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1.	
  prognos7c	
  biomarkers,	
  which	
  affect	
  the	
  outcome	
  of	
  pa/ents	
  in	
  
terms	
  of	
  a	
  clinical	
  endpoint	
  	
  
2.	
   predic7ve	
   biomarkers,	
   which	
   affect	
   the	
   effect	
   of	
   a	
   specific	
  
treatment	
  on	
  a	
  clinical	
  endpoint	
  
3.	
  surrogate	
  biomarkers,	
  which	
  may	
  replace	
  a	
  clinical	
  endpoint	
  in	
  
clinical	
   trials	
   carried	
   out	
   to	
   evaluate	
   the	
   effect	
   of	
   a	
   specific	
  
treatment	
  
	
  

        TYPES OF BIOMARKERS 

Buyse & Michiels, in Kelly & Halabi, Oncology Clinical Trials 2010 

“a	
  characteris/c	
  that	
  is	
  objec/vely	
  measured	
  and	
  evaluated	
  as	
  an	
  
indicator	
  of	
  normal	
  biological	
  processes,	
  pathogenic	
  processes,	
  or	
  
pharmacologic	
  responses	
  to	
  a	
  therapeu/c	
  interven/on”	
  (FDA)	
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Prognostic and predictive biomarkers 
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Buyse & Michiels, in 
Kelly & Halabi, 
Oncology Clinical 
Trials: Successful 
design, conduct and 
analysis 2010 
	
  
	
  

Std:	
  standard	
  arm;	
  Exp:	
  
experimental	
  arm	
  



Outline 

•  1) Meta-analyses of prognostic biomarkers 

–  Circulating tumour cells (CTC) in metastatic breast cancer 

–  Gene expression signatures 

•  2) Meta-analysis of predictive biomarkers: ERCC1 in non-

small cell lung cancer (NSCLC) 

•  3) Surrogate biomarker evaluation in the meta-analytic setting 



Studies included in the CTC study 

Flow chart 

#2,400	
  poten7ally	
  eligible	
  
pts	
  in	
  18	
  centers	
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  study	
  

Le#er	
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  intent	
  

Call	
  
for	
  
data	
  

2,174	
  pt	
  data	
  received	
  

Data	
  
cleaning	
  

230	
  
ineligible	
  pts	
  

1,944	
  individual	
  	
  
pa7ent	
  data	
  

from	
  17	
  centers	
  	
  
included	
  

Bidard et al Lancet Oncol 2014 

Goals: 
	
  
•  Analysis	
  in	
  homogeneous	
  fashion	
  (both	
  

endpoints	
  and	
  biomarker	
  data)	
  

•  Resolve	
  conflic/ng	
  results	
  between	
  studies	
  
(heterogeneity)	
  	
  

•  Increase	
  sta/s/cal	
  power	
  (published	
  and	
  
unpublished)	
  

•  Adjust	
  for	
  clinicopathological	
  factors	
  

•  Added	
  value	
  to	
  established	
  
clinicopathological	
  factors	
  

•  Subgroups	
  
	
  
	
  



Overall Survival 
 

N= 1,944 patients 
HR = 2.77 
p<0.0001 

Kaplan-Meier Curve of OS by Baseline CTC Count
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CTC in metastatic breast cancer study 



Early breast cancer:  
prognostic signatures 

Clinicopathological model 
•  Adjuvant!: age, tumour size, nodal status, histological tumour grade, ER 

(hormone recepter), comorbidity 

Available gene signatures for a price of 400-3000$… 
•  IHC4: 4 genes i.e. Ki67, ER, PR, HER2  

•  Oncotype Dx: 16 cancer genes including Ki67, ER, PR, HER2 

•  PAM50: 50 genes including Ki67, ER, PR, HER2  

•  Mammaprint Dx: 70 genes 

•  Endopredict: 8 cancer genes 

•  Mapquant Dx : 97 genes (GGI) 

•  … 



Pooled gene expression analysis of 
neoadjuvant chemotherapy trials in breast 

cancer: flow chart 
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Microarray technology measures the mRNA levels 
of tens of thousands of genes in tissue samples 
simultaneously in a high-throughput and cost-

effective manner. Since its introduction over a decade ago [1], 
it has found widespread use in the fields of molecular genetics 
and functional genomics. It has been applied in order to 
understand underlying biological mechanisms [2], to discover 
novel subgroups of diseases [3–5], to examine drug response 
[6,7], to classify patients into disease groups [3], and to 
predict disease outcomes [8–10]. Some molecular signatures 
discovered with microarray technology are now being 
evaluated in prospective randomized clinical trials [11,12].

