
npj | precision oncology Article
Published in partnership with The Hormel Institute, University of Minnesota

https://doi.org/10.1038/s41698-025-00899-5

Augmented reality microscopy to bridge
trust between AI and pathologists
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Diagnostic certainty is the cornerstone of modernmedicine and critical for maximal treatment benefit.
When evaluating biomarker expression by immunohistochemistry (IHC), however, pathologists are
hindered by complex scoring methodologies, unique positivity cut-offs and subjective staining
interpretation. Artificial intelligence (AI) can potentially eliminate diagnostic uncertainty, especially
when AI “trustworthiness” is proven by expert pathologists in the context of real-world clinical
practice. Building on an IHC foundation model, we employed pathologists-in-the-loop finetuning to
produce a programmed cell death ligand 1 (PD-L1) CPS AI Model. We devised a multi-head
augmented reality microscope (ARM) system overlayed with the PD-L1 CPS AI Model to assess
interobserver variability and gauge the pathologists’ trust in AI model outputs. Using difficult to
interpret regions on gastroesophageal biopsies, we show that AI-assistance improved case
agreement between any 2 pathologists by 14% (agreement on 77% vs 91%) and among 11
pathologists by 26% (agreement on 43%vs 69%). At a clinical cutoff of PD-L1 CPS ≥ 5, the number of
cases diagnosed as positive by all 11 pathologists increased by 31%. Our findings underscore the
benefits of fully engaging pathologists as active participants in the development and deployment of
IHC AI models and frame the roadmap for trustworthy AI as a bridge to increased adoption in routine
pathology practice.

The acceleration of deep learning and generative artificial intelligence (AI)
applications in digital pathology are transformational and can potentially
outperform the accuracy and reproducibility benchmarks of the typical
pathology laboratory1. Notable examples of emerging biomedicine AI
models include the detection of mitotic figures2,3 and tumor proliferation4,
prostate cancer grading5, lymph node metastasis detection6, and prognosis
prediction7–10, among other applications11. Especially compelling are
machine learning foundation models trained on both visual image analysis
and natural language text12,13 with recent progress aiming to produce high
performance models that integrate a patient’s medical record with their
histology14,15. Real-world adoption of AI pathology systems is significantly

lagging, however, and increasingly positioning pathologists to deal with
black box outputs that spark questions aboutAI reliability in routine clinical
practice16,17. Establishing the trustworthiness of AI systems in the hands of
practicing pathologists, therefore, is necessary to realize improvements in
patient care.

The need for establishing trust between AI and pathologists is parti-
cularly high in diagnostic immunohistochemistry (IHC), a methodology
that is burdened by two critical challenges: (1) the absence of analytical
reference standards across the diagnostic IHC industry and (2) a heavy
reliance on subjective staining interpretation ascertained bymanual scoring
methodologies with outputs (e.g. H-scores) that are decoupled from the
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biomarker’s analyte concentration1,18,19. Consequently, diagnostic IHC has
no definable absolute ‘ground truth’ and must rely on inter-observer
agreement as an estimate of scoring reliability.While regulatory approvals of
IHC companion diagnostics and associated scoring methodologies are
based on rigorous validation against clinical responses in registrational
trials, real world implementation of IHC testing is front-loaded with vari-
ables and widely disparate assessments of biomarker positivity18,20,21.
Importantly, this absence of ground truth is also problematic for training
andfine-tuningAImodels since the annotated training sets arederived from
pathologists’ subjective interpretations of physical IHC stains and not
decision rules-based criteria safeguarded by universal reference standards.

Additionally, poor biopsy sampling, heterogeneous histology, complex
scoring methodologies, and categorical positivity cut-offs add difficulty to
the qualitative, and, at best, semi-quantitative nature of diagnostic IHC
patient selection. In the case of PD-L1, a prognostic and predictive patient
selection biomarker for checkpoint inhibitor immunotherapy, four FDA
approved PD-L1 IHC kits22–27 are commercially available and multiple PD-
L1 antibodies are in use as laboratory developed tests (LDTs). Initially, the
Blueprint Project28,29 provided cross-assay concordance estimates but was
ultimately ineffective in guiding real-world PD-L1 testing harmonization.
Since then, a plethora of indication-specific concordance studies continue to
leave the core challenges unaddressed but highlight that complex scoring
methods such as combined positive score (CPS) and unique PD-L1 posi-
tivity cut-offs are problematic for pathologists30–35.

Despite these challenges, IHC testing is a pathology workhorse with
renewed efforts aiming to improve testing reproducibility and quantitative
accuracy. The Consortium for Analytical Standardization in Immunohis-
tochemistry initiatedwork todefine IHC sensitivity thresholds for use in the
development of IHC reference materials and standardization calibrators36

with the first in class breast cancer IHC referencematerials FDA cleared for
clinical use37–40. In parallel, healthcare stakeholders are recognizing the
impact of implementing AI capabilities and seeking to identify integration
levers, while pathologists, in their unique position as clinical decision
makers, keenly aware of IHC pitfalls, are grapplingwith the trustworthiness
of automated AI models and their appropriate placement into their
workflows41,42.

To understand the factors that shape AI trustworthiness in pathology
practice, we devised a framework implementing an augmented reality
microscope (ARM) enabled with our PD-L1 CPS AI Model and tested the
comparative effects of scoring PD-L1CPSmanually andwithAI-assistance.
The ARM-AI system allowed us to utilize a familiar glass slide workflow
while reducing sources of scoring variability by ensuring that pathologists
operated under identical conditions, including assessment of the same field
of view (FOV), using uniform microscope settings and identical
scoring times.

Results
Multi-organ foundation model for cell detection
Following the general research trend of large language models, AI foun-
dation models are currently dominating the computational pathology
research space12,15,43–47. Existing pathology AI foundation models using
patch-level feature extraction do not necessarily learn explicitly about fine-
grained cellular and subcellular structures, even though this is key for the
precise detection of cells, cell membranes, subcellular staining and nuanced
tissue segmentation. We built a cell-based multi-organ IHC foundation
model using deep neural networks for clinical tasks requiring the detection
of fine-grained histological structures. Employing a hybrid learning
approach, we combined self-supervised learning to detect general tissue
structures and supervised learning to detect explicit biological cell structures
with significantmedical relevance.Usingmulti-head knowledge distillation,
we achieved model regularization and robustness. For supervised learning,
we used hand-crafted cell annotations and nuanced tissue segmentation
structures across a wide variety of organs. Leveraging 1.4 million annota-
tions from 518 multi-organ biopsy cases across multiple organs sourced
from 16 institutions (Fig. 1a), our AI model was able to detect individual

cells, classified as tumor or immune, and detect PD-L1 staining positivity.
Our emphasis on using heterogeneous data was strategically employed to
compensate for differences in staining variability and scanner/microscope
diversity to achieve the required robustness for clinical-grade AI.

