Laboratory Development Test Validation of H&E-Based Deep Learning Model to Predict Biomarkers in Endometrial Cancer
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INTRODUCTION RESULTS SUMMARY

Table 1. LDT validation experiments

Next-generation sequencing (NGS) can provide critical information

e Our model successfully predicts actionable

for selecting appropriate therapies for cancer patients, improving Study Acceptance Criteria Results . . . .
outqogw_es. IjjO_we\(_el} NIGS IZ nlpt alv://\e;ysdpericrmgd, gspeiiallthlhen biomarkers In Endometrial cancer using H&E
not Indicated In clinical guidelines. We developed a digital pathology RMSE < 0.1 between L g _ 2 .
| , , | _ _ . L. . predictions on LoD =1.08 mm~,
odel to redct bomariers In endomettial cancer ncludng | AnalylealsensthY | gpsampted egions . entre sides | RMSE-0.67-0.90 images o |
CTNNB1, POLE, PTEN, and TP53 from digital hematoxylin and eosin . . . ¢ A“ Of the Valldathn criteria evaluatl ng
RMSE < 0.1 between predictions on Maximum artifact = 20%,

(H&E) whole slide images (WSIs) and validated the model using a Analytical specificity o , B , -
CAP/CLIA laboratory-developed test (LDT) based validation study. perturbed vs. original slides RMSE=0.17~0.63 rObUStljle%;S 1o various deplOyment SCeNarios
. are satisfied by model
RMSE < 0.1 between predictions on the Intra-scanner: RMSE = 0.035~0.059
METHODS Analytical precision intra/inter-scanner rescans vs. original e Model performance also demonstrates
| | P inter-scanner: RMSE = 0.09570.075 potential for effective triaging to encourage
The model was trained and tuned using >4000 WSIs (4,809

patients) and validated on >300 WSIs (388 patients) of endometrial Analytical accuracy | AUC significantly predictive AUC =0.82 ~ 0.93 (Figure 2) confirmato A testi ng for patients like ly {0
cancer. The ground truths for biomarker status was established eXhlblt genOmiC alteratiOnS

using the Tempus XT DNA-seq assay. We trained a multi-task
attention-based multiple instance learning model using

Table 1. Studies evaluating model in the validation along with their corresponding acceptance criteria.
e Analytical sensitivity: This study identifies a robust Limit of Detection (LoD) for the model by simulating

Elllcr)iatg?_;?\(/)a{ioduar][?oar?On:orggﬁviggr:vbaelgg’lgﬁsfotoaE;Tjtliita:glsc;r:;;:(veis. smaller tissue regions fed to the model. For this study, we chose 1, 2, 5, 10, 20, 50, 100 tiles as input and Figure 2. Analytical accuracy study
specificity, precision and accuracy with predefined acceptance comoared the m.o.d§l s.corg against whole slide inference score . . . 1.0
criteria. Root mean squared error (RMSE). Lin’s concordance e Analytical specificity: This study evaluates model robustness to artitfacts by simulating blur.and color :
correla’.tion coefficient (CCC) and Pearson’s cor;elation () were used perturbation on the H&E image. For this study, we perturbed 1%, 2%, 5%, 10%, 20% area with color or
to evaluate model robustness to tissue area. artifacts and scanners blur artifacts and compared the model score against unperturbed image score.
Area under receiver operating curve (R(,)C-AUC) was used tc; e Analytical precision: This study explored model reproducibility and repeatability by comparing model
evaluate prediction task P scores on scans generated using different scanners (inter-scanner) and scans using same scanner at 0.8
P different time points (intra-scanner) respectively '
e Analytical accuracy: This study aims to quantify model performance in terms of ability to predict target
Figure 1. Deep learning model schematic based on ROC-AUC .
.. Table 2. Analytical accuracy results based on operating point 4@ 06
v K
.. a R Biomarker Cohort Prevalence (N=388)* Operating point Sensitivity Specificity E
: V)] o’
. O o*
" . . . e 5 o o o CTNNB1 AUC = 0.89
— . Foundation CTNNB1 27% (17%) Specificity 85% 84% 84% v 04 K 95% Cl: [0.85, 0.93]
' % -. c = Mode! = MSI AUC = 0.82
| s “ e MSI-High 20% (22%) Specificity 90% 40% 91% 959 CI- [0.77 0.87]
S — ’ '
| S . POLE AUC = 0.86
: 0 0 0 0 0 .
. . | | POLE 6% (2%) Sensitivity 85% 78% 72% . 95% CI: [0.78. 0.93]
. PTEN AUC = 0.85
I 0 0 0 0 0 K
At;:;telgn PTEN 38% (47 %) Specificity 85% 75% 30% R 95% Cl: [0.82. 0.89]
aggregator y TP53 AUC = 0.93
TP53 55% (50% S ficity 85% 89% 85% A o— '
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Figure 1. Model architecture. Multi-task e CTUNEY. alterations Table 2. Operating point based metrics for all biomarkers. Predictions were obtained from model scores ol o vl N ol .5 'l
Attention-based Multiple Instance ,izs MSI-H aﬁef;f};r?f,‘ using thresholds determined with a tuning set. Model achieves higher PPV relative to real-world prevalence False positive rate
Learning model using foundation model demonstrating potential for patient stratification Figure 2. Receiver Operating characteristic curve for all biomarkers. Model is
embeddings to predict biomarkers Has TP53 alteration? *The validation test set was enriched for positive cases for rare biomarkers

significantly predictive of biomarker status with AUCs around 0.82 t0 0.93
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