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Abstract
Spatial transcriptomics and related spatially resolved profiling technologies have transformed the characterization of tumor microenvironment architecture, revealing spatial patterns of cellular organization that are tightly linked to cancer behavior. However, despite their biological insights, spatial-omics approaches have had limited impact on routine cancer diagnostics, reflecting a translational gap between high-dimensional discovery and clinical implementation. In this work, we introduce a compression-to-clinic framework, defined as a systematic strategy for distilling complex spatial-omics data into minimal, information-efficient biomarker panels that retain diagnostic signal while remaining compatible with routine pathology workflows. We synthesize evidence showing that diagnostically relevant information is concentrated within a limited set of spatial features, including tumor–immune interfaces, stromal organization, and immune cell positioning. Through biologically informed feature reduction, these spatial signatures can be translated into clinic-ready assays using established platforms such as immunohistochemistry and RNA in situ hybridization on formalin-fixed, paraffin-embedded tissue. We further address key implementation considerations, including assay feasibility, reproducibility, cost, validation, and regulatory alignment. Focusing on clinically challenging scenarios such as indeterminate lesions, early-stage disease, and inflammation-associated cancers we illustrate how compressed spatial biomarker panels can augment standard histopathology and improve diagnostic decision-making. Collectively, this framework provides a practical roadmap for overcoming the translational bottleneck in spatial-omics and for converting tumor microenvironment architecture into actionable cancer diagnostics.
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1. Introduction – Framing the Translational Failure
1.1 The Promise and Limits of Spatial Transcriptomics in Cancer Diagnostics
Over the past decade, spatial transcriptomics and related spatially resolved proteomic technologies have transformed the study of cancer biology by enabling molecular measurements to be mapped directly onto tissue architecture(Liu et al., 2026a). Unlike bulk sequencing approaches, which average signals across heterogeneous cell populations, spatial methods preserve the positional relationships among tumor cells, stromal components, immune infiltrates, and vascular structures. This capability has yielded a more faithful representation of the tumor microenvironment (TME) as a structured and interactive ecosystem rather than a collection of independently acting cell types(Sun et al., 2026).
Using these technologies, numerous studies have uncovered reproducible spatial patterns that are closely linked to cancer behavior. Distinct immune architectures, such as immune-inflamed, immune-excluded, and immune-desert phenotypes, have been associated with differences in tumor aggressiveness, response to therapy, and patient outcomes(Zheng et al., 2024). Spatial compartmentalization of macrophages, fibroblasts, and endothelial cells has been shown to shape tumor growth trajectories and therapeutic resistance. Importantly, these insights have moved beyond descriptive histology by providing molecular explanations for why morphologically similar tumors can exhibit markedly different clinical courses(M A et al., 2022).
From a diagnostic perspective, the appeal of spatial transcriptomics lies in its ability to capture information that is inherently lost in bulk assays. Many clinically relevant distinctions in cancer, including early malignant transformation, tumor grade, and biologic aggressiveness, are driven not only by which genes are expressed, but also by where and in which cellular contexts they are expressed. Spatial context allows for the detection of tumor–immune interfaces, invasive fronts, and microanatomical niches that may be diagnostically informative even when overall gene expression differences are subtle. In principle, this makes spatially resolved data an ideal substrate for the development of next-generation diagnostic biomarkers(Cilento et al., 2024).
 However, despite its conceptual strengths, spatial transcriptomics has not yet fulfilled this diagnostic promise. The majority of spatial studies remain focused on biological discovery rather than clinical translation(Y. Lee et al., 2025a). Findings are often framed in terms of novel cell states, interaction networks, or microenvironmental niches, with limited attention to whether these insights can be operationalized within routine diagnostic workflows. As a result, the field currently faces a growing gap between the richness of spatial-omics discoveries and their tangible impact on cancer diagnosis(Gong et al., 2024).
1.2 The Translational Bottleneck: Why Spatial Biomarkers Rarely Reach the Clinic
The failure of spatial biomarkers to transition from discovery studies to clinical diagnostics is not due to a lack of biological relevance, but rather to a convergence of practical, methodological, and conceptual barriers(Liu et al., 2025). Foremost among these are cost and throughput constraints. Spatial transcriptomics platforms require specialized instrumentation, complex library preparation, and extensive computational analysis, making them incompatible with the high-volume, cost-sensitive environment of routine pathology laboratories. Even in well-resourced centers, their use is typically restricted to research settings and small cohort(Border et al., 2023).
A second major obstacle is the high dimensionality of spatial signatures. Spatial-omics studies frequently identify hundreds or thousands of genes whose expression patterns collectively define a diagnostic or prognostic phenotype. While such signatures may perform well in discovery datasets, they are fundamentally misaligned with clinical diagnostics, which rely on small numbers of robust, interpretable markers(McKenzie et al., 2026a). Pathology laboratories are optimized for assays such as immunohistochemistry and in situ hybridization, not for large multigene panels requiring advanced computational interpretation. As a result, many spatial signatures are biologically insightful yet diagnostically impractical(Gupta et al., 2024).
Equally important is the lack of standardized frameworks for assay translation and validation. Spatial biomarkers are often reported without a clear path toward analytical validation, inter-laboratory reproducibility, or regulatory approval(Arya et al., 2023). Performance is typically assessed using retrospective associations rather than clinically meaningful endpoints such as diagnostic accuracy, decision impact, or net clinical benefit. This disconnect between discovery-oriented metrics and diagnostic requirements further impedes clinical adoption(Zhao et al., 2025a).
Finally, there is a persistent misalignment between the objectives of spatial-omics studies and the needs of diagnostic medicine(Kim et al., 2026a). Much of the literature emphasizes novelty of biological insight rather than diagnostic utility. Consequently, spatial biomarkers are rarely benchmarked against existing diagnostic standards or evaluated in clinically challenging scenarios, such as indeterminate lesions or early-stage disease. The cumulative effect of these limitations is a translational bottleneck in which spatial-omics continues to generate compelling biological narratives but fails to deliver scalable diagnostic biomarkers(Bodaghi et al., 2023a).
Despite rapid technological advances, spatial-omics has therefore failed to produce diagnostic tools that can be readily Integrated into routine clinical practice. Addressing this failure requires not incremental technological refinement, but a fundamental rethinking of how spatial discoveries are engineered for diagnostic use(Y. Lee et al., 2025b)
1.3 Central Thesis and Scope of This Work
This article advances the premise that the primary barrier to clinical translation is not the absence of diagnostically relevant spatial information, but the absence of systematic strategies to convert that information into clinic-ready forms. We propose a “compression-to-clinic” paradigm that reframes spatial transcriptomics as an upstream discovery engine rather than an endpoint technology. In this framework, spatial-omics is used to identify the minimal set of spatially informative features that capture the essence of diagnostically relevant tumor microenvironment architecture, which are then translated into assays compatible with routine pathology.
Within this context, “clinic-ready” biomarkers are defined as those that meet three criteria. First, they must be measurable using established pathology techniques such as immunohistochemistry or RNA in situ hybridization applied to formalin-fixed, paraffin-embedded tissue. Second, they must demonstrate reproducibility across cohorts, laboratories, and technical conditions. Third, they must be interpretable within existing diagnostic workflows, allowing pathologists and clinicians to integrate them with standard histopathological assessment rather than replacing it.
The objectives of this work are threefold. First, we aim to synthesize current evidence on spatially defined tumor microenvironment features that are most consistently associated with diagnostic and clinically actionable endpoints. Second, we focus on strategies for compressing high-dimensional spatial signatures into minimal biomarker panels that retain diagnostic performance while achieving feasibility for clinical deployment. Third, we examine approaches for translating and validating these compressed panels in routine pathology workflows, with particular attention to diagnostic accuracy, clinical utility, and implementation considerations.
By centering the discussion on translation rather than discovery alone, this work seeks to reposition spatial transcriptomics as a practical contributor to cancer diagnostics. In doing so, it aims to bridge the gap between advanced spatial technologies and the realities of clinical pathology, offering a roadmap for how spatial tumor microenvironment architecture can be transformed into actionable diagnostic biomarkers.
The compression-to-clinic framework presented in this work is intended as a conceptual and integrative model rather than a single prospectively piloted diagnostic pipeline. It is grounded in synthesis of published spatial-omics studies across multiple tumor types, including solid tumors in which tumor–immune architecture and stromal organization have demonstrated diagnostic relevance. While elements of the framework such as feature compression, assay translation to immunohistochemistry or RNA in situ hybridization, and validation in FFPE tissue have been implemented independently in prior studies, their integration into a unified, end-to-end diagnostic workflow remains an active area of investigation. This clarification is intended to ensure practical transparency regarding the current stage of clinical deployment.

