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Artificial Intelligence powered predictive analysis of atypical ductal hyperplasia from digitized pathology images
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BACKGROUND METHODS RESULTS

* Approximately 15-25% of patients with atypical ductal hyperplasia (ADH) on breast core
needle biopsy (CNB) are upgraded to ductal carcinoma in situ (DCIS) or invasive carcinoma
(IC) on surgical excision.

* We hypothesized that a machine learning approach could be utilized to train models to
recognize ADH on digitized pathology images and to identify cases of ADH more likely to be
upgraded to DCIS or IC at excision.

* Here we demonstrate the accuracy of the machine learning approach to identify ADH.

OVERVIEW

Whole Slide Image Annotations

Region Annotation Counts

Cribriform ADH 2198 Lobular Neoplasia Apocrine metaplasia
Micropapillary ADH 178 DCIS 27 Microcyst 363
Solid ADH 176 Normal TDLU 2154 Artifact 167
Pagetoid ADH 35 Adipose 1947 Lumen 127
ADH Stroma 363 Non-atypical breast tissue 909 Sclerosing adenosis 86
FEA 1476 Columnar cell change 816 Papilloma 12
Calcifications 1186 Usual ductal hyperplasia 641 Background 44

Inference & Feature Extraction

Model Training
Examples of ADH

% Area ADH: 12.65%
% Area ADH-Stroma: 7.83%

Multi-layered Convolutional Neural Network

From 11/2004-3/2018 we 1dentified 286 cases with a core bx diagnosis of ADH; from these cases

we retrieved 673 digitized whole slide images (WSI).

Clinical risk factors such as patient race, tobacco smoking, pregnancy history, age at menarche,

breast composition, family history, etc. were also documented for each patient as metadata.
Independent histologic review by two breast pathologists 1dentified slides with and without ADH.

39 board certified pathologists with experience 1n evaluation of breast biopsies were employed for
tissue region annotation on the PathAI research platform, yielding 14,116 tissue region

annotations (Figure 1, panel B).

Annotations were used to train a convolutional neural network (CNN) with 35 layers and

approximately 9 million parameters to identity ADH (Figure 1).

Data were split into training and testing sets, representing 61% and 39% of the data respectively.
The distribution of ADH slides and number of ADH upgrade cases was balanced between the two.
Morphological tissue features were derived from the output of the CNN model, which were then

used to train a logistic regression classifier to predict slide level ADH label.

RESULTS
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Figure 1. Overview of whole slide image (WSI) annotations and model training regimen. WSIs are annotated
by breast pathologists for each region of interest on the PathAl research platform (counts shown in the table).
Examples of each substance are presented to multi-layer CNN, which learn to recognize morphological patterns
within images. Once trained, models are deployed on test set images and features are summarized to
characterize each slide.

Figure 2. A, D, G. Sample images without annotations or overlays. B, E, H. Sample images with annotations
from contributing pathologists. Annotations in [B] include ADH (green annotations with white boxes), in [E]
include ADH (green annotations with white boxes), stroma adjacent to ADH, FEA, microcyst, calcification,
and adipose tissue (orange annotations) and in [H] include ADH (green annotations with white boxes), FEA
(blue annotations with white boxes) and calcifications (orange annotations with white boxes). C, F, I. Sample
images with overlays showing ADH predictions (red), stroma adjacent to ADH (green), FEA (cyan) and
calcifications (black). Areas without an overlay are predicted to be normal. Focal false positives ADH
predictions are seen 1n [F] and FEA false positives are seen in [I].
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Figure 3. ROC and AUC for ADH detection with metadata (A), tissue features (B) and combined features (C).
Model prediction compared to ground truth of histologic examination by pathologists (slide-level ADH label).

* Al model trained with only patient metadata (clinical risk factors) was not able to
predict ADH diagnosis, resulting in a slide-level area under the receiver operator
curve (AUC) of 0.534 (Figure 3A).

* Al model trained with morphological tissue features extracted automatically from the
slide was able to predict the diagnosis of ADH with an AUC of 0.857 (Figure 3B).

* Al model trained with a combination of metadata (patient clinical risk factors and
tissue features) improves the performance and was able to predict the diagnosis of
ADH with 79% sensitivity (122 of 154 images within the test set) and 82%
specificity (85 of 104 images within the test set). The slide-level AUC for this model
was 0.864 (Figure 3C).

* Area of ADH and ADH Stroma were the most important morphological features for
slide level ADH diagnosis.

CONCLUSIONS

* A deep learning-based classifier was developed for the identification of ADH.
Morphological features extracted from this system showed strong performance for
predicting slide level ADH labels.

* Future analyses will focus on determining if morphologic features of ADH extracted
by the deep learning system can be used to predict upgrade to DCIS and IC. This
approach may help stratify patients with ADH on CNB into those who require
surgical excision and those who can be followed with active surveillance.
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