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Workflow Pathology Lab
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Revolutions in pathology
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Tools of the pathologist
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Impact of digital pathology on workflow
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Convolution and pooling (nD)
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Deep learning feature extraction
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Al optic illusions
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More commercial software
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IBEX Galen™ breast
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Methods
[Sample retrieval ] . .
248 breast excisions
e 248 breast excisions ~ 2-3 H&E slides

e Retrospectively
e Pathology archives PA% Antwerp y v L 4

[ Expert 1 ] [ Expert 2 ] [IbexGalen""]

[Ground truth ]

e Consensus 2 independent and blinded expert readers

» 31 expert reader for discrepant cases

—[ Expert 3 ]

[Artificial Intelligence ]

* Ibex Galen™ platform i
e Detection of invasive carcinoma and ductal carcinoma in situ Ground truth
e Differentiation between invasive carcinoma subtypes

e Differentiation between DCIS grade

Al solution

[Analysis ]

e Confusion matrices: accuracy, sensitivity, specificity

Analysis

e Receiver of Operating Characteristics (ROC) curve: area under the curve (AUC)

SAS
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Results: primary endpoints

Detection of invasive carcinoma 0.986[0.973; 0.998] 89.9% [0.887; 0.996] 96.3% [0.840, 0.939]
0.994[0.987; 1.000]
0.963[0.922; 1.000]
0.970[0.931; 1.000]

Detection of DCIS 95.6% [0.868, 0.995] 95.0% [0.882, 0.986]

Differentiation of subtypes 85.3%[0.742, 0.927]

90.2% [0.791, 0.964]

90.0% [0.541, 1]

Differentiation of DCIS grade 100.0% [0.561, 1]
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on invasive carcinoma NST

xample detec
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Results: exploratory endpoints

Stromal tumor infiltrating lymphocytes (sTlLs) 0,958 [0,919; 0,998] 91,4% [0,814; 0,963] 100% [0,851; 1,000]

Detection of lymphatic invasion 0,896 [0,825; 0,968] 72,2%[0,560; 0,841] 86,4% [0,732; 0,936]
Detection of benign lesions Statistical analysis ongoing
Detection of biopsy site effects Statistical analysis ongoing
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Why now Al?

e Task automatisation

* More data (and more complex) &~ More complex algorithms & no human bias

* Need for standardized evaluatior_m_

e Reduction in hardware cost

* Opportunities
 Use of more data(sources) in decision making =

* Integration in clinical trials " Deep learning N
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Impact Al on pathology

Workflow optimalisation

* Time consuming tasks: screening for lymph node metastasis, scoring IHC(PD-L1)
* Pre-ordertechnicques

* Automated (structured) reporting

¢ Standardisation

* Literature: 20-40% efficiency gain (less reporting time) and |-1.5 days TAT gain

* Aidin diagnostics: clear cut cases, “hints” for difficult cases

N

Change in thinking %

* Collaboration: MLT, bioinformaticians, engineers, DPO’s %

* Diagnostics: know the strengths and weaknesses of Al and models o C
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Al challenges and remarks

Implementation

* Market =immature and scattered

* High cost of commercial platforms

* No integration in the reimbursement system of the Belgian health care system

*  Workflow improvements only possible when closely integrated with LIS/IMS/EPD

Ethics
* Fairness of data N
* Collaboration with non-(para)medici ?
. What to do if model fails? %
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Al future perspectives
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Take home messages

Digitization in pathology

*  Workflow improvements
* Source for Al

Artificial intelligence: it’s there/coming (due to more (complex) data)

* Need for Al: improved workflow, standardization
* Scattered landscape of Al platforms (+high cost)
* Know strengths and weaknesses of Al and models = Trust! (= Education!)

N

Opportunities %

* Multimodel learning (other sources e.g. molecular biology) %

* Collaborations (%%
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Thank you!
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