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Abstract: The rapid development of antibody-drug conjugates (ADCs), particularly trastuzumab deruxtecan (T-DXd), has renewed
interest in more refined assessment of low-end HER2 expression in breast cancer. However, substantial inter-observer variability in
manual immunohistochemistry, especially around the IHC 0 versus 1+ boundary, remains a major challenge for consistent patient
stratification. In this narrative review, we summarize emerging advances in computational pathology, including weakly supervised
whole-slide image modeling and quantitative HER2 scoring approaches, and discuss their potential to improve interpretive consistency
in this threshold-adjacent setting. We further examine the spatial rationale of the ADC bystander effect as a conceptual basis for
integrating quantitative HER2 burden, heterogeneity, and spatial organization into response assessment. Rather than presenting these
approaches as clinically established predictive tools, we argue that they should currently be viewed as exploratory and hypothesis-
generating frameworks that warrant rigorous validation in outcome-linked, cross-platform, and multi-center studies. Overall, Al-
assisted quantitative and spatial pathology may help refine biomarker development for ADC therapy in HER2-low breast cancer, but
its clinical utility remains to be established through prospective and analytically robust validation.
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Introduction: Clinical Relevance of Low-End HER2 Expression and the
Diagnostic Gap

The emergence of antibody-drug conjugates (ADCs), particularly trastuzumab deruxtecan (T-DXd), has expanded the clinical
relevance of low-end HER2 expression in breast cancer. Historically, HER2-targeted treatment primarily benefited patients
with HER2-overexpressing or gene-amplified disease, whereas tumors classified as HER2-negative were not considered
candidates for HER2-directed therapy.'~ This therapeutic landscape changed with DESTINY-Breast04, which showed that
T-DXd significantly improved outcomes versus physician’s choice chemotherapy in previously treated HER2-low metastatic
breast cancer, including a median progression-free survival (PFS) of 10.1 months versus 5.4 months in the hormone receptor-
positive cohort.> DESTINY-Breast06 further extended the clinical relevance of low-end HER2 expression to an earlier-line
hormone receptor-positive metastatic setting that included HER2-low and HER2-ultralow disease.* Importantly, these
advances expanded treatment eligibility, but they did not establish HER2-low as a distinct biological subtype. This distinction
reframes HER2-low/ultralow more appropriately as a potential drug-delivery phenotype than as a stable tumor lineage. The
clinically relevant question is therefore whether low, heterogeneous, and spatially distributed antigen expression generates
sufficient target burden and payload-accessible neighborhoods for ADC activity. In this context, Al-assisted quantitative
continuous scoring (QCS) is proposed not to create a new molecular class, but to convert a threshold-based pathology label
into auditable variables describing HER2 burden, spatial accessibility, and drug-delivery biology.
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At the same time, the current diagnostic framework remains imperfect for this purpose. The ASCO/CAP HER2
immunohistochemistry (IHC) scoring system was originally developed to identify HER2 overexpression or amplification
for conventional anti-HER2 therapies, rather than to provide robust quantification at the low-expression end.” Multi-
institutional and multi-reader studies have shown substantially poorer agreement for the clinically relevant 0/non-0 and 0/1
+ distinctions than for unequivocally positive categories, with persistent discordance also observed in the HER2-ultralow
range.®” These limitations reflect the combined effects of pre-analytic variation, assay and platform differences, and inherent
reader subjectivity when interpretation depends on faint and focal membrane staining.” '°

Accordingly, the key knowledge gap is not whether HER2-low/ultralow disease is clinically relevant, but how low,
heterogeneous, and spatially distributed HER2 signals can be measured reproducibly and linked to ADC-relevant drug-
delivery biology. Recent pathology recommendations have emphasized standardized workflows, consensus review, and
quality-control measures to improve consistency in HER2-low and HER2-ultralow interpretation.'® Within this context,
Al-assisted computational pathology is best viewed as an enabling measurement approach: quantitative continuous
scoring may help reduce subjectivity and improve reproducibility near threshold-adjacent cases,'' whereas spatial
modeling should currently be regarded as a hypothesis-generating strategy for ADC response stratification.'> However,
although early retrospective studies are encouraging, the use of Al-derived continuous or spatial features as candidate
biomarkers for ADC response stratification remains exploratory and requires rigorous outcome-linked validation,
independent external validation across platforms and centers, and, ideally, prospective confirmation.'*'* This review
therefore discusses Al-based HER2 quantification and spatial modeling as emerging, hypothesis-generating tools rather
than clinically established predictors.

Review Scope and Evidence Framing

This article is a narrative review rather than a systematic review. The literature was identified through focused searches of
major biomedical databases, review of reference lists from relevant articles, and targeted selection of studies in four domains:
clinical evidence for HER2-low/ultralow ADC therapy, HER2 diagnostic reproducibility and pathology practice, Al-based
HER?2 scoring and computational pathology, and mechanistic or spatial studies relevant to bystander-effect biology. Priority
was given to peer-reviewed original studies, prospective clinical trials, multi-reader or multi-center investigations, and studies
directly linked to treatment response or clinically relevant endpoints. Technical proof-of-concept reports and mechanistic
studies were included mainly to frame translational hypotheses, but were interpreted separately from outcome-linked clinical
evidence. The aim of this review is therefore to distinguish relatively established findings from exploratory concepts and future
validation priorities, rather than to present QCS or spatial phenotyping as already validated clinical biomarkers. Distinct from
reviews focused mainly on Al-assisted HER2 scoring or digital-pathology classification, this review specifically integrates
QCS with spatial bystander-effect modeling to frame low-end HER2 expression as an auditable drug-delivery and spatial-
accessibility phenotype for future ADC biomarker validation.

