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Improve patient outcomes

* Better access to surgery,
 Surgical education,

e Detection and management of postoperative
complications,

* Optimization of surgical system efficiencies.




Minimally Invasive Surgery

* improvements in surgical outcomes,

* reducing postoperative infections, length of stay and postoperative pain
* Improving long-term recovery and wound healing.

* Enhanced recovery programs,

* Improved patient selection,

* broadening adjuvant approaches and organ-sparing treatments have also been
important contributors.
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Al in Surgery

Preoperative evaluation and risk-
assessment

Intra-operative Phase

Post-operative Phase




Al in 3 Stages

Preoperatively, with regards to patient selection and
preparation;

Intraoperatively, for improving procedural performance,

operating room workflows and surgical team functioning;

Postoperatively, to reduce complications, reduce mortality
from complications and improve follow-up.




Preoperative

* Diagnostics,
* Risk prognostication,

e Patient selection,

* Operative optimization ,
Preoperative

* Patient counseling Evaluation



Preoperative diagnostics

Al apbllutlons in

Preoperative
-
A 1
Patient Surgeon
1 i
L 1 . Py
Decision aid Surgical planning Education Training
~Diagnosis o — |
(Osteoartvitis, loosening, type of 3D model Anatomy Steps of surgery
prosthesis, etc) )
Severity/Complexity — —
(O, o, omgn s Implant's size Surgical technique Supervised surgery
Indications Implant's positioning Master Courses Complex cases
m-‘: tvndlnd'n:;.'::) and alignment
Ligament balancing Teams training
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e challenging cases with high between-patient
anatomical variations, such as in pulmonary
segmentectomy, have been met with pioneering
approaches to enhance preoperative planning with
novel amalgamations of virtual reality and Al-based
segmentation systems

A Right hung Left lung B Right lung Left g
< | segment resection >

resection of S6. or left upperdivision or lingula segment segmentectomy other than simple segmentectomy 11



Multimodal Data

 Extraction of unstructured reports using transfer

learning.
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Clinical Risk Prediction and
Patient Selection

* High-accuracy risk prediction seeks to enable enhanced patient
selection for operative management to improve outcomes,

reduce futility,

better inform patient consent and shared decision-making,
triage resource allocation

enable pre-emptive intervention.

-------------
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Risk stratification Explained prediction 13



Cardiac transplantation

outcomes

a (4

Endomyocardial biopsy assessment Generalization across populations

Biopsy
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Surgical Risk Prediction

Risk Prediction in Surgery

Overall adverse

A
== &
61

Range1~100

Prolonged hospital stay
[More than14 days]

ICU admission

Feature
Age 88
Sex Female
BMI 25.78
Smoking 0
Emergency 0
ASA classification 3
cvC 0
Arterial line 0
ALT 19
eGFR 2
Hb 7.7
aPTT 376
Platelet 111
Pro.T 13.7
Dementia 0
Hypertension 1
Liver disease 0
CKD-stage 1
Malignancy 0
Heart disease 0
Stroke 1
Respiratory 0
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Preoperative optimization

Radiological
Imaging

Thrombo-
embolic
\  prophylaxis

l’ ‘.l
/' Pre-operative \
— \_ assessment

Nutritiona
status

o —~

Wash out
medical
therapies

Cessation of
smoking

Patient
counselling
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Decentralized Digital Health

Imaging: MRI, High-speed
CT, PET Scanners multi-channel

testers
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Intraoperative




Operating room components with
the potential for Al integration

19



Intraoperative decision-making

 Enhanced pathological diagnostics from tissue
specimens

e could optimize surgical resection margins, reduce
operatlve durations and optimize surgical efficiency.

Surgery IPAS: sampling analysis Histopathology within minutes

Possible indications: GI ass plate

Unknown histopathology

Unknown extent of
disease

Lymph node

Tissue

© Near-real-time histopathological information
© High resolution
(w, and ,) © Clinical guidance during surgery

Lase beams
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The operative team




Surgical robotics and automation

22



Operative education

e Objective metrics and useful mechanisms for
feedback to trainee operators.

