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Melanomas

» Melanomas are common in a large demographic of
the population, especially in Caucasians living in
sunny climates.

» Of those that metastasise (Stage lll), about 40% go
on to live cancer free, but another 40% succumb to
the disease in less than 1 year.

» Samples were obtained from Professor Graham
Mann's group from the Westmead Institute for
Cancer Research and Melanoma Institute, Australia
(MIA).

Aim: To predict survival prognosis for Stage Ill melanoma patients.
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Experimental data
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due to melanoma
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Characteristics of our data

» Detailed clinical and pathological data, with mutation status for majority of
the patients.

» “Small” clinical data
- Small relative to other cancer types.
- Large study of fresh tissue samples focusing on Stage Il patients.

- Missing values potentially could lead to unstable logistic models.

» Vertical (omics) data
- More genetic information on the same patients.

- Contrast to horizontal (more patients with the same genetic information)




THE UNIVERSITY OF

SYDNEY

Challenges in “vertical” integration

» Small number of samples (large p, small n).

» Sample mismatch (limited amount of tissues).

» Understanding and processing many different platforms.
» Correlated information from multiple platforms.

» Unbalanced number of variables between CPM and high throughput -
omics platforms.
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omics data: preprocessing

> MRNA gene expression
- Human-6 v3 expression BeadChips (llluminia).

- Processing: VST, quantile normalization with unexpressed probes were remove (48802 ->
26085).

> microRNA expression

Agilent platform.

Processing: quantile normalization and probe expression were average over technical replicates.

Large proportion of unexpressed probes in the data.

Summarizing from technical replicates values - probes - miRNAs.

» ITRAQ protein expression
- QSTAR MS/MS and initial processing with ProteinPilot 3.0.

- Large number of missing value mainly due to different sets of protein being identified from
different runs.

- Summarizing spectrum values - peptides - protein.

[ Mactier S et al, Pigment Cell Melanoma Research, 2014 ]
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Integration

» Extreme variable reduction in omics data
- Pre-validation (Tibshirani and Efron, 2002)
- PCA based methods

omics
CPM_data % 1 combined
21 variables .

variable




THE UNIVERSITY OF

SYDNEY

Average 5-fold cross validation
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Integration with pre-validation
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Jayawardana K et al, 1JC, 2014
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Validation in independent samples
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resample

Average 5-fold cross validation
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Samples that are easy and hard to classify

Patient specific
prognostic error.

Average patient error For every patient we

Wil 'R mi —>  can count how often
we classify the patient

incorrectly
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Patient accuracy
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Clinical_AJCC =4 AJCC variables: 1. Ulceration, 2. thickness of the primary tumour,
3. number of metastatic nodes and 4. nodal size.

Jayawardana K et al, IJC, 2014

14



THE UNIVERSITY OF

SYDNEY

Another study: TCGA

A subset of samples from The Cancer Genome Atlas (TCGA) with the
necessary clinico-pathologic annotation; stage Il
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Summary so far ...

» Clinical + mRNA gene expression works really well.

» Adding more than one omics platform did not perform as well as hoped.

» Different platforms are classifying different sets of patients correctly.

» Interaction effects are difficult to find when p is large.
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Motivating simulation example |

GP PP
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Motivating simulation example |

Majority class is better classified
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Motivating simulation example |
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Motivating simulation example |
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Motivating simulation example |

Two classifiers are better than one
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Motivating simulation example Il
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Motivating simulation example Il

Majority class is better classified
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Motivating simulation example |
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Motivating simulation example Il
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Patient accuracy

- B Qutcome_GP
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Clinical_AJCC =4 AJCC variables: 1. Ulceration, 2. thickness of the primary tumour,
3. number of metastatic nodes and 4. nodal size.
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resample

- 5-fold CV

Samples that are hard to classify
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Regression output

y = number of correctly classified bootstrap samples under the mRNA (gene
expression) platform

Design matrix X takes values from clinical variables.

Intercept 0.005

Extranodal growth 0.37 0.12 3.22 0.002
(Tum_Extranodal)

Number of invasive nodes -0.02 0.01 -2.04 0.050
(Tum_Nodes)
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‘Hard’ and ‘Easy’ to classify samples

Gene Expression CPM
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CV error rates

CV error rates for samples with or without Tum_Extranodal
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Where has this lead us?

Hierarchical two stage procedure

Easy Hard In practice:

» Use readily available CPM
variables for the tumors with
extranodal growth (Tum_EXxt) to

/ split samples.

Patients g » Perform classification based on
PP GP . Use ofhor gene expression for tumors without
extranodal growth

molecular

Clinical
variables

MRNA

« Surgical or
treatment
related data?
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How do we compare error rate ?
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Summary

» Described a procedure for identifying a class of interaction
effects based on the concept of ‘Hard’ and ‘Easy’ samples.

» Extranodal growth appears to explain which samples can and
can’t be classified with gene expression data in stage lll
metastatic melanoma.

» This highlights the importance of accurate phenotype
descriptions when considering Omics solutions

» Briefly highlight the challenges associated with cross-
validation.




THE UNIVERSITY OF

SYDNEY Acknowledgements

» School of Mathematics and Statistics > Melanoma program at MIA/WMI/RPA
(Usyd) - Graham Mann (Usyd)

Samuel Mueller - Gulietta Pupo
- Varsha Tembe

John Ormerod

_ - Sara-Jane Schramm
Dario Strbenac

- John Thompson
Rebecca Barter

- Lauren Haydu
Shila Ghanazfar - Richard Scolyer (RPA)

Ellis Patrick - James Wilmott (RPA)

Kaushala Jayawardana _ _
Proteomics research unit

- Ben Crossett
— Swetlana Mactier
— Richard Christopherson

Westmead Ingtitute MELANOMA INSTITUTE l\

for Cancer Research AUSTRALIA

% THE UNIVERSITY OF

o) SYDNEY