Al-Assisted HER2 Assessment: From Ordinal Classification to Continuous
Quantification

Evolution of Deep Learning Techniques in Pathological Image Analysis

Whole-slide images (WSIs) transform the traditional “field-of-view” reading of immunohistochemistry into a globally
computable entity, providing the foundational data infrastructure for enhancing the reproducibility of HER2 scoring. Given
the enormous data volume of WSIs, contemporary mainstream approaches eschew end-to-end processing of entire slides in
favor of tiling combined with hierarchical modeling: phenotypic features are extracted at the patch level and subsequently
aggregated to yield slide-level predictions.'> Weakly supervised multiple instance learning (MIL) is particularly well-suited to
real-world clinical data structures, requiring only slide-level labels for training, thereby substantially reducing the cost of per-
cell or per-region annotation while attention pooling mechanisms offer interpretable insights into regions of model focus.'®
Building upon these foundations, pathology-oriented weakly supervised and data-efficient training strategies have matured,
demonstrating robust cross-domain generalization in independent test cohorts and under varying imaging conditions, thereby
propelling computational pathology models toward greater clinical transferability.'’
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Importantly, the same weakly supervised WSI paradigm can be repurposed from reproducing ordinal IHC grades to
learning outcome-linked representations. When trial or real-world endpoints are available, MIL features can be trained to
predict objective response or time-to-event outcomes and, more critically, to test heterogeneity of treatment effect by
incorporating treatment-by-feature interaction terms. This reframes WSI modeling as a biomarker discovery engine: the
output is no longer a discrete HER2 class but a continuous slide-level embedding that can be evaluated for incremental
predictive value beyond conventional IHC strata and clinicopathologic covariates.

Standardization: Technical Strategies for Eliminating Staining Variability
The low-expression range of HER2 IHC is highly sensitive to color and contrast drift. A critical limitation is that currently
used chromogenic HER2 THC assays were optimized and clinically validated mainly for categorical assessment of over-
expression or amplification, rather than for strictly linear quantification across the ultralow range.” '* This distinction is
essential: Al-based quantification cannot create molecular sensitivity beyond the underlying assay or convert background
chromogenic variation into biological signal. Al-based quantification is therefore most useful when it makes visible tumor-cell
membrane staining more reproducibly measurable, identifies cases in which signal and noise cannot be confidently separated,
and provides auditable outputs for review, calibration, and uncertainty handling. In this setting, Al is best understood as
a measurement and quality-control layer for a diagnostic corridor in which manual ordinal interpretation is particularly fragile.
Color normalization remains the most widely employed foundational operation, ranging from classical Macenko normal-
ization to structure-preserving stain separation/reconstruction methods, all aimed at maximally decoupling staining style
variations from the feature space to direct model attention toward morphological evidence of membrane staining.'® In the
absence of paired data, unsupervised image translation techniques such as CycleGAN may be leveraged for style alignment or
data augmentation; however, in tasks like HER2 assessment where boundaries are exceedingly subtle, rigorous quality control
and threshold calibration are imperative, as style transfer itself risks altering the visibility of faint membrane signals and
introducing systematic bias. Ideally, color normalization and domain adaptation should be framed as auditable preprocessing
and quality control steps, with explicit documentation of their impact on interpretive stability near low-expression thresholds.
For clinical translation, within-platform performance is insufficient; a quantitative HER2 algorithm also requires
locked-model transportability. A quantitative HER2 algorithm should preserve calibration and boundary-case perfor-
mance when applied across different assay and scanner ecosystems, including settings involving different staining
platforms and Leica/Aperio or comparable WSI scanning workflows. Cross-platform validation should therefore examine
site-stratified score distributions, low-expression-band performance, scanner qualification, preprocessing sensitivity,
prespecified recalibration rules, version control, and drift monitoring. Without such evidence, a continuous HER2
score may remain center-specific and unsuitable as a transportable candidate predictor of ADC benefit.

Subcellular-Level Quantification: Converting “Faint Membrane Signals” from Subjective

Interpretation to Measurable Entities

Controversy in HER2 scoring centers on the distinction between 0 and 1+, which relies on faint, often barely perceptible
incomplete membrane staining, inherently limiting inter-observer concordance. Dedicated HER2 algorithms typically
employ stepwise, interpretable pipelines: tissue detection and slide quality control, tumor region localization, tumor cell
segmentation, followed by cellular-level quantification of membrane staining intensity and completeness, culminating in
output of expression distributions across cells or regions. A multi-center, multi-reader validation study demonstrated that
automated Al systems can generate whole-slide HER2 scores concordant with ASCO/CAP criteria while significantly
improving inter-pathologist consistency and accuracy in the most contentious 0/1+ differentiation, thereby providing
more reliable decision support for cases in the threshold-adjacent gray zone.'!