2. Conceptual Framework: From Spatial Architecture to Diagnostic Decision-Making
2.1 Tumor Microenvironment Architecture as a Diagnostic Signal
Cancer diagnosis has traditionally relied on morphological assessment supplemented by a limited number of molecular markers. While this paradigm has proven effective for many tumor types, it often struggles in settings where morphological features overlap across benign, premalignant, and malignant states or where tumors of similar histology exhibit divergent biological behavior(Molla & Bitew, 2025). Spatial analysis of the tumor microenvironment offers a complementary diagnostic signal by capturing how malignant cells are organized within, and interact with, their surrounding cellular and structural context(Autio et al., 2025).
One of the most consistently observed spatial patterns with diagnostic relevance is the organization of immune cells relative to tumor regions(Li et al., 2025). Tumors characterized by immune infiltration, where cytotoxic lymphocytes penetrate tumor nests, often differ biologically and clinically from those displaying immune exclusion, in which immune cells are confined to stromal regions or peripheral margins. These spatial arrangements are not merely correlates of immune activity; they reflect underlying mechanisms of immune evasion, stromal remodeling, and tumor progression that can inform diagnostic stratification(Dakal et al., 2024). Importantly, such distinctions may not be evident from bulk immune gene expression alone, as similar overall immune cell abundance can correspond to fundamentally different spatial configurations(Kraja et al., 2025).
Beyond immune organization, the spatial structuring of tumor–stroma and tumor–immune niches provides additional diagnostic information. Cancer-associated fibroblasts, endothelial cells, and myeloid populations often form spatially restricted niches that influence tumor differentiation, invasiveness, and response to therapy(Adusumalli & Banala, 2025). The presence, composition, and localization of these niches can distinguish aggressive tumors from more indolent counterparts, even when conventional histopathological features appear comparable. Spatial transcriptomics has made it possible to identify these microanatomical arrangements at molecular resolution, revealing patterns that align closely with clinically meaningful disease states(Weiß et al., 2025).
At the same time, spatial heterogeneity poses a challenge for diagnostic robustness. Tumors frequently contain multiple microenvironmental states within the same specimen, raising concerns about sampling bias and interpretability. For spatial features to function as diagnostic signals, they must be sufficiently stable and recurrent across regions and patients to support reliable classification(Kim et al., 2026b). This tension between biological heterogeneity and diagnostic reproducibility underscores the need for frameworks that identify which aspects of spatial architecture are informative and which represent incidental variation(McKenzie et al., 2026b).
2.2 The Compression Principle: Preserving Information While Reducing Complexity
A central premise of this work is that the diagnostic value of spatial-omics does not scale linearly with the number of measured features. In fact, highly complex biomarker signatures often undermine clinical translation by increasing assay complexity, reducing reproducibility, and obscuring interpretability. In diagnostic pathology, smaller and more robust marker sets are generally favored, as they are easier to validate, standardize, and integrate into routine workflows(Y. Lee et al., 2025c).
Spatial-omics datasets are inherently redundant at the biological level. Many genes convey overlapping information because they mark the same cell types, pathways, or spatial states. For example, multiple immune activation markers may collectively describe an immune-infiltrated tumor phenotype, yet only a subset may be necessary to capture this state in a diagnostically meaningful way. Similarly, spatial relationships between cell populations may be inferred from a limited number of representative markers rather than exhaustive molecular profiling(Glaviano et al., 2025a).
The compression principle seeks to exploit this redundancy by identifying the minimal set of spatial features that preserves diagnostic information while discarding extraneous complexity. Rather than prioritizing maximal resolution, this approach emphasizes information efficiency, defined as the ability of a small biomarker panel to recapitulate the diagnostic distinctions observed in high-dimensional spatial data(H. Lee et al., 2025). Compression is therefore not a purely statistical exercise, but a biologically informed process that balances performance, feasibility, and interpretability(Glaviano et al., 2025b).
By focusing on information-efficient biomarker panels, this principle aligns spatial-omics discovery with the practical realities of diagnostic medicine. It reframes complexity as a resource to be distilled rather than a feature to be preserved in its entirety, enabling the translation of spatial insights into clinically actionable assays(Fountzilas et al., 2025).
2.3 Overview of the Translational Pipeline
Building on these concepts, we propose a translational pipeline that links spatial discovery to diagnostic decision-making in a structured and reproducible manner. The first stage involves discovery, where spatial transcriptomics or proteomics is used to identify spatial patterns and microenvironmental features associated with diagnostic endpoints. This stage prioritizes biological insight and hypothesis generation.
The second stage focuses on compression, during which high-dimensional spatial features are systematically reduced to a minimal set of markers that retain diagnostic performance. This step integrates biological knowledge, statistical stability, and assay feasibility to ensure that selected markers are suitable for downstream translation.
The third stage consists of assay translation, where compressed biomarker panels are implemented using clinic-compatible techniques such as immunohistochemistry or RNA in situ hybridization. Here, attention shifts from discovery to reproducibility, standardization, and integration with existing pathology workflows.
The final stage is clinical validation, in which translated assays are evaluated against meaningful diagnostic outcomes, including accuracy, reproducibility, and clinical utility. Figure 1 illustrates this end-to-end framework, emphasizing the progression from spatial architecture to practical diagnostic tools.
Together, this conceptual framework establishes a methodological foundation for transforming spatial tumor microenvironment insights into robust, clinic-ready cancer biomarkers. Figure 1 summarizes the compression-to-clinic workflow, illustrating the structured progression from spatial discovery to clinic-ready diagnostic implementation.
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Figure 1: Compression-to-Clinic Workflow for Translating Spatial Transcriptomics into Clinic-Ready Diagnostic Biomarkers. This schematic outlines the four-stage compression-to-clinic workflow. High-dimensional spatial-omics data are used to identify diagnostically relevant tumor microenvironment features, which are systematically compressed into minimal biomarker panels. These panels are translated into clinic-compatible assays (e.g., immunohistochemistry and RNA in situ hybridization on FFPE tissue) and undergo clinical validation to support accurate, reproducible diagnostic decision-making.
3. Spatial Discovery of Diagnostic Tumor Microenvironment Features
3.1 Data Sources and Spatial Platforms
The identification of diagnostically relevant tumor microenvironment features begins with careful consideration of data sources and spatial profiling platforms. Spatial transcriptomics and spatially resolved proteomics technologies now span a spectrum of resolutions, throughputs, and molecular depths, each offering distinct advantages and limitations for diagnostic discovery(Kim et al., 2026a). High-resolution platforms enable near–single-cell mapping of gene or protein expression within intact tissue architecture, while lower-resolution approaches provide broader coverage across larger tissue areas(Gandin et al., 2025). For diagnostic purposes, the value of these technologies lies not in maximal molecular breadth, but in their ability to capture spatial patterns that are reproducible, interpretable, and linked to clinically meaningful outcomes(McKenzie et al., 2026a).
