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Oncology has experienced two of the

greatest technological evolutions: 5SS
molecular "omics" (genomics, proteomics, ‘ BlG DATA ] ;;3'
epigenomics) and "big data" -
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A A couple of decades ago, cancer was diagnosed using a . / oo uk///) N\ LD .,s.
combination of X -ray imaging and histopathology tests. In [ 24 i e
contrast, molecular tests can now report on changes in hundreds ‘ ’ o/ 1412} AWy f
of genes and proteins to diagnose and determine the prognosis 4 | ** e
and treatment of cancer in an individual. o *+ 3 ssses T o0
In fact, these advances are extending survival and improving the
quality of life of hundreds of thousands of patients, yet healthcare .
professionals face new challenges associated with the . i
Implementation of precision medicine, Batiais
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Growth of medical knowledge is exponential .f, " @
Constant specialization is required to provide highly be N .R. G
individualized cancer care. - ! &
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This debate is not unique to highly developed countries. i i | _ ,...f r".f-
Providing comprehensive, state-of-the-art cancer care to millions A8 L Tk 7,.}, wde
of patients remains a significant challenge, particularly for R - o VR R
suburban and rural populations. . 3 F R .;‘f b
Biomedical data is heterogeneous and difficult to classify (e.g. . | '_‘ .:.f

high dimensionality, time dependence, parity, irregularity) for 4 '
Artificial Intelligence applications. 3 "
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= |Mmunohistochemistry (IHC)

wBiomarker technique used to detect level of protein
expression

= Fluorescence In Situ Hybridization (FISH)

wBiomarker technique used to detect alterations in DNA
(singlegene)

mmm  NextGeneration Sequencing (NGS)

wHighthroughput biomarker technique used to detect
alterations in DNA (muHlgene) and to construct a
comprehensive genomic profile

Low EGFR

IHC score <200; N=776 (69%)
TR L SR B TN

1. Bauman TM, et all Vis Ex2016;110:e53837. dal:0.3791/53837. 2. Pirker R, et BancetOncol 2012 Jarf;3(1):3342. doi:10.1016/S147€045(11)7031&.
Epub2011 Nov 4. 3. Tsao MS, etl&ISLC Atlas of ALK and ROS1 Testing in Lung.C&i&Reprinted courtesy of the International Association for the Study of Lung

Cancer. Copyright ©2016, IASLB4dhassand StambrookMutagenesis2014 Sef29(5):30310. doi:10.1093mutagggeu031.

High EGFR

IHC score 2200; N=345 (31%)
- o




Exhibit 8: U.S. NASs in solid tumors launched 2011-2021 with indications including those granted after initial launch
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Every Cancer Patient Should Be Profiled




GENERATIVE Al TO ASSIST IN TRIAL DESIGNS

Umbrella Basket
Test impact of different drugs on Test the effect of a drug(s) on a
different mutations ina single single mutation(s) in a variety of
type of cancer cancer types
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ComboMATCH REGISTRATION Trial ComboMATCH TREATMENT Trials

Patient Clinical Assignments . .
1 -progression
4 in Each Tier ot
myeloMATCH Master Screening and Reassessment Protocol (MSRP) ComboMATCH i a large precision medicine initiative led by the ECOG-ACRIN Cancer Research Group and National Cancer Institte,
with treatment trials by the Alliance for Clinical Trials in Oncology, Children’s Oncology Group, NRG Oncology, and SWOG Cancer Research Network
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Early profiling requires
lifetime tracking

Minimally -invasive liquid
biopsies capture circulating
tumor (ctDNA) from the
blood and offer quick CGP

Bettegowda et al., Sci Transl Med. 2014.
Lanman et al., PLOS One. 2015.