Notably, HER2 THC interpretation is further complicated by interference from non-invasive components. A recent system
incorporating ductal carcinoma in situ (DCIS) recognition and exclusion into the workflow—Ieveraging adjacent sections and
annotation data to filter non-target elements—achieved an increase in overall interpretive accuracy from 0.710 to 0.902 across
two-stage validation, with a marked reduction in misclassification of 1+ as 0 (from 65/279 to 32/279 cases), a finding of

particular relevance to clinical risk mitigation in the HER2-low era.'’
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Cell-level quantification enables a direct translation from pathology observations to pharmacologically interpretable
variables. Beyond a slide-level ordinal label, the pipeline yields distributions of membrane-positive tumor cells (fraction,
intensity percentiles) and, when coupled with cell coordinates, spatial descriptors such as clustering versus admixture of
positive cells. These outputs naturally support “bystander-relevant” hypotheses: for a given positive-cell burden, diffuse
admixture increases the positive—negative interface and may enlarge the population of antigen-negative cells within
effective payload reach, whereas tight clustering may limit interface density. Such variables are explicitly testable against
response and PFS in T-DXd—treated cohorts and can be contrasted with conventional IHC strata to quantify incremental
predictive signal.

Transition from Classification to Continuous Spectrum: Leveraging Continuous

Quantification to Accommodate Evolving Therapeutic Thresholds

The conventional HER2 IHC ordinal system (0/1+/2+/3+) was originally developed to identify patients likely to benefit from
prior anti-HER?2 therapies—those with unequivocal HER2 positivity—thus ordinal grading near low-expression thresholds
inadequately preserves continuous expression information.>® In contrast, continuous outputs (eg., proportion of membrane-
positive tumor cells, H-score, or calibrated model-derived continuous values) are better positioned to interrogate two critical
questions: first, whether reproducible expression gradients exist within IHC 0; and second, whether random interpretive error
can be mitigated and reproducibility enhanced in threshold-proximal cases. Recent Transformer-based automated HER2
scoring studies have introduced continuous scoring frameworks and reported high inter-model consistency in continuous
values, laying technical groundwork for cross-model and cross-center calibration; nonetheless, their clinical relevance awaits
validation in cohorts correlated with treatment outcomes or drug exposure-response relationships.*

A key advantage of continuous scoring is that it supports prespecified modeling strategies rather than post-hoc
threshold hunting. Practically, QCS outputs can be summarized as a small set of robust features (eg., positive-cell
fraction, median/upper-tail intensity, within-slide heterogeneity indices) and evaluated as continuous predictors, with
thresholds—if needed for clinical reporting—derived via outcome-linked calibration and decision-analytic criteria rather
than purely statistical cutoffs. This shifts the discussion from “what is the correct IHC bin” to “what continuous
phenotype best discriminates benefit”, enabling transparent comparisons between categorical ASCO/CAP strata and
continuous spatial phenotypes in predicting T-DXd efficacy endpoints. The conceptual transition from ordinal HER2
scoring to quantitative continuous and spatial phenotyping is summarized in Figure 1.

Evidence-Based Assessment of Clinical Validation Studies: Consistency Gains Are
Relatively Well-Established, While Outcome Correlations Remain a Gap

From an evidence-based perspective, the principal value of Al integration into HER2 IHC interpretation lies in rendering
the gray zone most impactful on treatment access (the HER2 0/1+ boundary) more reproducible and reducing mis-
classification. A two-arm multi-reader study by Krishnamurthy et al reported improvements in overall concordance from
75.0% to 83.7% and accuracy from 85.3% to 88.0% with Al assistance, with gains predominantly in 0/1+ discrimination
(concordance 69.8%—87.4%, accuracy 81.9%—88.8%) and reaching 92.1% concordance on high-confidence reference
slides.!" However, analytic performance does not equate to clinical net benefit: systematic reviews and meta-analyses of
diagnostic studies indicate pooled sensitivity of 0.97 (95% CI 0.96-0.98) and specificity of 0.82 (95% CI 0.73—0.88) for
Al in T-DXd eligibility-oriented classification tasks, yet performance often declines with substantial heterogeneity in
external validation and commercial algorithm contexts, underscoring the need for greater data transparency and cross-
platform external validation to delineate thresholds, calibration, and transferability limits."?

It must be emphasized that enhanced consistency does not imply complete resolution of low-expression interpretive
challenges. The Friends of Cancer Research Digital PATH initiative’s cross-comparison of 10 independent Al models across
1124 WSIs revealed a median overall concordance of approximately 65.1% (k =0.51), with discrepancies concentrated in
low-expression categories such as 1+ and 2+, suggesting that Al does not inherently transcend inherent IHC noise but rather
computationalizes and explicates it to some degree.'* Accordingly, the methodological inflection point is no longer whether
Al can improve reproducibility, but whether Al-derived continuous and spatial phenotypes demonstrate predictive utility for
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From ordinal HER2 scoring to quantitative continuous and spatial phenotyping
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Figure | From ordinal HER2 scoring to quantitative continuous and spatial phenotyping. This schematic illustrates the conceptual transition from conventional ordinal HER2
immunohistochemistry scoring to Al-assisted quantitative continuous scoring and spatial phenotyping. Ordinal scoring compresses low-end HER2 expression into discrete
categories and is particularly vulnerable to interpretive variability around the 0/1+ boundary. Quantitative continuous scoring provides more granular descriptors, including
positive-cell fraction, intensity distribution, heterogeneity, and review flags. Spatial phenotyping further evaluates how HER2-positive and HER2-negative tumor cells are
arranged in tissue. Even when overall HER2 burden is similar, intermingled versus clustered patterns may generate different bystander-effective zones and spatial accessibility,
supporting the rationale for integrating HER2 burden with spatial organization rather than relying on ordinal IHC categories alone.