Both publicly available datasets and institutionally generated cohorts play complementary roles in spatial discovery. Public repositories offer access to diverse tumor types, large sample numbers, and cross-study heterogeneity, which are essential for identifying spatial features that generalize beyond a single cohort(Virtanen et al., 2025a). However, these datasets often vary in tissue processing, annotation quality, and clinical metadata, which can complicate diagnostic interpretation. Institutional datasets, although typically smaller, provide greater control over sample selection, clinical annotation, and pathological review. When designed appropriately, they allow spatial features to be evaluated against well-defined diagnostic endpoints and gold-standard pathological classifications(Omoush et al., 2026).
Inclusion criteria for spatial discovery must be aligned with the intended diagnostic application. Samples should represent clinically relevant disease states rather than extreme or biologically atypical cases. This includes tumors at early or intermediate stages, lesions with ambiguous morphology, and tissues that reflect real-world diagnostic uncertainty(Brancato et al., 2025). Adequate representation of benign or non-malignant controls is essential for distinguishing cancer-specific spatial patterns from background tissue organization or inflammation-related changes. Moreover, tissue quality, fixation methods, and section integrity must be carefully considered, as diagnostic biomarkers ultimately need to perform reliably on routinely processed formalin-fixed, paraffin-embedded specimens(Chan et al., 2024).
By grounding spatial discovery in clinically representative samples and well-annotated datasets, this stage establishes a foundation for identifying tumor microenvironment features that are not only biologically informative but also diagnostically actionable(Border et al., 2023).
3.2 Identification of Spatially Informative Cell States and Niches
Within spatially resolved datasets, the tumor microenvironment emerges as a structured landscape composed of recurrent cell states and spatial niches. Rather than treating these features as purely descriptive phenomena, diagnostic discovery focuses on identifying patterns that consistently differentiate disease states and inform classification decisions(Birk et al., 2025). Among the most informative features are tumor–immune interfaces, which represent zones of direct interaction between malignant cells and immune populations. These interfaces often capture the balance between immune surveillance and immune evasion, reflecting biological processes that influence tumor progression and clinical behavior(McKenzie et al., 2026a).
Spatial patterns of immune infiltration and exclusion are particularly relevant in this context. Tumors with immune cells interspersed within malignant regions may differ diagnostically from those in which immune populations are confined to stromal compartments or peripheral margins(Liu et al., 2025). Importantly, these distinctions can exist even when overall immune cell abundance is similar, underscoring the diagnostic value of spatial positioning rather than cell counts alone. Spatial transcriptomics enables these patterns to be quantified and compared across samples, revealing configurations that correlate with malignant transformation, tumor aggressiveness, or likelihood of progression(Virtanen et al., 2025b).
Stromal organization constitutes a second major category of diagnostically informative spatial features(Frank et al., 2026). Cancer-associated fibroblasts, extracellular matrix components, and vascular structures often form spatially organized networks that shape tumor growth and invasion. The density, composition, and arrangement of stromal elements can distinguish benign reactive processes from malignant remodeling, particularly in tissues where fibrosis or chronic inflammation complicates diagnosis(Badran et al., 2025a). Spatial profiling allows these stromal architectures to be examined at molecular resolution, linking specific stromal states to adjacent tumor regions and clinical outcomes(Yaghoubi Naei et al., 2024).
Immune cell positioning relative to tumor cores further refines the diagnostic signal derived from spatial data. The proximity of cytotoxic lymphocytes, regulatory immune cells, or myeloid populations to malignant cells can influence tumor behavior and, by extension, diagnostic classification(Azimi, 2025). Certain immune populations may exert suppressive or supportive effects depending on their spatial context, making their localization as important as their presence. By integrating spatial information across cell types, spatial discovery can reveal composite patterns that better reflect disease state than any single marker(Hanson et al., 2025).
Crucially, the goal of this identification process is not to catalog every spatial niche or cell state, but to prioritize those that recur across patients and align with diagnostic distinctions. Spatial features that are rare, unstable, or highly context-dependent may offer biological insight, but they are unlikely to support robust diagnostic assays(Su et al., 2024). Emphasizing reproducibility and clinical relevance at this stage helps ensure that downstream translation efforts focus on features with genuine diagnostic potential(Zhao et al., 2025a).
3.3 Linking Spatial Features to Diagnostic Endpoints
To move from discovery to diagnostic relevance, spatial features must be explicitly linked to clinically meaningful endpoints(Bartusik-Aebisher et al., 2026). One foundational distinction is the ability to discriminate malignant from benign tissue. In many clinical scenarios, particularly early-stage disease or small biopsies, morphological features alone may be insufficient to establish malignancy with confidence(Salom & Balacó, 2024). Spatial patterns such as disrupted tissue organization, altered tumor–stroma interfaces, or aberrant immune exclusion can provide additional evidence to support diagnostic classification. Demonstrating that such patterns consistently differentiate malignant from non-malignant samples is a critical step toward clinical translation(Lopez Janeiro et al., 2024).
Beyond binary classification, spatial features can also inform risk stratification. Tumors classified as high risk based on clinical outcome or progression may exhibit distinct microenvironmental architectures compared with low-risk lesions. These differences may manifest as increased stromal remodeling, altered immune composition, or specific spatial arrangements that reflect aggressive behavior(Schallenberg et al., 2025). Linking spatial features to risk categories enables the development of diagnostic tools that not only identify cancer but also inform prognosis and management decisions at the time of diagnosis(M. Wang et al., 2025).
Association with established pathological classifications further strengthens the diagnostic relevance of spatial features. Integrating spatial data with histological grade, molecular subtype, or staging information allows spatial biomarkers to be evaluated in the context of existing diagnostic frameworks(Das et al., 2023a). Spatial features that refine or augment standard classifications are more likely to gain acceptance in clinical practice than those that operate independently of established pathology. This integrative approach also facilitates comparison with current diagnostic standards, providing a benchmark against which the added value of spatial biomarkers can be assessed(Jandoubi & Akhloufi, 2025).
Throughout this process, emphasis must remain on diagnostic relevance rather than biological exhaustiveness. The objective is not to capture the full complexity of tumor biology, but to identify spatial features that reliably inform diagnostic decisions(Yu et al., 2026). By anchoring spatial discovery to clinically defined endpoints and pathological standards, this stage establishes a direct link between tumor microenvironment architecture and practical diagnostic utility, setting the stage for subsequent compression and translation into clinic-ready biomarker panels(Di Carlo, 2026).

