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Evolution of the Operating Room

P S Sy s o SSUESEUT R | =%

General Anesthesia — 1840s

Antiseptic Surgery — 1860s

Endoscopic Procedures — 1960s

Cognitive Computing — 2010s
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https://www.youtube.com/watch?v=77RXPgDr-24
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Surgical data science

The average hospital generate

137 terabytes per day

DukeHealth

IN FORMULA ONE

RACE TEAMS COMBINED TO GENERATE OF DATA FROM THEIR VEHICLES
AT THE 2014 U.S. GRAND PRIX IN AUSTIN, TX.

243 TERABYTES OF DATA COMPARED TO ...

- P -
200 235 TB

CAPACITY OF 10 TWITTER DATA PER IRS TAX RECORDS GLOBAL INTERNET U.S. LIBRARY OF
HUMAN BRAINS WEEK LAST 10 YEARS TRAFFIC 1994 CONGRESS
EQUIPPED WITH . F1 CARS PROVIDE A STREAM OF DATA THAT'S
ANALYZED AWAY IN NEAR REAL-TIME
.170 secs .300 secs .600 secs 1.923 secs

Round trip for race data
to transfer between UK
and U.S.

Round trip for race data
to transfer between UK
and Australia

Difference between 1st
and 2nd place at 2014
Spanish Grand Prix

World record fastest
F1 pitstop, set by Red
Bull in Austin 2013

RACE FANS GENERATED MORE THAN OF AT&T MOBILE DATA DURING THE
U.S. GRAND PRIX BY SHARING PHOTOS AND SENDING TWEETS, LESS THAN 1% COMPARED
TO THE RACING TEAMS.
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F1 teams combined generate

243 terabytes per day
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Operative planning:

Surgical Strategy with
Error Handling and

Recovery System

Surgis! 3 |
neest S *Troursfornation T =L . / L

o

Pata Data lngar_.‘ on e Surnygical
Patient Vatals, { Trouserroraings Video Recordings Video Seoroings
- — ‘ —— g ] ; S ) Data Ratan
Pata Inatios RVAATIVNREY (o) | ] 2 @\ | T > =) pata Storag
- AN BPRGEE ‘ S \&=/ v : ——

© - MES f 8
e Surgical - ’

7 0 y/
1 e Strategs £, X e . 292 @
Patien Vatids / . A 0% 2095

! 'Y Data Data
> D 0 | I ﬂ ] H /l '| ” L &ard Flﬂsrf’mg
Pastar Vatid's 1) ]ngeasﬂon - ) > ‘7‘ ] ';» Sugral Angsis \r\g SeOn O TET

& Storage

wr o Sugie-Time ™ ¢ vorm C®  Data Provessing ——mm— | i
- urgere e = N
Actl Anayigs Ana!ylcsi & Analyics 85 Pecictove for Sertage \Minoeshing Dasta Peessing

10 lrr)’;g}gktzs for Surgens in'lh Surgeing

®@ ®
gu.;www -



Potential Current Applications

* Data-driven insights * Notification Systems
* Predictive analytics * Operative Report Generation
* Automated scheduling e Billing

* Resource allocation  Compliance Monitoring
* Quality improvement * Resource Prediction, and Allocation
C w C W C w

Operative Attention

Tele- Case Length

. . Awareness
Prediction

mentoring
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Barriers

8 Data Quality And Privacy Concerns

= High Implementation Costs
* Complex Integration

" Cultural Resistance

? Limited Al Interpretability
e

Ethical Considerations




Diffusion of Innovation Theory

* Relative Advantage
* Compatibility to Workflow

* Complexity of Use

A

* Triability of models

).