2

Screening Diagnosis aid Intervention outcome Surveillance and Therapy Resistance/recurrence
health check and prognosis monitoring - MRD recurrence guidance profiling
A Progression
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Early cancer detection
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Recurrence surveillance

TX response monitoring
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TX selection (CGP)

Routine screen for
presence of cancer-derived
particles in
healthy individuals

To inform diagnosis
in suspected cases

Test to track response to intervention or detect
MRD (surgery radiation, adjuvant therapy)

To support
prognosis

Tests including CDx and panels to inform therapy decision

Longitudinal monitoring of patients in
remission to detect recurrence earlier

Longitudinal test to monitor response
to therapy (MGTOs, ICI) or resistance to therapy

~

= Early intervention

e Support diagnosis in
biopsy-constrained
situations

* Lower cost/risk imaging
* Earlier detection

* Enable PHC in biopsy-constrained situation
* Increase predictability in heterogenous cases

Benefits « Definitive localized h .
e * Diagnose metadisease ] ] ] ] i i
« Inform aggressiveness s Earlier detection and intervention + Reduced imaging
of intervention ¢ Reduced imaging * Earlier detection
~ ™\
= Sensitivity and specificity * Cost benefit vs SoC (imaging) ]  Tissue is gold standard
Challenges | ° Tumor localization * Tissue is gold standard

* Cost
* Large clinical trial

e Lower sensitivity?

= Sensitivity and specificity
s Cost benefit vs SoC (imaging)

* Lack of proof to improve clinical management
+ Cost benefit vs SoC (imaging)




The term artificial intelligence (Al)
emerged in 1956, and since then, Al
has progressed tremendously

A Early advances in Al focused on building neural networks,
modeled after the human brain's ability to make decisions
from the given data.

A Around the 1980s, these artificial neural networks
progrlessed to a point where "machine learning" became
popular.

A Machine learning refers to a machine's ability to review
data and find patterns, thus learning from the data and
then applying it to problems to make informed decisions,
in a process of continuous optimization.

A Then came the trend of deeﬂ_learnlng, which is a more
sophisticated subset of machine learning that requires no
human intervention for the machine to progress,
deducing whether they have made good predictions on
their own and continuing the process of learning from
these deductions.

A Today's Al machines use a mix of machine learning and
deep’learning, and these machines can be applied to a
wide range of disciplines, including oncology.
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MACHINE LEARNING TIMELINE

The term artificial intelligence (Al) emerged in 1956,
and since then, Al has progressed tremendously

* Bayes' theorem

is published.
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Ada Lovelace
lays the
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of the first »
algorithm,

* Arthur

' George Boole ¢ Samuel
creates Boolean £

* Sejnowski and * AlphaFold 1,
Rosenberg create a technology
the neural network, capable of predicting

NetTalk.

creates the first

computer program

at IBM,

Alan Turing proposes
a machine that
can learn.

MADALINE, the first
artificial neural
network, is created.

sees vus protein structures,

¢ GOOgle creates is created.

an unsupervised
neural network.
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What is generative
artificial intelligence
(GenAl)

Large Training Dataset
Transformer-Based .
i Prompting
Architecture
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A Generative artificial intelligence (Al) describes algorithms (such as LLMs) that
can be used to create new content (generate data), including audio, code,
images, text, simulations, and videos.

A Generative Al systems fall under the broad category of machine learning.

A The increasing application of Generative Al in healthcare has the potential to
revolutionize drug discovery, basic and clinical research, and patient care.



Generative Al models typically prgained in an unsupervised
Output manner.

Probabilities

The most popular generative Al model for language generation is

r_unfa : LLMs (Generative Prained Transformer)
(age o) |
Feed
e State-of-the-art GenAl models aka Large Language Models (LLMs)
. N share a similar transformebased architecture
—~{(555.Nom) _
Multi-Head
- Feed Attention
— - e The Transformer only performs a small, constant number of steps
R I (chosen empirically). It enabled LLMs and other large models to
arm Masked apye
e asked scale to billions of parameters
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MedQA Test Accuracy (%)

MedQA Test Accuracy Over Time
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Ambient Al: Medical

End-to-end Intake & Documentation Platform

From pre-visit data gathering and patient engagement to AI-powered note generation and EHR integration;
an end-to-end solution streamlines the entire documentation process.

