Deriving and evaluating prognhostic
gene signatures from functional
genomics data



Translating DEG for clinical utility

How do we go from DEGs to something clinically
useful?

Marker genes

— Normal/disease

— Risk assessment
— Molecular classification

Gene signatures
— Prognostic

e Risk

e Survival

* Response

— Diagnostic
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Steps in generating and evaluating a
prognostic signature

Samples
Data
Derivation
Assessment
Validation



Samples and Metadata

— Clinical (tumour) samples
* Alternatives: signatures in “norma

— Metadata

* Clinical
— Tumour characteristics (size etc)
— Grading

* QOutcome
— Etc. Survival (alive/dead)
— Recurrance
— Metastasis

* Demographic
— Sex
— Age
— Environmental factors
— Genotypes?

e Technical
— Collection info

— Extraction info
— When, who, where, how
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tissue



Genomics Data

* mRNA Expression profiles

 Other genomic data:

— Genotypes

* Mutational signatures
* CNV

— TF Binding
— Epigenomic Marks

* Open chromatin

 Histone marks



Signature derivation

* Unsupervised clustering
— |dentify clusters
— Determine genes unique to each cluster

e Supervised Classification
— Classify as high/low risk
— Filter for variable genes
— Possibly restrict to DE genes

— Narrow down to “optimal” signature



Clustering (unsupervised)

* Molecular subtypes identified by clustering
* Subtypes may correlate with outcome/response

Discovery set
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Supervised Classification

. Assign each sample to high/low risk group
. Split samples into training set / test set

. ldentify potentially informative genes in
training set (e.g. DE analysis high vs low risk)

|”

Find “optimal” set of DE genes that enable
maximal separation of high/low risk samples

. Validate in test set samples
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van’t Veer method

Assign samples to risk group based on distant
metastases within five years (34 high/44 low)

Use all samples as training set (78 samples)
Identify =5000 “significantly regulated” genes

Rank genes by correlation with risk group; retain
genes with R > 0.3 (231 genes)

Leave-one-out-cross-validation (78 fold) on
progressively larger gene sets (rank order)

Classifier: correlation with low risk template (average
expression)

Best performance on top 70 genes (MammaPrint)
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Signature assessment

* Survival Analysis
* Kaplan-Meier Plots

* p-value (Cox proportional hazard, log-rank test)
vant Veer classifier

0.5 p <10e-7
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Signature validation

* Evaluate in unseen samples

* Evaluate in external data
—Different locations
—Different experimenters
—Different platforms

* Evaluate in new patients
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Methods for signature derivation

Narrow gene based on differential expression

Train ML classifiers using cross-validation on
different gene sets

Integration of other data types

Pathway or other higher level biological
functions