A

* Observability of Results

¥ DukeHealth




Three Major Pillars of Development

* Establishing a Community of users and
developers

* Building the Architectural Framework cotnng | o e
. a communi UGN |
hieecctural the lecatpie,
to connect and support the community. for Users et
E==Dolishing 2 builsing the teserfu i?::pr:nsibl
thes=e users archrea:tuzsl cennect and ethical, safe
to connect support to connect support develpoment of
and dommopers the community Artificial Intelligence
. . th - community
* Establishing a Legal Framework to

ensure trustworthy, responsible, ethical, C Al Wﬁ'%.
PR TR (Y |

and safe development of artificial
intelligence.
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Preparation, Creation, and Implementation

Surgical Al Standards
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e Annotation ¥
e Data Structure and Use ¥

e Governance Policies, Regulations, and Oversight
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e Video Data Acquisition Framework ¥ @

e Creation of a Community ¥
e Management through Data Lifecycle

e Scientific Research ¥

e Education ¥
Cultural Transformation
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Consensus Recommendations on an Annotation Framework for OO
Surgical Video o

Surgical Endoscopy (2021) 35:4918-4929
https://doi.org/10.1007/500464-021-08578-9

CONSENSUS STATEMENT

SAGES consensus recommendations on an annotation framework
for surgical video

Ozanan R. Meireles' - Guy Rosman'2 - Maria S. Altieri® - Lawrence Carin® - Gregory Hager® - Amin Madani® -
Nicolas Padoy’® - Carla M. Pugh® - Patricia Sylla'® - Thomas M. Ward' - Daniel A. Hashimoto' " - the SAGES Video
Annotation for Al Working Groups

Received: 25 April 2021 / Accepted: 26 May 2021 / Published online: 6 July 2021
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2021

Abstract

Background The growing interest in analysis of surgical video through machine learning has led to increased research
efforts; however, common methods of annotating video data are lacking. There is a need to establish recommendations on
the annotation of surgical video data to enable assessment of algorithms and multi-institutional collaboration.

Methods Four working groups were formed from a pool of participants that included clinicians, engineers, and data scientists.
The working groups were focused on four themes: (1) temporal models, (2) actions and tasks, (3) tissue characteristics and
general anatomy, and (4) software and data structure. A modified Delphi process was utilized to create a consensus survey
based on suggested recommendations from each of the working groups.

Results After three Delphi rounds, consensus was reached on recommendations for annotation within each of these domains.
A hierarchy for annotation of temporal events in surgery was established.

Conclusions While additional work remains to achieve accepted standards for video annotation in surgery, the consensus
recommendations on a general framework for annotation presented here lay the foundation for standardization. This type of
framework is critical to enabling diverse datasets, performance benchmarks, and collaboration.
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Annotation Framework O
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Surgical DATA

SAGES consensus recommendations on surgical video data use,
structure, and exploration (for research in artificial intelligence,
clinical quality improvement, and surgical education)

eeeeeeeeee

Jennifer A. Eckhoff'2©® . Guy Rosman'3- Maria S. Altieri® - Stefanie Speidel® - Danail Stoyanov® - Mehran Anvari’ -
Lena Meier-Hein® - Keno Méarz® - Pierre Jannin® - Carla Pugh'®- Martin Wagner'' - Elan Witkowski' - Paresh Shaw'2
Amin Madani'? - Yutong Ban'- . Thomas Ward" - Filippo Filicori' - Nicolas Padoy'® - Mark Talamini®

Ozanan R. Meireles'

Received: 4 May 2023 / Accepted: 5 July 2023 / Published online: 29 July 2023

© The Author(s) 2023
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Use Cases

Future role and use cases of surgical video data
New Technology & Product m

Development

Surgical Training, Performance =
Assessment & Credentialing

Legal Use [N
Reference (temporal storage only)
Integral Part of the Patient Record |

Scientific Use |

0% 25% 50% 75% 100%

Fig. 7 Results of statement 8—future applications and use cases of
surgical video data, identified by survey participants

DukeHealth

Al

Maintanance &

Updating Bias

Data Exploration

Data Product
Linkage  Future Use Development
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Lab & Vital
Medical . Parameters
Record

[0, 4
OR Dynamics e - /’O
'C) * Surgeon

B Factors
/

Endoscopic £ | Surgical
(IR 1 Data Acquisition Video Data

Kinematics i Patient
Factors

o 2
Deployment | Hyperspectral
7 Imaging

Radiology
(CT, MR, Xray)

