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What is Intelligent oncology?

Harness the power Of modern
artificial intelligence techniques for
the fight against cancer.

INTELLIGENT
ONCOLOGY

Artificial
Intelligence
in
Oncology

s



Intelligent Oncology

Oncology

Artificial Intelligence

Nanotech
nology
cross-disciplinary

specialty

Pathology

Molecular
biology
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Artificial Intelligence in Medicirz-

Artificial Intelligence J——3l Augmented Intelligence

COMPUTATIONAL ANALYSIS

Clinical 01

Genomics

Metablomics

Imaging

Claims

Labs

.

0 @ ‘
} Data fusion &
inlegratlon

.

Nutrients 07

Lifestyle

®—— Support Vector Machine

®—— Deep learning

a
AR
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| Logistical regression
®— Discriminant analysis
®— Decision tree

—— Random forest

Linear regression

= Nayi Bayes

#——K - Nearest Neighbor

.

Genetic Algorithm

==

Multifactor examination

&
il

Knowledge base

= ()

Decision support system

Classification
a

1

1l

Cluster

- §P
|

Regression



Intelligent Oncology i

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

|:| Al applications

I
I
I radiology notes,
tumor board notes, | surrogate endpoints
|
I
.

low-dose chest CT,
radiology notes

[
|
|
[
I

staging data !

v3 ol % @

Prevention Screening Diagnosis Staging Treatment Response Follow-up
(pathologist) (medical oncologist ) (radiation oncologist) (radiologist) (medical oncologist

Cancer patient
data stream

time-series data
from wearables

biopsy data, pathology
report, histology

radiation dose, 1
toxicity data palliative care data, f
|
|
|
|

I
I
: performance status
I
I

N —.

automated risk automated toxicity prediction predict patient
prediction diagnosis & grading and management reccurence risk
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Intelligent Oncology: Preventiok:-

* Risk stratification and prognosis
’ * Personalized Diet

——n
g - :
R !

\

Oncology
b Nutrition for
Climcal Practice f

gl B = - e
- -
-

11



Intelligent Oncology: Screening-+

* Al-Enhanced Lab-on-a-Chip
4

. CAADb (:ﬂ:)
tissue

K Blood/serum

Ene o - -
- < % N
= ER
. — LN " -~
& - < 7 L
e
8q . .
ya . w & 4
T +
Lo A RS
LA S n
e . . v .o > 4
oA s T 4 Y
P \ Y
& 3 B \ i .
< + J 4
v v

L\
EMR
EBA /
Blood and tissue data creening
\ (early diagnosis)
/W o )

N - //\
Multiple omics

Risk factors
assessment

f Emokmg genes @
7 Ll ARTIFICIAL INTELLIGENCE \C\

, Imaging data
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Intelligent Oncology: Diagnosis «

. AI-Essisted diagnosis
e virtual biopsy
' * Liquid Biopsy
* Nanorobotics
* Digital Pathology
* Digital Hematopathology
| » Analyzing Signaling Pathway
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New types of Biopsy:
Breath biopsy for Breast Cancer

Sensor responses

Losf M%

Volatile biomarker / o
| N\ o

‘ , S2 \ /
;l / \’ AR -

Supervised machine | /7| .
learning analysis )
@

%
0
\.
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Sensor arrays

wn 4
®
X

O
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Breath biopsy

Breast cancer ce

Breath biopsy of breast cancer using sensor array signals and machine learning analysis
Scientific Reports volume 11, Article number: 103 (2021)
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igital Pathology
gital Hematopathology

1-mm
histology
3966 px

b Chest CT
4096 px

Same patient

C Tumour detection d Library prep i €p ing f Training and testing

Option 1: train-test split

)

Option 1: weakly
supervised learning

Option 3: external testing

9 External validation

)

External

Option 2: restrict to Size and magnification Aetiasct
tumour tissue may vary ata se
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Nanomedicine

[1] N. Rady Raz, M. -R. Akbarzadeh-T and S. Setayeshi, "Influence-Based Nano Fuzzy Swarm Oxygen Deficiency Detection
and Therapy," in IEEE Transactions on Systems, Man, and Cybernetics: Systems, vol. 53, no. 8, pp. 4994-5005, Aug. 2023,
N. Rady Raz, M. R. Akbarzadeh T., "Target Convergence Analysis of Cancer Inspired Swarms for Early Disease Diagnosis
and Targeted Collective Therapy,"IEEE Transactions on Neural Networks and Learning Systems, 2022.

[2] N. Rady Raz, M. R. Akbarzadeh T., "Swarm-Fuzzy Rule-Based Targeted Nano Delivery Using Bioinspired
Nanomachines,"IEEE Transactions on NanoBioscience,Vol.18, No.3, pp. 404 - 414, July 2019.

[3] N. Rady Raz, M. R. Akbarzadeh T., M. Tafaghodi, "Bio-Inspired Nanonetworks for Targeted Cancer Drug Delivery,"1fEEE
Transactions on NanoBioscience,Vol.14, No.8, pp. 894-906, Dec. 2015.