1-3 days pre-visit
O

on patient arrival

during visit

post-visit

SMART INTAKE
ENGAGEMENT

Platform communicates
directly with patients to
collect physician
relevant data alongside
demographics,
screeners, medications,
and payment collection.
Conversations are
tailored to patient and
real-time responses.

PRE-VISIT NOTE
GENERATION

Platform pre-writes a
note in the EHR for
physicians to read prior
to or during the visit.
Note summarizes
patient-validated
demographics,
screeners, medication,
and history of present
illness information
gathered during intake.

NOTE REVIEW
& Al SCRIBE
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Physicians focus on
patient and use pre-
visit note to have a
confirmatory vs.
exploratory, visit.
Platform listens in the
background to
transcribe and generate
SOAP notes.

CONTINUOUS BI-DIRECTIONAL EHR INTEGRATION

NOTE REVIEW

Physicians review and
edit the final note
generated from each
of the preceding steps.

CREATED BY HEALTHNOTE.COM
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Data Structuring is one of
the biggest challenges

A Optimized approaches to structure and standardize
disparate patient-specific information (have not yet been
developed.

Narrative text in patient medical records and clinical notes,

Radiological examinations,

Laboratory data,

Genomic information,

Pharmacogenomics

Drug lists

A Complicated by various medical ontologies used to
generalize the data (e.g., SNOMEBCT, UMLS, ICE®D, ICD
10), introducing conflicts and inconsistencies.

A 1t is necessary to develop educational and case
management support systems to ensure that the
comprehensive, evidencebased information generated
from machine learning technology is truly actionable for
all patients.

A Potential solutions lie in the effective use of
comprehensive electronic health information systems,
including real-world data, to guide the clinical decision -
making process.

To Do Do Do Do Do




https://ai.nejm.org/doi/full/10.1056/Aldbp2300110

SiteOf HappensAtOnDuring

P f o |
It diagnosis =)
She underwent a breast fine needle aspiration at the 10:00 position qn 09/17/16.

TestO

TestOrProcedureReveals Bomaria el iomarkerRel

i B n B = 69

The pathology was consistent with adenocarcinoma with ER hegative, PR niegative, and HER2 negative

TestOrProcedure Reveals

i ResultOf Test ResultOf Test
%:-z?

(IFIE O; FISH ratio 1.7). She was offered breast conserving surgery, but preferred mastectomy in an effort

to avoid radiation.
SiteOf

“Sympaoen
1e0f | RotamntacimeaDigeaiit e
- :g B S| S

Metastatic breast cancer - axillary pain improved which is hopeful for early treatment response - Continue

Temporal

every week (conti ) and b every 3 weeks.Monitor TSH - Due to poor

peripheral access she will need a port, hopefully she can get it next week Jugular ¢lot - restart xarelto, stop

ConditionOTreatmentCausesProblem

[}
ProcedureName Sieof “Sympom
Intent; treatment palliative ClnicalCondiion | | ChmicalCondtion. "mm:tu

onchron. improvieg
T

ExclusionCriteriaFor l

TreatmentAdministeredForproblem

\\ for port placement per IR Colon cancer Endometyial cancer Nausea/GERD due to chemo - Continue ativan

TreatmentAdministeredForProblem

and compazine prn.

Figure 1. A Sample of the Annotated, Deidentified Medical Oncology Progress Notes.