23
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Helping in Medical Decision
Making

r( timely
assistance, and the surgedn’s

to success. .

Uncertainty in Cooperative

Decision Making Decision Making

interrelationships Time Constraint

Reliable and
effective
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Predict the risk of major
complications after surgery
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e flap failure
e surgical site infection
 wound dehiscence

* deep vein thrombosis,
* reintubation

Benjamin Shickel Et al., “Dynamic predictions of postoperative complications from explainable,

uncertainty-aware, and multi-task deep neural networks,” Scientific Reports volume 13, Article

number: 1224 (2023) 25



Predict the risk of mortality after
surgery

Seung Wook Lee Et al., “Multi-center validation of machine learning model for preoperative
prediction of postoperative mortality,” npj Digital Medicine volume 5, Article number: 91 (2022)26



Medical Robotics
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Post-operative Phase

 Surgical room organization
* Estimating remaining surgical time
* Estimating patient’s recovery time
e Estimating blood loss

* Patient Monitoring

* Remote Patient Monitoring

* Modification of medical treatment

Pranav Rajpurkar Et al, “Al in health and medicine,” Nature Medicine volume 28, pages31-38 (2022).

Julian N. Acosta Et al., “Multimodal biomedical Al,” Nature Medicine volume 28, pages1773-1784
(2022)
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Postoperative monitoring

* enhanced postoperative monitoring,
e early warning systems
* better appreciation of important contributors to recovery.

* The implementation of enhanced recovery after surgery
programs has been pivotal toward this goal.

Coﬁtinuous postoperative
monitoring solution

29



‘ Real-time physiological sensing of wound healing

\

‘ Remote identification of superficial skin infections

[

Cardiorespiratory sensors are all putative technologies to enhance
postoperative monitoring

Cardiorespiratory sensor

: z z : Facilitates early
Axillary temperature sensor > g%::‘tiutr::&ugs inpatient » | riokilEation aad
Impedance-based wound enhanced recovery
infection sensor

iotd | . Early discharge,
et COERINUONS RONBOL Rempte_outpatient safety netting and
Ring-based continuous sensor monitoring hospital-at-home

services
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Complication prediction

* Anastomotic leaks after rectal cancer surgery
* and postoperative pancreatic fistulas after

pa ncreatlc Su rge ry Anastomotic leak
Colectomy J
Colon | Anastomosis o
i B > ,
. i t

31



* MySurgeryRisk represents one of the few advances
in complication prediction, using a machine
learning algorithm.

¢ A MySurgeryRisk v.1.0 B MySurgeryRisk v.1.0
Mortality risk: 3.2% | [ Mortality risk: 45% |
WND AKX} WND AK|

v

v VTE

Complication Risk Scores

SEP I SEP ICU

Complication Risk Scores

NEU MV

NEU MV




Home-based recovery

* With advancing age, recovery can be prolonged and
periods of return to baseline activities of daily living
(ADLs) can extend beyond several months.

* Al-driven, home-based recovery model enabled by
frequent, noninvasive assessments of ADLs.

: :
! 1
! 1
T« 090 B
: ? : - o
' (XY IRehabilitation

i 1 Program :
1

_________




Multimodal Al in Surgery

. ICurre_nt Al applications in surgery have been mostly limited to unimodal deep
earning.

* Transformers are a particular recent breakthrough in neural network
architectures.

o . automation and : :
clinical risk intraoperative

D computer vision in : :
prediction : diagnostics
robotic surgery

postoperative
enhanced surgical monitoring resource

training through advanced management
Sensors

discharge
planning
34




Al Models

N\

Unimodal Al: models that operate and process data of a singular format, such as images, text
or audio alone.

Multimodal Al: models that simultaneously integrate diverse data formats provided as
training and prompt inputs, including images, text, biosignals, -omics data and more.
\

Generative Al: Al systems that can generate new content, such as texts, images and
other data formats. LLMs are an example of generative Al. These are trained on a

vast corpus of language-based parameters.

|

Transformer models: a type of model that uses self-attention rather than recurrence
and convolutions in making predictions that offer advantages in understanding long-

range dependencies in input parameters, scalability and improved performance.