Our AI model analyzes PD-L1 stained tissue images in a patch-based
approach following a stepwise procedure by first identifying assessable tis-
sue, then segmenting tumor tissue, followed by cell detection and classifi-
cation, and finally aggregating across all analyzed patches (Fig. 1a). To
deploy our AImodel on gastric cancer samples, we adapted the AImodel to
detect PD-L1 expression by the CPS methodology using gastric, gastro-
esophageal junction, and esophageal adenocarcinoma (GC/GEJC/EAC)
biopsies. Based on cell counts, the CPS methodology requires the identifi-
cation of PD-L1 on tumor cells and immune cells (lymphocytes and mac-
rophages) with an output that is mathematically derived and defined as the
number of positive tumor cells (posTC) plus the number of positive
immune cells (posIC), dividedby total viable tumor cells (TC),multiplied by
100. Without fine-tuning, our IHC foundation model was empirically
evaluated on a test-set of (n = 55) PD-L1 gastric cancer biopsy cases stained
with the PD-L1 IHC 28-8 pharmDx assay, obtained from three institutions
and three different scanners (Fig. 1c). In terms of case classification as
positive or negative using the clinically relevant cutoff of CPS ≥ 5, a PD-L1
reference manual consensus score was considered ground truth. For each
case, consensus was derived from the scores of two pathologists and adju-
dicated through discussion when opinions differed. The outputs of the IHC
foundation model were compared to the consensus score based on the
prespecified cutoff resulting in an agreement rate of 81.8% (95% CI, 68.6%,
94.3%) and a Cohen’s kappa value of 0.62 (95% CI, 0.36, 0.86). Visual
inspectionof the IHCfoundationmodeloutputs, in termsof individual cells,
revealed limitations in the interpretation of challenging gastric specific
tumor tissue characteristics and PD-L1 staining positivity. Our findings
aligned with our previous study by Robert et al.48 showing similar incon-
sistencies when pathologists manually scored PD-L1 CPS on gastric cancer
biopsy WSIs.

Pathologist-in-the-loop finetuning of the gastric cancer PD-L1
CPS AI Model
As previously reported, accurate and reproducible IHC based biomarker
readouts are notoriously difficult to obtain, largely due to analytical para-
meters and staining interpretation variability. CPS methodologies are
especially problematic because they account for PD-L1 staining in tumor
and immune cells and typically produce highly discordant outputs among
pathologists. These discrepancies also pose challenges for developing
accurate IHC AI models where consistent and reliable training data are
required. To address this challenge, we curated scoring guidelines for dif-
ficult gastric cancer tissue architectures that could be utilized systematically
for pathology annotations. The direct participation of expert pathologists,
not annotating pathologists, allowed us to compile accurate and exhaustive
decision rules on how to annotate tissue areas and single cells with expert-
level precision. These decision rules were given to annotating pathologists
and were used to develop the fine-tuned PD-L1 CPS AI Model.

We identified distinct ROIs from 31 GC/GEJC/EAC biopsy cases with
ambiguous outputs from the AI foundation model training. All individual
cells in each ROI were assessed independently by three expert pathologists
for PD-L1 IHC analysis. Adjudication of all 31 biopsy cases took place in-
person with extensive discussion to derive consensus and create decision
rules on cell type, cell number and PD-L1 positivity. The resulting decision
rules summarized as the Gastric Cell Atlas (Fig. 1b) address areas of diffi-
culty encountered by pathologists and AI models when assessing PD-L1
CPS, including gastric-specific tissue and cell architectures, recognition and
distinction of tumor cells and a variety of immune cells, counting of over-
lapping and multinucleated cells, determination of PD-L1 positivity on
tumor cellmembranes andnumber ofPD-L1positive tumor cells in the case
of shared membrane positivity.

By reconciling heterogeneous histology and complex cellular features,
we employed theGastricCellAtlas to guide further annotations and achieve
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refined PD-L1 assessments to produce an accurate PD-L1 CPS IHC AI
Model. 212 GC/GEJC/EAAC biopsy cases sourced from 11 institutions,
7 scanners and inclusive of 406,867 cells, including tissue areas that chal-
lengepathologistswhenreviewinggastric cancer diagnoses requiringPD-L1

CPS readouts,wereused tofinetune the IHC foundationmodel andproduce
the Gastric PD-L1 CPS AI Model. Preliminary performance of the Gastric
PD-L1CPSAIModelwas evaluatedon the same test-set of 55 gastric cancer
biopsy cases used previously. Compared to the original IHC foundation

https://doi.org/10.1038/s41698-025-00899-5 Article

npj Precision Oncology |           (2025) 9:139 3

www.nature.com/npjprecisiononcology


model, the finetuned Gastric PD-L1 CPS AI Model showed improved
concordance against the reference consensus increasing agreement from
81.8% (95% CI, 68.6%, 94.3%) to 96.4% (95% CI, 88.6%, 100%) (p < 0.05,
McNemar’s test) andCohen’sKappaκ from0.62 (95%CI, 0.36, 0.86) to0.91
(95% CI, 0.71, 1.0) (p < 0.05, Bootstrapping) (Fig. 1c). To validate the per-
formance of theGastric PD-L1CPSAIModel, we retrospectively compared
it to the PD-L1 CPS readouts of 12 expert gastro-intestinal pathologists on
an independent dataset of 97 GC biopsies, where we previously reported
high variability when using manual scoring48. Correlation of the outputs
from the PD-L1 CPS AI Model with pathologists in terms of concordance
correlation coefficient (CCC)were higher (0.59; 95%CI, 0.49, 0.67) than the
average correlation among pathologists’manual scores (0.56; 95% CI, 0.41,
0.62), but without statistical significance, as well as higher than for the
original IHC foundation model with statistical significance (p < 0.001,
Bootstrapping) (Supplementary Fig. S2). At a PD-L1 CPS ≥ 5 cut-off, the
concordance betweenPD-L1AI scores and pathologists’manual scores was
higher (Cohen’s κ = 0.46; 95% CI, 0.37, 0.54) than the average concordance
among pathologists’ manual scores (Cohen’s κ = 0.39; 95% CI, 0.29, 0.48)
with statistical significance (p < 0.05, Bootstrapping) as well as higher than
for the original IHC foundation model (p < 0.001, Bootstrapping). By
validating AI performance on two independent gastric cancer biopsy
datasets, we found that performance of the Gastric PD-L1 CPS AI Model
was markedly improved compared to the IHC foundation model and was
non-inferior to human PD-L1 CPS IHC readouts.

Trust facilitated through augmented reality
Next, we wanted to study the influence of our Gastric PD-L1 CPSAIModel
as an AI-assistance tool for pathologists scoring PD-L1 CPS on glass slides.
One of the leading reasons for the low uptake of published AI algorithms in
routine clinical practice is the lack of appropriate assessment in clinical
grade settings. Even with FDA cleared and Conformité Européenne (CE)
certified AI systems, pathologists tend to require a level of trust, possibly
gained through hands-on experience, prior to approving integration into
their practice.

Using the ARM-AI system we investigated the utility and trust-
worthiness of the Gastric PD-L1 CPS AI Model in a controlled manner.
Twelve expert pathologists, 1 lead pathologist who did not score samples
and 11 scoring pathologists, participated in a two-day experiment to eval-
uate the same ROIs in real-time comparing manual vs AI-assisted scoring
on an independent set of 35 GC/GEJC/EAC biopsy cases. For this, we
devised an ARM-AI system using an Olympus BX53 light microscope
retrofitted with an Augmentiqs ARM unit that was connected to a local
computer workstation for ARM image processing.Multi-person viewing of
the same ROIs was made possible by attaching a 16-unit binocular head
system to the light microscope (Fig. 2) with simultaneous display on a 75-

inchmonitor for community viewing. The lead pathologistmaneuvered the
ARM-AI system to ensure the lighting conditions were optimal and the
images, both through the microscope and the digital monitors, were clear
and sharp. Live feed from the auxiliary camera enabled stage tracking to
locate each ROI through x, y coordinates at 20x magnification ensuring
ROIsmatched fromday 1 to day 2.An overlay of the PD-L1CPSAI analysis
could be triggered by the lead pathologist for the tissue displayed in the FOV
by the push of a button. The ARM-AI systemwas programmed to send the
respective tissue image to the API of a cloud-based AI server operating the
Gastric PD-L1 CPS AI Model.