Using Optical Character
Recognition + Natural
Language Processing + &€dn
to solve data structuring

GOOD SAMARITAN HOSPITAL
2425 Samaritan Drive

San Jose, California 95124
REPORT NAME: RADONC CONS
PATIENT'S NAME: X000000X,
X0A

DOB: 00/00/00 SEX/AGE:F /
ATTENDING PHYS: Wong,Gordd
ADMISSION DATE: 06/20/13
DISCHARGE DATE: 06/20/13

IMPRESSION: Ms, XXXXXXXX is

Dear Drs. Carl Bertelsen, Marth
Ms. JO0OOXXX was seen in con
left breast cancer.

HISTORY OF PRESENT ILLNESS
female who presented with an
March 25, 2013, demonstrating
performed on April 4, 2013, re-
measuring 10 mm in the 10 to
9 mm mass at the 11 o'dock
biopsy on April 7, 2013, demon:
and PR low-grade at 95%, Ki-6

Value

Radiation Oncology

Breast

Reportable

M-85003 Invasive carcinoma of no special type (C50.)
Left: angin of primary

€502 Upper inner quadrant of breast

M-85003 Invaswe carcinoma of no specal type (C50.)
M-85003 Invasive carcinoma of no special type (C50.)
M-80103 Carcinoma, NOS

C50.9 Breast, NOS (excludes Skin of breast C44,5)

ntinel Lymph Node

0.0 Nipple

3.9 Uterus, NOS

39 Cervix uter

C259 Pancreas, NOS

C61.9 Prostate gland

CS06 Axilary tail of breast

C42.0 Blood

C760 Head face or neck NOS

C76.1 Thorax, NOS

C349 Lung, NOS

C49.4 Connective, Subcutaneous and other Soft tissues of abdomen
C41.2 Vertebral column (excludes Sacrum and Cocoyx C41.4)

C419 Bone, NOS

€502 Upper inner guadrant of breast

C449 Skin NOS (exchudes Skin of labia majora C51.0, Slon of vulva C51.9

C445 Skin of trunk

A GenAl can take unstructured data setsnformation that has not been organized according
to a preset model, making it difficult to analyzand analyze them,

A This is a potential breakthrough for healthcare operations, which are rich in unstructured data
such as clinical notes, diagnostic images, medical charts, and recordings.

A These unstructured data sets can be used independently or combined with large, structured

data sets, such as insurance claims.



Lab data

Data-pipeline ecosystem

(1)

(2)

Clinical notes

Genomic data

1o

Monitoring data

Medical images

LY
Data collection
Collect data from

\&/
Data ingestion
Ingest data and store

various sources from them in raw format

a variety of formats

in a single repository

(3)

9/

Data transformation
Clean, conform, shape,
encrypt, enrich and

catalogue data

7
’

Zhang, A., Xing, L., ZowtJal. Shifting machine learning for healthcare from development to
deployment and from models to datBlat. Biomed. Eng, 1330;1345 (2022).
https://doi.org/10.1038/s41551022-00898y

(4) .
3/

Data warehouse
Store the cleaned
and transformed

data and the model




Convolutional Neural Networks (CNN)

Algorithms based on artificial intelligence (Al) represent a promising avenue to simultaneously improve the accuracy of
diagnostic images, as well as to help radiologists become more, giving them more time to focus on patient care.
Academic Radiology: average radiologist must interpret an image every 3-4 seconds to maintain the daily workflow

Convolution Neural Network (CNN)

Pooling Pooling Pooling

Convolution Convolution Convolution
+ + +

Kernel

- Feature Maps

[TTTTTTTTTT]

Granuloma
Malignant

Normal

Activation
Function

Feature Extraction

Image Source: Internet and Adapted by Dr. Nikhil Thaker

Fully
Connected
Layer
| |
: : Probabilistic
Classification Distibiiticn

18
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Possibilities: Using Cancer Screening and Al

