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Several Kinds of Biomarkers

• Surrogate endpoints
– A measurement made on a patient before, during and after 

treatment to determine whether the treatment is working
• Prognostic biomarkers

– Measured before treatment to indicate long-term outcome for 
patients untreated or receiving standard treatment

• Predictive biomarkers
– Measured before treatment to identify who will benefit from a 

particular treatment
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B-14 Results—Relapse-Free Survival
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Prognostic and Predictive 
Biomarkers in Oncology

• Single gene or protein measurement
– e.g. HER2 protein staining 2+ or 3+
– HER2 amplification
– KRAS mutation

• Scalar index or classifier that summarizes 
contributions of multiple genes/proteins
– Empirically determined based on genome-

wide correlating gene expression to patient 
outcome after treatment

5



Pitfalls in the Development and Validation of 
Prognostic & Predictive Biomarker Classifiers 

Richard Simon, D.Sc.
Biometric Research Branch

Division of Cancer Treatment and Diagnosis, National Cancer Institute

2009年 2月13日 転載禁止 http://www.icrweb.jp/icr/

Prognostic & Predictive Biomarkers

• Many cancer treatments benefit only a minority 
of patients to whom they are administered
– Particularly true for molecularly targeted drugs

• Being able to predict which patients are likely to 
benefit would 
– save patients from unnecessary toxicity, and enhance 

their chance of receiving a drug that helps them
– Help control medical costs 
– Improve the success rate of clinical drug development
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Prognostic Factors in Oncology

• Most prognostic factors are not used 
because they are not therapeutically 
relevant

• Most prognostic factor studies do not have  
a clear medical objective
– They use a convenience sample of patients 

for whom tissue is available. 
– Generally the patients are too heterogeneous 

to support therapeutically relevant 
conclusions
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Key Features of OncotypeDx 
Development

• Identification of important therapeutic decision context
• Prognostic marker development was based on patients 

with node negative ER positive breast cancer receiving 
tamoxifen as only systemic treatment
– Use of patients in NSABP clinical trials

• Staged development and validation
– Separation of data used for test development from data used for 

test validation
• Development of robust assay with rigorous analytical 

validation
– 21 gene RTPCR assay for FFPE tissue
– Quality assurance by single reference laboratory operation
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Predictive Biomarkers

• In the past often studied as un-focused 
post-hoc subset analyses of RCTs.
– Numerous subsets examined
– Same data used to define subsets for analysis 

and for comparing treatments within subsets
– No control of type I error

9



Pitfalls in the Development and Validation of 
Prognostic & Predictive Biomarker Classifiers 

Richard Simon, D.Sc.
Biometric Research Branch

Division of Cancer Treatment and Diagnosis, National Cancer Institute

2009年 2月13日 転載禁止 http://www.icrweb.jp/icr/

10



Pitfalls in the Development and Validation of 
Prognostic & Predictive Biomarker Classifiers 

Richard Simon, D.Sc.
Biometric Research Branch

Division of Cancer Treatment and Diagnosis, National Cancer Institute

2009年 2月13日 転載禁止 http://www.icrweb.jp/icr/

11



Pitfalls in the Development and Validation of 
Prognostic & Predictive Biomarker Classifiers 

Richard Simon, D.Sc.
Biometric Research Branch

Division of Cancer Treatment and Diagnosis, National Cancer Institute

2009年 2月13日 転載禁止 http://www.icrweb.jp/icr/

Publications Reviewed

• Searched Medline
• Hand screening of abstracts & papers
• Original study on human cancer patients
• Published in English before December 31, 

2004
• Analyzed gene expression of more than 

1000 probes
• Related gene expression to clinical 

outcome
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Types of Clinical Outcome

• Survival or disease-free survival

• Response to therapy
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• 90 publications identified that met criteria
– Abstracted information for all 90

• Performed detailed review of statistical 
analysis for the 42 papers published in 
2004
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• Good microarray studies have clear 
objectives, but not generally gene specific 
mechanistic hypotheses