The Gastric PD-L1 CPS AI Model analyzed tissue images by capturing
sufficiently large viewing areas, including peripheral margins, beyond the
core ROIs. The AI outputs consisted of (a) individual cells with their coor-
dinates, (b) cell type and (c) corresponding CPS score. Visually through the
oculars, pathologistswere able to see thePD-L1CPSAI analysis as a real-time
digital overlay superimposed on the glass slide containing the tissue sample,
including thevisualizationofPD-L1positive tumorcells (posTC, red),PD-L1
negative tumor cells (negTC, yellow), and PD-L1 positive immune cells
(posIC, purple). This augmented reality visualization of the Gastric PD-L1
CPS AIModel outputs could be toggled by the lead pathologist, allowing the
11 scoring pathologists to compareAI-assisted viewswith unassisted views of
the original tissue samples. The pathologists’ key experimental task was to
view each of the predefined ROIs independently and produce PD-L1 CPS
outputs (cell counts and CPS score) either manually on day 1 or with AI-
assistance enabled by the ARM-AI system on day 2. Each of the 35 inde-
pendent biopsy cases contained one pre-marked ROI. ROIs were photo-
graphed and the coordinates recorded so that scoring pathologists could view
each of the ROIs on multiple occasions. Scoring pathologists were asked to
independently assess all 35ROIs andprovide individual cell counts of posTC,
negTC and posIC. The final CPS score for each ROI was calculated
and presented to the pathologists for either agreement or disagree-
ment. If pathologists did not agree with the derived CPS score, they
could ‘gut-check’ the derived CPS and change the underlying cell
counts, but not the CPS directly. Thereby, final CPS outputs, whether
manual or AI-assisted, were governed individually by each of the
11 scoring pathologists.

Impact of assistance on pathologist performance
Overall, AI-assistance increased the pathologists’ awareness of absolute cell
countsmost likely by improving their visual perception when looking at the
FOV. posTC, negTC, and posIC cell counts revealed that pathologists were
reporting more cells with AI-assistance on day 2 in comparison to manual
counts on day 1 (Fig. 3a), with a statistically significant increase (p < 0.01) of
approximately 2.5-fold for negTC, 1.5-fold for posTC, and 4.9-fold for
posIC (Fig. 3b). Notably on day 2, pathologists observed qualitatively that

Fig. 1 | Development of an IHC AI Model finetuned to detect PD-L1 CPS in
gastric cancer biopsies. a Gastric PD-L1 CPS AI Model. A multi-organ foundation
IHC AI model was developed (Mindpeak, Hamburg, Germany) and adapted to
detect PD-L1 expression by CPS methodology in GC/GEJC/EAC biopsy tissues.
Pretraining of the neural network (NN) PD-L1 AI model employed 1.4 million
annotations from 518multi-organ biopsy cases sourced from 16 labs. Refinement of
cell annotations was accomplished through construction of a PD-L1 CPS specific
decision tree (Gastric Cell Atlas) to reconcile heterogenous histology and complex
features. Gastric specific manual annotations were determined from 212 GC/GEJC/
EAC biopsy cases (28-8 IHC stained WSIs) sourced from 11 labs, 7 scanners and
inclusive of 406,867 GC/GEJC/EAC cells. Finetuning of the Gastric PD-L1 CPS AI
Model was performed by using multi-head knowledge distillation. Patch analysis
was employed stepwise to identify PD-L1 tissue image patches, then tumor seg-
mentation (red invasive tumor, blue tumor-associated immune cells), then cell
identification and finally cell classification. For CPS, single cell classification was
defined for PD-L1 positive TC (posTC, red), PD-L1 negative TC (negTC, yellow)
and PD-L1 positive IC (posIC, purple). Total tumor cells (TC) were calculated from
posTC plus negTC counts. CPS equals the number of posTC, plus the number of
posIC, divided by total viable TC, multiplied by 100 and in all cases was

mathematically derived. WSI analysis by Gastric PD-L1 CPS AI Model as final
output. b Gastric Cell Atlas. Three pathologists with deep expertise in PD-L1
staining interpretation reviewed 31 cases of GC/GEJC/EAC with challenging his-
tology and complex cellular features including at least one of the following criteria:
overlapping cells; faint, shared, and/or granular staining; presence of tumor asso-
ciated mononuclear inflammatory cells; indiscernible tumor or non-tumor cells;
presence or absence of tumor invasiveness; and accurate quantification of cell
numbers. Decision criteria were devised for cell type, cell number and PD-L1
positivity. Principles from the Gastric Cell Atlas manual annotations were sum-
marized and along with the Gastric Cell Atlas Decision Tree were provided to
pathologists involved in the training phase of the Gastric PD-L1 AI model. cGastric
PD-L1 CPS AI Model Performance. Preliminary performance of the Gastric PD-L1
CPS AI Model was tested on 55 gastric cancer cases, independent from training set
cases, sourced from 3 labs and 3 scanners and stained with PD-L1 IHC 28-8
pharmDX assay. The WSIs were reviewed by 2 expert pathologists and assigned a
CPS ≥ 5 PD-L1 reference consensus score. Left, agreement of Gastric PD-L1 CPS AI
Model against reference consensus score before Gastric Cell Atlas decision rules
(81.8%) and after (96.4%). Right, Cohen’s Kappa before Gastric Cell Atlas decision
rules (0.62) and after (0.91).
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AI-assisted scoring prompted them to become aware of the actual number
of viable tumor cells within each of the ROIs.

Intraclass correlation coefficient (ICC) was used to assess agreement
among pathologists for manual scoring on day 1 vs ARM-AI-assisted

