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Are all 
surgeons 
created 
equally?
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Objectives

Review methods 
of surgical skill 

assessment

Discuss AI 
technology for 

assessment of skill
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AI will not replace the surgeon.

 However the surgeon who 
understands 

HOW to leverage AI 
will replace the one who 

doesn't.

- S H A M E E M A  S I K D E R ,  M D
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Who will you pick as your 
surgeon?
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OUTCOMES

TR A IN IN G  
E XPE R IE N C E

VO LU M E

SKILL

What makes a good surgeon?
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What makes a good surgeon?
There are many qualities that make a good surgeon. Some of the most important include:

• Technical skills: Surgeons must have excellent hand-eye coordination and manual dexterity. 
They must be able to make precise movements with their hands and fingers, even under 
pressure.

• Knowledge: Surgeons must have a deep understanding of anatomy, physiology, and 
pathology. They must be able to identify and treat a wide range of surgical conditions.

• Decision-making skills: Surgeons must be able to make quick and accurate decisions under 
pressure. They must be able to weigh the risks and benefits of different treatment options 
and choose the best one for each patient.

• Communication skills: Surgeons must be able to communicate effectively with patients, their 
families, and other healthcare professionals. They must be able to explain complex medical 
concepts in a way that is easy to understand.

• Empathy: Surgeons must be able to empathize with their patients and understand their fears 
and concerns. They must be able to provide compassionate care and support during a 
difficult time.

• Resilience: Surgeons must be able to handle the stress and emotional demands of their job. 
They must be able to bounce back from setbacks and continue to provide high-quality care.

In addition to these qualities, good surgeons are also typically hard-working, dedicated, and 
passionate about their work. They are committed to providing their patients with the best 
possible care. B a r d - A I  b y  G o o g le
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How does one become a 
good surgeon?

•TRADITIONAL 
APPRENTICE 
MODEL:
⚬Natural skill
⚬Opportunity to 

observe

•CURRENT MODEL:
⚬Variable baseline skill
⚬Structured training 

program
⚬Assessment and 

Feedback
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C U R R E N T  R E S O U R C E S  
A V A IL A B L E  T O  T R A IN E E S
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Assessment and Feedback
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How can skill be 
assessed  

intraoperatively?
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Human- Driven 
Surgical Skill
Optimization
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ASSESSMENT & 
FEEDBACK

STRUCTURED
KNOWLEDGE

UNSTRUCTURED
NARRATIVE

UNSTRUCTURED
VIDEO

SIMULATION
-VIRTUAL
-WETLAB

Better 
Surgery
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RUBRICS 
MULTIPLE RUBRICS AVAILABLE FOR ASSESSMENT OF 
SURGICAL TECHNICAL SKILL 

• OASIS & ICO-OSCAR:PHACO

ADVANTAGES
• QUICK
• VALIDATED
• AFFORDABLE ($4000 IN ANNUAL COSTS)

DISADVANTAGES
• TIME-INTENSIVE
• RESOURCE-INTENSIVE 
• SOME ELEMENT OF SUBJECTIVITY 

S ik d e r  e t  a l .  J  C a ta ra c t  R e fra c  S u rg  (2 0 14 )
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What about 
AI?

25

W IL L  S U R G E O N S  B E  R E P L A C E D  B Y  R O B O T S ?

Dr. Terminator

26

Will AI replace surgeons?

It is unlikely that AI will completely replace surgeons in the near future. However, AI is 
likely to play an increasingly important role in surgery in the coming years. For example, AI 
can be used to:

• Assist surgeons during surgery: AI-powered surgical robots can help surgeons make 
more precise incisions and reduce the risk of complications.

• Diagnose diseases: AI can be used to analyze medical images and data to help 
surgeons diagnose diseases more accurately.

• Personalize care: AI can be used to analyze a patient's medical history and other data 
to personalize their care.

Overall, AI has the potential to improve the quality of care that surgeons can provide. 
However, it is important to remember that AI is a tool, and it is still under development. 
Surgeons will still be needed to make critical decisions and provide compassionate care to 
their patients.

Bard-AI by Google
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WILL SURGICAL EDUCATORS 
BE REPLACED BY AI?

MAYBE A LITTLE BIT??