• Case selection and analysis methods 
should be tailored to study objectives
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Good Microarray Studies Have 
Clear Objectives

• Class Comparison (Gene Finding)
– Find genes whose expression differs among 

predetermined classes, e.g. tissue or experimental 
condition

• Class Prediction
– Prediction of predetermined class (e.g. treatment 

outcome) using information from gene expression 
profile

• Class Discovery
– Discover clusters of specimens having similar 

expression profiles
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Class Comparison and Class 
Prediction

• Not clustering problems
– Global similarity measures generally used for 

clustering arrays may not distinguish classes
– Don’t control multiplicity or for distinguishing 

data used for classifier development from 
data used for classifier evaluation

• Supervised methods
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Major Flaws Found in 40 Studies 
Published in 2004

• Inadequate control of multiple 
comparisons in gene finding
– 9/23 studies had unclear or inadequate 

methods to deal with false positives
• 10,000 genes x .05 significance level = 500 false 

positives
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Do’s & Don’ts of Gene Finding

• Don’t use only fold-changes between 
groups to select genes

• Don’t use a .05 significance threshold to 
select the differentially expressed genes
– .05*10,000=500 false positives per 10,000 genes tested

• Do use a method to control the number of 
false positive differentially expressed 
genes or the false discovery rate 
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Analysis Strategies for Gene 
Finding

• Compare classes on a gene by gene basis 
using statistical tests
– Control for the large number of tests 

performed
– e.g. use 0.0001 threshold of significance
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Analysis Strategies for Gene 
Finding

• Select the most differentially expressed 
genes in a manner that limits the false 
discovery rate to a specified level (e.g. 
10%)
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Methods for Controlling the False 
Discovery Rate

• Benjamini-Hochberg

• SAM (Tocher et al.)

• Multivariate permutation test (Korn et al.)
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Components of Class Prediction 

• Gene selection
– Which genes will be included in the model

• Model type selection 
– e.g. Diagonal linear discriminant analysis, 

Nearest-Neighbor, …
• Fitting parameters for model

– Weights (regression coefficients)
– Cut-points
– Tuning parameters
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Myth

• Complex classification algorithms such as 
neural networks perform better than 
simpler methods for class prediction.
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• Comparative studies indicate that
– Standard statistical model development 

methods often over-fit the data and result in 
poor predictions

– Complex “artificial intelligence” methods are 
often improperly evaluated and perform no 
better than simpler methods on realistic 
problems

– Predictive classifiers designed to avoid over-
fitting generally perform as well or better than 
other methods
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• Predictive classifiers designed to avoid 
over-fitting generally perform as well or 
better than other methods

• Gene selection based on univariate correlation 
with outcome

• Model type linear or nearest neighbor classifiers
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Linear Classifiers for Two 
Classes
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Linear Classifiers for Two Classes

• Fisher linear discriminant analysis
• Diagonal linear discriminant analysis (DLDA) 

assumes features are uncorrelated
• Compound covariate predictor (Radmacher) 
• Golub’s weighted voting method
• Support vector machines with inner product 

kernel
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Advantages of Simple Linear 
Classifiers

• Do not over-fit data
– Incorporate influence of multiple variables 

without attempting to select the best small 
subset of variables

– Do not attempt to model the multivariate 
interactions among the predictors and 
outcome
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Nearest Neighbor Classifiers

• Nearest neighbor classification
• Nearest k-neighbors
• Nearest centroid classification
• Shrunken centroid classification
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Validating a Classifier

• Fit of a model to the same data used to 
develop it is no evidence of prediction 
accuracy for independent data
– Goodness of fit vs prediction accuracy

• Demonstrating statistical significance of 
prognostic factors is not the same as 
demonstrating predictive accuracy
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Validating a Classifier
• A set of genes is not a classifier
• Testing whether analysis of independent data results in 

selection of the same set of genes is not an appropriate 
test of predictive accuracy of a classifier
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Major Flaws Found in 40 Studies 
Published in 2004