T-DXd benefit. This requires study designs and analyses that explicitly distinguish prognostic association from treatment-
effect modification: first, by testing treatment-by-biomarker interactions within randomized cohorts; second, by quantifying
incremental value over conventional IHC strata; and finally, by demonstrating transportability through external validation.

Bridging Diagnostic Consistency to Therapeutic Prediction: A Treatment-
Effect—Aligned Validation Roadmap

Improved reproducibility at the IHC 0/1+ boundary is clinically necessary, but it does not by itself establish that Al-
derived quantitative continuous scoring (QCS) or spatial phenotypes are predictive of T-DXd benefit. The central
translational question is whether a biomarker modifies the treatment effect of T-DXd versus a relevant comparator on
endpoints such as objective response rate (ORR) or PFS, rather than whether it better reproduces ordinal IHC strata.
Therefore, single-arm correlations between QCS and response should be framed as hypothesis-generating, whereas
decisive evidence should come from randomized trials or prospective-retrospective analyses of archived trial specimens
using prespecified classifiers with independent replication.?' In such datasets, biomarker-by-treatment interaction should
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be tested, and incremental utility beyond conventional IHC categories and clinicopathologic covariates should be
quantified using calibration, discrimination, and decision-analytic measures such as net benefit (decision-curve
analysis).** Operationally, QCS pipelines already yield interpretable primitives—positive-cell fraction/intensity distribu-
tions, within-slide heterogeneity, and interface/admixture metrics—aligned with the spatial logic suggested by DAISY
and by retrospective QCS+proximity enrichment studies.'>?* For transportability, continuous outputs should be harmo-
nized across centers through prespecified calibration and reported under TRIPOD+AI to support transparent external
validation and drift monitoring.?* Taken together, current evidence more strongly supports improved analytic consistency
than validated prediction of differential ADC benefit. At present, QCS should therefore be regarded as an analytically
promising but still clinically unproven biomarker framework, pending rigorous outcome-linked validation.

Mechanisms of ADC Drugs and the Spatial Logic of the Bystander Effect

Structural and Pharmacological Characteristics of Next-Generation ADCs

ADCs are not merely a simplistic amalgamation of antibody and chemotherapeutic agent. Their therapeutic window is
collectively determined by three key factors: the antibody’s binding and internalization behavior toward the target
antigen, the in vivo stability and cleavage site of the linker, and the physicochemical properties of the payload
(particularly membrane permeability and affinity for intracellular targets). These design parameters ultimately translate
into two clinically relevant dimensions: the extent to which effective payload exposure within the tumor can encompass
heterogeneous clones, and the risk of systemic toxicity arising from off-target release.”

T-DXd exemplifies a design paradigm centered on a high-potency payload, cleavable linker, and elevated drug-to-
antibody ratio (DAR). It features an average DAR of approximately 8, with the topoisomerase I inhibitor DXd
conjugated via a cleavable peptide linker. In contrast, trastuzumab emtansine (T-DM1) employs a non-cleavable linker
to conjugate the microtubule inhibitor DM1 to trastuzumab, with a typical DAR of about 3.5; payload release occurs
primarily following internalization into target cells and lysosomal degradation, rendering it more dependent on antigen
density and endocytic efficiency.”®?” These structural distinctions not only modulate intracellular cytotoxic potency but
also critically determine whether the payload can egress from the target cell, thereby providing the mechanistic
foundation for the bystander effect.

Bystander Effect: From Intracellular Release to Tissue-Level Coverage

Rather than a purely pharmacologic “feature,” the bystander effect is best viewed as a spatially constrained transport process.
For patient stratification, this shifts attention from HER2 burden alone to the spatial accessibility of payload release: how many
neighboring cells, including HER2-negative cells, fall within a plausible payload-reach neighborhood. In other words, the
translational hypothesis is mechanistically explicit: (QCS-defined target burden and heterogeneity) x (spatial proximity/
coverage variables) should better align with the multi-mechanistic activity of T-DXd than ordinal IHC strata alone.

The canonical bystander killing effect underscores propagation at the tissue scale: following intracellular release within
antigen-positive cells, a payload with sufficient membrane permeability can diffuse into the extracellular space and be taken up
by adjacent antigen-negative cells, ultimately inducing DNA damage or cell death. This provides a plausible geometric
“bridge” across patchy antigen expression and clonal admixture typical of solid tumors; conversely, when payloads (or active
metabolites) are poorly membrane-permeant, bystander killing is markedly attenuated, leaving antigen-negative “blind spots”
more susceptible to therapeutic escape.?>*’ Importantly, experimental ADC models further support that the physicochemical
properties and the amount of released payload are central determinants of bystander killing, with membrane-permeable
payloads showing substantially stronger bystander activity than less permeable counterparts.”®

Crucially, the bystander effect is not solely governed by payload membrane permeability. Factors such as interstitial
fluid pressure within the tumor, stromal barriers, and antigen-mediated binding site barriers coupled with clearance
mechanisms collectively shape the “effective diffusion radius” and payload accessibility in tissue.”’° Accordingly, when
interpreting the observed overall efficacy superiority of T-DXd over T-DM1 in clinical settings, a more cautious
formulation is warranted: this advantage likely stems from the superposition of multiple mechanisms, with the bystander
effect representing one biologically plausible contributor rather than the sole attribution.®' Indeed, in computational
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transport analyses, heterogeneous tumoral distribution was shown to materially impact efficacy; bystander-capable
payload diffusion can partially compensate for poor antibody penetration, but direct antigen-positive cell killing remains
more efficient than bystander killing—implying that spatial predictors should not be framed as a substitute for target
burden, but as a multiplicative modifier that is most informative in heterogeneous, marginal-expression settings.>”

