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Sequential Pattern Analysis
in Robotic Surgery (SPARS): 
Understanding surgery

Context Data

2- Bottom-up approach: Procedural models of surgical practice by Graphical Event Models

3- Developing Methods for Surgical Data Analysis: A Proof-of-Concept Using the PETRAW Dataset 

Procedural annotationsKinematics

Video

60+ robotic hysterectomies
performed in Rennes

Better understand surgery

Better outcomes for patients

Surgery is a highly complex entity to understand 
with multiple sources of variability

Validation using experts practice
Comparison with actual surgeries

(𝑁𝑆𝑢𝑟𝑔𝑒𝑜𝑛 = 6, 𝑁𝑆𝑢𝑟𝑔𝑒𝑟𝑦 = 31)
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4 validated distance measures

1- Top-down approach: Procedural models of surgical knowledge by Knowledge elicitation 

Validation using experts knowledge
Delphi consensus

(𝑁𝑆𝑢𝑟𝑔𝑒𝑜𝑛 = 26, 𝑁𝑅𝑜𝑢𝑛𝑑 = 5)
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Workflow 
vocabulary

Generic Surgical 
Process Model (gSPM)

Knowledge elicitation
(Surgeon interview)

Workflow variability

①

②

A

B C

D

E

ed₁={c₁} ed₁={c₂}

ed₁={c₂} ed₁={c₁}

ed₁={c₂}

ed₁={c₁}

ed₀={c₀}

Colored Petri Net

A

B C

ed₁

t₁ t₂
c₁

c₂

x

y

(ed₁=Empty) 
OR (ed₁=c₁)

(ed₁=Empty) 
OR (ed₁=c₂)

A

CB

X
h

h₁ h₁

h₂ h₂

Val(X)={Not Decided, c₁ , c₂}
h₂>h₁

Knowledge elicitation State Variable 
Graphical Event Model (SVGEM)
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Data driven SVGEM:

‒ Learning the 
parameters for the 
event and state 
variables.

‒ The values of the 
parameters outline 
the variability.

Clustering of Trajectories

Definition of an “Average Trajectory”

Cluster of 
trajectories for 
a single activity

SoftDBA
averaging

“Average trajectory”
Modus Operandi of that surgical activityMultivariate Time 

Series Trajectories Data

Clustered Trajectories

Select clustering algorithm for MTS

Choose elastic distance measure

Apply averaging method

PETRAW Simulated Surgical Tasks

“Average trajectory” 
along the spatial 
variables (x, y, z)

Right Hand 
Left Hand

Evaluation of Clustering Accuracy

Labelling : Assign 
an activityID to 
each trajectory

Unsupervised 
clustering with 

2 methods
Compare predic-
ted labels with 
ground-truth

Results:

Kmeans DTW DBA

Kmeans SoftDTW SoftDBA

Adjusted Rand Index (ARI)

0.413

0.501
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