28

AI-Driven 
Surgical Skill
Optimization
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Input 
(SURGICAL 

PERFORMANCE)

Direct 
Observation

Video 

Instrument 
motion

Hand motion

Eye tracking

Other e .g . 
phacoem ulsif ication 

m achine data

D a ta  
P ro c e s s in g O u tp u t

FeedbackW
e

tla
b

O
R

Skill  

Distance

Machine 
Learning

Deep Learning

Crowdsourcing

Clinical 
Outcomes

Performance 
Metrics

Expert Ratings
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E A S E  O F  U S E / H O W  U S E F U L  T H E  D A T A  I S
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X
Feedback 

in OR

X
Eye gaze

X
Video review 

feedback

X
Phacoemulsification 

machine data

X
Simulators

X
Wetlab

INCREASING USEFULNESS
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X
Crowdsourced 
ratings using 

video X
Expert 
ratings 

using video

X
Automated 

ratings from 
DL algorithms

ALNAFISEE JCRS 2021
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Our 
Approach

32

Changing the Paradigm of Surgical Training

Expert

AI assisted 
feedback:

Surgical Video

Chop into 
chapters

Assessment of 
performance

Customized 
feedback: 

fast track to master 
surgeon

Kim LNCS 2018

Kim IJCARS 2019
Novice
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How do we get started?

• Can we use a crowd to annotate instrument 

labels on surgical videos?

34

LABELS 2018, CVII 2018, STENT 2018 

Demonstrate reliability and validity of 
crowdsourced annotations for information on 

surgical instruments.
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Structured data is more useful for building analysis models: need annotated data.

Automated 
Analysis Tools
- Performance?

- Summary? 
Feedback?

Data Collection
- Videos 
- Sensor equipped 
tools

Data Curation
- “Annotations”

- Making raw data 
useful

Can we harness human intelligence at scale to enable automation of surgical video analytics?

Raw OR Data Data Collection:
Crowd Sourcing

Automated Video 
Analysis

36
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Data Collection

Defined six tools to annotate

•Keratome Blade

•Cystatome

•Utradas

• Irrigation/Aspiration Cannula

•Anterior Chamber Cannula

•Phaco Probe

37

Collected 200 images from 2 procedures, 9 annotations per image, under 48 hours. 

Overall consistency

I/A: Irrigation/Aspiration Cannula
A/C: Anterior Chamber

Consistency in Crowd Annotations

Per-tool consistency
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Collected 200 images from 2 procedures, 9 annotations per image, under 48 hours. 

Overall accuracy

Per-tool accuracy among the crowd

Accuracy of the Crowd 
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0 1

2 3

4

Key Points: Crowd can localize tool tips very 
consistently and accurately

40

0

1
2

Key Points: Crowd can localize tool tips very 
consistently and accurately

41

Summary

We can harness human intelligence reliably and accurately at scale to analyze 
surgical videos.
Applications include automated objective surgical skill assessment, directed feedback 
and coaching.

Performance
Summary
Feedback

Novice

Expert
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Conclusions

• Tool identification: Inter-rater agreement of 0.63 (Fleiss’ kappa)

• Accuracy of 0.88 for identification of instruments compared against 

an expert annotation. 

• Crowdsourcing can be effectively used to identify instruments in a 

surgical video

43

Now what?

• We can get a crowd to annotate instrument 

labels on surgical videos

• How much granular detail can we gather within 

a step using instrument motion?

44

<numb
er>

45 46
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Now what?

• We can get a crowd to annotate instrument 

labels and tips on surgical videos

• What step should we next focus?

48
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CAN CERTAIN 
TASKS BETTER 

PREDICT SKILL IN 
CATARACT 
SURGERY?

49

Capsulorhexis

Phacoem ulsification

Lens Insertion

GLOBAL 
SKILL

50

IS TIME A VALID 
MEASURE OF SKILL?

P R O C E D U R E  S P E E D  I S  O F T E N  
U S E D  A S  A  P R O X Y  F O R  
E X C E L L E N C E

F A S T E R  S U R G E O N S  A R E  
R E G A R D E D  A S  B E T T E R  
S U R G E O N S

T I M E  H A S  B E E N  U S E D  F O R  
Q U A N T I F Y I N G  S K I L L  I N  J U N I O R  
A N D  E X P E R I E N C E D  S U R G E O N S

S c h l i c h  T .  M e d  H i s t  ( 2 0 1 5 )

V a n  H o v e  e t  a l .  B r  J  S u r g  ( 2 0 1 0 )
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O B J E C T I V E  
A S S E S S M E N T  O F  

T E C H N I C A L  S K I L L  
T A R G E T E D  T O  

T I M E  I N  
C A T A R A C T  
S U R G E R Y

Operative Time predicts 
appointment status & is 

not of much utility to 
assess surgical technical 
skill in cataract surgery

52

Next?