4. Biomarker Compression and Panel Engineering 
4.1 Feature Reduction Strategies for Spatial Biomarkers
The central methodological innovation of this work lies in the systematic reduction of high-dimensional spatial-omics data into diagnostically efficient biomarker panels(Liu et al., 2026b). Spatial transcriptomics and proteomics routinely generate hundreds to thousands of spatially resolved features, many of which are biologically informative but diagnostically redundant. Without deliberate reduction, such complexity becomes a barrier to reproducibility, interpretability, and clinical adoption. Feature reduction is therefore not a downstream convenience but a prerequisite for translation(Cao et al., 2024).
Biological prioritization provides the first layer of feature reduction. Spatial features are evaluated based on their cell-type specificity and relevance to pathways known to influence tumor behavior and diagnosis(Santiago et al., 2025a). Markers that define distinct tumor, immune, or stromal cell states are prioritized over broadly expressed genes with limited discriminatory value. Similarly, pathway-level relevance is emphasized to ensure that retained markers reflect coherent biological processes rather than isolated signals(Yang et al., 2024). For example, markers associated with immune exclusion, stromal remodeling, or epithelial–mesenchymal transition are more likely to capture diagnostically meaningful microenvironmental states than markers reflecting generic cellular functions(Malagoli Tagliazucchi et al., 2023).
Statistical redundancy elimination constitutes the second layer of compression. Spatial-omics datasets often contain multiple correlated features that convey overlapping information. Retaining all such features inflates panel size without improving diagnostic performance(Łukaszuk et al., 2024). Redundancy can be addressed through correlation analysis, clustering, or model-based feature selection approaches that identify representative markers within correlated groups. Importantly, redundancy elimination is guided by diagnostic performance rather than purely mathematical criteria. Features are removed only when their exclusion does not materially degrade the ability to distinguish diagnostic classes, ensuring that compression preserves clinically relevant information(Wess et al., 2025).
A third and often overlooked consideration is feature stability across cohorts and platforms. Spatial biomarkers that perform well in a single dataset may fail to generalize due to technical variability, batch effects, or biological differences across patient populations. To mitigate this risk, candidate features are evaluated for consistency across independent cohorts, tissue sections, and spatial platforms where available(Hédou et al., 2024). Features that demonstrate unstable spatial patterns or cohort-specific behavior are deprioritized, even if they show strong associations in discovery datasets. This emphasis on stability shifts the focus from maximizing discovery performance to ensuring translational robustness(Virtanen et al., 2025a).
Together, these feature reduction strategies establish a principled approach to compressing spatial-omics data. By integrating biological relevance, statistical efficiency, and cross-cohort stability, this process lays the groundwork for constructing biomarker panels that are both diagnostically powerful and clinically feasible(Jiang et al., 2025).
4.2 Selection of Minimal Marker Panels
Following feature reduction, the next step involves assembling minimal biomarker panels that balance diagnostic performance with practical constraints. Panel selection is guided by explicit criteria designed to align spatial discovery with the realities of diagnostic pathology(Goncharov et al., 2024).
Diagnostic contribution is the primary criterion for marker inclusion. Each candidate marker is evaluated based on its incremental value in distinguishing clinically relevant classes, such as malignant versus benign tissue or high-risk versus low-risk lesions(Shweikeh et al., 2024). Markers that contribute redundant or marginal improvements are excluded in favor of those that provide clear and complementary diagnostic information. This approach ensures that every marker in the final panel has a defined role in the diagnostic decision process(Bodaghi et al., 2023b).
Assay feasibility represents a second critical consideration. Markers must be compatible with established pathology techniques, including immunohistochemistry and RNA in situ hybridization, and must perform reliably on routinely processed formalin-fixed, paraffin-embedded tissue(Roy-Chowdhuri et al., 2025). Factors such as antibody availability, staining robustness, signal-to-noise ratio, and compatibility with multiplexing are evaluated during panel construction. Markers that require specialized reagents or exhibit inconsistent staining patterns are deprioritized, regardless of their theoretical diagnostic value(Cilento et al., 2024).
Interpretability by pathologists constitutes the third selection criterion. For biomarker panels to be adopted in clinical practice, their outputs must be intelligible within existing diagnostic workflows(Lopez Janeiro et al., 2024). Markers that produce spatial patterns that can be readily recognized and contextualized by pathologists are favored over those that require complex computational interpretation. This emphasis on interpretability facilitates integration with standard histopathological assessment and reduces barriers to clinical acceptance(Lopez Janeiro et al., 2024).
Balancing these criteria typically yields panels comprising five to ten markers. This size range reflects a practical compromise between capturing sufficient diagnostic information and maintaining feasibility for routine implementation. Panels of this scale are amenable to multiplexed assays while remaining manageable in terms of validation, cost, and interpretability(McKenzie et al., 2026b). Importantly, the goal is not to identify a universally optimal panel size, but to demonstrate that a relatively small number of carefully selected markers can recapitulate the diagnostic insights derived from much larger spatial signatures(Liu et al., 2025).
4.3 Performance Retention After Compression
A defining requirement of biomarker compression is the preservation of diagnostic performance. To assess performance retention, compressed marker panels are directly compared with their corresponding full spatial signatures using standardized diagnostic metrics. These comparisons evaluate whether reductions in dimensionality result in meaningful losses of diagnostic accuracy or whether essential information is retained(Fang et al., 2023).
Key performance indicators include diagnostic accuracy, sensitivity, and specificity across relevant classification tasks. In many cases, compressed panels achieve performance comparable to that of full spatial signatures, despite dramatic reductions in complexity(Sreedharan et al., 2024). This outcome reflects the underlying redundancy in spatial-omics data and supports the premise that diagnostically relevant information is concentrated within a limited subset of features(Liu et al., 2026b).
Robustness across cohorts further distinguishes effective compressed panels from overfitted discovery signatures. Panels are evaluated in independent datasets to assess their generalizability and resistance to cohort-specific effects(Sartori et al., 2025). Stable performance across diverse samples provides evidence that compressed panels capture fundamental diagnostic signals rather than idiosyncratic features of a single dataset. Where performance declines are observed, they often highlight features that were insufficiently robust during the reduction phase, underscoring the importance of stability-based selection(Sun et al., 2026).
Collectively, these analyses demonstrate that information retention can be achieved alongside dramatic complexity reduction. By preserving diagnostic performance while minimizing assay burden, biomarker compression transforms spatial-omics from a discovery-intensive technology into a practical foundation for clinic-ready diagnostic panels. This balance between efficiency and effectiveness represents the core novelty of the compression-to-clinic paradigm and underpins its potential for real-world impact(Chisompola et al., n.d.).
Table 1 contrasts key characteristics of discovery-phase spatial-omics approaches with compressed, clinic-ready diagnostic panels, highlighting the translational advantages of the compression-to-clinic strategy.
Table 1. Comparison Between Discovery-Phase Spatial Omics and Compressed Clinic-Ready Diagnostic Panels
	Dimension
	Discovery-Phase Spatial Omics
	Compressed Diagnostic Panels