Analyzing Signaling Pathway f0|
therapeutic targets

® R @ H H
® @« - -«
® ®
®- e
e ® o o
®® o @ H H

[ Epigenetics ] [ Genomics ] [ Proteomics ] [Metabolomics]

| Anticancertarget | | Druggability| | Drug screening | | Drug properties |

Artificial intelligence in cancer target identification and drug discovery, Signal Transduction and
Targeted Therapy volume 7, Article number: 156 (2022) 18




Intelligent Oncology:
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Pharmacogenetics
Existing Clinical decision support
DIrlieEs systems
Previous
Drugs
Liver
N Kidney
> Disease
Lab test
TR AT Biophysical data
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Intelligent Oncology: Treatments«-

Artiticial Intelligence

Initial treatment

BONE MARROW strategy selection > TARGETED
TRANSPLANT | THERAPIES
management of use,

predictionzeftolerance
CHEMOTHERAPY @ and Opti mization ‘ SURGERY
program
IMMUNOTHERAPY RADIATION THERAPY
©

PRECISION MEDICINE PROTON THERAPY
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Intelligent Oncology: Response -
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-
* Prediction of treatment

outcome

* reduces cancer overtreatment
* Response assessment

* Prediction cancer Treatment

complications




Intelligent Oncology: Follow Up
Al and tele-oncology |
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Cancer Radiology
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 January 2021: Visage Breast Density (Visage Imaging)

* The software application is intended for use with
compatible full-field digital mammography to aid
radiologists in the assessment of breast tissue
composition

Claudio Luchini Et al, “Artificial intelligence in oncology: current applications and future perspectives
British Journal of Cancer, vol. 126, pages4-9, 2022.
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e,
Automated detection
and tumor Segmentation
Identify Molecular Quantitative
subtypes of tumors Measurements
Diagnostic Assistance Automated
(Tumor Vs Necrosis) Quality Checks

@
Ve

Neuroradiologist
a
Integrated
- Diagnosis
s a4
-\ : Neuro-oncologist/
— radiation oncologist

=T a—
sﬂaﬁ’k / Precise Prognosis and

D Patient Stratification
LN Personalized
Treatment
Planning

-
‘ Automated Tumor
- - - Measurement || Classification
Intra-operative Diagnosis of Features and Grading
Surgical Margin assessment Tumor Cellular and Tissue
< Detection Structure Analysis
e —— e
— - Histo-Molecular
Fresh/ FFPE ‘ classification
Sample H&E staining

4
® -:
aa T

Neuropathologist

= —
@ — e
M e F =9 Identification
R . Pathway
Moleculgr w Identification
Pathologist ¢ :
& I Treatment
A$ IDH mutation | Response Prediction
c « B - "

H i "W & - 'v‘7 - Variant
Brain Tumor Patient : 3& if?f = Kentifoation

1 o o Diagnosis

' B B ll-'- . assimﬂt

Al assisted rules in Neuro-Oncology
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Type of Cancer Data
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Type of Cancer Data
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Type of Cancer Data
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Multimodal integration for enhanced % '

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

Radiomics
o
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Numerous public datasets

* The Cancer Imaging Archive (TCIA) is notable
among general brain tumor datasets, offering a
comprehensive repository of medical imaging data,
including MRI, CT, and PET scans for various tumor

types.

e Specific tumor types, resources such as the NCI
TARGET dataset include dedicated sections for

glioblastoma (TCGA-GBM) and lower-grade gliomas
(TCGA-LGG)

29
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Al-enhanced preprocessing for
precision brain tumor analysis

* BrainNet viewer, correct artifacts and distortions in
MRI images

30
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Multi-modal data

C Multimodal Interpretability & Association Discovery
Radiclogy Pathology o




Multi-modal data

model 1

D

model 2

iy

LEGEND

|]]] Encoder (e.g. CNN, MLP)
Raw data

Extracted features

Features under multimodal context
Guided features
Prediction
n Co-Attention weights
@ Fusion
:{i?: Prediction model (e.g. classifier)
«— Loss back-propagation

model

[mEONCHON®)

32



Multi-modal data

A MORPHOLOGIC ASSOCIATES
. Mutation prediction from H&E WSI

B NON-INVASIVE ALTERNATIVES
Mistology sub-typing from CT

-«Héﬂ'*

:l“'} ‘“lfﬂ Y|
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a Data preprocessing

Modality 1 Modality 2
&~ corcaacer cAG
= CGTTTAC KICGTAAG TCTAG
S2 wor  orrmc  mem  agorr
& GoTC  TIATGG CCTGCT Ger’
\ GCTCAA TACGGT  TGCTAAT TCTAG

Patches

X samples

b Feature extraction
Encoder 1 Encoder 2

N

Feature matrix 1 Feature matrix 2

Multimodal data fusion for cancer
biomarker discovery with deep learning

Modality 3

Encoder 3

/

Feature matrix 3

e
Late fusion
Model 1 Model 2 Model 3

Multimodal data fusion
c d
Early fusion Intermediate fusion
<
9
®
=
L
13
2
e
©
©
a
T
Data integration
Model
Prediction Prediction

