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Why are most prognostic factors
not used?
• Not therapeutically relevant
• Results do not appear reproducible

Why are most prognostic factors
not therapeutically relevant?
• Patient selected for analysis are too
heterogeneous; They do not represent a
cohort for which a meaningful therapeutic
question can be addressed

Why are most prognostic factor
studies not reliable?
• They violate the key principle of separating
model development from model evaluation
• Exploratory vs validation
• Issues of multiple testing and model over-fitting
in exploratory studies
• Insufficient sample size and patient selection to
develop therapeutically relevant model
• Do not adequately address assay reproducibility

• What is a genomic patient classification
system?
• How does it differ from a set of prognostic
genes?

A set of genes is not a classifier
• Gene selection
• Mathematical function for mapping from
multivariate gene expression domain to
prognostic or diagnostic classes
• Weights and other parameters including
cut-off thresholds for risk scores

Linear Classifiers for Two
Classes
l ( x ) = ∑ wi xi
iε G

x = vector of expression measurements
G = genes included in model
wi = weight for i'th gene
decision boundary l ( x ) > or < d

There Should Be No Requirement
For
• Demonstrating that the classifier or any of
its components are “validated biomarkers
of disease status”
• Demonstrating that repeating the classifier
development process on independent data
results in the same classifier

One Should Require That
• The classifier be reproducibly measurable
• The classifier in conjunction with the
medical product has clinical utility

Design of Studies that Develop
Therapeutically Relevant
Genomic Classifiers
• How do you select appropriate patients?
• How many patients are needed?

Split Sample Approach
• Separate training set of patients from test
set
• Patients should represent those eligible for
a clinical trial that asks a therapeutically
relevant question
• Do not access information about patients
in test set until a single completely
specified classifier is agreed upon based
on the training set data

• If clinical trial is single arm test of new
regimen and objective is to identify
patients who are likely to respond:
– A minimum of 15 responders and 15 nonresponders should be included in the training
set (Dobbin & Simon, in preparation)
– Number of patients in test set should be
determined to establish confidence limits for
positive and negative predictive values of
classifier consistent with clinical relevance

• If clinical trial is single arm study of
standard therapy with time-to-event
endpoint to identify patients at high risk of
relapse, above considerations imply
minimum of 15 patients with relapse.

• To identify patients who preferentially
benefit from treatment A compared to
treatment B with either response or timeto-event endpoints, a larger number of
patients are needed for the training set.

Re-Sampling Approach
• Partition data into training set and test set
• Develop a single fully specified classifier of
outcome on training set
• Use the classifier to predict outcome for
patients in the test set and estimate the
error rate
• Repeat the process for many random
training-test partitions

• Re-sampling is only valid if the training set
is not used in any way in the development
of the model. Using the complete set of
samples to select genes violates this
assumption and invalidates the process
• With proper re-sampling, the model must
be developed from scratch for each
training set. This means that gene
selection must be repeated for each
training set.

• Re-sampling, e.g. leave-one-out crossvalidation is widely misunderstood even by
statisticians and widely misused in the
published clinical literature
• It is only applicable when there is a
completely pre-defined algorithm for gene
selection and classifier development that
can be applied blindly to each training set

Developmental vs Confirmatory
Studies
• Developmental studies should develop a
completely specified classifier
• Developmental studies are analogous to phase
2 therapeutic trials
• Developmental studies should provide an
unbiased estimate of predictive accuracy
– Statistical significance of association between
prediction and outcome is not the same as predictive
accuracy

• Developmental studies should estimate to what
extent predictive accuracy is greater than that
achievable with standard prognostic factors

What is the objective of an
independent validation clinical trial?
– (a) to see whether the same set of genes are
prognostic with independent data?
– (b) To see whether the classification system
can predict outcome?
– (c) To see whether use of the classification
system for selecting treatment results in
clinical benefit compared to not using it?
– (d) To evaluate clinical benefit under
conditions that simulate broad application?

Confirmatory Trials for Evaluating a
Classifier of Good Risk with
Standard Therapy
• Randomize patients to use or non-use of
classifier in treatment selection

Confirmatory Trials for Evaluating a
Classifier of Good Risk with
Standard Therapy
• Measure classifier for all patients and
randomize only those for whom classifier
determined threapy differs form standard
therapy

Key Steps in Development and Validation of
Therapeutically Relevant
Genomic Classifiers
• Develop classifier for addressing a specific important
therapeutic decision:
– Patients sufficiently homogeneous and receiving uniform
treatment so that results are therapeutically relevant.
– Treatment options and costs of mis-classification such that a
classifier is likely to be used

• Perform internal validation of classifier to assess whether
it appears sufficiently accurate relative to standard
prognostic factors that it is worth further development
• Translate classifier to platform that would be used for
broad clinical application
• Demonstrate that the classifier is reproducible
• Independent validation of the completely specified
classifier on a prospectively planned study

