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Al IN CLINICAL MEDICINE
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OUTLINE

« Extracting information from digital pathology images
* Clinical applications of Al in digital pathology

* Physician-assisting Al methods

* Al in Medicine at UChicago
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ARTIFICIAL INTELLIGENCE ARCHITECTURES

LEARN TO INTERPRET IMAGES
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FOUNDATION MODELS REFLECT
VAST DATA EXPOSURE
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DEEP LEARNING USE CASE: PATHOLOGY

DATA FLOW FROM PHYSICAL TO DIGITAL

Digital slide Foundation models
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OPEN SOURCE PIPELINE FOR TRAINING

PATHOLOGY DEEP LEARNING MODELS
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LD MODEL &3

¥ INFO

Model name  cohort-EXP_AA_FULL-HPO
Outcomes cohort

Tile (px) 299

Tile (um) 302

Image format png
Backend tensorflow

S
@ Version 1.0.6
*ﬂ

¥ TILE PREDICTION
cohort LUAD (UQ: 0.0015)

V¥ SLIDE PREDICTION

Predict Slide

P SALIENCY

x=17905 y=-2076 mpp=28.500
@Lab_Pearson 01:2304.04142 24




SUMMARY #1

* Deep learning Al tools can be applied to digital pathology data

« Foundation Models (FMs) leverage huge data sets to learn a
language of image patterns

* Open source FMs can be applied through open source tools for
analytical tasks
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2. INTEGRATING Al MODELS INTO
CANCER TREATMENT PLANNING




CLINICAL APPLICATION #1:

Pan-Cancer “Digital NGS” from digital histopathology
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https://doi.org/10.1101/833756

CLINICAL APPLICATION #2:

Cancer progression prediction
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CLINCIAL APPLICTAION #2:

Selecting Topical Chemo Candidates
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3. CLINICIAN-FACING
COMPUTATIONAL TOOLS




TRUSTWORTHY DIAGNOSTICS:

Explainable Al

* Many neural
networks are not
iInherently
explainable

 Can we trust the
results of an
algorithm enough to
make an important
clinical decision for
patient care?
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Ribiero et. al. arXiv:1602.04938
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TRUSTWORTHY DIAGNOSTICS:

Generative Al Explanations
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TRUSTWORTHY DIAGNOSTICS:
Excluding Non-Trustworthy Predictions
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TRUSTWORTHY DIAGNOSTICS:
Uncertainty Quantification in Real Time
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LOCALLY-PRODUCED OPEN-

SOURCE LOW-COST DEPLOYMENT &.¥
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Summary #2

* Physician adoption of Al models may be augmented by
improved trustworthiness.

* Algorithmic Explainability and Uncertainty Quantification can
improve model transparency and reliability.

 Innovation on the full data acquisition and analysis continua will
be required for medical Al to reach its full global potential.
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GRUNDIIUM

(Near) Real-Time Al Deployment
e Hardware: Grundium

Please insert slide into the tray to start

e * Software: Grundium API, SlideFlow Studio (OS)
* Dolezal J, BMC Bioinformatics 2024
* Model: Vision Transformer MSI prediction (OS)

 Wagner SJ, Cancer Cell 2023
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