Models for AEs

21 Board Certified Stanford Dermatologists
nature 129,450 images of 2,032 diseases
1.41 million Al training images

Explore content ¥  About the journal ¥  Publish with us ~ Subscribe

nature > letters > article
Epidermal lesions Melanocytic lesions

Published: 25 January 2017

Dermatologist-level classification of skin cancer with
deep neural networks

Benign

Andre Esteva ™, Brett Kuprel &, Roberto A. Novoa ™, Justin Ko, Susan M. Swetter, Helen M. Blau &
Sebastian Thrun &

Nature 542, 115-118 (2017) | Cite this article

194k Accesses | 5289 Citations |2938 Altmetric | Metrics

Malignant
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More polypectomies Cost
(due to increased detection)
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Al in cancer detection and
diagnostic optimization:
Algorithms and Computer Vision

A Algorithms based on artificial intelligence (Al) represent a
promising avenue to simultaneously improve the accuracy
of diagnostic images, as well as to help radiologists become
more, giving them more time to focus on patient care.

A Academic Radiology:average radiologist must interpret an
image every 3-4 seconds to maintain the daily workflow

A Al components in radiology and image analysis would drive
greater efficiency in this field, by generating’access to a
greater amount of data than their human counterparts.

A Sustained inattentional blindness even in expert observers is
a documented phenomenon, and Al with computer vision
can overcome those challenges.

A In addition, unnece_ssar?‘/| diagnostic procedures can also be
reduced by leveraging these innovative tools.

A Al technologies able to detect pixel-level changes in tissue
invisible to the human eye, while humans used forms of
reasoning not available to Al. The ultimate goal will be to
find the best way to combine the two to transform the
future of radiology.
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Sustained inattentional blindness
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S4ND: SingleShot
Single-Scale Lung
Nodule Detection

A As an additional example, a deep learning
algorithm in Computer Vision, using 1,000
Al CT scans to teach you how to analyze
lung tissue for abnormalities, found that Al
could identify lung cancer with 30% more
accuracy than humans (state of the art).

Khosravan N., Bagci U. (2018 SAND: Single-Shot Single-Scale Lung Nodule Detection. In: Frangi A, Schnabel J.,
DavatzikosC., Alberola-L6pezC., Fichtinger G. (eds)Medicallmage Computing and Computer AssistedIntervention 3
MICCAI 2018 MICCAI 2018 Lecture Notes in Computer Science, vol 11071 Springer, Cham
https://doi.org/10.1007/978-3-030-009342_88
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% e—e 2D Dense_Avepool:0.653 %
v 0.4 / e—e 2D_Dense_Nopool:0.658 v 041
o—e 2D_Dense Maxpool:0.672
— o= 3D_Dense:0.882
0.2, e—e 3D_Increasing GR:0.89 0.2f e -
@ @ 3D_Deeper blocks:0.913 H e—o State of art:0.891
e—s Proposed:0.931 :
%75 0.25 0.5 1 2 4 8 O35 0.25 0.5 1 2 4 8
Average number of false positives per scan Average number of false positives per scan

Dense Block

Fig. 1. Our framework, named S4ND, models nodule detection as a cell-wise classifi-
cation of the input volume. The input volume is divided by a 16 x 16 x 8 grid and
is passed through a newly designed 3D dense CNN. The output is a probability map
indicating the presence of a nodule in each cell.
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An Al tool learned to predict which lesions were likely malignant (red heat map) or likely jgregnheat map),
with potential to aid radiologists in the diagnosis of breast cancer.



Mammography Screening with Artificial Intelligence trial (MASAI): a clinical safety
analysis of aandomised controlled, noninferiority, singleblinded, screening

accuracy study Detection Rate Recall PPV
Akintegrated Mammography  6.1/1000 2.2% 28.3%
/ (39,996 women)

Conventional Mammaography 5.1/1000 2.0% 24.8%
(40,024 women)

A80,033 women randomized
A44.3% reduction in screemeading radiologist workload

AConclusionAlsupported screening resulted in a similar cancer detection rate
compared with standard double reading, with a substantially lower sereen

reading workload
THE LANCET

Oncology



Automated Atrtificial Intelligence Model Trained on a Large Data Set Can Detect Pancreas Cancer on Diagnostic Computed