Data Storage

The Data

Data Science Q Llfe Cy Cle Data Access
() for Inception of Surgical Artificial

Intelligence

Data Sharing | W4 — Data Processing

Fig.1 The Data Lifecycle, highlighting stages of surgical video data en route to the creation of Al. Schematic outline of essential attributes of
data architecture and infrastructure influencing current data use and future exploration and considerations for adequate governance
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Scientific efforts
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Computer Vison Multi-institutional Academia and Standards for Validation Studies Promote Diversity
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The Crltlcal View of Safety
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Community Effort

Industry Advisors

SUPPORTERS « MedTech /Surgical MIS Companies

« 1 Data Anonymization Pipeline
Data Donors « 5 Sponsors

« 55 Surgeons
* 54 |nstitutions
« 24 Countries : Annotators

. « 19 Residents & Fellows
14 Countries

e 20% Dropout Rate

ORGANIZERS

Surgeons
e o6 Clinical Leaders
14 Clinical Advisors

Computer Scientists

« 7 Technical Leaders
e 8 Technical Advisors

The SAGES Critical View of Safety Challenge
© Eckhoff




Ovutreach: Data Characteristics

N
> -
Cl | n |Ca | D |Ve rS|ty (beSides origin) . ) *\,‘ «k}":\'j; Device Distribution in the Overall Dataset
. . 3 $) Ry g : y ntuitive
* 9 Recording Devices he _”4" (“ 5 & conmea
 Robotics/ Laparoscopic B A e o
» ICG +/-10C N

Technical Diversity
« 19 Resolutions

* 4 File Types

« 3 Formats

3D Vision, HD-Resolution, Robotics + ICG

The SAGES Critical View of Safety Challenge
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Challenge Goals: Subchallenges

2) Uncertainty Quantification
Accounting for inherent uncertainty in real-world clinical setting

‘1 e,

s
1) CVS Classification ¥,

Binary classification of 3 visually distinct criteria

Criterion 1 (C1)

tté?uéar s;(ructutrﬁs
ar seen connecte o e
ﬁlbla fer

2) Robustness
Consistency across distribution shlfts linked to clinical & technical

Criterion yA(ov)) di it
iversity

is cleared
from fat and/or connective tissue so
that an unimpeded view is obtained

Criterion 3 (C3)

The lower %art of the gallbladder is
dissected off the liver bed to expose
the lower

The SAGES Critical View of Safety Challenge
© Eckhoff




Grand Challenge Challenges Algorithms s+ Help" SignIn ‘ Register ‘

Home

SAGES CVS Challenge (CVS-Challen

Competitors

@ - il

The Critical View of
Safety Challenge
A SAGES Initiative

i Info Lt Statistics

The Society of American Gastrointestinal and Endoscopic Surgeons (SAGES) is hosting its first-ever biomedical challenge
that aims to lay the foundations for the development of clinically meaningful and effective Artificial Intelligence (Al)
Important Dates technology to assess the formal achievement of the Critical View of Safety (CVS) in laparoscopic cholecystectomy -
awidely recognized surgical safety concept.
Organization
Several Al models have been proposed to improve the safety of laparoscopic cholecystectomy by academic groups and
News And Announcement MedTech companies alike. While these algorithms generally show promising results, thorough testing on large, diverse,
and representative datasets is needed to assess real-world performance before clinical translation. Data challenges are a
How To Contribute popular format among the technical community to generate these much-needed large, diverse, and annotated datasets to
solve a particular task of recognized importance.

& Email organizers
Al solutions to achieve automated identification of the CVS can augment the surgeon’s cognitive capacity and attention
during laparoscopic cholecystectomy, provide intraoperative assistance, decrease the workload, and enhance the safety of
the operation. The SAGES CVS Challenge encourages researchers from all over the world to compete in developing

b,

MOROCCO "