Recent mechanistic investigations have further extended the boundaries of the bystander concept: in certain contexts,
T-DXd activity may not fully depend on the canonical sequence of binding — internalization — lysosomal cleavage. Tsao et al
suggested that cathepsin L (CTSL) present in the extracellular tumor microenvironment can facilitate linker cleavage and
extracellular payload release, with immunomodulatory interactions shaping the overall therapeutic effect.® Such extracellular
release routes are consistent with broader discussions that bystander killing may occur via mechanisms not strictly requiring
antigen-dependent internalization, depending on linker—payload chemistry.*® Nonetheless, at the current stage, CTSL should
be positioned as a candidate mechanism and companion indicator rather than an established standalone predictive biomarker;
its clinical utility requires prospective validation and careful control for confounding by microenvironmental state.

Spatial Pathology Omics: Why the Bystander Effect Inherently Requires Spatial Metrics
Because bystander killing is fundamentally spatial, the most relevant question is not simply “what fraction of cells are HER2-
positive,” but “how positive cells are arranged relative to negative neighbors.” Even with identical HER2-positive fractions,
two tumors can have profoundly different bystander-reachable negative-cell volumes: one with diffuse admixture, in which
positive cells are embedded among negative counterparts, versus one with clustered segregation, in which positive cells are
contiguous with one another. To make this concept operational, we define a “bystander-effective zone” as a candidate
neighborhood around a HER2-expressing tumor cell or HER2-positive cluster within which adjacent HER2-negative cells
may be exposed to released payload. Its radius should be modeled rather than assumed: a value such as 50 um can be treated as
one prespecified candidate distance, but the biologically relevant range is likely to vary with linker—payload chemistry, tissue
architecture, stromal barriers, and local transport conditions. Al can therefore estimate spatial features across multiple
prespecified radii, including bystander coverage, defined as the proportion of HER2-negative tumor cells within radius r of
HER2-expressing cells; uncovered-negative fraction; positive—negative interface density; neighborhood HER2 burden; and
admixture or clustering indices. Their value will depend on reproducibility and on whether they add outcome-linked
information beyond conventional IHC category and non-spatial HER2 burden.

Spatial transcriptomics provides a general framework for localizing gene expression on tissue sections, while high-
multiplex in situ hybridization methods such as multiplexed error-robust fluorescence in situ hybridization (MERFISH)
extend spatial resolution toward single-cell or subcellular multi-gene readouts.** Multiplexed protein imaging platforms,
including CODEX and related technologies, further enable simultaneous quantification of multiple proteins on the same
section while preserving proximity relations, thereby more directly delineating cell—cell interaction networks.’ In the
present framework, these modalities should be viewed as orthogonal biological anchors rather than immediate replace-
ments for routine HER2 THC. Spatial transcriptomics can relate Al-derived spatial features to ERBB2 expression
gradients and local microenvironmental programs, whereas multiplexed protein imaging can test whether slide-derived
variables such as positive-cell fraction, membrane intensity distribution, positive-negative boundary density, neighbor-
hood HER2 burden, and bystander-effective-zone coverage correspond to molecularly defined tissue states. Together,
these modalities outline a scalable validation pathway in which routine WSI/IHC provides the clinical substrate, Al
extracts quantitative and spatial phenotypes, spatial transcriptomics or multiplex imaging provides biological anchoring,
and ADC-treated outcome cohorts determine whether these features are clinically predictive.

Graph Neural Networks and Spatial Proximity Analysis: Transforming Tissue Topology

Into Learnable Predictive Variables

Despite their mechanistic appeal, spatial omics assays currently face constraints in throughput, cost, and standardization,
limiting near-term scalability for routine clinical decision-making. A pragmatic translational route is therefore to extract
spatial structure from conventional H&E/IHC digital slides at scale. This begins with cell detection and phenotypic
classification, proceeds to constructing cellular graphs (cells as nodes, proximity relations as edges), and then uses graph
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neural networks (GNNs) to learn mappings between local topology and slide- or patient-level outcomes. Feasibility for
capturing clinically and molecularly relevant topology has been demonstrated in colorectal cancer pathology: Ding et al
converted whole-slide scans into graph-structured data and achieved molecular profile prediction with multi-cohort
external validation, supporting the premise that graph models can encode tissue architectures that patch-based classifiers
may miss.>® In the HER2-low/ADC setting, the priority lies not in algorithmic novelty, but in explicitly defining
biologically aligned spatial primitives—boundary density, admixture, neighborhood burden, and coverage surrogates—
that correspond to pharmacologic reach and can be learned, audited, and transported across centers.

From Expression Level to Spatial Accessibility: An Evidence-Structured Rationale for
Spatial Predictors of T-DXd Benefit

A central observation across contemporary trials is that “HER2-low” functions primarily as an eligibility category rather
than a complete predictor of benefit magnitude. Exploratory biomarker analyses from ongoing programs have reported no
statistically significant interaction for treatment benefit by baseline HER2 ITHC status or HER2 gene-expression level,
motivating predictors that encode tissue accessibility and heterogeneity beyond ordinal intensity strata.’’