scoring on day 2. Analysis of scores for CPS components revealed poor to
fair agreement among pathologists when scoring manually but statistically
significant improvement (p < 0.01) in agreement with AI assistance. ICCs
summarized in Table 1 include 0.38 (95% CI, 0.31-0.45) manual vs 0.90
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(95%CI, 0.85–0.95) AI-assisted for TC; 0.40 (95%CI, 0.31–0.47) manual vs
0.91 (95% CI, 0.85–0.95) AI-assisted for negTC; 0.27 (95% CI, 0.22-0.37)
manual vs 0.65 (95%CI, 0.56-0.71)AI-assisted for posTC; and0.48 (95%CI,
0.26–0.56) manual vs 0.70 (95%CI, 0.60–0.75) AI-assisted for posIC. Inter-
observer concordance at the clinically relevant PD-L1 CPS≥ 5 cut-off was
analyzed. Agreement among pathologists by Fleiss’ Kappa showed overall
improved agreement from0.52 (0.40–0.65)withmanual scoring on day 1 to
0.76 (0.62-0.87) with AI-assisted scoring on day 2 with statistical sig-
nificance (p < 0.01, Bootstrapping of differences) (Fig. 3c). Ultimately,
biomarkers such as PD-L1 are used to select patients and possibly predict
response to checkpoint inhibitor treatment.Categorizingpatients accurately
and reproducibly is vital for optimizing treatment outcomes and mini-
mizing treatment adverse effects. To this end, we investigated the calling of
PD-L1 CPS≥ 5 positivity for each ROI manually and with AI-assistance.
The number of PD-L1 CPS ≥ 5 positive ROIs was assessed by using the
median score among all 11 individual scores from each pathologist as
consensus. AI-assisted scoring prompted pathologists to identify 11 addi-
tional cases as PD-L1 CPS ≥ 5 positive (Fig. 3d). Pathologists identified 15
cases as PD-L1 CPS ≥ 5 positive withmanual scoring on day 1 compared to
26 cases as PD-L1 CPS ≥ 5 positive by AI-assisted scoring on day 2, cor-
responding to a 31% increase of positive cases found when using AI-
assistance. While using AI assistance, some pathologists changed their
assessment from PD-L1 positive to negative (see Fig. S1 in Supplementary
Materials). In one case with significant discordancewhenmanually scoring,
AI assistance led to full consent among all pathologists to categorize the case
as negative.

As treatment outcomes were not available, we evaluated the sig-
nificance of our findings using the Observers Needed to Evaluate Subjective
Tests (ONEST)30 plot analysis, which estimates the number of pathologists
needed to ascertain a reliable concordance estimate. ONEST plots (Fig. 4)
revealed that 8-9 pathologists were required to yield reliable PD-L1 CPS ≥ 5
estimates. Comparison of ONEST plots between manual scoring on day 1
andAI-assisted scoring onday 2 revealed that usingmanual scoring any two
pathologists agree on 77% of cases, while with AI-assisted scoring any two
pathologists agree on 91% of the cases, demonstrating a 14% improvement
in agreement with AI-assistance.When comparing agreement among all 11
scoring pathologists, agreement was achieved in 43% of the cases with
manual scoring in comparison to 69% with AI-assisted scoring, demon-
strating a 26% improvement in agreement when using AI-assistance. In
summary, higher agreement among pathologists was achieved with the
Gastric PD-L1 CPS AI Model, even when viewing was restricted to one
20x FOV.

Discussion
AI-based diagnostic pathology platforms are delivering unparalleled accu-
racy in cancer detection and, when fully integrated into real world practice,

promise to shorten time to diagnosis and increase accuracy5,49. Developing
clinical grade diagnostic IHC AI models for biomarker detection, however,
requires a more careful consideration of the parameters used to train the
algorithms. IHC biomarker outputs in real-world practice lack quantitative
accuracy and assurance that patient level outcomes remain aligned with
population level responses observed in clinical trials. Furthermore, there is a
gross underappreciation of the complexity pathologists face in routine
practice50–52. Factors including poor training, high case volume, complex
scoringmethods, nuanced biomarker cut-offs, biomarkerpositivity onnon-
tumor cells, and variable validation approaches have added difficulty to an
already arduous task, essentially leaving testing labs and pathologists to
shoulder accountability unaided18,20,53,54. Fully aware of IHC discrepancies,
pathologists are skeptical about automated AI models and seeking to
understand their performance thresholds before fully embracing them as
‘first read’ solutions36. Mindful that future end-to-end AI models should be
highly accurate and that human pathologists will retain legal and moral
authority over clinical decisions, we sought to understand the effects of
establishing trust between AI and pathologists.

In this study, through augmented reality capabilities, we demonstrated
that active participation by pathologists in the training and deployment of a
novel IHC PD-L1 CPS AI Model, unlike comparatively passive roles as
annotators, resulted in mutual performance improvements and facilitated
trust with pathologists. We observed that trust could be attributed to (1)
allowing human agency, (2) preserving decision accountability, (3) pro-
voking visual perception awareness and scoring behavior and (4) increasing
decision confidence associated with difficult cases. Given the potential
benefits of fully automated digital pathology systems, we believe that a
pathologists-in-the-loop participatory role is a necessary intermediate step
that will encourage increased adoption and improved performance of AI
models.

Building on a multi-organ cell-based foundation model, our hybrid
training approach used both self-supervised learning for recognition of
general tissue structures and supervised learning to detect cellular and sub-
cellular structures. Our choice of examining PD-L1 CPS ≥ 5 expression on
gastroesophageal biopsies was based on our previous work48 and other
reports55–57 describing the low concordance rates among pathologists when
manually scoring PD-L1 CPS. Given the architectural complexity of gas-
troesophageal histology and the clinically relevant PD-L1 CPS≥ 5 cut-off
used to determine patient eligibility for checkpoint immunotherapy, we
included ROIs with complex heterogeneity that would likely be ignored by
both human pathologists and AI models. We first employed direct parti-
cipation during the fine-tuning process by selecting expert pathologists,
qualified as PD-L1 CPS trainers, to examine ROIs that resulted in ambig-
uous outputs by our PD-L1 CPS AI Model. After adjudication of the ROIs,
we constructed a rules-based decision tree termed ‘Gastric Cell Atlas’ and
provided it to additional pathologists employed as annotators (Fig. 1b). As a

Fig. 2 | An ARM-AI framework designed to evaluate the ‘trustworthiness’ of AI
algorithms for use in AI-assisted PD-L1 CPS scoring. aOverview of the ARM-AI
framework and experimental design. An Olympus BX53 light microscope (Evident,
Hunt Optics & Imaging Inc., Atlanta, GA) was retrofitted with an ARM unit
(Augmentiqs, D.N. Misgav, Israel) that interfaced with the Gastric PD-L1 CPS AI
Model (Mindpeak, Hamburg, Germany) and extended with 16 binocular heads for
direct viewing of glass slides by scoring pathologists. The ARM-AI unit was con-
nected to a computer workstation for ARM image processing and cloud-based AI
analysis. Community viewing was available on a 75-inchmonitor. Live feed from the
auxiliary camera enabled stage tracking to locate ROI through x,y coordinates at 20x
magnification. The lead pathologist maneuvered the ARM-AI unit and selected the
ROIs but did not participate in the scoring. 11 scoring pathologists were tasked to
submit numeric values for posTC, negTC and posIC through individual computers
using a web-based data capture tool (Mindpeak, Hamburg, Germany); Scoring
pathologists evaluated 35 individual ROIs on unique biopsy cases on day 1 using
manual scoring and onday 2 usingAI-assistance. Onday 2, toggling between normal
viewing and theARM-AI overlay was controlled by the lead pathologist to ensure the

