingly match biological vulnerabilities to targeted agents and immunotherapies.
Precision oncology is built on the recognition that cancers differ substantially across patients in their genomic,
molecular, cellular, and microenvironmental characteristics (Qiao et al., 2025). The broader precision-health
perspective extends this logic from reactive treatment toward prediction and prevention where reliable
molecular and clinical evidence permits (Klein & Hoppe, 2026).

The tumor microenvironment (TME), however, complicates even highly targeted treatment. A tumor is not a
homogeneous mass of malignant cells; it is an organized ecosystem containing malignant cells, stromal
structures, vascular elements, and diverse immune populations. Consequently, clinically relevant stratification
requires more than identifying which molecules are present. It also requires understanding which cells express
them, where those cells are located, and how neighboring populations interact. High-resolution spatial and
multi-omic approaches are increasingly used to characterize this architecture and to identify candidate
predictive patterns that are invisible to bulk measurements alone (Hsu et al., 2025; Liu et al., 2026).

This review focuses on the technical and translational role of multiplex immunohistochemistry (mIHC),
multiplex immunofluorescence, and related high-dimensional spatial-proteomic approaches in predictive
biomarker discovery and targeted therapy. Particular attention is given to the progression from staining
chemistry to cell-resolved spatial data, quantitative modeling, artificial-intelligence-assisted analysis, and the
requirements for clinical implementation.

1.1 Limitations of Traditional Single-Plex Inmunohistochemistry

Single-plex immunohistochemistry remains a foundational pathology method for tissue diagnosis and
biomarker assessment. Its clinical strength lies in robust morphology-linked protein detection, but a one-
marker-at-a-time workflow provides only a limited view of heterogeneous tissues. PD-L1 illustrates this
limitation: a conventional single stain can quantify expression but may not fully resolve whether the signal
arises from malignant cells, macrophages, or other stromal and immune compartments. High-plex imaging of
the same tissue section can retain this cellular and architectural context and can support discovery of image-
derived biomarkers that are difficult to reconstruct from serial single stains (Lin et al., 2023).

Conventional chromogenic multiplexing also faces practical constraints from color overlap, steric interference,
and the difficulty of resolving complex co-expression patterns on the same cell. These constraints matter when
the biological question depends on compound phenotypes, such as activation and exhaustion states within
cytotoxic T-cell populations. Multiplex fluorescence and other high-parameter methods address this problem
by separating detection channels and preserving the spatial relationship among multiple markers (Harms et al.,
2023).

1.2 Spatial Architecture of the Tumor Microenvironment

The spatial organization of immune and stromal populations can influence whether an antitumor immune
response is physically able to engage malignant cells. CD8+ cytotoxic T lymphocytes, for example, must reach
tumor-associated targets rather than merely be present somewhere in the tissue. Conversely, regulatory T cells,
suppressive myeloid populations, and dense stromal structures may contribute to immune-excluded or
immune-desert configurations. Recent spatial studies have shown that the location and organization of
immune populations can be associated with survival and response to therapy, supporting the biological value of
tissue geography in addition to cell counts (Greenwald et al., 2026; Wang et al., 2026).
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Bulk RNA sequencing, mass spectrometry, and other homogenizing assays can provide powerful molecular
averages, but they do not intrinsically preserve the original coordinates of individual cells. Spatial profiling
complements these methods by retaining tissue structure and enabling direct measurement of proximity,
exclusion, infiltration, and neighborhood composition. Figure 1 illustrates a distance-based representation of
CD8+ T-cell density relative to a Pan-CK-defined tumor margin, while Figure 2 emphasizes the physical
arrangement of tumor, effector, suppressive, and stromal compartments.
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Figure 1. Spatial distribution of CD8+ T cells relative to Pan-CK-defined tumor margins. (A) Multiplex
immunofluorescence depicting Pan-CK, CD8, and DAPI with distance zones from the tumor margin. (B)
Example distance-based comparison of CD8+ cell density. (C) Representative high-, intermediate-, and low-
infiltration patterns. Figure supplied in the author manuscript; contextual sources include Wang et al. (2023)
and Wang et al. (2026).