	Primary Objective
	Biological exploration and hypothesis generation
	Diagnostic classification and clinical decision support

	Data Dimensionality
	Hundreds to thousands of spatially resolved genes/proteins
	Minimal marker set (typically 5–10 markers)

	Analytical Complexity
	High; requires advanced computational pipelines
	Moderate to low; interpretable within pathology workflows

	Assay Platform
	Specialized spatial transcriptomics/proteomics platforms
	Immunohistochemistry (IHC), RNA in situ hybridization (ISH), multiplex IF

	Tissue Requirements
	Often research-grade or fresh/frozen specimens
	Routine FFPE tissue compatibility

	Cost & Infrastructure
	High cost; specialized instrumentation
	Lower cost; existing pathology infrastructure

	Reproducibility Focus
	Emphasis on biological insight
	Emphasis on inter-laboratory robustness and standardization

	Regulatory Alignment
	Limited direct regulatory pathway
	Designed for analytical validation and regulatory approval

	Clinical Integration
	Primarily research setting
	Integrated into routine diagnostic workflows

	Clinical Impact Context
	Broad biological characterization
	High-impact scenarios (e.g., indeterminate lesions, early-stage disease)



5. Translation to Clinic-Compatible Pathology Assays
5.1 Assay Conversion Strategies
The successful translation of compressed spatial biomarker panels into clinical practice depends on their implementation using pathology assays that are already embedded within routine diagnostic workflows(Zhao et al., 2025b). While spatial transcriptomics and proteomics provide the discovery substrate, clinic-ready diagnostics must rely on techniques that are standardized, scalable, and interpretable by practicing pathologists. For this reason, assay conversion prioritizes established methodologies such as immunohistochemistry, RNA in situ hybridization, and multiplex immunofluorescence(Hu et al., 2024).
Immunohistochemistry remains the cornerstone of diagnostic pathology and represents the most widely accessible platform for biomarker implementation. Protein-level markers selected during the compression phase are translated into immunohistochemical assays that can be applied to formalin-fixed, paraffin-embedded tissue sections(Molla & Bitew, 2025). The value of immunohistochemistry lies not only in its technical simplicity but also in its capacity to preserve spatial context while producing staining patterns that are readily interpreted within existing diagnostic frameworks. Successful conversion requires careful optimization of antibody selection, staining protocols, and scoring criteria to ensure robust signal detection and minimal background(Gupta et al., 2024). Importantly, immunohistochemistry enables spatial features such as immune exclusion, stromal organization, or tumor–immune proximity to be assessed visually, reinforcing the link between spatial discovery and diagnostic interpretation(Gupta et al., 2025).
RNA in situ hybridization provides a complementary approach for markers that are not reliably detected at the protein level or for which transcriptional specificity is diagnostically advantageous(Monné Rodríguez et al., 2023). Modern RNA in situ hybridization platforms allow for sensitive and specific detection of target transcripts within intact tissue architecture, making them well-suited for translating spatial transcriptomic markers. This approach is particularly valuable for cell-type–specific transcripts or pathway markers that define microenvironmental states(Liang et al., 2023). By enabling direct visualization of gene expression within defined tissue compartments, RNA in situ hybridization preserves the spatial relationships that underpin the original discovery while remaining compatible with routine pathology workflows(Ståhl et al., 2016).
For compressed panels comprising five to ten markers, multiplex immunofluorescence offers a practical means of assessing spatial relationships among tumor, immune, and stromal components. Although it requires additional technical expertise and image analysis infrastructure, its ability to capture multi-marker spatial patterns makes it a powerful translational tool when used judiciously. Importantly, multiplex approaches should be designed to complement, rather than replace, standard pathology practices(K. Wang et al., 2025).
5.2 Validation in Routine FFPE Tissue
Translation to clinic-compatible assays necessitates rigorous validation in routine formalin-fixed, paraffin-embedded tissue, which represents the standard specimen type in diagnostic pathology(Litchfield et al., 2025). Validation studies must extend beyond proof-of-concept demonstrations to address reproducibility, robustness, and generalizability under real-world conditions(Gong et al., 2024).
Independent pathology cohorts are essential for establishing the external validity of translated biomarker panels. Validation datasets should encompass a range of disease stages, histological subtypes, and specimen qualities to reflect the diversity encountered in clinical practice(Villa et al., 2025). Wherever possible, samples should be reviewed by experienced pathologists to ensure accurate diagnostic annotation. Performance in independent cohorts provides a critical test of whether compressed panels retain diagnostic utility beyond the discovery setting(Ahuja & Zaheer, 2025).
Inter-observer reproducibility is a key determinant of clinical adoption. Diagnostic assays that rely on subjective interpretation are vulnerable to variability across observers, undermining confidence in their reliability. Validation, therefore, includes assessment of agreement among pathologists when scoring biomarker expression or spatial patterns(Quinn et al., 2023). Clear scoring guidelines, supported by representative examples, are essential for minimizing interpretive variability. High inter-observer concordance strengthens the case for routine clinical use and facilitates standardization across institutions(Zannoni et al., 2025).
Technical variability and quality control represent additional challenges during translation. Variations in tissue fixation, section thickness, staining protocols, and imaging conditions can all influence assay performance. Systematic evaluation of these factors is necessary to identify sources of variability and to define acceptable performance thresholds(Shah et al., 2025). Incorporating internal controls, standardized reagents, and reproducible protocols enhances assay robustness. By addressing technical variability explicitly, validation efforts ensure that translated biomarkers perform consistently across laboratories and over time(Cao et al., 2025).
5.3 Integration with Standard Histopathology
For spatially informed biomarkers to achieve clinical impact, they must integrate seamlessly with standard histopathological assessment rather than function as isolated adjuncts(Logan et al., 2025). Conventional hematoxylin and eosin staining remains the foundation of cancer diagnosis, providing essential morphological context that guides subsequent molecular testing. Clinic-ready spatial biomarkers should therefore be positioned as complementary tools that augment, rather than supplant, morphological evaluation(Alwahaibi, 2025).
Complementarity with hematoxylin and eosin staining is achieved by aligning biomarker interpretation with established histological features. For example, spatial markers may be evaluated in regions of diagnostic ambiguity identified on routine sections, such as invasive fronts or areas of atypical morphology. This targeted application enhances efficiency and reinforces the relevance of biomarkers to existing diagnostic workflows(Morrison et al., 2025).
A central measure of translational success is the added diagnostic value provided beyond morphology alone. Biomarker panels should demonstrate their ability to resolve cases that are indeterminate by conventional criteria, refine risk stratification, or improve diagnostic confidence(Huang et al., 2025). Quantitative comparisons with standard histopathology provide evidence of incremental benefit and help justify the incorporation of additional assays into routine practice(Ștefan et al., 2024).
Practical workflow integration further determines feasibility. Biomarker assays must fit within typical turnaround times, cost constraints, and staffing structures of pathology laboratories(McKenzie et al., 2026b). Clear guidelines for when and how assays should be applied reduce unnecessary testing and promote efficient use of resources. By embedding spatial biomarkers within familiar diagnostic pathways, this approach lowers barriers to adoption and increases the likelihood of sustained clinical use(Rabbani et al., 2025).
Through careful assay conversion, rigorous validation, and thoughtful integration with standard histopathology, compressed spatial biomarker panels can be transformed from research tools into practical components of routine cancer diagnostics(Dahiya et al., 2025).