Foundation models: large pretrained models that serve a variety of purposes. These models
are trained on diverse data sources and can be fine-tuned for specific tasks.

/ 35



Al Models
AN

Supervised learning: models trained on labeled datasets
(the majority of applications to date).

Self-supervised learning: models that attempt to
create their own data labels on unlabeled input data.

Unsupervised learning: models that evaluate unlabeled
input data for inherent structures and relationships
using clustering and dimensionality reduction methods.



Patient-facing Al for consent and
patient education

 Large language models (LLMs):

Medical entrance exams and surgery student evaluation,

Patients interaction with surgeon as an initial clinical
contact point.

Al for clinician empathy, contribute to reliable informed
consent and reduce documentation burdens.

Chatbot-derived material for informed consent compared
with surgeons. These advances offer a unique opportunity
for tailored patient-facing interventions.
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Application Countri Centre(s) Sample size Speciailty Domain End points Compariso Results = Modality Al Type
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improveme
nt: adjusted
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Machine
learning
predictor of
intraoperative
hypotension

Machine
learning
predictor of
intraoperative
hypotension

Machine
learning
predictor of
intraoperative
hypotension

Greece Single

Germany Single

The
Netherlan Single
ds

99

49
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Orthopedic

Noncardiac
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management

. T
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01)

Waveform
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Relieve cognitive and
physical stress

Cognitive- Physical
Emotional Process Pain Perception Process

A 4 Bottom Availability of

\
T up ¢ healthcare
Severity o Y resources
of
Adverse Aédvertse
Events Ve
> >

Exogenous resources:
Surprise Subjective physiological, physical,
Unexpectedness Painfulness external, stimuli-driven

Social
support

Endogenous resources:
psychological, internal,
goal-directed

Resilience as a dynamic
developmental Process

Aol

Adverse Cognitive Positive
Event Appraisal Adaptation

»Time
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PeekMed® | Al-Based
Preoperative Planning System

@ PeekMed® o o @ SAVE & EXIT @ @ @ v

CASE PRE-OP PLAN

TEMPLATES

Positioning
Please configure the selected templates:

Version (°)

J
m Coronal
Resection depth (mm)

shitmm)

Stem tilt (°)

APPROVE PLAN
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PeekMed® | Al-Based
Preoperative Planning System

42



Al Plastic Surgery Simulator

43



peripheral nerve and hand surgery, Al can predict
the success rate of engineered nerve grafts.

Al is already in existence to predict healing
possibilities of burn victims and assessing the
depth of burns.

aesthetic surgery, Al can create real-time
stimulations to predict the outcomes of
reconstructive breast surgery or facial surgeries

44



Artificial Intelligence Cataract
Surgery

*Increased Accuracy
*Minimized Human Error
*Tailored Procedures
*Enhanced Safety
*Better Outcomes

45



neuro-oncology Surgery

c
: « EO~
<L =

—
‘ ‘ Automated Tumor
- Measurement || Classification
Automated detection Intra-operative Diagnosis of Features and Grading
and tumor Segmentation S ——
" Surgical Margin assessment Tumor Cellular and Tissue
Identify Molecular Quantitative <p Detection Structure Analysis
subtypes of tumors Measurements S / :
Q Histo-Molecular
Diagnostic Assistance Automated Fresh/ FFPE : classification
(Tumor Vs Necrosis) Quality Checks Sample H&E staining

hologi
Neuroradiologist PsOpaSIONI
a e
v -
Integrated . -_:__- b
Diagnosis o 5 Biomarker
\ ’ O G p\ F ~ |dentification
Al M Pathway
-‘ | I Neuro-oncologist/ P’:g:f""." » §3333 Identification
s p \ radiation oncologist Ogis f T Thes .
£} Response Prediction
M / Precise Prognosis and S il
D Patient Stratification Brain Tumor Patient ii!t’..i;r.f R = ldem;:::tlion
N Personalized 1y =
=’ 1"~
Treatment e
Planning . o6

Al assisted rules in Neuro-Oncology



Al algorithms enhance its digital
capabillities within post-operative
analysis.
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in aneurysms
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Al and Cardiovascular Surgery

TEMPORARY OR
PERMANENT
TREATMENT

Easy toimplant &
explant and with no
dependency caused

o
= b

SYNCRONIZED TO
THE HEARTBEAT

Designed to support the
natural functioning of the
blood flow and synchronized
to the natural heartbeat.