• We can get a crowd to annotate instrument 

labels on surgical videos

• Capsulorhexis is a good step on which to focus.

• Can we automate phase detection?

53
JAMA Network Open. 2019

DEMONSTRATE MACHINE LEARNING AND DEEP LEARNING TECHNIQUES 
CAN YIELD TOOLS THAT EFFICIENTLY SEGMENT VIDEOS 
OF CATARACT  SURGERY INTO CONSTITUENT PHASES FOR SUBSEQUENT 
AUTOMATED SKILL ASSESSMENT AND FEEDBACK. 

54
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Conclusions

• Modeling time series of labels of instruments in use appeared to yield 

greater accuracy in classifying phases of cataract operations than 

modeling cross-sectional data on instrument labels, spatial video 

image features, spatiotemporal video image features, or 

spatiotemporal video image features with appended instrument 

labels.

• Time series models of instruments in use may serve to automate the 

identification of phases in cataract surgery, helping to develop 

efficient and effective surgical skill training tools in ophthalmology.

57

Making progress….

• We can get a crowd to annotate instrument 

labels on surgical videos

• We can get a machine to identify the correct 

phase of surgery with the labels

• What about assessing performance?

58

DEVELOP AND VALIDATE DEEP LEARNING TECHNIQUES FOR TECHNICAL 
SKILL ASSESSMENT USING VIDEOS OF THE SURGICAL FIELD.

59 60
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63

Method OutputInput

D L
( T C N )

E /NTOOL TIPS

K im  20 19  
IJC A R S

D e e p  n e u ra l  n e tw o rk s  e ffe c t iv e ly  m o d e l  s u rg ic a l  te c h n ic a l  s k i l l  in  c a p s u lo rh e x is  

g iv e n  s tru c tu re d  re p re s e n ta t io n  o f  in tra o p e ra t iv e  d a ta  s u c h  a s  o p t ic a l  f lo w  

f ie ld s  e x tra c te d  fro m  v id e o  o r  c ro w d s o u rc e d  to o l  lo c a l iz a t io n  in fo rm a tio n .

Conclusions

64

What next??

• Automate instrument labeling

• Automate chaptering

• Increase robustness of current automated analysis 

• Facilitate data flow

65 66
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Video Based 
Surgical 
Skill
Assessment

Novice

Expert

Spontaneous Human 

Feedback

rubric-Based Human Feedback

Rubric-Based Machine 

Feedback

"Spontaneous" Machine 

Feedback

Direct 
Observation  
Surgical 
Skill
Assessment
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A R T IF IC A L  IN T E L L IG E N C E

M A C H IN E  L E A R N IN G

D E E P  

L E A R N IN G

C
O

M
P

U
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R
 V
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Computer Vision

DEEP LEARNING

69

COMPUTER 
VISION 
(CV) 
METHODS

Bag of Words (BoW)

Augmented Bag of Words (Aug 
BoW)

Discrete Fourier Transform 
(DFT)/Discrete Cosine 
Transform (DCT)

Sequential Motion Textures 
(SMT)

Approximate Entropy 
(ApEn)/Cross Approximate 
Entropy (XApEn)

5

70

Novel Methods for Skill Assessment

RGB Video

Deep learning 
with attention 
(ATT) m odules

Skill

RGB Video

Predict instrument tip 
positions as keypoints 

(KPs)

Skill

71

ATTENTION 
MODULES
METHOD 

(ATT)
2D CNN

RNN

KEYPOINTS 
METHOD 

(KP)
TCN

N O VEL DEEP LEARN IN G (DL)  M ETHO DS

72
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Assess AI methods for 
objective, unbiased 

video-based assessment

73

Experimental Design

M ethod O utp utInput

CV
DL

E/N
2/3, 4 , 5RGB video

5

2

74

D
L

C
V75

DL

CV
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Previous Work

Method OutputInput

DL
(TCN) AUC 0.86T o o l  t ip s

KIM  2019  IJCARS

C VR G B  
vid eo

5

Method OutputInput

D LR G B  v id e o
2

Current Work

AUC 0.79

AUC 0.76
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Current progress

• We can get a crowd to annotate instrument labels on surgical videos

• We can get a machine to identify the correct phase of surgery with 

the labels

• We can use machine learning to assess performance of the chapter
CV < DL < DL with attention