Mechanistically, the bystander effect implies that spatial arrangement—where HER2-positive cells sit relative to
HER2-negative neighbors—should influence effective payload coverage. The DAISY trial, spanning HER2-expressing
through HER2 THC 0 disease, documented meaningful activity even in the non-expressing cohort and highlighted HER2
expression and its spatial distribution as key unresolved determinants of efficacy and resistance.> Although DAISY was
not a computational pathology study, it strengthens the biological plausibility that “how HER2 is distributed” can be
outcome-relevant even when categorical IHC labels appear similar.

Against this clinical-to-translational backdrop, a concrete computational pathology proof-of-concept has already
operationalized this logic retrospectively. In a Phase 1 DS-8201a-treated cohort, Kapil et al reported that a HER2
QCS system—particularly when combined with spatial proximity metrics—enriched for responders among convention-
ally HER2-negative/IHC 0 patients, demonstrating a median PFS of 14.8 months in the QCS+spatially selected subset
versus 8.6 months in the overall HER2-negative cohort, and capturing 76.4% of responders compared with 56.9% by
conventional THC scoring.'” Notably, the conceptual core is transferable: QCS provides a continuous measure of target
burden and heterogeneity, while spatial proximity features approximate the neighborhood coverage needed for bystander-
mediated reach. While this evidence remains retrospective and hypothesis-generating—requiring prospective, cross-
platform validation—it offers an operational template for converting “bystander effect as a spatial process” into
measurable, falsifiable, outcome-linked spatial phenotypes suitable for pre-specified testing in trials. However, biological
plausibility should not be conflated with clinical proof. Current support for spatial phenotyping remains largely
mechanistic, retrospective, or proof-of-concept, rather than derived from prespecified biomarker analyses within rando-
mized therapeutic comparisons. Accordingly, spatial phenotyping should currently be viewed as a hypothesis-generating
extension of HER2 assessment, with its clinical utility contingent on reproducible feature definition and prospective
outcome-linked validation.

Clinical Translation: Toward Trial-Grade and Auditable QCSxSpatial
Phenotyping

Workflow Integration: Prioritizing Stable Quantitation Over Binary Diagnosis

A practical way to frame workflow integration is to begin with the clinical decision the system is intended to support. In
the HER2-low/ultralow era, treatment access to antibody—drug conjugates can hinge on a narrow interpretive corridor
around the IHC 0/1+ boundary, where faint, focal membrane staining, specimen limitations, and inter-laboratory
variability collectively amplify misclassification risk. This is not a niche edge case: the clinical stakes have increased
as evidence continues to expand for trastuzumab deruxtecan across low and ultralow expression strata. Accordingly, the
central translational promise of QCS and spatial phenotyping is not marginal gains in retrospective discrimination, but
the reliable production of cross-center comparable continuous and spatial variables that can be endpoint-linked, audited,
and—if validated—used for therapy stratification.
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Translation therefore requires treating the algorithm as one component of an end-to-end measurement system. The
operational objective should be an auditable report that quantifies HER2 signal on a continuous scale, characterizes
heterogeneity and positive—negative admixture, and explicitly communicates uncertainty when the specimen or signal is
intrinsically fragile. A pragmatic deployment pattern is “triage plus evidence overlay” within routine digital pathology:
following pre-analytic control and whole-slide scanning, the system performs slide-level QC and returns a prespecified
set of variables rather than a single categorical label. At minimum, these variables should include a calibrated continuous
summary of HER2 burden (eg., positive-cell fraction and intensity distribution summaries), quantitative descriptors of
heterogeneity (eg., regional variability or clustering/admixture indices), and spatial accessibility surrogates aligned with
bystander logic (eg., positive—negative boundary density, neighborhood positive burden within radius r, mixing indices,
and coverage surrogates estimating the fraction of negative cells within bystander-reach neighborhoods). Each output
should be coupled to an audit trail—traceable ROIs, cell/patch overlays supporting computation, and uncertainty flags
enriched for boundary-adjacent cases, low tumor cellularity, and staining instability—so that review effort is concentrated
where consequences are largest.

Clear responsibility boundaries are essential. Pathologists retain interpretive authority; the system should prioritize
efficient audit rather than replace expert judgment. The laboratory owns pre-analytics and staining standard operating
procedures (SOPs); the digital pathology program owns scanner qualification and image QC; the AI system is
accountable for versioned, reproducible outputs; and the clinical team uses the report as decision support, including
escalation to repeat testing or multidisciplinary adjudication when uncertainty is high.*® The proposed Al-assisted HER2
QCS workflow and translational validation pathway are summarized in Figure 2.

Prerequisites for Clinical Utility: Verification, Calibration, and Lifecycle QA

If QCSxspatial phenotyping is advanced as a predictor (or effect modifier) of trastuzumab deruxtecan benefit, “one-time
validation” is not sufficient. The translational claim is defensible only if three conditions are met, and the evidence
package is reported with contemporary Al-specific transparency standards.

First, features, thresholds, and calibration strategies must be prespecified, and continuous outputs must be demon-
strably comparable across centers. Without calibration, a numeric score can become “center-specific,” reflecting local
staining, scanning, and preprocessing idiosyncrasies rather than biology. A trial-grade calibration plan must inherently
examine site-stratified distributions and quantify signal sensitivity to analytic choices, subsequently applying
a prespecified mapping to preserve interpretability across platforms. The same discipline is required for spatial variables:
if spatial metrics depend on cell-detection thresholds or membrane-signal segmentation behavior, these parameters must
be fixed, documented, stress-tested, and shown stable in the low-expression regime. Importantly, recent multi-model
evaluations indicate that algorithmic agreement itself can vary materially across Al systems, reinforcing the need to treat
“model choice and versioning” as part of measurement uncertainty rather than as an implementation detail.