scoring pathologists had equivalent time per sample. EachROIwaswholly contained
within a single field of view with day 1 and day 2 x,y coordinate matching.
b Description of data set. Imaging was performed at 20x (0.25 mpp) magnification
and 1 z-plane. Glass slides of FFPE primary tumor GC/GEJC/EAC biopsies stained
withH&E and PD-L1 IHC 28-8 pharmDx assay as previously executed and reported
by Robert et al., were inspected for difficult to interpret ROIs based on a PD-L1 CPS
range (zero, low, medium, high) and complex morphology. 35 biopsy cases were
selected containing one ROI per case. Left, representative biopsy showing H&E
staining;Middle, tissue fragment of choice showing case #34. Right, actual ROI, with
areas of immune cell infiltration, evaluatedmanually onday 1 andwithAI-assistance
on day 2. c Representative ROIs as seen for manual scoring (day 1) vs AI-assisted
scoring (day 2). For CPS, single cell detection for PD-L1 posTC (red), PD-L1 negTC
(yellow) and PD-L1posIC (purple). For each ROI, average cell counts across 11
pathologists were calculated showing the potential impact of AI-assisted scoring on
improving the estimation of cell populations (negTC and posIC) less familiar to
pathologists and/or improving the estimation of cell populations in large num-
bers (posTC).
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result, our PD-L1 CPS AI Model, trained in total on over 1.8 million
annotations from 533 unique biopsies obtained from 16 labs, detected PD-
L1 CPS expression on cell structures with 96.4% agreement against a
pathologists' derived consensus score (Fig. 1c). To facilitate immersive
participation for pathologists, we devised an ARM-AI framework that was
operationalized through a multi-head light microscope system

accommodating 11 pathologists who were tasked with scoring 35 ROIs on
glass slidesmanually on day 1 andwithAI-assistance on day 2 (Fig. 2a). The
ARM-AI framework enabled real-time seamless integration of AI into
routine workflows using glass slides and leveraged an environment where
pathologists could experience AI-assistance to evaluate the trustworthiness
of the PD-L1 CPS AI Model outputs.

Fig. 3 | AI-assisted scoring dynamics indicate
improved fidelity of visual perception and higher
scoring agreement potentially leading to
increased positive diagnoses. a Comparison of
manual vs AI-assisted scoring dynamics among 11
pathologists by cell type. Each square represents the
change in scoring from manual (day 1) to AI-
assisted (day 2) by each of the 11 pathologists and
color gradations represent absolute cell counts
where blue/red indicates less/more cells on day 2.
Heatmaps: Top, changes in posTC; Middle, changes
in negTC; Bottom, changes in posIC. b AI-assisted
scoring increased awareness of absolute cell counts
and improved fidelity of visual perception among
pathologists. Tally of absolute cell counts by cell
type: Left, negTC manual 361.9 (349-375) AI-
assisted 905.7 (878-933); Middle, posTC manual
11.4 (10-13) AI-assisted 17.3 (15-19), Right, posIC
manual 23.9 (22-26) AI-assisted 117.5 (109-127).
cAgreement at PD-L1CPS ≥ 5 as evaluated by Fleiss’
kappa. Analysis of agreement among pathologists by
Fleiss’ Kappa on day 1 using manual scoring Fleiss’
Kappa 0.52 (0.40-0.65) compared to day 2 using AI-
assisted scoring Fleiss’ Kappa 0.76 (0.62-0.87)
showing overall improved agreement with AI-
assistance. d AI-assisted scoring prompted pathol-
ogists to identify 11 additional cases as positive for
PD-L1 CPS ≥ 5. Consensus CPS ≥ 5 was calculated
as the median score from the 11 individual pathol-
ogists. Manual scoring (day 1) identifies 15 cases of
PD-L1 CPS > 5 vs 26 cases of PD-L1 CPS ≥ 5 by AI-
assisted scoring (day 2) resulting in a 31% increase of
positive cases.
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We found that pathologists’ participation not only improved AI fine-
tuning but significantly improved their own performance, as a group and
individually. Agreement, ameasure of scoring reliabilitywhen ground truth is
absent, increased among pathologists across PD-L1 CPS categories with AI-
assistance, showinghigher ICCforPD-L1negTC,posTCandposIC(Table1).
Themost revealing improvement, however, was in the category of total viable
tumor cells. Even within a limited viewing area restricted to one 20x FOV,
considered manageable compared to a full WSI, pathologists grossly under-
estimated the totalnumberof viable tumorcells byat least60%.Similarly, even
though lower in number, they also underestimated the presence of PD-L1
posTC and PD-L1 posIC. Importantly, on day 2 using AI-assistance,
pathologists became aware of their tendency to underestimate cell structures,
something that they previously ignored or felt had negligible impact. Overall,
AI-assistance improved agreement of PD-L1 CPS ≥ 5 (Fleiss’ Kappa 0.52 vs
0.76, Fig. 3c), even though we had assumed that agreement would be much
highergiven that all the scoringwasdonewithinone20xFOV.Of the35ROIs
scored, 15 cases were deemed PD-L1CPS≥ 5 positive bymanual scoring and
26 cases deemed positive with AI-assistance. By extrapolation, the impact of
manual scoring variability errors indicates that pathologists may be under
calling PD-L1 CPS positivity on gastric cancer biopsies.

Agreement analysis using Observers Needed to Evaluate Subjective
Tests (ONEST)30 demonstrated that AI-assistance resulted in agreement
between any two pathologists on 91% of the cases, and among all 11
pathologists on 69% of the cases. Agreement among pathologists as a
measure of scoring reliability of subjective IHC staining interpretation is an
imperfect proxy with low concordance rates underscoring the need for
accurateAImodels in routinepathologypractice.Althoughwedesignedour
experiment to achieve as much agreement as possible, by restricting cell
counting to one 20x FOV, our data show that staining interpretation
variability is multi-layered and not easily eliminated. The observed
increased agreement among pathologists using AI-assistance is likely to be
even more relevant when evaluating the whole tissue slide.

Regarding trust, we observed that pathologists needed hands-on
familiarity through direct participation to become aware of their own

baseline scoring behavior andwere themselves surprised by the utility ofAI-
assistance in helping them accurately capture the contents in the FOV.
Furthermore, the ARM-AI framework allowed us to pinpoint that human
agency is a key component of decision accountability and that both aspects
are critical for establishing the trustworthiness of IHCAImodels. Although
pathologists readily admit that they already work as a type of ‘black box’
themselves, often not able to systematically break down their decision steps,
they are reluctant to accept AI tools based on published research without
hands-on familiarity42. They want to understand how the AI model pro-
duces outputs and evaluate the AImodel’s usefulness in their practice42.We
noted similar sentiments in our group of 11 scoring pathologists, with
acceptance of the IHC AI model when appropriately validated and FDA
approved but not on published data alone. Our pathologists unanimously
agreed that evaluation of PD-L1 expression on non-tumor cells remains a
difficult task, and that pathologists generally score PD-L1 expression with
low confidence.

Our study has several limitations. First, the nature of the ARM-AI
framework limited our analysis to one ROI per biopsy case. The ROIs were
selected from 35 unique biopsy cases that were previously evaluated in a
separate study where we documented poor concordance among patholo-
gists when scoring PD-L1 CPSmanually48. Since we could not pinpoint the
root causes of variability through concordance approaches, even on see-
mingly straightforward tasks such as viable tumor cell count, we opted to
design an experiment that would allow us to evaluate pathologists’ scoring
behavior against the PD-L1CPSAIModel and simultaneously gauge theAI
model’s trustworthiness. By limiting our evaluation to one ROI per biopsy,
we eliminated the multiple sources of variability present when pathologists
score WSIs. When calling PD-L1 positivity, however, pathologists sign out
cases based on their holistic evaluation of the entire biopsy section not just
specific ROIs, no matter how relevant an individual ROI might appear.
Second, our study relied on subjective concordance estimates comparing
manual vs AI-assisted scoring outputs. While not optimal, concordance is
still the keymethodology by which IHC scoring reliability is evaluated since
ground truth is not available. While most validation studies evaluate

Fig. 4 | Observers needed to evaluate subjective tests (ONEST) plots. Overall
percent agreement between pathologists on the y-axis vs the number of observers on
the x-axis for manual scoring on day 1 (left panel) and AI-assisted scoring on day 2
(right panel). PD-L1 28-8 CPS ≥ 5 cut-off (solid line) andCIs (dotted lines). ONEST
analyses indicate thatAI-assisted scoring increased overall interobserver agreement.