A spatially resolved view is especially useful when function depends on physical contact or exclusion. Effector
lymphocytes may accumulate at a tumor boundary yet remain separated from malignant cells by stromal or
immunosuppressive compartments. In such cases, the same overall immune-cell count can conceal very
different biological states. Mapping these compartments therefore adds a structural layer to
immunophenotyping and provides a clearer basis for testing predictive hypotheses (Greenwald et al., 2026).
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Figure 2. Spatial architecture of the tumor microenvironment. The supplied image depicts Pan-CK-positive
tumor cells, CD8+ T cells, FoxP3+ regulatory T cells, CD11b+CD33+ myeloid-derived suppressor cells, collagen
I-positive stroma, and a tumor boundary. The zoomed view emphasizes cell-to-cell positioning at the tumor-
stroma interface. Figure supplied in the author manuscript; conceptual context is consistent with spatial-TME
analysis described by Greenwald et al. (2026).

1.3 Review Scope and Approach

This article is a narrative technical review of the literature cited in the submitted manuscript, with emphasis on
multiplex staining platforms, spatial immunophenotyping, computational pathology, and clinical translation. It
does not report a new patient cohort, a systematic-search protocol, or a pooled meta-analysis. Accordingly,
quantitative and clinical-performance statements are interpreted as findings of the cited studies rather than as
newly calculated effect estimates. The purpose is to integrate the technical workflow with its potential clinical
meaning while distinguishing established methods from emerging translational applications.

2. Methodological Exploration of Multiplex Imaging

2.1 Chromogenic and Fluorescent Sequential Staining Paradigms

Multiplex immunohistochemistry uses distinct detection chemistries to measure several targets in one tissue
section. Chromogenic approaches combine enzyme-substrate systems, including horseradish peroxidase or
alkaline phosphatase with distinguishable chromogens, and can be examined using conventional brightfield
microscopy (Morrison et al., 2022). Their principal advantages include familiarity, morphological readability,
and freedom from photobleaching. Their principal limitation is spectral crowding: as the number of
chromogens increases, visual separation and reliable quantification become progressively more difficult
(Harms et al., 2023).
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Multiplex immunofluorescence assigns fluorophores with separable emission characteristics to individual
targets. Optical or computational spectral unmixing can then distinguish signals that occupy the same cellular
or subcellular region. This expands the number of markers that can be interpreted on a single section and
permits direct analysis of co-expression states, making the method particularly useful when cell identity and
functional status must be evaluated together (Harms et al., 2023; Lai et al., 2026).

2.2 Tyramide Signal Amplification Mechanics

Tyramide signal amplification (TSA) is a widely used strategy for cyclic multiplex immunofluorescence. In a
typical cycle, a target-bound antibody complex carries horseradish peroxidase (HRP). In the presence of
hydrogen peroxide, HRP activates a fluorophore-conjugated tyramide substrate, producing short-lived reactive
intermediates that covalently deposit near the target protein. The localized deposition amplifies signal while
maintaining spatial correspondence with the antigen (Harms et al., 2023; Li et al., 2024).

Because the deposited tyramide fluorophore remains associated with the tissue after antibody complexes are
removed, cycles of stain, image, antibody stripping, and re-staining can be repeated. This sequential strategy
supports multi-marker panels while reducing cross-reactivity among antibodies used in different cycles. Panel
design still requires careful validation of antibody specificity, staining order, antigen stability, fluorophore
balance, and tissue preservation; greater plex does not eliminate the need for rigorous controls (Harms et al.,
2023; Liet al., 2024).

2.3 Mass Cytometry Imaging and Oligonucleotide-Barcoded Systems

When substantially higher parameter counts are required, spatial proteomic platforms can move beyond
conventional fluorescence. Imaging mass cytometry (IMC) and related ion-beam methods use antibodies
conjugated to metal isotopes and detect those labels after laser or ion-beam ablation and time-of-flight mass
analysis. Oligonucleotide-barcoded imaging systems use antibodies linked to DNA barcodes that are read
through repeated cycles of complementary fluorescent reporters. Both strategies preserve spatial information
while increasing the number of measurable targets, although they differ in instrumentation, acquisition speed,
resolution, cost, and computational requirements (Liu et al., 2026).

Regardless of platform, analytical reliability depends on a traceable workflow that begins with antibody
validation and panel design and ends with image reconstruction and spatial analysis. Figure 3 summarizes this
progression and makes explicit that the analytical product is not merely a colorful image, but a cell-resolved,
quantitative spatial dataset that can support downstream biological and clinical interpretation.
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Figure 3. Technical roadmap from antibody validation to spatial data. The workflow progresses through
antibody validation; panel design and conjugation; tissue staining; laser ablation or ionization for metal-based
systems; mass-spectrometric detection; optional oligonucleotide-barcoded cyclic imaging; and image
processing/spatial analysis. The intended outcome is high-parameter, quantitative spatial proteomics. Figure
supplied in the author manuscript.