• Inadequate control of multiple 
comparisons in gene finding
– 9/23 studies had unclear or inadequate 

methods to deal with false positives
• 10,000 genes x .05 significance level = 500 false 

positives

• Misleading report of prediction 
accuracy
– 12/28 reports based on incomplete cross-

validation
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Types of Validation for Prognostic 
and Predictive Biomarkers

• Analytical validation
– Pre-analytical and post-analytical robustness

• Clinical validation
– Does the biomarker predict what it’s 

supposed to predict for independent data
• Clinical utility

– Does use of the biomarker result in patient 
benefit
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Split-Sample Evaluation

• Training-set
– Used to select features, select model type, determine 

parameters and cut-off thresholds
• Test-set

– Withheld until a single model is fully specified using 
the training-set.

– Fully specified model is applied to the expression 
profiles in the test-set to predict class labels. 

– Number of errors is counted
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Split-Sample Evaluation

• Used for Rosenwald et al. study of 
prognosis in DLBL lymphoma.
– 200 cases training-set
– 100 cases test-set
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Leave-one-out Cross Validation

• Leave-one-out cross-validation simulates 
the process of separately developing a 
model on one set of data and predicting 
for a test set of data not used in 
developing the model
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Leave-one-out Cross Validation

• Omit sample 1
– Develop multivariate classifier from scratch on 

training set with sample 1 omitted
– Predict class for sample 1 and record whether 

prediction is correct
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Leave-one-out Cross Validation

• Repeat analysis for training sets with each 
single sample omitted one at a time

• e = number of misclassifications 
determined by cross-validation

• Subdivide e for estimation of sensitivity 
and specificity
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• Cross validation is only valid if the test 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 cross-validation.

• With proper cross-validation, the model must be 
developed from scratch for each leave-one-out 
training set. This means that feature selection 
must be repeated for each leave-one-out 
training set. 

• The cross-validated estimate of misclassification 
error is an estimate of the prediction error for 
model fit using specified algorithm to full dataset
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Prediction on Simulated Null Data

Generation of Gene Expression Profiles
• 14 specimens (Pi is the expression profile for specimen i)
• Log-ratio measurements on 6000 genes
• Pi ~ MVN(0, I6000)
• Can we distinguish between the first 7 specimens (Class 1) and the last 7 

(Class 2)?

Prediction Method
• Compound covariate prediction 
• Compound covariate built from the log-ratios of the 10 most differentially 

expressed genes.
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Myth

• Split sample validation is superior to 
LOOCV for estimating prediction error
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Comparison of Internal Validation Methods
Molinaro, Pfiffer & Simon

• For small sample sizes, LOOCV is much less 
biased than split-sample validation

• For small sample sizes, LOOCV is preferable to 
10-fold, 5-fold cross-validation or repeated k-fold 
versions

• For moderate sample sizes, 10-fold is preferable 
to LOOCV

• Some claims for bootstrap resampling for 
estimating prediction error are not valid for p>>n 
problems
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Do’s & Don’ts
Supervised Prediction

• Do frame a therapeutically relevant 
question and select a homogeneous set of 
patients

• Don’t violate the fundamental principle of 
classifier validation, i.e. no preliminary use 
of the test samples 

50



Pitfalls in the Development and Validation of 
Prognostic & Predictive Biomarker Classifiers 

Richard Simon, D.Sc.
Biometric Research Branch

Division of Cancer Treatment and Diagnosis, National Cancer Institute

2009年 2月13日 転載禁止 http://www.icrweb.jp/icr/

Do’s & Don’ts
Separate Test Set

• Don’t use any information from the test set 
in developing the classifier

• Do access the test set once and only for 
testing the fully specified classifier 
developed with the training data
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Do’s & Don’ts
Cross Validation

• Don’t use the same set of features for all 
iterations

• Do report error estimates for all classification 
methods tried, not just the one with the smallest 
error estimate

• Don’t consider that retaining a small separate 
test set adds value to a correctly cross-validated 
estimate of accuracy

• Do report the fully specified classifier with its 
parameters
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Myth

• For analyzing right censored data to 
develop predictive classifiers it is 
necessary to make the data binary
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Cross-validated Kaplan-Meier curves for risk groups using 
50th percentile cut-off
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Does an Expression Profile Classifier 
Predict More Accurately Than Standard 

Prognostic Variables?