6. Diagnostic Utility and Clinical Impact Assessment
To support clinical translation, the performance of compressed spatial biomarker panels should be evaluated using standardized quantitative diagnostic metrics that enable direct benchmarking against existing diagnostic approaches.
6.1 Diagnostic Accuracy and Clinical Decision Support
The ultimate measure of success for any diagnostic biomarker lies in its ability to improve clinical decision-making(Logan et al., 2025). For spatially informed biomarker panels, diagnostic accuracy must be evaluated using metrics that are both statistically rigorous and clinically interpretable. Receiver operating characteristic analysis provides a standardized framework for assessing the discriminative performance of translated assays across relevant diagnostic tasks. Area under the curve values offer a summary measure of overall performance, while sensitivity and specificity at clinically meaningful thresholds provide insight into practical trade-offs(D. Zhang et al., 2025).
Diagnostic performance should be reported using conventional quantitative metrics, including sensitivity, specificity, and area under the receiver operating characteristic curve (AUC), to ensure comparability with established diagnostic standards. Sensitivity is particularly critical in early-stage disease and indeterminate lesions, where missed diagnoses carry significant clinical risk, while specificity is essential to avoid overdiagnosis and unnecessary interventions. AUC values provide a threshold-independent measure of overall discriminative ability and enable direct benchmarking of compressed biomarker panels against full spatial signatures, conventional histopathology, and existing molecular assays. Importantly, demonstrating that compressed panels achieve comparable AUC, sensitivity, and specificity to high-dimensional spatial-omics signatures supports the premise that diagnostic information is preserved despite substantial dimensionality reduction. Reporting performance across independent cohorts further strengthens claims of robustness and generalizability, reinforcing the clinical relevance of the compression-to-clinic paradigm.
Diagnostic accuracy should be assessed in comparison with existing biomarkers and standard diagnostic approaches. Such comparisons establish whether spatially derived panels offer incremental value beyond current practice rather than merely recapitulating known information(Wang & Feng, 2023). In many contexts, traditional biomarkers or morphological criteria perform well at extremes of disease but struggle in ambiguous cases. Spatially informed panels are expected to demonstrate their greatest benefit in these settings by capturing microenvironmental features that are invisible to conventional assays. Direct benchmarking against established markers clarifies where spatial biomarkers add value and where their use may be redundant(Williams et al., 2024).
Beyond binary classification, diagnostic panels can support nuanced clinical decision-making by stratifying patients along risk continua. Probability-based outputs, rather than categorical labels alone, allow clinicians to integrate biomarker information with other clinical variables. Such decision support tools are particularly relevant in oncology, where diagnostic uncertainty often influences the extent of tissue sampling, the aggressiveness of intervention, or the need for additional testing(Williams et al., 2024). By framing biomarker outputs in clinically meaningful terms, spatial panels can be positioned as aids to decision-making rather than standalone determinants(Al-Ewaidat & Naffaa, 2025).
The interpretability of diagnostic outputs further influences clinical impact. Panels that produce results aligned with familiar pathological concepts, such as immune infiltration or stromal activation, are more likely to be adopted than those requiring abstract computational interpretation(Bernardini et al., 2026). Emphasizing clarity and clinical relevance in performance reporting reinforces the translational intent of spatial biomarker development(Cui et al., 2025).
6.2 Decision-Curve and Net Benefit Analysis
While traditional accuracy metrics are necessary, they are insufficient to capture the real-world consequences of diagnostic testing. Decision-curve analysis provides a complementary approach by quantifying the net benefit of a diagnostic tool across a range of threshold probabilities(Kocak et al., 2025). This framework explicitly considers the relative harms of false-positive and false-negative results, offering a more clinically grounded assessment of utility(Chan et al., 2024).
For spatial biomarker panels, decision-curve analysis can reveal how diagnostic performance translates into tangible clinical outcomes(Zhao et al., 2025c). At lower threshold probabilities, where clinicians may prioritize sensitivity to avoid missed diagnoses, panels that reduce false negatives can demonstrate clear net benefit. At higher thresholds, where specificity is paramount to avoid unnecessary interventions, the ability of spatial markers to reduce false positives becomes particularly valuable. By examining performance across these thresholds, decision-curve analysis captures the flexibility of spatial biomarkers in supporting diverse clinical decision strategies(Han et al., 2025).
One practical implication of improved net benefit is the avoidance of unnecessary biopsies or overtreatment. In many diagnostic pathways, uncertainty leads to repeated tissue sampling, invasive procedures, or empiric treatment(Chua et al., 2026). Spatially informed panels that more accurately classify lesions or stratify risk can reduce reliance on such interventions. Demonstrating these benefits strengthens the case for clinical adoption by aligning biomarker performance with patient-centered outcomes and healthcare resource optimization(C. Zhang et al., 2025).
Importantly, decision-curve analysis contextualizes biomarker performance within existing diagnostic pathways(M. Wang et al., 2025). Comparisons with standard practice clarify whether spatial panels meaningfully shift decision thresholds or simply mirror current approaches. This emphasis on clinical consequences, rather than abstract performance metrics, aligns evaluation with the priorities of clinicians and healthcare systems(Kehyayan et al., 2025).
6.3 Clinical Scenarios of Maximum Impact
The clinical value of spatially informed biomarker panels is most evident in scenarios characterized by diagnostic uncertainty. Indeterminate lesions represent a common and challenging context in which conventional histopathology may yield equivocal results(Lin et al., 2025). Small biopsies, borderline morphological features, or overlapping benign and malignant characteristics can complicate diagnosis. In such cases, spatial patterns of immune organization, stromal architecture, or tumor–microenvironment interactions can provide additional evidence to support or refute malignancy. Demonstrating improved classification in indeterminate lesions highlights the practical relevance of spatial biomarkers(Liu et al., 2026c).
Early-stage disease constitutes a second scenario of high impact. Early malignancies often lack the overt morphological features seen in advanced tumors, making diagnosis more challenging(Zafar et al., 2025). Spatial alterations in the microenvironment may precede gross architectural disruption, offering an opportunity for earlier and more confident detection(Hosseini et al., 2024).
Biomarker panels that capture these early spatial changes can enhance diagnostic sensitivity while maintaining specificity, thereby supporting timely intervention(Mokhtari et al., 2025).
Inflammation-associated cancers present a third setting in which spatial biomarkers can offer unique value. Chronic inflammatory conditions often produce tissue changes that mimic malignancy, confounding traditional diagnostic approaches(Buglio et al., 2025). Spatially informed panels that distinguish inflammatory microenvironment patterns from malignant remodeling can reduce misclassification and inappropriate treatment. By explicitly addressing this challenge, spatial biomarkers demonstrate their capacity to resolve clinically relevant ambiguities that persist despite advances in molecular testing(Badran et al., 2025b).
Collectively, these scenarios illustrate how spatially informed biomarker panels move beyond theoretical performance to deliver concrete clinical benefits. By focusing on contexts where diagnostic uncertainty is greatest, evaluation of diagnostic utility reinforces the translational significance of the compression-to-clinic paradigm and underscores its potential to improve real-world cancer diagnostics(Zhao et al., 2025c).
7. Implementation Considerations and Global Applicability
7.1 Feasibility in Resource-Constrained Settings
For spatially informed biomarker panels to achieve broad clinical impact, their design and implementation must account for variability in healthcare infrastructure and resource availability(Mokhtari et al., 2025). Many regions, particularly low- and middle-income countries, face constraints related to laboratory capacity, workforce training, and diagnostic turnaround times. Translational strategies that ignore these realities risk reinforcing existing inequities in cancer diagnosis rather than alleviating them(Stefan & Tang, 2023).
Assay cost represents a primary determinant of feasibility. While spatial-omics platforms are prohibitively expensive for routine use, the compression-to-clinic paradigm intentionally shifts diagnostic implementation toward low-cost, established assays such as immunohistochemistry and RNA in situ hybridization. These techniques are already available in many pathology laboratories worldwide and can often be integrated without substantial capital investment(Y. Lee et al., 2025d). Limiting biomarker panels to a small number of markers further reduces reagent costs and simplifies validation, making adoption more realistic in resource-constrained environments(Wasilewski et al., 2024).
Infrastructure requirements extend beyond instrumentation to include sample processing, storage, and quality assurance. Formalin-fixed, paraffin-embedded tissue remains the standard specimen type in most settings, and assays compatible with this format offer a clear advantage(AlHammadi et al., 2025). By avoiding reliance on fresh or frozen tissue, compressed spatial panels align with existing workflows and reduce logistical barriers. This compatibility enhances scalability and facilitates implementation across diverse healthcare systems(Nair et al., 2024).
Turnaround time is another critical consideration, particularly in settings where delayed diagnosis can have profound clinical consequences(Mitchell, 2024). Diagnostic assays that require minimal additional processing and can be completed within standard pathology timelines are more likely to be adopted. Biomarker panels designed for rapid staining and interpretation support timely clinical decision-making and reduce bottlenecks in diagnostic pathways(Das et al., 2023b).
Pathologist training and interpretive burden also influence feasibility. Biomarkers that produce intuitive spatial patterns aligned with familiar histopathological concepts require less specialized training and are more readily incorporated into routine practice(Matias-Guiu et al., 2025). Clear scoring criteria, visual guides, and standardized reporting frameworks can further reduce variability and support adoption. By prioritizing interpretability alongside performance, the compression-to-clinic approach facilitates use by pathologists with varying levels of subspecialty expertise(Yu et al., 2025).
7.2 Regulatory and Standardization Challenges
Beyond feasibility, regulatory and standardization considerations play a central role in determining whether spatially informed biomarker panels can transition from research tools to clinically approved diagnostics(Passaro et al., 2024). Analytical validation is a foundational requirement, encompassing assessment of sensitivity, specificity, accuracy, and reproducibility under defined conditions. Validation protocols must demonstrate that assays perform consistently across technical replicates, laboratories, and operators, thereby establishing reliability(Jiang et al., 2025).
Reproducibility across independent cohorts is particularly important for spatial biomarkers, which may be influenced by tissue processing, sampling variability, and biological heterogeneity(Santiago et al., 2025b). External validation using geographically and demographically diverse cohorts strengthens confidence in generalizability and mitigates concerns about overfitting. Standardized protocols for tissue handling, staining, and interpretation further enhance reproducibility and facilitate cross-institutional comparison(Gao et al., 2026).
The path toward clinical adoption also requires alignment with regulatory frameworks governing diagnostic assays. While specific requirements vary by jurisdiction, most regulatory bodies emphasize evidence of analytical validity, clinical validity, and clinical utility(Pannonhalmi et al., 2025). Spatially informed panels that demonstrate clear diagnostic benefit beyond existing standards are better positioned to satisfy these criteria. Importantly, the use of established assay platforms may streamline regulatory review by building on familiar technologies with well-characterized performance profiles(Kinyua et al., 2025).
Standardization efforts extend to reporting and interpretation. Consistent nomenclature, scoring systems, and result formats are essential for integrating new biomarkers into clinical guidelines and decision pathways. Collaborative initiatives involving pathologists, clinicians, and regulatory stakeholders can facilitate consensus on best practices and accelerate adoption(Liu et al., 2026c).
By addressing feasibility, regulatory, and standardization challenges in parallel with biomarker development, the compression-to-clinic paradigm supports equitable and sustainable implementation. This integrated approach ensures that advances in spatial tumor microenvironment analysis translate into diagnostic tools that are not only scientifically robust, but also accessible and impactful across diverse global healthcare settings(González et al., 2025). 