Tomography Scans As Well As Visually Occult Preinvasive Cancer on Prediagnostic Computed Tomography Scans
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Original research

Al-informed retinal biomarkers predict 10-
year risk of onset of multiple hematological
malignancies

Amritpal Singh °, Ajay K. Nooka °, Gourav Modanwal ¢, Nieraj Jain 9, Madhav V. Dhodapkar ®,
Sruthi Arepalli ¢, Sagar Lonial ®, Anant Madabhushi?<® & &

RetIHechI predicts hematological cancer risk up to 10 years
early.

RetHemopredictions show significant associations with
hematological risk.

Retinal features cluster into higlisk groups with different
disease progressions.

RetHeme individuals show altered serum proteins, hinting at
inflammation.

RetHemooffers noninvasive, costffective cancer risk
stratification via retina.

Unique signatures identified for the leukemia, myeloma and
were not prognostic when applied to different cancers

This suggests that retinal changes in myeloma from increased
abnormal protein are unique and not found in leukemia.

o o P o Do o Do P>

However, leukemianduced features are found in both,
possibly due to a common inflammatory pathway.
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A transformetbased generative adversarial network for brain tumor segmentation



FRIENDS

TumorScanSupporan Understandin@f B
TreatmenResponse

i) > £ ) & 5

Radiological Tumor Radiological Tumor
. Treatment .
BaselineScan Measurement SurveillanceScan Measurement

AssessResponse

Traditionallyin clinicaltrials, radiologistsmeasuretumors at the local sitesand later, the
measurements confirmedby a blindedindependentcentralreview (BICR).

Thereis potentialto incorporateAltools that measuretumorsto streamlinethis process.




FRIENDS

of CANCER

NewProjectal.RECIST RESEARCH

QUESTIONCanAl-basedmagingools improvetumor
measurement?

A Phasel: Evaluatingthe Feasibilityof Al Tools Phase2: RefmngEClSlemg

for SupportingRECISMeasurementsin AI-Base_dImaglngT_OOIS
ClinicalTrials A Consideralternativeapproaches
A DetermineAl tool capabilities. for measuringtumor burden(e.g.,

A Alignonimagecharacteristicsand kinetics,metabolomics).

A metadata. Establisha standardized

A CompareAltools and humanreadersusinga gpprpachfor i-ntegralltirlgAI-t.)ased
A commondatasetto asseswariability. imagingtools into clinicaltrials.

Thisprojectis kickingoff now ¢
staytunedfor updates!




Radiation Oncology
Adaptive Planning

A Ethosc Al driven rapid re
planning of radiation treatment
while the patient is on the
radiation table

A CBCT17 seconds

A Segmentation 30 seconds
A RePlan 2.5 minutes

A QA 2 minutes
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Generative Adversarial Network (GAN)

An Al tool designed by a team at the University of Toronto has shown promise for
reducing the time to tailor radiation treatment plans to individual patients.

This particular Al used historical radiation data to recommend treatment strategies
with comparable success to radiation oncology specialists.

In 20 minutes, the Toronto team's Al was able to replicate the complex treatment
plans that top specialists arrived at after several days of work, optimizing radiation
therapy treatment planning.

GenAlto optimize
radiation

oncology =773
treatments ! m

o Io o>

A Autocontouring LimbusAL Expert level deep learnirgutocontouringwithin 1-3 minutes



Gopalakrishnan V, et al. Gut microbiome modulates response teéP&ntiimmunotherapy in melanoma
patients. Science. 2018 Jan 5;359(6371)103.doi: 10.1126/science.aan4236.

Machine Learning and the Microbiome

Gut Microbiome Impacts Response to Immunotherapy
Significantly higher alpha diversity (p<0.01) in responding patients