• Not an issue of which variables are 
significant after adjusting for which others 
or which are independent predictors
– Predictive accuracy and inference are 

different
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Major Flaws Found in 40 Studies 
Published in 2004

• Inadequate control of multiple comparisons in gene 
finding
– 9/23 studies had unclear or inadequate methods to deal with 

false positives
• 10,000 genes x .05 significance level = 500 false positives

• Misleading report of prediction accuracy
– 12/28 reports based on incomplete cross-validation

• Misleading use of cluster analysis
– 13/28 studies invalidly claimed that expression clusters based on 

differentially expressed genes could help distinguish clinical 
outcomes

• 50% of studies contained one or more major flaws
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Cluster Analysis of Samples

• For discovering unanticipated structure 
and subsets of tissues 
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Cluster Analysis is Subjective

• Cluster algorithms always produce 
clusters

• Different clustering algorithms may find 
different structure using the same data.
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Class Comparison and Class 
Prediction

• Not clustering problems
– Global similarity measures generally used for 

clustering arrays may not distinguish classes
– Don’t control multiplicity or for distinguishing 

data used for classifier development from 
data used for classifier evaluation

• Supervised methods
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Do’s & Don’ts
Cluster Analysis

• Don’t use “supervised” cluster analysis 
based on genes selected as differentially 
expressed among classes
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BRB-ArrayTools
• Architect – R Simon
• Developer – Emmes Corporation

• Contains wide range of analysis tools selected by R 
Simon

• Designed for use by biomedical scientists
• Imports data from all gene expression and copy-number 

platforms
– Automated import of data from NCBI Gene Express Omnibus

• Highly computationally efficient
• Extensive annotations for identified genes
• Integrated analysis of expression data, copy number 

data, pathway data and data other biological data 62
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Predictive Classifiers in 
BRB-ArrayTools

• Classifiers
– Diagonal linear discriminant
– Compound covariate 
– Bayesian compound covariate
– Support vector machine with inner 

product kernel
– K-nearest neighbor
– Nearest centroid
– Shrunken centroid (PAM)
– Random forrest
– Tree of binary classifiers for k-

classes
• Survival risk-group

– Supervised pc’s
– With clinical covariates
– Cross-validated K-M curves

• Predict quantitative trait
– LARS, LASSO

• Feature selection options
– Univariate t/F statistic
– Hierarchical random variance 

model
– Restricted by fold effect
– Univariate classification power
– Recursive feature elimination
– Top-scoring pairs

• Validation methods
– Split-sample
– LOOCV
– Repeated k-fold CV
– .632+ bootstrap

• Permutational statistical 
significance
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BRB-ArrayTools
July 2008

• 8934 Registered users 
• 68 Countries
• 616 Citations
• 19,628 hits/month to website

• Registered users
– 4655 in US

• 898 at NIH
– 387 at NCI

• 2994 US EDU
• 1161 US Gov (non NIH)

– 4655 Non US
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Countries With Most BRB ArrayTools 
Registered Users

• Germany 292
• France 289
• Canada 287
• UK 278
• Italy 250
• China 241
• Netherlands 240
• Taiwan 222
• Korea 192
• Japan 187
• Spain 168

• Australia 155
• India 139
• Belgium 103
• New Zeland 63
• Brazil 54
• Singapore 53
• Denmark 52
• Sweden 50
• Israel 45
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