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• Radiomic models have shown promise in predicting survival and 
treatment response of cancer patients, which is essential in the 
workflow of personalized cancer treatment.

• Clinical translation of radiomic models is difficult due to limited 
generalisability and unknown uncertainty of radiomic models.

• Validation of radiomic models with multiple external independent 
datasets can test the generalizability of radiomic models.

• Uncertainty of radiomic models can be determined by observing 
the model outcomes with variations at input parameters.
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Research Questions
1. Is a published radiomic model applicable to the cervical cancer 

patient cohort in Liverpool and Macarthur cancer therapy 
centres?

2. What is the uncertainty of a radiomic model under the influence 
of Inter-Observer Variability (IOV)?

• Classify potential patient outcomes 
into superior or inferior disease-free 
survival (DFS) groups

• Use 100 pairs of radiomic features, 
i.e. ∑ aX + bY where a, b are 
coefficients and X, Y are features

• 3 independent datasets were used: 2 
in training and 1 in validation

Marsilla’s Published Radiomic Model [1]
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Data Processing
1. Structure Registration
• Register radiotherapy (RT) structures 

from CT onto MR image with inverse 
registration

• Software: MIM

CTOriginal:

CTNow:

2. GTV Contours Simulation
• Uniform expansion or contraction of 

manual contour (up to 3 mm)
• Random sampling of margin change 

in each direction
• Exclusion of organs at risk (OARs)
3. Radiomic Feature Extraction
• MR image and structures resampled to 0.6 x 0.6 x 4.0 mm3 and 

normalised with z-score
• Software: PyRadiomics
• Extracted 1761 radiomic features including shape, intensity, texture 

and filter-based features

4. Model Validation
• Compute radiomic signature (RS) 

after feature normalisation
• Classify patient outcome based on RS 

using manual contour (into 2 groups) 
or consensus contour (into 3 groups)
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Impact of IOV on Radiomic Model
• Estimate DFS rate using Kaplan-Meier (KM) curve
• Compare between survival groups with log rank test
• Use Cox regression model with RS as continuous variable

Data Analysis

Patient Dataset

Sensitivity Specificity
Manual contour 56.3% 43.8%

Consensus contour 55.6% 62.5%

• Included 32 patients: 16 with events (death or recurrence) and 
16 without

• Uncertain group removed in analysis with consensus contour

Model Validation: Performance in risk stratification

Superior VS Inferior DFS p-value
Manual contour 0.87

Consensus contour 0.82

Variable Hazard Ratio
(95% C.I.)

p-value

RS (Manual contour) 0.90 (0.42, 1.90) 0.78
Tumour volume 1.00 (0.98, 1.01) 0.90

• Significant overlap between risk groups on KM curve
• Risk stratification showed no statistical significance on DFS
• Possible reasons: 

1. Small cohort sample size
2. Difference in numerical data – unmatched MR scanner

Further Analysis: Association of RS and Outcomes
• RS does not associate with event occurrence
• RS does not associate with DFS duration

Ideal modelInferior 
DFS

Superior DFS

• This radiomic model was not a good fit to our cohort (p = 0.78)
• Classification of prognostics groups showed no significant 

difference in DFS
• Incorporation of IOV uncertainty has potential in improving 

model discrimination
• Need a larger cohort to verify this statement

• Limitation of this study: Small cohort sample size, Different MR 
scanner models between our cohort and training cohorts
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