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Cancer and Oncology

Carcinoma

[Originates from the
epithelial cells lining
the external part of

the body or the
internal organs])

Melanoma Sarcoma

rigin in th

[Cancers of the cells [Orig 3}95 I the

that makes pigment connective tissues
in skin] y

like muscles, bones,
cartilage and fat]

Leukemia Lymphoma
[Cancers of the

[Cancers of the
\ blood] lymphatic system]




Estimated age-standardized incidence rates (World) in 2020, all cancers, both sexes, all ages
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Number of new cases in 2020, both sexes, all ages

Breast
2261419(11.7%)

Lung
2206771 (11.4%)
Other cancers
8275743 (42.9%) Colorectum
1931590 (10%)
Prostate
1414 259 (7.3%)
Oesophagus Stomach
604 100 (3.1%) 1089 103 (5.6%)

Cervix uteri Liver
604 127 (3.1%) 905 677 (4.7%)

Total: 19 292 789 cases
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Number of deaths in 2020, both sexes, all ages

Lung
1796 144 (18%)

Other cancers
3557 464 (35.7%)

Colorectum
935 173 (9.4%)

Prostate . Liver

375304 (3.8%) 830 180 (8.3%)
Pancreas ' Stomach
466 003 (4.7%) » 768 793 (7.7%)

Oesophagus Breast
544 076 (5.5%) 684 996 (6.9%)

Total: 9 958 133 deaths
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Numbers at a glance
Total population

Number of new cases

131191

Number of deaths

79136

Number of prevalent cases (5-year)

319740




Number of new cases in 2020, both sexes, all ages

Other cancers
68 224 (52%)

Breast

Total: 131 191

Prostate
8 937 (6.8%)

16 967 (12.9%)

Stomach
14 656 (11.2%)

Colorectum
11942 (9.1%)

Lung
10 465 (8%)
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Al In Cancer

Preprocessing o » Explainability
Dats « Pseudonymization = ¢ Risk assessments
collection and) - « Documentation
;1 ;Tabu[ar anonymization ‘
: J‘l&g_u;gl -+« Data cleaning
te;mm;'c * Segmentation Compliance with
' * Standardization medical device
? gien&mlcs + Colour regulations
& oy normalization
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Al-based pathology predicts origins_..”..
for cancers of unknown primary

Patient data
1. Colorectal . . . . . -
Sex: F Multiclass, multitask, multiple-instance learning Interpretability
o e A
Primary Deep feat. [ Site prediction
2. Renal ) % | Primary |
Sex: M ‘ "_T, { | N otactas ‘
Primary Concat.[ e etastasis
N % Sex U
Sex: F -
Metastatic & |« [ Endometrial ]
| B At e “I| [oesophagogastrc
18. Ovarian B Attention module \_JJ -
Sex: F ~ :
Metastatic _ Attention
Primary prediction

n = 32,537 WSlIs
(28.2TB)

Nature volume 594, pages106—-110 (2021) 11
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An artificial intelligence framework integrating longitudinal

electronic health records with real-world data enables
continuous pan-cancer prognostication
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Individual timeline in health system
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Labs
Di
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Orders
Medication
Notes

Qmmpa® 00 OO0 O O
O QI OGO O a OOOOO OO

o O O O o]o)

Radiation

Imaging

Scanned documents
Charges

MEDomics profile

Demographic
Age
Gender
Race
BMI

a 00 o

Time (weeks)

Interfaces, reports,
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Social/medical history
Smoking status
HPV status
Frami risk score

image and text
feature extraction
©
©
©

© © © ©

Problem list
Problem 1
Problem 2
Side effect 1

© Individual A

Histopathology
Stage/grade
Histology

Medication
Drug 1
Drug 2

Labs
Lab 1
Lab2

00
00
00
(2
00
00

Therapy
Surgery
Radiation
Chemotherapy
Immunotherapy

Imaging
Semantics
Tumor size
Tumor shape
Tumor texture
Other classes

0000
0000
00000
00000

Genomics
Variant 1
Variant 2

Al application development

Detect
Extract
Predict
Simulate
Interpret

X% ¥

Detect positive or negative medical events/trends.
Extract structure from unstructured data.
Predict local control, side effects and survival.

222

Individual 1 Individual 2__Individual N

Simulate the effect of therapeutic choices.
Interpret the cause of specific outcomes.

Intervention

b
Data flow
I(E:pF;;}/é:)?g; behind institutional firewall
User
entries | server 1 II] Cancer
Clarity (EHR) registry PACS Future
v
\\075//\ Deidentification
(PHilter)
PostgreSQL MEDomics
18 custom reports MEDomicsLab profile
per day
Updated every 24 h
Radiation
c MEDomicsLab
Interfaces EHR PACS ols Registry
Structured - -
RN—] N=—= —
database — = = . . =
Intake ¢ x 9
8 2
g |z
Input Extraction @ o
nonse (SRR — [ERRSNE T || R
g l Multi-omics analysis i .\Q
o .
% Discovery MEDomics
3 module o/
l Multi-omics integration l Individual
profiles
Learning
module >
5 l ‘Outcome monitoring ‘ l / )
173
3 A
Application "
Actionable

Nature Cancer volume 2, pages709-722 (2021)
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https://www.nature.com/natcancer

