(b
Ii”ll»

"
(l

"

1™

e |Ntelligent oncology:
Early detection, Targeted Therapy,
Continuous Monitoring

BISRTEBE T
Dr. Nasibeh Rady Raz
Ph.D. in Artificial Intelligence and Robotics

Assistant professor in Artificial Intelligence in Medical Sciences, Faculty of
Advanced Technologies in Medicine, Iran University of Medical Sciences,

\\// ? . Tehran,.lran .
AN SV radyraz.n@iums.ac.ir

% /’ -~
N il




‘
b
)

o
7
.' ! L
1%
w:j
lor
-
&
N4
9
~
= ,b
L
5 4
%I,




Intelligent Oncology

Oncology

Artificial Intelligence
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Intelligent Oncology i

exemplary user automated nodule stratification beyond automated tumor
( new data types detection TNM staging burden evaluation

|:| Al applications
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Translating big data into meaningful-—-
oncology pipelines with Al
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Multimodal integration for enhanced % '

diagnosis, prognosis, and treatment response ™"
prediction in brain tumors
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Why Multimodal

50-year-old
woman

Negative
(no breast cancer)

high polygenic cancer circulating Al analysis of electronic
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Al in early drug and biomarker
discovery
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Regression-based Deep-Learning predicts ...
molecular biomarkers from pathology slides

A Tumor microenvironment B CAMIL TME biomarker prediction from H&E
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Why Cancer Biomarker

Questions that can be answered by cancer biomarkers

Prognostic Diagnostic Predictive
develop cancer is it? optimd
this cancer? | drug for my

cancer?
\_._‘\\ /
Pharmacodynamics Recurrence

What's the \ / Will the !

optimal dose | : cancer '!
for my body? return?
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Al traces mysterious metastatic b
cancers to their source

Primary site Distal site
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Trends in Cell Biology

Nature 628, 699-700 (2024) 16
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The Molecular Twin artificial-intelligence platform
integrates multi-omic data to predict outcomes for™"
pancreatic adenocarcinoma patients
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Computational oncology — mathematical modelling...;..:

of drug regimens for precision medicine

Computational oncology and PK/PD relationships
(top-down)

* Efficacy end points

* Toxicity end points

® Drug—drug interactions

* Biodistribution and drug delivery

* Adaptive dosing

e Alternative scheduling

Computational oncology and systems biology ‘
(bottom up)

* Tumour growth @ __—d
 Neoangiogenesis = ?\D

* Metastic spreading

* Clonal heterogeneity

* Immune checkpoints O_>9\y}\‘
e Signalling pathways )

V'= 1 Vlog <%> K'=fK.V.t) I
19
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Deep learning assists in acute leukemia detection

and cell classification via flow cytometry using the™
acute leukemia orientation tube
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Scientific Reports volume 14, Article number: 8350 (2024)
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Large language models and multimodal

foundation models for precision oncology

A Adaptation of LLMs with multimodal medical documents

Domain resources Imaging Data Text Reports EHR Multi-Omics
=t | |f| -I
D) =
+
cT DNA / RNA sequencing
& % MR Hospital Discharge Letters Live tracking of vital signs Proteamics
- odical Pabt nes Xeray Intervention Reports Track patient symploms Metabolomics
’“.""“'“m b :’"’"‘ w%md Patient Records Therapy monitoring Histopathology
Hospital andards T
e argeted Therapies
Video surgery

B adaptation to medical domain knowledge C  selected applications

Integration of multmodal data for medical reasoning
Few shot prompting and prompt engineering Documentation and Report

Provide detailed instructions and data in the prompt

including related examples
Live
Retrieval Augmented Generation ?'G?MMM
Create an extemal knowledge database and let the model
retrieve relevant information on &5 own
Integrative Decision Making Assistance cinical decision making across
Transfer Learnig and Finetuning disciplines
Continue the training process on customised, curated data
Imeractive and indivdualized Teaching and
o o Physician Education Plpaasal bt
g o
Chatbot for Patents
Patient Communication Live Morikoring of vital signs and treatment side eflects
Human Al Assistance and Collaboration Administration Institution-related databases: Intemal statistics

npj Precision Oncology volume 8, Article number: 72 (2024)
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Nanomedicine
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and Targeted Collective Therapy,"IEEE Transactions on Neural Networks and Learning Systems, 2022.
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Transactions on NanoBioscience,Vol.14, No.8, pp. 894-906, Dec. 2015.
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Smart nanoparticles for cancer ),
therapy

<d°1§ " Brain cancer |
'Esophagus cancer |
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specificity drug ) :
. release Liver cancer
Smart nanoparticles Multi
modality = =
\‘ Pancreatic cancer

Dose Enhanced
reduction delivery

Diverse
routes of
administr-
ation

' Colon cancer

Advantages of

smart nanoparticles iiadder cancer

> &

Computer aided désign

Signal Transduction and Targeted Therapy volume 8,
Article number: 418 (2023)
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Applications of synthetic polymers _
directed toward living cells

Synthetic polymers targeted to living cells
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digital twin for health
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Al - based Monitoring

Artificial intelligence enhanced sensors

Al-driven Decision Making

< Personalized healthcare '¢'
+ Disease prevention and management
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The neuroscience of cancer

a Local nerve-cancer b Nervous system- ¢ Systemic nervous system-cancer
interactions immune-cancer interactions interactions

Nerve Immune cells

Tumour

Nature volume 618, pages467-479 (2023) 28
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Challenges and Questions

e How do we ensure the ethical use of Al in healthcare?

* What are the regulatory frameworks that need to be in
place for the safe and effective use of Al?

 How do we measure the quality and accuracy of Al in
healthcare?

29
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Al

Note that!!

Al is not your replacement — it is an assistant
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Course:

Course Topics
Artificial Intelligence (Al) in medicine
Al and Fuzzy systems and its applications in medicine
Machine Learning and its applications in medicine
Evolutionary systems and its applications in medicine
Neural networks and deep neural networks in medicine
Application of Al in Early Detection of Disease
Swarm Intelligence and multi-agent/swarm in medicine
Application of Al in Cancer
Application of Al in surgery
Applications of Al in Neurology
Application of Al in Internal Medicine
Applications of Al in cardiovascular
Applications of Al in Breast Disease
Application of Al in Ophthalmology
Application of Al in Nephrology
Application of Al in Otorhinolaryngology
Application of Al in Gynecology and obstetrics
Application of Al in pediatric medicine
Application of Al in anesthesia
Application of Al in emergency medicine
Applications of artificial intelligence in orthopedics
Application of Al in pain management
Application of Al in pharmacology
Application of Al in dentistry
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