Agreement among any 2 raters using manual scoring is achieved in 77% of the cases
(green box left panel) vs 91% of the cases with AI-assisted scoring (green box right
panel) resulting in a 14% improvement. Agreement among 11 pathologists using
manual scoring is achieved in 43%of the cases (red box left panel) vs 69%of the cases
with AI-assisted scoring (red box right panel) resulting in a 26% improvement.

Table 1 | AI-assisted scoring results in increased agreement among pathologists across cell type categories

Total viable TC Total PD-L1 negTC Total PD-L1 posTC Total PD-L1 poslC

ICC Manual (95%Cl) 0.38 (0.31–0.45) 0.40 (0.31–0.47) 0.27 (0.22–0.37) 0.48 (0.26–0.56)

ICC Al-Assisted (95%Cl) 0.90 (0.85–0.95) 0.91 (0.85–0.95) 0.65 (0.56–0.71) 0.70 (0.60–0.75)

Interclass correlation coefficient (ICC)wasused to assess scoring agreement amongpathologists formanual (day1) vsAI-assisted (day2) categorical assessment for PD-L1CPS ≥ 5. The ICC ranges from0
to 1, with values close to 1 indicating higher agreement among pathologists.
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concordance between 1-3 pathologists, our study employed 11 pathologists
to ensure we sufficiently captured the variability associated with subjective
tests. Ultimately, validation against clinical responses may be needed to
overcome the absence of absolute ground truth, however, formal validation
of the PD-L1 CPS AIModel nor evaluation of its clinical utility were within
the scope of our experiment. Instead, we set out to observe howpathologists
interacted with AI and gain insight on the levers of trust and adoption.
Finally, the classification of cells as tumor and non-tumor was based on
morphological features and did not use specific IHC parameters such as
keratin expression. Although this mimics clinical practice, the positivity of
misclassified cells as tumor or non-tumor cannot be excluded, particularly
challenging for cells with signet ring morphology.

New AI-assistance tools, including our PD-L1 CPS AI Model with
integrated ARM, must undergo extensive clinical validation across relevant
indications and all available cut-offs (e.g. PD-L1CPS ≥ 1,≥5,≥10) to ensure
robust accuracy in routine clinical practice applications. ARM specifically
allows the pathologist to more directly interact with annotations, mea-
surements, and AI overlays by significantly enhancing visualization cap-
abilities. Such tools need to be seamlessly integrated within existing
pathology infrastructures. Initially, pathologistsmay resist adoptionbecause
they might not be sufficiently familiar with the technology or because they
carry a healthy skepticism towardAImodels.Hands on experience is crucial
for building trust and maturing the technology sufficiently to navigate
regulatory standards. Ultimately, the lessons learned can be translated to
applying the AI models directly on digital images.

In summary, our findings frame a potential roadmap for building
trustworthy IHC AI models and lay out the initial design features of an on-
demand digital pathology assistant that can be integrated into real-world
pathologyworkflows. The impact of our work lies in two key areas. The first
is to bridge fully automated and fully manual scoring using augmented
reality approaches that can be deployed on systems familiar to pathologists.
We found that this is a necessary intermediate step to increase trust and
adoption as it builds the pathologists' experience with AI and simulta-
neously improves the performance of pathologists and IHCAImodels. The
second is to fuel a shift into increasingly quantitative IHCmethods that can
open the door to truly predictive biomarker discovery as precise clinical
decision tools to match patients to therapies.

Methods
Gastric Cell Atlas for AI development
Asingle-cell annotation guidelinewas established to recognize and annotate
both tumor cells (TC) and immune cells (IC) accurately. 31 ROIs were
analyzed from 31 unique gastric cancer specimens using a 20x magnifica-
tion. To avoid fatigue and ensure feasibility for pathologists, the number of
ROIs was determined by what was assessable in terms of individual cells
within a day. Tissues were procured from three different institutions to get
diversity in clinical samples: Institute for Hematopathology Hamburg,
Hamburg, Germany; (n = 12); Discovery Life Sciences, Kassel, Germany;
(n = 10), and Ziekenhuis Netwerk Antwerpen, Antwerp, Belgium; (n = 9).
These tissues were stained with the PD-L1 IHC 28-8 pharmDx assay
according to the manufacturer’s instructions at three different locations,
namely at CellCarta, Antwerp, Belgium; (n = 12); Discovery Life Sciences,
Kassel, Germany; (n = 10); and Ziekenhuis Netwerk Antwerpen, Antwerp,
Belgium (n = 9). Slides were digitized using either an Aperio GT 450 (Leica
Biosystems, Wetzlar, Germany), or a PANORAMIC 250 Flash (3DHIS-
TECH, Budapest, Hungary) scanner. ROIs were chosen by S.B., K.D., and
P.F. and contained at least 10–30 cells. The range of 10–30 cells was chosen
to prevent fatigue. ROIs were selected as representative regions where
single-cell level scoringwas difficult due to one ormore of the following five
criteria: (1) interpretation of faint, shared, and/or granular staining; (2)
inclusion of tumor-associated mononuclear inflammatory cells; (3) dis-
crimination of tumor from non-tumor cells; (4) presence or absence of
tumor invasiveness; (5) interpretation of cell numbers.

To ensure accurate classification of individual cells, three pathologists
with experience in PD-L1 staining interpretation (S.B., J.R., H.S.) convened