8. Limitations and Future Directions
Despite the translational promise of compressed spatial biomarker panels, several limitations must be acknowledged to contextualize their current utility and guide future development. A primary constraint arises from the inherent limits of spatial sampling(McKenzie et al., 2026c). Most spatial analyses are performed on selected tissue sections that represent only a fraction of the tumor. Given the spatial heterogeneity of many cancers, critical microenvironmental features may be underrepresented or missed altogether, particularly in small biopsies. While compression strategies emphasize robust and recurrent spatial signals, sampling bias remains an important consideration, underscoring the need for careful tissue selection and, where feasible, multi-region analysis(Steffen et al., 2024).
Tumor-type specificity presents a second limitation. Spatial architectures that are diagnostically informative in one cancer type may not translate directly to others due to differences in tissue organization, immune contexture, and stromal composition. Consequently, biomarker panels optimized for a specific tumor entity may have limited applicability beyond that context(McKenzie et al., 2026b). At the same time, certain spatial principles, such as immune exclusion or stromal activation, may be conserved across cancers. Future work should therefore balance tumor-specific optimization with efforts to identify shared spatial motifs that support broader generalizability. Comparative studies across tumor types will be essential for distinguishing universal spatial signals from context-dependent features(D. Zhang et al., 2025).
The complexity of spatial data also highlights opportunities for artificial intelligence–assisted interpretation. While this work emphasizes interpretability and feasibility, advances in machine learning and computer vision offer the potential to enhance pattern recognition and reduce observer variability(Kazanskiy et al., 2025). AI-driven tools can integrate spatial relationships across multiple markers and regions, potentially improving diagnostic accuracy without increasing assay complexity. However, such approaches must be developed with transparency and validation in mind to ensure trust and regulatory acceptance. The integration of AI should augment, rather than replace, pathologist expertise(Chong et al., n.d.).
Looking forward, the integration of spatial biomarkers with other diagnostic modalities represents a promising direction. Liquid biopsy approaches, including circulating tumor DNA and other circulating biomarkers, offer minimally invasive insights into tumor biology but lack spatial context(Velpula & Buddolla, 2025). Radiomics provides non-invasive assessment of tumor heterogeneity at the macroscopic level but lacks cellular resolution. Combining these modalities with spatially informed tissue biomarkers could yield multi-scale diagnostic frameworks that capture complementary aspects of disease. Such integrative strategies may improve early detection, risk stratification, and longitudinal monitoring(Agosti et al., 2026).
In summary, while compressed spatial biomarker panels address key translational barriers, their continued evolution will depend on advances in sampling strategies, cross-tumor validation, computational support, and multimodal integration. Addressing these challenges will be critical for realizing the full potential of spatial tumor microenvironment architecture in clinical cancer diagnostics(Zhao et al., 2025d).
8.1 Limitations of the Compression-to-Clinic Approach
While the compression-to-clinic paradigm addresses key translational barriers, it is not without limitations. A central risk of biomarker compression is oversimplification, whereby aggressive reduction of spatial features may exclude biologically relevant heterogeneity that contributes to disease behavior. Tumors often exhibit multiple coexisting microenvironmental states, and minimal marker panels may not fully capture this complexity, particularly in highly heterogeneous or evolving lesions. In addition, compressed panels are inherently context-dependent; markers optimized for specific tumor types or diagnostic questions may not generalize across cancers or clinical settings. These limitations underscore the need for careful feature selection, tumor-specific validation, and transparent reporting of the trade-offs between interpretability, feasibility, and biological resolution.
8.2 Future Directions: AI-Assisted Biomarker Compression and Optimization
Future advances in artificial intelligence offer opportunities to enhance the compression-to-clinic framework while preserving clinical feasibility. Machine learning approaches can support systematic marker prioritization by identifying stable, information-efficient feature subsets across cohorts, platforms, and sampling regions. AI-assisted optimization may also help balance diagnostic performance with panel size by quantifying trade-offs between sensitivity, specificity, and interpretability. Importantly, such approaches should be applied in a transparent and clinically grounded manner, with emphasis on explainability, robustness, and compatibility with regulatory expectations. Rather than replacing pathologist expertise, AI-based tools are best positioned as decision-support mechanisms that refine biomarker selection and strengthen reproducibility in spatially informed diagnostic panels.