3. Advanced Spatial Immunophenotyping

3.1 Defining Cell Lineages and Co-Expression Profiles

A major advantage of multiplex immunophenotyping is the ability to define cell identity and functional state on
the same tissue section. Morphology alone may broadly classify lymphocytes, tumor cells, or stromal elements,
whereas a multiplex panel can combine lineage markers with activation, exhaustion, regulatory, or signaling
markers. This cell-resolved approach is important because cellular heterogeneity can obscure biological
relationships when mixed populations are analyzed as if they were uniform (Bruns et al., 2025).

A representative panel might use pan-cytokeratin to delineate epithelial tumor regions together with CD3, CDS8,
CD4, FoxP3, and PD-1 to characterize T-cell lineages and functional states. Such combinations can distinguish,
for example, CD3+CD8+ cytotoxic populations from CD3+CD4+FoxP3+ regulatory populations while retaining
their exact location in the tissue. The interpretation of PD-1 expression should remain context-dependent
because marker positivity alone is not equivalent to a complete functional classification; the strength of
multiplexing lies in combining multiple signals with morphology and spatial context.

High-dimensional co-expression profiles can then be related to tissue neighborhoods and clinical outcomes.
The resulting signatures may capture patterns of immune activation, exhaustion, suppression, or exclusion that
bulk measurements cannot localize. In contemporary precision-oncology workflows, these profiles are
increasingly integrated with computational modeling and other omic layers to generate testable predictors of
therapeutic response and resistance (Hsu et al., 2025; Greenwald et al., 2026).

3.2 Quantitative Spatial Statistics and Proximity Modeling

After individual cells are segmented and phenotyped, each cell can be represented as a row in a single-cell data
table containing marker intensities, phenotype labels, and Cartesian coordinates. This transformation converts
a visual tissue section into structured data that support reproducible spatial measurements. Examples include
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Euclidean distance from a CD8+ T cell to the nearest tumor boundary, cell density within predefined
compartments, nearest-neighbor distributions, and the frequency of specified cell-cell contacts (Liu et al.,
2026).

More advanced analyses can characterize neighborhoods, clustering, exclusion zones, and graph-based
relationships among cell populations. Rather than asking only how many cells of a given type are present, these
methods ask whether those cells are randomly distributed, concentrated in functional aggregates, excluded
from tumor nests, or positioned at clinically relevant interfaces. Such spatial features can be summarized at the
region, slide, or patient level and tested against outcomes using appropriate statistical models and validation
procedures (Greenwald et al., 2026; Wang et al., 2026).

Unsupervised learning can further group single-cell phenotypes into recurrent tissue communities such as
immune-inflamed, immune-excluded, or immune-desert patterns. Graph-based and neighborhood models can
represent cells as nodes and spatial relationships as edges, providing a compact description of tissue topology.
These methods are promising, but clinical use requires transparent feature definitions, careful control of batch
effects, held-out validation, and avoidance of claims that exceed the underlying study design (Dammak et al.,
2026; Omar et al., 2024).

4. Clinical Translation and Targeted Therapeutics

4.1 Predicting Response to Immune Checkpoint Inhibition

A major translational objective of mIHC is to improve prediction of response to immune checkpoint inhibitors,
including therapies directed at PD-1, PD-L1, and CTLA-4. Established biomarkers such as PD-L1 expression
and tumor mutational burden can provide useful information in selected settings, but neither alone captures
the complete spatial organization of the TME. Reviews of immunotherapy biomarkers therefore increasingly
emphasize composite models that combine molecular, cellular, and clinical information rather than relying on
a single measure (Kovacs et al., 2023; Oisakede et al., 2025).

Spatial immunophenotyping adds a distinctive layer by measuring whether immune effectors and their targets
occupy biologically meaningful positions. For example, the coexistence of PD-1-positive lymphocytes and PD-
L1-positive tumor or stromal cells may have different implications when the populations are in direct proximity
than when they are separated into different tissue compartments. Spatial analysis can therefore complement
established assays by testing whether the structural conditions for immune engagement or exclusion are
present (Lee et al., 2022; Greenwald et al., 2026).