B

Predlctlon Prediction Predlctlon

Prediction

PR .Y 3
GAdis w;u:‘}//'rr":?l:
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Molecular data Pathology Radiology
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Raw data
generation

Data processing
and labelling

Feature
extraction

Embedding
representation

Missing data handling

35

Data fusion strategy




W Tumour cells [l Lymphocyte

EGFR
NEF
MADR2
DPC4
AGT

TMT45A
IDH)
PTPRN
NF1

o

-0.02 0.02
SHAP value

(impact on model output)

Joint fusion model

T T T
-0.02 0 0.02
SHAP value
(impact on model output)

B Connective tissue Necrosis Normal epithelial cells

e Alternative complement activation
Matabolism of ingested SeMet Sec MeSec into H25e

GLI proteins bind promoters of HH-responsive genes to promote transcription
Binding of TCF LEF CTNNB1 to target gene promoters

Fibronectin matrix formation

Activation of Ras in B cells

Erythropoietin activates phosphoinositide 3-kinase PI3K

p——. RUNX3 regulates Wnt signalling

DNA replication initiation

TYSNDI1 cleaves peroxisomal proteins

lation of DNA methylation proteins

Arachidonate production from DAG

Response of EIF2ZAKT HRI to haem deficiency

NGF independent TRKA activation

SLBP-dependent processing of replication dependent histone pre mRNA

Displacement of DNA glyosylase by APEX1

Activated NTRK3 signals through Ras

Reactome RUNX3 regulates BCL2L11 BIM transcription
SHC-related events triggered by IGFIR

NTRK2 activates RAC1

— NGF-independent TRKA activation

RUNX3 regulates CDXN1a transcription

STATS activation

Killing mechanisms

PTK6 regulates cell cycle

Reactome TNFR1-induced proapoptotic signalling
PP2a-mediated dephosphorylation of key metabelic factors
GRBT7 events in ERBB2 signalling

Alternative complement activation

ERKs are inactivated
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https://www.nature.com/nm

Al-based pathology predicts origins_ ..
for cancers of unknown primary

e Genomics and transcriptomics to identify the origin of a tumour.

* However, genomic testing is not always performed and lacks clinical penetration
in low-resource settings.

* Deep Learning

Breast—Brain

Breast—LN

Breast—Liver

Nature volume 594, pages106—:
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Precision cancer classification using
liguid biopsy and advanced machine
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Brain Tumor Diagnosis
during Surgery




Precision medicine
approaches: treatment

( tailored to an
individual patient

As a companion diagnostic

LENCRE
o, -ﬁ-, PR X
Detection of cells, cellular

subtypes and histologic
primitives (such as mitotic

figures, tubules or nuclei)

optimum management plan

Quantification of
cells or objects (such
as types of blood cells
or haemoglobin)

Lo risk

Grading of the tissue
according to severity of
disease (for example, Gleason
grading in prostate cancer)

H risk

Identification of unique
morphological features
associated with gene
alterations or signalling
pathways

Pathologist

- . S ol |
H

Detection of
intratumoural

heterogeneity by
analyzing variance
across the tissue block

assay to evaluate patient
prognosis to determine \

Diagnosis of malignant
from benign or
inflammation and/or
reactive changes

Delineation or
annotation of
which area is
malignant or
suspicious of
pathology on
awhole slide
image

Identification of
novel prognostic
approaches beyond
visual identification
(such as spatial
architecture or
degree of
multinucleation)

Stratification of patients on the

Early assessment
of response to a
specific drug or
treatment

Identification of patients who

\ basis of their risk of progression or

recurrence to guide intensification
or de-intensification therapy

a particular therapeutic
regimen or treatment

are more likely to respond to }

b

e Yy
ur,_tdmw«_-«wy/(h%
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How to get started with Al for hospita_.”..
and clinic management systems




What to do then?

Identify or
Reassess Needs
Maintain, Update,

or De-Implement Q - 4 ) Describe Existing
B Vo

/ \ " Workflows
|

Monifor O O O Define the
Ongoing N N Desired Target
Performance | State

@ —_
Implement Al

—
System in Target Acquire or Develop
Setting Al System

Al

PR A Iy
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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?

45
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Challenges and Ethical Considerations

data privacy, potential biases in datasets

Radiology
(X-rays, MRIs)

Early detection

Cardiology Neuroimaging Risk Assessment Predictive analytics

‘ ‘ Disease
Diagnostic prediction and
imaging prevention

WHAT CAN

Monitoring
Treatment Al/ML DO IN through
Personalization wearable

HEALTHCARE?

devices

Pandemic
prediction



Al

Note that!!

« AI may not replace human doctors.

e Since doctors are trained to not only diagnose and

treat diseases but also to provide emotional support
to patients.

* Al cannot replace the empathy and compassion that
doctors bring to their work.

47
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