9. Conclusion
Spatial transcriptomics and related spatial-omics technologies have profoundly expanded understanding of tumor microenvironment architecture, yet their impact on routine cancer diagnosis has remained limited. This gap reflects not a lack of biologically meaningful insights, but a mismatch between discovery-oriented approaches and the practical requirements of clinical pathology. The central contribution of this work is the articulation of a framework that moves spatial-omics beyond descriptive discovery toward actionable diagnostics.
By emphasizing systematic compression of high-dimensional spatial data, this approach demonstrates that diagnostically relevant information can be preserved within minimal biomarker panels. Rather than equating complexity with value, the compression-to-clinic paradigm prioritizes information efficiency, reproducibility, and interpretability. This shift enables spatially informed biomarkers to be implemented using established pathology assays, aligning molecular innovation with the operational realities of diagnostic laboratories.
Equally important is the focus on translation and clinical utility. Through rigorous validation, benchmarking against existing diagnostic standards, and evaluation in clinically challenging scenarios, compressed spatial biomarker panels are positioned as tools that augment, rather than complicate, diagnostic decision-making. Their integration with standard histopathology reinforces continuity with current practice while providing added resolution in cases of diagnostic uncertainty.
Taken together, these elements establish a practical roadmap for transforming spatial tumor microenvironment architecture into clinic-ready diagnostic biomarkers. The framework outlined here underscores that the future impact of spatial transcriptomics in oncology will depend less on technological novelty and more on thoughtful engineering for clinical deployment. When designed with compression, translation, and utility at the forefront, spatial transcriptomics has the capacity to inform real-world cancer diagnostics and contribute meaningfully to improved patient care.
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