at Mindpeak, Hamburg, Germany to establish gastric cancer PD-L1 CPS
staining interpretation decision rules. T.L., F.F., P.F., G.L.K.,M.K., and K.D.
were present and participated in the staining interpretation discussion, with
final decisions approved by S.B., J.R., and H.S. The study was conducted in
two phases. During phase 1, the pathologists were individually presented
with the 31 ROIs in consecutive, randomized order via a web-based
annotation software (Mindpeak, Hamburg, Germany). The ROIs were
independently reviewed in-person by the three pathologists and individual
cellswere classified into 5 categories (positive/negativeTC, positive/negative
IC, and unclear). Fibroblasts/endothelial cells were excluded. Pathologists
used a recommended stepwise process for identifying single cells for AI
scoring in GC, as previously described by Rüschoff et al.58. The three
pathologists used identical equipment, under the same conditions. The
pathologists had an overview of the whole biopsy slide and the regional
tissue context in the tool. To simulate an AI algorithm analyzing the IHC
slides, the pathologistswere asked to classify cells basedon IHC images only.
During phase 2, the three pathologists gathered in front of a large computer
monitor displaying their individual solutions for each ROI from phase 1 to
discuss these. The solutions were presented in a randomized and anon-
ymizedmanner to avoid bias. The pathologists discussed ambiguities in the
existing annotation processes, analyzing all cells that were not unanimously
classified in phase 1. Discrepancies were resolved by consensus, and output
was used to inform the roadmap.With especially difficult cases, pathologists
were allowed to request corresponding H&E-stained images to resolve
queries, but thiswasonlyused in six instances to assess the extent of immune
cell infiltration into the tumor. The pathologists jointly defined annotation
principles and rules and decisions were noted by the study team. A con-
sensus solution was developed for each ROI andwas recorded separately by
the study team under the pathologists’ supervision. The pathologists
reviewed the guidelines formulated in the discussion to ensure their general
applicability and incorporation in the single-cell annotation roadmap pre-
sented here. The resulting Gastric Cell Atlas contained rules for the fol-
lowing aspects: (1) Positivity Interpretation: Scoring specimens with
extensive granular (non-linear) membrane staining should be avoided. If
most of the membrane staining is granular, then the specimen should be
considered as non-assessable. In case of difficulty differentiating light brown
from gray tumor membrane staining, clearly negative tumor cells in the
surrounding area can be used as control/reference. For tumor and immune
cells expressing both cytoplasmic andmembrane staining, any strong linear
membrane staining that can be distinguished fromcytoplasmic background
should be considered as positive. Immune cells with faint borderline
membrane/cytoplasmic staining should be reassessed at lower magnifica-
tion (equivalent to 20x). Not only positive and negative tumor cells, but also
positive and negative immune cells should be annotated. If positivity or cell
class cannot be determined unanimously, a cell should be marked as
“unclear” and be excluded from assessment. The principle of assessing
relevant cell classes could be generalized to allmembrane biomarkers and all
required cell classes. (2) SharedPositivity:When twoormore tumor cells (or
tumor and immune cells) share convincing partial linear membrane posi-
tivity, only the cell with staining following the contour of the cell membrane
is to be considered positive. Stromal staining in rare foci can be over-
whelming and can obscure the cellular outlines and characteristics. Tumor
or inflammatory cells staining in these regions is not to be counted as it is not
cell specific. (3) Tumor vs Non-Tumor Classification: Both cellular and
nuclear morphology and architectural context enable a good distinction of
invasive viable tumor cells from non-invasive/non-tumor cells in PD-L1
scoring. Nuclear size and shape are not always reliable criteria particularly
when the tumor cells are small and have indistinct nucleoli. Plasmacytoid
tumor cells can also be difficult to assess. In such cases, othermorphological
criteria and surrounding context should be considered. Additionally,
pathologists can rely on theH&E stain to distinguish epithelial cells (normal
form and tumor) as well as stromal cells (immune and non-immune). Since
this may not be possible, however, we chose to mark a cell as “unclear” if its
class couldnotbedetermined. Suchcells can thenbe excluded in the training
data for AI development, resulting in less ambiguous training and increased
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model stability. Particularly, “unclear” cells were excluded for the devel-
opment of our Gastric PD-L1 CPS AI Model. (4) Invasiveness: Any epi-
thelial cells that are part of carcinoma in situ (CIS), glandular non-invasive
dysplasia as well as the associated mononuclear inflammatory cells (MICs)
were excluded from the score. Histology criteria of invasive cancer include
tubule / papillary formation, tumor budding, mitotic activity and nuclear
pleomorphism. In regions with borderline criteria, context is to be assessed
at a lower magnification and if it is cancer associated it must be considered
invasive. 5) Cell Count: Epithelial cell maps are helpful for distinguishing
individual cells. Care should be taken to ensure that multinucleated tumor
and inflammatory cells (i.e. cells with a single contour) are counted as one
cell. In the case of overlapping cells, thosewith one cell-contour (e.g., solitary
membrane positivity) should be counted as one cell. Groups of cells with
multiple contours that distinctively follow their respective borders are to be
considered individual cells. If uncertain, the least number of overlapping
cells should be counted. 6) Tumor associated inflammatory cells: Tumor-
associated mononuclear inflammatory cells (MICs) are directly associated
with tumor response and should be assessed using 20x magnification. Any
pre-existing non-tumor related inflammations and lymphoid follicles must
be excluded. In case of peritumoral retraction artefacts, the positive
mononuclear inflammatory cells at both sides of the artefact should be
considered (reconstructed) as tumor-associated and therefore included in
the score.

PD-L1 CPS AI Model and development
AI software, based ondeep learningwith convolutional neural networks, for
PD-L1 CPS quantification in GC/GEJC/EAC samples was developed at
Mindpeak and termedGastric PD-L1 CPS AIModel. It detects cells in IHC
stained tissue, distinguishes CPS-relevant tumor and immune cells from
other cells, and subsequently calculates cell counts and CPS scores. For a
given image, the software analysis proceeds along a pipeline of image pro-
cessing steps, including neural networkmodels for tissue segmentation and
cell detection. First, tissue is detected and distinguished from background
using computer vision techniques based on image gradients and color
distributions. Then, the tissue is segmented into invasive tumor, tumor-
associated immune cell areas, and other non-CPS-relevant tissue areas,
using a neural network. In the next step, using relevant tissue segments, cells
are detected and classified into either one of the three cell classes relevant for
CPS (posTC, negTC, posIC), or as other, irrelevant cell, using a second
neural network. Cell detection is accomplishedby predicting the probability
of each pixel as part of a cell and then clustering neighboring pixel groups
with high probability scores into distinct cell entities. Cell classification is
achieved by predicting every pixel in a cell class (e.g. tumor and immune)
and assigning detected cells after cell detection to classes. The employed
neural network models consist of 25 convolutional layer blocks with recti-
fied linear unit activation functions and batch normalization. The neural
networks underlying theAImodel had been trained in anAI learning phase
before the respective experiments. During the experiments, neural networks
models were locked and not adapted. The final Gastric PD-L1 CPS AI
Model was developed by finetuning a multi-organ foundation model for
PD-L1 IHC assessment. The underlying foundation model had been built
prior to this study on a large multi-organ dataset, involving PD-L1 cases
fromgastric cancer, urothelial cancer, esophageal cancer, and non-small cell
lung cancer, using 1.05 million image patches of PD-L1 stained tissue and
1.4 m manual annotations.

The foundationmodel was finetuned toGC/GEJC/EAC using a large
gastric cancer dataset. Data for AI development, both for pretraining and
finetuning, did not overlapwith the study data. To achieve robustness and
consistency across changing preanalytical variables, this dataset involved
data from 11 institutions, 7 scanners and 3 microscopes. This dataset was
annotated by expert pathologistswith cell and tissue annotations adhering
to the rules of the previously developed PD-L1 Gastric Cell Atlas. A
compendium for classifying individual cells in GC/GEJC/EAC biopsies
was compiled by three expert pathologists, with guidelines for difficult
assessment contexts. The resulting dataset with gastric-specific manual

annotations used for AI development contained 406,867 manual cell
annotations, resulting in a total multi-organ dataset with 1.8 m manual
annotations. The dataset was randomly split into three partitions on a per
case basis: training, validation, and test (70, 10, 20), stratified by institu-
tions, scanners and microscopes. The primary metric for model devel-
opment was the F1 score for cell detection and classification to balance
positive predictive value and sensitivity. Model selection was performed
by assessing this F1 score on the validation partition. Finetuning of the AI
model to GC/GEJC/EAC was based on training neural networks with
gradient descent using the Ranger optimization algorithm. To promote
model robustness and generalization to unseen preanalytical contexts, a
semi-supervised training approach was chosen including knowledge
distillation via multiple neural network heads for cell detection and tissue
segmentation.