Second, external validation must match the intended clinical claim. For diagnostic assistance, concordance and
repeatability are central; for therapeutic prediction, validation must be endpoint-linked and aligned to treatment effect
rather than label agreement alone. Evidence should be structured as analytic validity (measurement accuracy and
repeatability, especially at the 0/1+ and 1+/2+ boundaries), clinical validity (association with response or time-to-event
endpoints, ideally via prospective—retrospective analyses on trial specimens with prespecified plans), and—when feasible
—clinical utility (incremental net benefit beyond conventional IHC strata and clinicopathologic covariates). Critically,
predictive claims require designs capable of separating prognostic association from treatment-effect modification, such as
biomarker-by-treatment interaction testing in randomized or otherwise well-annotated comparative cohorts. Absent such
evidence, QCSxspatial phenotyping should be framed as hypothesis-generating rather than as a decision rule.

Third, drift monitoring must be operationalized as an auditable SOP with explicit triggers for re-validation. Drift may
arise from scanner upgrades, reagent or protocol changes, case-mix shifts, or software updates. A defensible lifecycle
plan includes periodic sampling re-reviews (oversampling boundary-adjacent and low-cellularity cases), boundary-
focused audits, and predefined criteria that mandate re-validation when material pipeline components change.*® For
Al/ML-enabled device software functions, contemporary regulatory discussions explicitly emphasize predetermined
change control and lifecycle governance; in practice, this means writing down what is allowed to change, what must
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Figure 2 Al-assisted HER2 quantitative continuous scoring workflow and translational validation pathway. This schematic summarizes an end-to-end Al-assisted HER2 QCS
workflow and its validation requirements for potential ADC biomarker development. The workflow begins with pre-analytic control, whole-slide image scanning and quality
control, tumor-region selection, cell segmentation, and membrane-signal quantification. The system then generates continuous outputs, including HER2-positive cell fraction,
intensity distribution, heterogeneity metrics, uncertainty flags, and an auditable report linking quantified results to traceable image evidence and calibration information. For
translational use, analytic validity, clinical validity, transportability, lifecycle quality assurance, and trial-grade biomarker development are required before Al-derived QCS or
spatial phenotypes can be considered clinically actionable predictors of ADC benefit.

remain locked, how updates are validated, and what performance bounds must be preserved, so that iterative updates do
not silently erode cross-center comparability of continuous and spatial outputs.*’

Overall, QCSxspatial phenotypes can function as transportable biomarkers only when outputs are prespecified, calibrated,
externally validated for the intended clinical claim, and continuously monitored with enforceable re-validation triggers.*'

Sampling, Re-Testing, and Heterogeneity: Protecting the Biomarker from Tissue-Level
Fragility

Spatial phenotyping is only as credible as the specimen. HER2-low and ultralow disease is frequently heterogeneous and
characterized by faint, focal membrane staining; localized biopsies may under-sample the interfaces where bystander-
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relevant geometry is expressed. This creates a practical vulnerability: even a well-calibrated algorithm cannot compen-
sate for non-representative tissue. Two implications follow.

First, QCSxspatial outputs should be treated as specimen-conditional measurements, and reports should explicitly
include adequacy descriptors (tumor cellularity, tissue area, staining quality, and heterogeneity-related uncertainty flags)
to inform whether repeat testing is warranted. Second, repeat testing should be tied to decision pressure and biological
evolution. When eligibility or therapeutic choice hinges on a narrow boundary, escalation to repeat testing or targeted re-
biopsy can reduce decision error more effectively than further refinement of a single archived specimen—particularly
when receptor expression and spatial organization can shift over time and across sites. Operationally, repeat testing can
be prioritized when the initial specimen is low-adequacy, when treatment decisions hinge on the 0/1+ corridor, or where
clinical evolution suggests discordance between archived and current disease. Finally, heterogeneity should be elevated
from a descriptive add-on to a prespecified component of the phenotype: rather than reporting only an average continuous
score, the system should provide heterogeneity summaries (eg., distribution tails, regional variability, clustering/admix-
ture indices) that can be prospectively tested against outcome heterogeneity.

Health Economics: Aligning Reimbursement Models with Clinical Utility

Economic arguments are most compelling when tied to measurable levers that QCSxspatial phenotyping is expected to move.
Relevant inputs include scanning and storage, software licensing and maintenance, personnel training, calibration and re-
validation exercises, and ongoing quality monitoring.** Relevant outputs should be limited to consequences plausibly
concentrated in the 0/1+ corridor: changes in boundary-case adjudication and second-read burden, reductions in repeat testing
and controversy consultations, shifts in access attributable to more reproducible low-end stratification, and net changes in
turnaround time. A minimal reimbursement narrative can then be constructed from site-specific volumes and the cost trade-off
between missed eligibility and unnecessary escalation, avoiding generic claims of cost-effectiveness.