36 Teams 16 .
Countries

e
o

The SAGES Critical View of Safety Challenge
© Eckhoff




Rankings

CVS Classification

Uncertainty Quantification

SC2 - Ranking

Team Farm

Stanford University

Theator Inc

Theator Inc

Pandas

Chengdu University China

SDS-HD

German Cancer Research Center

Theator Inc

SDS-HD

German Cancer Research Center

SDS-HD

German Cancer Research Center

Team Farm

Stanford University

mmll

SRV-WEISS

mmll

TUE-VCA

Transformers

TUE-VCA

Pandas

CVS_HUST

Pandas

FightTumor

mmll

Caresyntax

Caresyntax

TUE-VCA

FightTumor

SRV-WEISS

Farm

IRCV-URV

IRCV-URV

Caresyntax

SRV-WEISS

Transformers

IRCV-URV

Transformers

CVS_HUST

FightTumor

HFUT-MedIA

HFUT-MedIA

© Eckhoff

HFUT-MedIA

CVS_HUST

The SAGES Critical View of Safety Challenge




Winners Overall

Winners

SDS-HD

German Cancer Research Center

Team Farm
Stanford University

Overall Prize Money: $15.500 + NVIDIA Developer Kit
IGX Origin with RTX 6000 ADA GPU (approx. $20k)

The SAGES Critical View of Safety Challenge
© Eckhoff




CVS Challenge Part 2

INTEREST GROUPS PUBLICATIONS EDUCATION NEWS

Conference on Medical Image Computing
sisted Intervention

ptember 2025 - Daejeon Convention Center




Education and Training

edicated Fellowships

e.g. SAIIL

Medical School

] Publications
Curriculum
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Fducation and T

S \Welcome to SAIIL Public

At the Surgical Artificial Intelligence and Innovation Laboratory (SAIIL), we are committed to fostering a collaborative and open research

cun.. . itve We understand the value of sharing resources, datasets, tools, and insights with other researchers, students, and i~~" . Lunie

“~!~nf surgical Al. To accelerate innovation and improve patient care worldwide, we are in tho = __oss ot ~

Education and

Scientific Medical School

_ Fellowships ;
Meetings Curriculum

Tran”’]g e.g. SAIIL

Publications

b Duke

UNIVERSITY
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Surgery & Al Projects SAllL-Net Work with us Team Sponsorship

Surgery & Al Projects SAllL-Net Work with us Team Sy
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™\ Surgical Al Governance Stakeholders
Regulations, Policies and Oversight

Data governance is a principled approach to managing data during its life cycle, from
acquisition to use to disposal.

\

Clinical Patient and

Stateholders of surgical video data 4 et
trials Clinicians

Industry

Researchers

Insurance Companies

Medical Societies

American Board of Surgery & similar

Hospital Administrations
Patients " DATA
. dation ;
Healthcare Providers generation
25% 50% 75% 100% e

4
Fig. 5 Results of statement 6—relevant stakeholders in surgical video Exploration N\
data, as identified by survey participants

Duke

UNIVERSITY

¥ DukeHealth




Legal Framework
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Wardley Map involves mapping components of a system or
process based on their value chain and their stage of evolution.

Wardley Map - Points of Complexity

End User Needs

>CAl Models

I iData Collection >C{Training

Regulations Innovation Rewards System

=
=
=
2]
=~
| —
[«D]
w
-
=
[g~]
-~
(D]
[«B]
=
O
—

>Interoperability
End User Needs
Al Models
Data Collection
Infrastructure
Regulations
Training
Interoperability
Innovation Rewards System
1 1 1
20 40 60
Evolution (Genesis -=> Utility)
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Building the Surgical Operating
System ( OS)

* Ethical and Trustworthy Data Generation, e Data Privacy

Model Development, and Validation
- Al Model Development

* Addressing the Critical Need for ° Validation

Benchmarking and Ethical Considerations * Governance

U DukeHealth @ Duke



Custamer

Stakeholders

Marketplace Services
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Functional overview of SAIIL S.0OS Platform
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.OS is a conceptual framework that aims to

' seamlessly integrate surgical teams, operating
rooms patlent data and deV|ces

Standardlzatloh‘
_Efficiency

Safety



5. OS Features

gical User Interface
Integration & Experience
Security &
Access Control
Analytics & Utilities &
—— Monitoring Special Features

Communication
& Collaboration

Duke

UNIVERSITY
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Model Development