DL methods susceptible to class differences

Assessment directly from RGB video

78
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DEEP LEARNING USING ATTENTION 
MODULES CAN BE USEFUL TO ASSESS 
INTRAOPERATIVE SKILL DIRECTLY 
FROM VIDEO

DEEP LEARNING > INTEREST-
POINT BASED METHODS TO 
ASSESS INTRAOPERATIVE SKILL

EXTERNAL VALIDATION AND 
EVALUATION OF DEEP LEARNING 
METHODS FOR INTENDED PURPOSES 

79

Where do we go next?

How do we get there?

Can we use AI to help?

80

SAM - The Foundational Model from Meta

Jay Paranjape

81

SAM - At a Glance

Jay Paranjape

82

Data - What is it trained on?

• 11 Million images - high resolution, from photographers worldwide

• 1 Billion Masks - generated automatically by the SAM data engine(details 
coming up)

• Publicly available dataset - SA-1B

Jay Paranjape

83

Results

Jay Paranjape

84
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Zero Shot Transfer Using SAM

Jay Paranjape

85

• Segment Anything is a strong segmentation model. But it need prompts (like 
boxes/points) to generate masks.

• Grounded DINO is a strong zero-shot detector which enable to generate high 
quality boxes and labels with free-form text.

• The combination of the two models enable to detect and segment everything 
with text inputs!

Project By IDEA-Research

Jay Paranjape
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Zero Shot Open Set Detection + Segmentation = Grounded 
SAM

Grounded DINO SAM

Jay Paranjape

87

Results of Grounded SAM on CATARACTS

Jay Paranjape

88

Jay Paranjape

89
Jay Paranjape

90

https://github.com/IDEA-Research/Grounded-Segment-Anything
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Jay Paranjape

91

LANGUAGE & 
VIDEO?

92

QuerYD

Audio + text narratives

Nisarg Shah

93

Video Localized Narratives

Narratives are shallow but they are grounded to the video

Nisarg Shah

94

LLAVA - 
A few Zero shot 
experiments

Nisarg Shah

95
Nisarg Shah

96

https://www.robots.ox.ac.uk/~vgg/data/queryd/
https://github.com/google/video-localized-narratives
https://llava-vl.github.io/
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Nisarg Shah

97
Nisarg Shah
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Nisarg Shah
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OpenFlamingo

Could not run for cataract image

Nisarg Shah

100

Mini GPT-4

Nisarg Shah

101

Generic response

Nisarg Shah

102

https://laion.ai/blog/open-flamingo/
https://minigpt-4.github.io/
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Nisarg Shah

103

But wait- there's 
more

104

105 106

107 108
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109

ISSUES WITH 
AI

-What's the ground truth?
-Is there bias?
-What about hallucinations?

110

External Validity

Surgeon 
Population

InstitutionVideo 
Quality

111

Approach for next phase

• Use data science to provide valid, objective, accessible feedback for 

surgeon technical skill

• Change current paradigms in

⚬ Resident and fellow education

⚬ Credentialing and licensing

⚬ Peer review in malpractice cases

⚬ Insurance reimbursements

⚬ Standardizing surgical clinical trials

112

DEVELOPMENT IS IMPORTANT- WHAT 

ABOUT DEPLOYMENT?

113 114
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115 116

117

What's next?

J A M A  O p h .  2 0 2 2 ;1 4 0 ( 4 ) :3 0 6 - 3 0 7
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HYPOTHESIS

SAMPLE

DATA

ALGORITHM
PATIENT 

CARE
SOCIETYREGULATORY 

APPROVAL

Modifications based 
on SPS and ACP

Post-marketing data via healthcare providers 

F D A  =  U S  F o o d  a n d  D r u g  A d m in is t r a t io n ,  S P S  =  S o f t w a r e  a s  M e d ic a l  D e v ic e  P r e - S p e c i f ic a t io n s ,  A C P  =  A lg o r i t h m  C h a n g e  P r o t o c o l  

ANALYTICAL VALIDATION CLINICAL VALIDATION SOCIETAL IMPACT

FDA
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Lots to do!

- E X P A N D  D A T A  S E T S

- C O N S I D E R  B I A S

- S C A L E  B I G  D A T A

120
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