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Transforming Pathology Workflows

THE PROBLEM: The discipline of toxicological pathology is experiencing significant
supply demand dynamics, recruitment of new pathologists is challenging. We propose
exploring the potential of Artificial Intelligence (AI) combined with Digital Pathology to
augment current services. Developing a supervised machine learning algorithm requires
datasets exhibiting all possible discrete toxicological endpoints, which is unattainable. This is
due to the combination of multiple organs, each with a multitude of exhibited toxicities, each
toxicity having a multitude of presentations. This is further accentuated by the lack of
availability of/access to good quality development content. We plan to explore the potential of
unsupervised AI to detect abnormalities in tissues based on generalised approaches and
exposure only to normal or reference content.
A. Fibrosis

THE SOLUTION:

A typical rat toxicology study yields no drug-related
abnormalities in around 60% of the subjects. Each slide must nevertheless be reviewed
carefully by a pathologist. This is a lengthy process with considerable potential for
streamlining.
We propose an automated, unsupervised artificial intelligence (AI) algorithm to aid
pathologists based on isolation forest anomaly detection. The algorithm develops a
baseline model for normal presentation, through exposure to digital pathology slides of
control/reference examples for the target organ. This model is subsequently applied to
test materials, producing a visual overlay for a whole slide image (WSI) identifying areas
of the slide that deviate from data derived from the control/reference model.

MATERIALS & METHODS: Digital slides generated as an output from the
PredTox group study were provided courtesy of Prof. William Gallagher, Conway
Institute, UCD. All 45 animals used in each of the 16 sub-studies were male Wistar rats
aged 8-10 weeks.
Test compounds known to cause drug-related findings were administered once a day for
1, 3, and 14 days. There were 45 rats per study. There were 9 groups in total (A–I), of
which 3 were controls (A, D, G), 3 were low dose (B, E, H) and 3 were high dose (C, F, I).
Groups A, B, C were treated for 1 day; Groups D, E, F were treated for 3 days, Groups G,
H, I were treated for 14 days. 45 left lateral liver lobes (1 per animal) were fixed in
formalin and paraffin-embedded, then cut at 2–4 mm. Slides were then stained with
haematoxylin and eosin (H&E).

B. Fibrosis

Whole slide images of the slides were produced using an Aperio scanner, scanning at
40X at a resolution of 0.25 mm/pixel. The performance of the AI method was evaluated
for its sensitivity and specificity against a computed pathology score based on
observations obtained from associated pathology reports.
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The proposed unsupervised anomaly detection framework consists of (a) a colour
normalisation algorithm, (b) a background removal algorithm, (c) an isolation forest
algorithm. The framework is trained on a set of images of liver from the control groups
in each study. This produces a classifier we call the normal model. This is a baseline for
reference of healthy liver tissue morphology. The experimental organ images are then
tested by the normal model classifier at 10X magnification. If the classifier identifies
anything outside of what it understands to be statistically normal, it classifies the pixel
or contextual area as abnormal. This reveals anomalies not present in control images.

D. Hyperplasia

With the help of toxicologic pathologists, the visual results were assessed for accuracy
of detecting lesions and a low visual false negative rate.
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RESULTS: Figure 1 exhibits the performance of the algorithm on a variety of liver
changes. Within samples evaluated, the false negative rate (detection of abnormal
features) was below 1%. A high false positive rate of 28% was observed due to the
detection processing and scanning artefacts within the images evaluated; for examples,
see Figure 2.
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Figure 2:
Common processing
and imaging
artefacts produce
abnormal signals,
causing significant
false positives.
Examples include:
A. folds, B. cut
stripes, C. cracked
tissue and intra-slide
stain variation, D. air
bubble, E.
blurriness, F.
scanning stripes.
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CONCLUSION:
Figure 1:
Application of the classifier to various degrees of liver changes. The classifier easily
detects focal anomalies such as fibrosis and hyperplasia (A-D). The classifier is also
sensitive down to cellular level (E-G). Normal liver tissue does not produce an abnormal
signal (H). Note that the variation in staining intensity does not affect classifier sensitivity.

We believe that the proposed method, subject to further
development, can be a useful aid for toxicologic pathologists in their evaluation of
tissues, potentially allowing the substantial reduction of review time within toxicology
studies, thus helping to speed up research & development pipelines. Of particular
importance is the standardisation of tissue processing and imaging to facilitate the
highest quality substrate being available for use in such studies. This in turn will
support the reduction of false positive signal observed resulting from such effect.
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