Biology-guided deep learning predicts
prognosis and cancer immunotherapy

response TME (tumor microenvironment)

ﬁaining ey \
CT image P | 1ME Classification Immune TME

13 25
Low/ High | High/ High
|.I g Stroma
e 8 4. TME
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Low/ Low | High/ Low

Multi-Task Deep Learning

@ @
SMU-1 Cohort —
n =348 = ask z:
Prognosis Prediction
Ali Di
K Disealsv::free R::i:g Dead j

[ Validation l

Task 1 Task 2 Chemotherapy Immunotherapy
TME Classification Prognosis Prediction Response Prediction Response Prediction
w1 -
§ Chemo o] Responder
i W | ;
= E .g No Chemo §
2, | 3 3 2 O
E Non -
2 4 Responder
o Predicted TME Class 1
1 2 3 4 1.2 3 4
Actual TME class Time Time Predicted TME Class
SMU-2: n = 202 SMU-2 & 3: n =838 SMU-1, 2, 3 & SYSUCC-1, 2 Immunotherapy
SYSUCC-1: n =125 SYSUCC-1 & 2: n = 1187 (stages Il and IlI) Cohort
Stanford: n =123 n=1729 n =303
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Nature Communications volume 14, Article number: 5135 (2023) 13



https://www.nature.com/ncomms

Artificial intelligence in liver cancer — new ...
tools for research and patient management

a _
Hepatocellular carcinoma (~80%)
Diagnosis
e MRl or CT
o Histopathology
Features Tumour
e Late diagnosis cell
* Heterogeneity
N Bile duct
Intrahepatic cholangiocarcinoma (~15%)
= Diagnosis
Combined tumours (~5%) e MRl or CT
Diagnosis ~— Hepatic e Histopathology
e MRl or CT 7‘ progenitor Features
o Histopathology : cell ( o Late diagnosis
o Immunohistochemistry ( ' e Recurrence >60%
Features Chol X
e Late and difficult diagnosis olangiocyte
b
Al 2,
e Subtyping o Risk stratification %
e Diagnosis e Survival prediction |1/
e Biomarkers e Optimal treatment
ASH
Healthy ALD  MASH _— _—
MASLD Viral hepatitis Fibrosis Cirrhosis
—[ L — Py ~
Scar tissue
formation
Inflammation
O -— Curatlve therapies ‘
Remission
Risk factors
 Alcohol 1 Relapse
. 1]
e Genetics ' Palliative
e Viral infection Vemmmmmmma————- — BRI
* Metabolic syndrome or obesity therapy

Nature Reviews Gastroenterology & Hepatology (2024)
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https://www.nature.com/nrgastro

Artificial intelligence assisted patient blood and D
urine droplet pattern analysis for non-invasive and™ "
accurate diagnosis of bladder cancer

Whole blood Urine - (KC1) Urine — (KCl + MgCl,)

Scientific Reports volume 14, Article number: 2488 (2024) "



https://www.nature.com/srep

Artificial intelligence uses multiomic data to.......;..:
predict pancreatic cancer outcomes

PDAC Analytes Single-omics feature clustermaps Multi-omics Study analyses
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Nature Cancer volume 5, pages226—-227 (2024) 16
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Machine learning of genomic features in
organotypic metastases stratifies the
progression risk of primary tumors

a Primary Cancer | Metastatic Site Primary Cancer Network (PCN)

Gallbladder
N
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Cc Metastatic Site Network (MSN)

S

d MetaNet Framework Evaluation and Application

| Performance Madel Clinical
Evaluation Interpretation Application
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.
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P9 ! —

Clin.  Hist, Genomic PM Bone/Liver Met.

Nature Communications volume 12, Article number: 6692 (2021)
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Human—-computer collaboration for ...
skin cancer recognition

AKIEC BCC 8KL DF  MEL NV VASC

Nature Medicine volume 26, pages1229-1234 (2020) 18
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Multimodal data integration using machine learnir
improves risk stratification of high-grade serous

ovarian cancer
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Disease management

Acquire CT
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Segment omental and
adnexal disease

Extract radiologic
features (k = 444))

Scan H&E slide

Infer tissue types and

detect cells
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Mean (Nuc. area)
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Extract histologic
features (k= 216)
%
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Perform targeted NGS
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Detect HRD-DDR
variants and sig. 3
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HRD/HRP

Determine HRD
status (k= 1)
J

Nature Cancer volume 3, pages723—733 (2022)
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Feature selection and late fusion

to stratify by OS
1.0 —— Train (n=404)
0.5
0 T T T
0 50 100
Time (m)

Fit on training set

1.0 — Test (n=40)
0.5 \\\_
0 T T T T
0 20 40 60
Time (m)

Evaluate on test set
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Other Al Application in Cancer =~

Al in Cancer
Research

1
I T T T 1
Early and Accurate Cancer Cancer Hospital .
: . o Nanorobotics
Cancer Diagnosis Prediction Treatment Management
lll Computer Aided B Cancer Il Personalized
Screening Incidence Diet
Il Sensor-based Bl Cancer
detection Recurrence
Bl Biomarker B Cancer |
Detection Survival
Il Se!f Diagnosis l Precision
Application Medicine

Clinical Decision
Support System

Drug Discovery
and Reposing

Al Assisted
Surgery

Cell
programming
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