HEART
REHABILITATION

Stimulates the recovery
of the heart’s functioning
and promotes natural
contractions

7

NO BYPASS

No bypass to the aorta

SHORT SURGERY
PROCEDURE

Minimally invasive (9o minutes)
and with a beating heart

-

WIRELESS

No external driveline, so
without infection risk, the
1** cause of complications
and mortality

)
e

\ ADJUSTABLETO
\ PATIENTS’ NEEDS
Available for patients with
IMPROVES varying degrees of severity
QUALITY OF LIFE
@ Mobility & autonomy

> |
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Data

Cardiac Endomyocardial Pulmonary
Patient-reported MRI Biopsies Function
outcomes, Tests
mHealth data, \q /
sensors /
\A Exercise
CARDIAC and Nuclear
CARdiovascular <+ | Testing
Echo > Digital Artificial

intelligence Core

\ Demographics,

_ b\ standardized
Curated lists / f definitions for CVD,
of medications, : co-morbidities,
e : Cardiac int e
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Al prototype to help reduce
surgical complications

Software meant to reduce harmful gallbladder surgery
complications by identifying safe areas of
organs to dissect

51



Al in plastic and reconstructive

LSFM
deviation from volunteer
Mean surgncal correction
eoperative
+3 0 m

Mean postoperative I 0.0 s
deviation from volunteer
-3.0 mm
L s
ostoperative
Scientific Reports volume 9, Article number: 13597 (2019) 52

Mean volunteer

A

!

u !



https://www.nature.com/srep
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Enhance surgical training

* Training

PR A Iy
GAdis L.,f.;«w!u"/ﬂ/)”:%:

* Scoring the performance of surgical trainees.

Resident

Data generation Raw data Performance metrics

6 O

movement force

Oy

bimanual skills tissue

Pre-Al steps

Al Application

= Continuous Qa

assessment

' . b Two structures Hepatocystic triangle Cystic plate L] .Iﬂtell]g?nt Training A Long
Visible tips " _ » 8 Instruction Short Term

S 2% b » . / : = Risk warning | Memory Network

skilled

2

less-skilled

Dataset comprising
different levels of expertise

AL artificial intelligence

Omri Bar Et al., “Impact of data on generalization of Al for surgical intelligence applications,” Scientific Reports
volume 10, Article number: 22208 (2020)

Recai Yilmaz Et al., “Continuous monitoring of surgical bimanual expertise using deep neural networks in virtual
reality simulation,” npj Digital Medicine volume 5, Article number: 54 (2022).

Pietro Mascagni Et al., “Computer vision in surgery: from potential to clinical value,” npj Digital Medicine vqu5r2e
5, Article number: 163 (2022) .
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Hospitalization, Triage tools,
Operating Room

{
N
s
T

Predictions of the surgical case duration

Precise scheduling, limiting waste of resources

dentifying surgeries with high risks of cancellation

I k \&V’

[1] J.-Ting Lee, “Prediction of hospitalization using artificial intelligence for urgent patients in
the emergency department,” Scientific Reports, vol. 11, No. 19472, 2021.
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Organ Transplant

e Optimal transplant donor organ

* organ-allocation

Al

&iz'ém&' ',‘,_;?,;,j’,;,,.»,;],
g
@
[ Maximum Graft Survival ]

[1] N. Gotlieb Et al., “The promise of machine learning applications in solid organ
transplantation,” npj Digital Medicine, vol. 5, No. 89, 2022.