Challenges and Future Directions

Technical Bottlenecks and Resolution Pathways

Data availability and annotation remain the primary bottlenecks constraining the upper performance limits of Al pathology
models. This is particularly acute for HER2: conventional IHC scoring exhibits systematic inconsistency in the low-
expression range, such that the ostensibly established “ground truth” itself drifts with reader, center, and threshold interpreta-
tion; in multi-institutional, multi-reader real-world evaluations, concordance for critical strata such as 0/1+ and 1+/2+ is
markedly lower than for high-expression intervals like 3+, implying that models trained on single-reader labels risk
entrenching subjective biases as algorithmic regularities.** Consequently, a more rational approach for training and validation
entails constructing reference standards via multi-expert consensus or multi-reader statistical frameworks, designating
“threshold-adjacent cases” as discrete quality control and incremental learning sets; where in situ hybridization (ISH)/
fluorescence in situ hybridization (FISH) or other molecular assay results are available, these may be leveraged for weakly
or semi-supervised constraints to mitigate noise propagation from reliance solely on ordinal IHC labels.

Multi-center heterogeneity constitutes the second decisive barrier. Variations in antibody lots, staining platforms, scanners,
and resolution engender substantial domain shifts, causing models performing well at center A to degrade at center B. Stain
standardization and color normalization remain foundational for cross-center deployment (eg., classical stain normalization
methods serving as preprocessing baselines), upon which federated learning offers a pragmatically viable engineering
pathway for inter-institutional collaboration: model updates are accomplished without central aggregation of raw WSIs,
thereby lowering data-sharing barriers while better aligning with privacy and regulatory constraints.**

Core algorithmic challenges center on interpretability and robustness. Pathologists require visibility into “what the
model bases its decision on and why,” rather than merely a score; decomposing model outputs into cellular- or patch-
level evidence (eg., overlaid positive-cell annotations, counterfactual explanations, or critical region highlighting)
facilitates transformation of AI from opaque conclusions into auditable decision support.** Concurrently, distribution
drift and performance decay represent enduring risks: shifts in case mix, laboratory workflows, or equipment upgrades
may precipitate inconsistencies for the same model across time or centers. Deployment, therefore, should not be
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construed as a one-time rollout but integrated into ongoing quality systems: establishing local periodic sampling and re-
validation protocols, with model modifications and updates governed by auditable change management frameworks.*’

Priority Agenda for Clinical Validation

Building on the mechanistic framework in Standardization: Technical Strategies for Eliminating Staining Variability—3.5
(continuous HER2 burden by QCS coupled with spatial accessibility/coverage variables), the evidentiary pathway must
progress from concordance studies to outcome-associated investigations. Contemporary multi-reader evaluations suggest
Al can improve reproducibility in the low-expression interval, but concordance alone is insufficient to justify therapeutic
re-stratification.'’*** Next-phase designs with higher informational yield should prioritize prospective—retrospective
correlative studies embedded in ADC trials to test incremental associations with outcomes. These efforts must be
complemented by prospective cohorts enriched for threshold-adjacent cases to validate responder identification, along-
side multi-center assessments ensuring that spatial predictors remain robust against workflow variations.

Beyond HER2: Methodological Transferability and Precision Stratification for ADCs
The value of the HER2 paradigm extends beyond resolving a single scoring challenge to furnishing a transferable methodo-
logical toolkit: cellular/patch-level segmentation and quantification, weakly supervised WSI modeling, spatial graph-
structured feature extraction, and cross-center quality control. These capabilities are not proprietary to HER2. For instance,
the clinical benefit of TROP2-directed ADCs in metastatic triple-negative breast cancer illustrates that, once efficacy is
established, constraints on accessibility often shift toward “how to more reliably select potential beneficiaries™’ Accordingly,
directions of broader generalizability lie in expanding from “single-target intensity” to composite phenotypes integrating
“target burden + heterogeneity + spatial accessibility,” with validation via stratification or enrichment designs in clinical trials.
The confluence of spatial omics and digital pathology provides conceptual and technical scaffolding: spatial transcriptomics
and analogous modalities have demonstrated that in situ spatial information can reshape understanding of tumor microenvir-
onment and cell-cell interactions,>* while graph representation learning and cross-level molecular profile prediction on routine
sections have evidenced feasibility in linking spatial structure to tissue morphology and molecular/prognostic outcomes>***—
affording an engineerable entry point for testing the spatial logic of ADC bystander effects.

Ethics, Equity, and Accessibility

Risks in Al pathology derive not solely from technical misalignment but also from equity and governance lacunae. Real-world
investigations have shown that medical algorithms may, under ostensibly neutral inputs, systematically amplify population
disparities, thereby altering resource allocation and treatment access. Thus, model development and deployment phases should
incorporate “population representativeness, subgroup performance, and bias auditing” into metric hierarchies of equivalent
primacy to overall area under the curve (AUC); for resource-constrained settings, pragmatic trade-offs among computational
power, storage, and workflow costs are requisite, promoting lightweight inference, tiered deployment, and remote collabora-
tion to preclude concentration of technological dividends in high-resource centers alone.

Conclusion

The HER2-low/ultralow era has increased the importance of more reproducible assessment at the low-expression end,
where conventional ITHC remains vulnerable to interpretive variability. Current evidence suggests that Al-assisted
computational pathology may improve analytic consistency and provide auditable quantitative descriptors of HER2
burden, heterogeneity, and tissue organization. However, the role of QCS and spatial phenotypes as predictive biomarkers
of ADC benefit has not yet been established. Most supporting data remain retrospective, exploratory, or proof-of-concept,
and further work is needed to define robust features, ensure cross-platform comparability, and validate these approaches
in outcome-linked and independently replicated cohorts. At present, these methods are best regarded as candidate
biomarker frameworks for further study rather than tools ready for routine clinical decision-making.
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