Clinical interpretation must nevertheless remain conservative. Spatial signatures associated with favorable
response in one cohort may not transfer unchanged across tumor types, specimen types, treatment regimens,
or analytical platforms. Multiplex spatial pathology is therefore best positioned as a source of complementary
predictive features that require prospective, externally validated cutoffs before routine treatment decisions are
based on them. This qualification is especially important in rapidly evolving areas such as lung-cancer
immunotherapy and combination treatment (Leone et al., 2023).

4.2 Mechanisms of Therapeutic Resistance Decoded by Spatial Maps

High-parameter spatial maps can also help explain why a tumor fails to respond despite the apparent presence
of immune cells. Cytotoxic T cells may accumulate near a tumor margin yet be separated from malignant cells
by cancer-associated fibroblasts, suppressive macrophage populations, or other stromal barriers. In such a
setting, a conventional density measurement may suggest immune infiltration while the spatial map reveals
functional exclusion. This distinction can generate mechanistic hypotheses about primary or acquired
resistance and identify tissue compartments for further investigation (Greenwald et al., 2026; Liu et al., 2026).
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Multiplex panels can additionally track the co-expression of alternative inhibitory receptors such as LAG-3,
TIM-3, and TIGIT on tumor-infiltrating lymphocytes. These observations are relevant when resistance to one
checkpoint pathway is accompanied by compensatory signaling through another. Spatial localization helps
determine whether such phenotypes occur in the same microenvironmental niche as tumor cells or suppressive
myeloid populations, providing a more specific basis for selecting candidate combination strategies. These
observations remain hypothesis-generating unless linked to treatment outcomes in appropriately designed
cohorts.

4.3 Rational Combination Therapy Design

Because multiplex imaging can identify several suppressive mechanisms within the same tissue section, it can
support rational combination-therapy hypotheses. Co-localization of checkpoint molecules, suppressive
myeloid populations, stromal barriers, angiogenic features, or metabolic targets may indicate that a single
pathway is unlikely to explain resistance. Spatial data can therefore help prioritize combinations for clinical
testing and can guide biomarker-rich trial design. The clinically important step is validation: a visually
compelling spatial pattern must demonstrate reproducibility, incremental predictive value, and a favorable
decision impact before it becomes a treatment-selection tool (Che et al., 2024; Oisakede et al., 2025).

4.4 Longitudinal Monitoring and Adaptive Strategies

Where serial tissue sampling is clinically and ethically appropriate, multiplex imaging can be applied at more
than one time point to examine spatial remodeling during therapy. Sequential specimens may reveal loss or
recruitment of immune populations, emergence of alternative checkpoint expression, or changes in tumor-
stroma organization. Such longitudinal analyses can illuminate evolutionary dynamics and acquired resistance,
although repeated biopsy introduces sampling, feasibility, and safety constraints. The value of longitudinal
mIHC therefore lies primarily in research and selected clinical settings until standardized prospective evidence
supports broader use (Liu et al., 2026).

5. Technical Perspectives and Artificial-Intelligence Solutions

5.1 Pre-Analytical Artifacts and Computational Tissue Segmentation

The diagnostic potential of mIHC depends on pre-analytical control. Ischemia time, fixation duration, paraffin
processing, tissue thickness, antigen retrieval, antibody performance, and staining order can all alter signal
intensity or morphology. These effects are especially important when a quantitative threshold may influence
patient stratification. Recent work on PD-L1 and other markers reinforces the need to treat pre-analytics as
part of the measurement system rather than as an upstream laboratory detail (Gambella et al., 2026).

Quality-control workflows should therefore detect folds, tears, poorly fixed regions, tissue loss, out-of-focus
areas, and other artifacts before downstream analysis. Artificial-intelligence systems can assist with artifact
detection and triage, but they do not replace pathologist oversight or assay validation. Their value is strongest
when the algorithms are trained and tested on representative material and when automated exclusions remain
auditable (Gautam et al., 2025; Alwahaibi, 2026).

Repeated staining cycles and high-plex panels create additional analytical risks, including epitope masking,
cumulative tissue damage, signal imbalance, and registration error across image cycles. These risks make
panel-order optimization, positive and negative controls, and reproducible staining protocols essential. The
problem is particularly acute in small or fragile specimens, where limited tissue cannot easily be replaced and
errors can propagate through every downstream step (Abdullah et al., 2026; Harms et al., 2023).
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Once high-quality images are acquired, computational infrastructure becomes a second major bottleneck.
Whole-slide multiplex datasets can be large and multidimensional, requiring reliable storage, image
registration, normalization, and data provenance. Sequential images must be aligned accurately enough that a
signal acquired in one cycle maps to the same biological structure in later cycles. These foundational steps
determine the validity of subsequent cell segmentation and phenotyping (Dammak et al., 2026).