56




Al can predict the progression of a disease

57
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B I'a | f Ca ncer (Al and optical histology (SRH))

a b

SRH imaging Multi-modal, multi-label represention learning DeepGlioma molecular prediction

/ Patient MRI \ /SRH patches SRH encoder \ / Automated tumor

. segmentation Masked label
SRH embedding -

training

-

P |
~— Ol o2

Embeddmgs

Transformer encoder

TCGA, CGGA, Molecular classification @
etc. Genetic encoder ‘Oligodendroglioma, ES 10
P IDH-mutant, 1p19q co-deletion” = S o
. =dcC o Los
IDH-2 ' & 2 0
1p19q A
Genetic embedding = ~
ATRX 3
P53 7

o—[PH1

TERTp

CDKN2A
NF1
FUBP1
PTEN
EGFR

C o—— S,

0 Probability 1.0 .
Molecular subgroup [ e ]
0  Probability 1.0

heat ma
j \ P Molecular genetic heat mapsj

* Molecular classification has transformed the
management of brain tumors by enabling more
accurate prognostication and personalized treatment.

o,
R
o,
Q
Q
O
O
O
o)
O
O
O

cic

Artificial-intelligence-based molecular classification of diffuse gliomas using rapid,
label-free optical imaging, Nature Medicine volume 29, pages828-832 (2023)
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Disc degeneration from MR

Segmentation Training Phase Data Analysis Phase
o -]
BianqueNet . . . .

et [ 1 R
I
ol VK
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Area-based automatic quanmallon for IVD parameters —_—— .-.

°'“°°" °""" p S o R
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T n Xy y=sn Vo DHI HDR NDd:-l.lﬂmm
Parameters extracted from 5255 VDs researchers
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Shanghal Beljing
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A1 bH

Training Set .. Guangzhou Shenzhen
o T e e
Tost Set (nw24) .
s 512“512 |
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Resize ingfiwnct  __  Model A
images wit 512°512
Mocml B : “ H Model B diferent
Densu Rescingt 20320 CNSMRIY el modefor
ne48 512°612 it ol
Workflow Segmentation network IVD Quantitative method IVD degeneration determination

diagram ¥ AS| | DH, DHI, HDR WD degeneraton
AS1 | DML DHIE HDR

A5l | DH, DHI HDR -

Sl | DH, DHI HDR

ASI | DH, DHE HDR

Deep learning-based high-accuracy quantitation for |umbar intervertebral disc
degeneration from MRI, Nature Communications volume 13, Article number: 841 (2022)
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Walking naturally after spinal cord
injury using a brain—spine interface

a Anatomical _, Magnetoencephalography imagery _, Postoperative localization

Cortical implants incorporating 2 x 64 channels localization (right hip flexion attempt)

- LR
Electrocortico-
graphy

Lesion

Y :
~ Cortical
implants 4

Wearable processing unit
Receive neural data

Targeted .
epidural Extract spatial, temporal and
electrical spectral features to predict C Magnetic resonance

Calculated optimal
localization

motor intentions
Send updated stimulation
commands

stimulation imaging and computed T
tomography scan -
- N

o
\

Selective
activation
of muscles

o

{

-~
&~

Dorsal root
entry zones

Stimulation <«——— Processing «—— Recording «—!
segments

/-s.l
r
Spinal cord

= —— Vertebrae — o
o
16 electrrodes paddle lead
targeting dorsal roots entry zones

4 3o | Sagittal

£ ¥ (.-

Walking naturally after spinal cord injury using a brain—spine interface, Nature volume
618, pages126—-133 (2023)
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Artificial Intelligence in Medicirz-

Artificial Intelligence J——3l Augmented Intelligence

Clinical 01

Genomics

Metablomics
Imaging
Claims

Labs

Nutrients 07

Lifestyle
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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,'"dEEE
Transactions on NanoBioscience,Vol.14, No.8, pp. 894-906, Dec. 2015.



Multimodal integration for enhanced % '
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Brain Tumor Diagnosis
during Surgery
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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,
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/ \ " Workflows
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Ongoing N N Desired Target
Performance | State
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Implement Al

—
System in Target Acquire or Develop
Setting Al System
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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?
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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
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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.
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