* Data training EEas
e Algorithm N AI

optimization e \O. 9 O i
e Model testing R st oono

ALGOROTHM ' \WEOSCYW/
OPTIMIZATION \ NS

* Continuous learning
and improvement
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* Benchmarking
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* Ensure Al systems are
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Solution Management




Security and Access B
* *
Control » GDPR *

* *
* 4 *

Ensuring
Data
Integrity

PERS J.-J-IIJ-I.'I
PROTECTION COMMISSION

\\\‘ﬁ\\\ SERVIC ,."I."I

25 ‘/C U.S. DEPARTMENT OF HEALTH AND HUMAN SERVICES

} Office for Civil Rights
./.;,"“”
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Marketplace for Cognitive Augmentation
* Information

 Guidance
e Safety
* Operational Efficiency
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Analysis of intraoperative video

SLEEVEnet
Normal
Surgical Fingerprint
www.saiil.org

Access | Exposure Dissection Stapling Bagging Leak Test
Normal Range

Deviation

U | DukeHealth /I




Real-time Analysis and Deviation Detection

Abnormal case

Abnormal
Surgical Fingerprint

Access Exposure Dissection
Normal Range

Deviation

U DukeHealth




Surgical Fingerprint — Sleeve Gastrectomy.

Case A

¥ DukeHealth

Case B

Normalized Cumulative log Probability
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Surgical Video Foundation Models

These models serve as a fundamental base, trained on large datasets,
and can be adapted to a variety of surgical tasks such as:

* Video analysis

* Complication prediction
* Real-time guidance

* Automation

UI!

DukeHealth




Annotation Transfer Learning

Temporal Hierarchy

Operation

PHASES

I y
Steps

Tasks and

Spatial Hierarchy

'Specific anatomy

General anatomy

Tissue
characteristics
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Al Models Benchmarking
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Sustainability (ROI) y: :

e A
pEp—

e Data monetization

-development

* Application subscriptions

e Contracting clinical trials

* Pre and Post market evaluation

WU | DukeHealth
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Surgical Event Real Time Precietion

DukeHealth

port placement

fundus retraction

release gb peritoneum
dissection of calot's triangle
checkpoint 1

clip cystic artery

divide cystic artery

clip cystic duct

divide cystic duct
checkpoint 2

remove gb from liver bed

bagging

Phase name

SUPR-GAN: SUrgical PRediction GAN for Event Anticipation in Laparoscopic and Robotic Surgery

0
Time (s)

5

10 15

UNIVERSITY



Error Handling and Recovery

Oracle Data Platform — Race Strategy

Data Sources,

Discovery

Trackside
Car Telemetr

3" Party Data

Weather Data

w— Data
Metadata

Connect, Ingest, Transform

Ingestor
Container Engine

For Kubernetes)

Streaming Ingest

(OCI Streaming)

DukeHealth

Batch Processing
Data Floy

Persist, Curate, Create

Real-Time and
Modelled Data

(ADW, Race Strategy

Raw Data Storage I

(OCI Object Storage l :

v v

Governance

Analyze, Learn, Predict

| Analytics and Model

Visualization

(Tyre, Safety Car

Weather, Fuel Burn)

Data Science and
Al Services
(Data Reviey

Data Sandboxes)

Measure,
Act

Additional Chients

ORACLE

UNIVERSITY




Analysis of intraoperative video with Decision SM

Conceptual Phase

ase 3 — Pfevénting Complication |

-
Lo

>

Normal range
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Deviation

Warning!
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Faculty and Fellows SAI I L Tea m

Alumni

e N\

Thomas Ward, MD

| . ‘
. Daniel Hashimoto, MD MS
Ozanan Meireles, MD Guy Rosman, PhD Daniela Rus, PhD Former Fellow

" . " : Former Fellow
Director, MGH SAIIL Assoc Director, Engineering Director, MIT CSAIL

Jennifer Eckhoff, MD
Former Fellow

Lianhao Yin, PhD
Former Fellow
and Innovation Postdoctoral Fellow

Yutong Ban, PhD
Director of Analytics
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Thank you!

www.SAllL.org

Ozanan.Meireles@Duke.edu
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