ARM-AI framework
AnOlympus BX53 lightmicroscope (Evident, HuntOptics & Imaging Inc.,
Atlanta, GA, USA) was retrofitted with an ARM unit (Augmentiqs, D.N.
Misgav Israel). TheARMsystemwasprogrammed tooverlayGastricPD-L1
CPS AI Model (Mindpeak, Hamburg, Germany) within the eyepiece and
onto the current viewof the sample in real-time (augmented reality). For full
technical details on ARM, refer to Chen P.C., et al. 59 and the Augmentiqs
home page: https://www.augmentiqs.com/digital-pathology-software-
applications/. Multi-person viewing of the sample was made possible by
attaching a 16-unit binocular head system to the main microscope (Fig. 2).
The ARM-AI system was connected to a computer workstation for image
processing andcloud-basedAI analysis. Real-time imagesweredisplayedon
a 75-inchmonitor for community viewing and simultaneously available for
multi-head binocular eyepieces for the scoring pathologists. Live feed from
the auxiliary camera enabled stage tracking to locate ROI through x/y
coordinates at 20x magnification. The lead pathologist maneuvered the
ARM-AI system.

Experimental study design
GC/GEJC/EAC biopsy samples on glass slides were previously stained with
H&E and with the PD-L1 IHC 28-8 pharmDx assay according to manu-
facturers’ instructions48. A single selected and pre-marked 20x FOVon each
of 35 GC/GEJC/EAC biopsies on glass slides was used, with difficult to
interpret ROIs including ambiguous identification of positively staining
stromal cells, faint or variable intensity of staining, and difficulty in distin-
guishing membranous from cytoplasmic tumor staining. Each ROI was
wholly contained within a single 20x FOV. The area was marked with a
green Sharpie permanentmarker. 11 pathologists, with amedian of 10 years
in clinical practice, were invited to performPD-L1CPS scoring onday 1 and
day 2 of the experiment. 4 of 11 scoring pathologists (R.G., L.T., R.A., H.W.)
hadparticipated in apreviousmanual scoringPD-L1CPS study48. The study
proceeded in two phases. On day 1, pathologists manually scored the
sample. Imaging was performed at 20x (0.25 microns per pixel) magnifi-
cation in a 1 z-plane to capture a minimum of 100 viable tumor cells,
following the CPS pharmDx interpretation manual (Agilent Technologies
SantaClara,CA,USA). Pathologists provided an exact numeric value for the
three elements that comprise the CPS (PD-L1 posTC, negTC and posIC)
into a web-based study software from individual computers (Mindpeak,
Hamburg, Germany). The FOV from day 1 was captured by the study
software. On day 2, the 35 cases were randomly presented in a different
order from day 1, using the same FOVs as on day 1 by x/y coordinate
matching. Pathologists examined cells using the same FOV as on day 1, but
with AI-assistance. Cell counts and corresponding CPS scores were recor-
ded in the study software. One pathologist (N.S.) noted that one biopsy
possibly contained signet ring cells, difficult to visually identify and distin-
guish from macrophages, that were not verified by keratin staining. This
circumstantial observation cannot entirely exclude the possibility that a
small number of cells were misclassified. Toggling between normal viewing
and theARM-AIoverlaywas controlledby the leadpathologist to ensure the
scoring pathologists had equivalent time per sample.
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Ethics approval and consent to participate
The study was conducted in accordance and compliance with the BMS
Bioethics Policy (https://www.bms.com/about-us/responsibility/position-
on-key-issues/bioethics-policy-statement.html). The samples procured
from the Mayo Clinic received IRB committee approval (#20-007665) in
compliance with the institution’s IRB review process (https://www.mayo.
edu/research/institutional-review-board/overview) and conducted in
accordance with the Declaration of Helsinki (purchased with funds pro-
vided by BMS). The samples procured from Discovery Life Sciences were
processed by all applicable EU and US regulations as specified on the
company’s website (https://www.dls.com/resource-hub/faqs) and pur-
chased by funds provided by BMS.

Statistical analysis
The intraclass correlation coefficient (ICC) was calculated to assess agree-
ment among pathologists for cell counts for PD-L1CPS relevant cell classes.
The value of an ICC can range from 0 to 1, with 0 indicating no agreement
among raters and 1 indicating perfect agreement among raters. Inter-
pathologist CPS agreement was analyzed at a cutoff score of 5, representing
the current clinically utilized cutoffs in gastric cancer, using agreement rates
in percent as well as Fleiss’ kappa. Fleiss’ kappa is ameasure for assessing the
reliability of agreement between a fixed number of raters when assigning
ratings to several items. It can be interpreted as expressing the extent to
which the observed amount of agreement among raters exceedswhatwould
be expected if all raters made their ratings completely randomly. The con-
cordance of the AI model with ground truth values in the validation before
the study was measured by Cohen’s kappa. Cohen’s kappa is a statistic that
measures the agreement between two raters beyond chance, accounting for
the possibility of agreement occurring by chance. 95% confidence intervals
formodel performance were calculated using nonparametric bootstrapping
with 1000 samples. Differences in means or medians for a continuous
variable between two groups were assessed by a paired t-test. Categorical
variableswere compared using theMcNemar test. 95% confidence intervals
for concordance values were estimated by bootstrapping (n = 1000). The
change in overall percent agreement (OPA) as a function of the number of
observers was visualized using Observers Needed to Evaluate Subjective
Tests (ONEST). Briefly, for any combination of pathologists, ONEST plots
evaluateOPAusing the proportion of tissue samples uponwhichall selected
pathologists agreed. Calculation of OPA for all permutations of 12
pathologists resulted in 479,001,600 combinations, from which 100 were
then randomly selected. The OPA was plotted against the number of
pathologists, resulting in a graph that descends to a plateau. The plateau
begins at the number of pathologists believed to be required to provide
realistic concordance estimates. Data analyses and summaries were per-
formed usingR (version 3.6.1 underWindows 10) andPython 3.11. A list of
R and Python packages used for analysis is available upon request.

Data availability
The human tissue samples used for these retrospective analyses remain
anonymized.Tissue blocks, procured fromtheMayoClinic,were processed,
sectioned, fixed on glass slides, scanned and converted toWSIs. Restrictions
apply to data availability of anonymized patient data, and are thus not
publicly available, owing to limitations imposed by data-sharing agreements
with the data providers. In linewith agreements and institutional policies, all
data requests, whether for raw or processed data collected from glass slides
or WSIs, should be made to the corresponding author (M.K.) and will be
evaluated according to institutional and departmental policies to determine
obligations to intellectual property or patient privacy compliance
requirements.

Code availability
The deep learning framework used forAI developmentwas PyTorch, which
is available at https://www.pytorch.org/. The software used for basic image
processing (OpenCV) is available at https://opencv.org/. The R software for
data analysis is available at http://www.r-project.org, and the Python

libraries used for data analysis, computation and plotting of the perfor-
mance metrics (SciPy, Pandas, NumPy and MatPlotLib) are available at
https://www.scipy.org/, https://pandas.pydata.org/, http://www.numpy.
org/ and https://matplotlib.org/, respectively. The PD-L1 CPS AI Model
used in this study is proprietary software protected by IP and owned by
Mindpeak GmbH. The software operating the ARM system used in this
study is proprietary, protected by IP and owned by Augmentiqs (D.N.
Misgav, Israel).
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