5.2 Machine-Learning Pipelines for Pixel-to-Phenotype Conversion

Cell segmentation converts image pixels into biologically meaningful objects. Convolutional neural networks
and architectures such as U-Net- and StarDist-derived models are commonly used to identify nuclei, estimate
cell boundaries, and separate touching cells in crowded tissue. Accurate segmentation is essential because
boundary errors can mix marker intensities from adjacent cells and generate biologically implausible hybrid
phenotypes. Computational segmentation should therefore be validated against expert-reviewed regions and
monitored for tumor-specific failure modes (Omar et al., 2024; Allam et al., 2020).

Following segmentation, each cell can be represented by a vector of marker intensities, morphology, and spatial
coordinates. Dimensionality-reduction and clustering methods such as UMAP, t-SNE, and graph-based
clustering can organize these high-dimensional measurements into candidate phenotypes or states. These
methods improve scalability but require careful parameter reporting, normalization, batch correction, and
biological annotation; unsupervised clusters are not automatically equivalent to clinically validated cell types
(Liu et al., 2026).

The final analytical layer combines cell identity with spatial features such as distance, neighborhood
composition, exclusion, and network connectivity. Machine learning can then test whether these features add
predictive information beyond standard clinical and molecular variables. Figure 4 summarizes the pixel-to-
phenotype pathway. The strongest translational workflow keeps every transformation traceable from raw
image to final prediction and preserves a pathologist-readable representation for quality assurance (Dammak
et al.,, 2026; Hsu et al., 2025).
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Figure 4. Al-driven cell segmentation and classification. The supplied diagram follows the computational
workflow from multiplex image acquisition and preprocessing through deep-learning segmentation, single-cell
masks, feature extraction, dimensionality reduction and clustering, and finally spatial and clinical
interpretation. Figure supplied in the author manuscript.

CHIATECH JOURNAL - 1(1) - €022 Page 9 of 13



6. Conclusion and Recommendations

6.1 Conclusion

Multiplex immunohistochemistry and advanced immunophenotyping extend tissue pathology from isolated
marker scoring toward cell-resolved, spatially informed analysis. Their central contribution is the ability to
preserve the location, phenotype, and neighborhood relationships of cells within the TME while measuring
multiple biomarkers on limited tissue. TSA-based multiplex fluorescence, metal-isotope imaging,
oligonucleotide-barcoded systems, and computational spatial analysis provide complementary routes to this
goal, each with distinct technical strengths and constraints.

For predictive oncology, the most important opportunity is not simply higher plex but better biological context.
Spatially resolved features can reveal immune infiltration, exclusion, co-expression, and tissue neighborhoods
that may refine hypotheses about therapeutic sensitivity and resistance. Artificial-intelligence methods can
improve segmentation, classification, and pattern recognition, but clinical translation depends on reproducible
pre-analytics, validated assays, transparent algorithms, appropriate uncertainty reporting, and prospective
external validation. Multiplex spatial pathology should therefore be regarded as an important and rapidly
maturing complement to established diagnostic biomarkers rather than as a replacement whose superiority can
be assumed across settings.

6.2 Recommendations for Clinical Education and Implementation

Standardize protocols. Develop consensus procedures for fixation, staining, antibody validation, cyclic
stripping, image registration, and quality control to reduce inter-laboratory variation.

Validate computational pipelines. Use transparent, versioned and independently tested workflows for
segmentation, spectral unmixing, phenotyping, spatial statistics, and machine-learning inference.

Build cross-disciplinary competence. Train pathologists, medical laboratory scientists, biomedical
engineers, bioinformaticians, and data scientists to interpret spatial multi-omic workflows together rather than
as disconnected technical steps.

Prioritize prospective clinical validation. Embed candidate spatial biomarker panels into prospective
trials and external validation cohorts, using prespecified endpoints and comparators to establish incremental
clinical utility.

Strengthen data infrastructure. Develop secure, scalable systems for high-resolution whole-slide data,
metadata, provenance, multi-center collaboration, and governed data sharing.

Preserve human oversight. Retain expert pathology review, auditable algorithm outputs, and clear
responsibility for final diagnostic interpretation when Al-assisted tools are introduced into clinical workflows.
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