Despite their great promise, microarray-based studies may 
report findings that are not reproducible [13] or not robust 
to the mildest of data perturbations [14,15]. Common causes 
include improper analysis or validation, insufficient control of 
false positives, and inadequate reporting of methods [16,17]. 
The situation is exacerbated by the small sample sizes relative 
to large numbers of potential predictors; typically tens of 
thousands of probes are investigated in only tens or hundreds 
of biological samples.

Generalizability across studies [18] also needs to be 
assessed before considering widespread practical application. 
For example, the findings of a study using historical controls 
from a particular geographical region may not be applicable 
to newer cohorts of patients or different regions.

Combining information from multiple existing studies can 
increase the reliability and generalizability of results. The use 
of statistical techniques to combine results from independent 
but related studies is called “meta-analysis.” However, 
the term meta-analysis is also widely used to describe the 
whole study process (as we do here), not just the statistical 
techniques, for which an alternative term is a “systematic 
review.” Through meta-analysis, we can increase the statistical 
power to obtain a more precise estimate of gene expression 
differentials, and assess the heterogeneity of the overall 
estimate. Meta-analysis is relatively inexpensive, since it makes 
comprehensive use of already available data.

Indeed, the advantages of meta-analysis of gene expression 
microarray datasets have not gone unnoticed by researchers 
in various fields [19–28]. Several meta-analysis techniques 
have been proposed in the context of microarrays 
[19,22,29–40]. However, no comprehensive framework exists 
on how to carry out a meta-analysis of microarray datasets.

There is a considerable literature to guide the whole review 
process, including statistical methods for clinical trials and 
epidemiological studies [41–43]. As yet, however, there is 
little guidance for conducting a meta-analysis of microarray 

datasets. Therefore, in this paper, we disentangle this 
complex topic and identify seven distinct key issues specific to 
meta-analysis of microarray datasets, each comprising several 
steps. The first five issues are related to data acquisition and 
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Summary Points

have led to the generation of many highly complex datasets 
that often try to address similar biological questions.

from independent but related studies, is a relatively 
inexpensive option that has the potential to increase both the 
statistical power and generalizability of single-study analysis.

general, is desirable, and is much enhanced when raw data are 
available.

in conducting meta-analysis of microarray datasets: (1) Identify 
suitable microarray studies; (2) Extract the data from studies; 
(3) Prepare the individual datasets; (4) Annotate the individual 
datasets; (5) Resolve the many-to-many relationship between 
probes and genes; (6) Combine the study-specific estimates; 
(7) Analyze, present, and interpret results.

reviewing such a meta-analysis. 

of high-throughput biological data analysis.
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Reporting Recommendations for Tumor Marker
Prognostic Studies (REMARK): Explanation and
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Background

The purpose of this paper is to provide more complete
explanations of each of the Reporting Recommendations for
Tumor Marker Prognostic Studies (REMARK) checklist items and
to provide specific examples of good reporting drawn from the
published literature. The initial REMARK paper [1–7] recom-
mended items that should be reported in all published tumor
marker prognostic studies (Table 1). The recommendations were
developed by a committee initially convened under the auspices of
the National Cancer Institute and the European Organisation for
Research and Treatment of Cancer. They were based on the
rationale that more transparent and complete reporting of studies
would enable others to better judge the usefulness of the data and to
interpret the study results in the appropriate context. Similar
explanation and elaboration papers had been written to accompany
other reporting guidelines [8–11]. No changes to the REMARK
checklist items are being suggested here. We hope that the current
paper will serve an educational role and lead to more effective
implementation of the REMARK recommendations, resulting in
more consistent, high quality reporting of tumor marker studies.
Our intent is to explain how to properly report prognostic marker

research, not to specify how to perform the research. However, we
believe that fundamental to an appreciation of the importance of
good reporting is a basic understanding of how various factors such as
specimen selection, marker assay methodology, and statistical study
design and analysis can lead to different study results and
interpretations. Many authors have discussed the fact that widespread
methodological and reporting deficiencies plague the prognostic
literature in cancer and other specialties [12–21]. Careful reporting of
what was done and what results were obtained allows for better
assessment of study quality and greater understanding of the
relevance of the study conclusions. When available, we have cited
published studies presenting empirical evidence of the quality of
reporting of the information requested by the checklist items.
We recognize that tumor marker studies are generally

collaborative efforts among researchers from a variety of
disciplines. The current paper covers a wide range of topics and
readers representing different disciplines may find certain parts of
the paper more accessible than other parts. Nonetheless, it is
helpful if all involved have a basic understanding of the collective
obligations of the study team.
We have attempted to minimize distractions from more highly

technical material by the use of boxes with supplementary
information. The boxes are intended to help readers refresh their

memories about some theoretical points or be quickly informed
about technical background details. A full understanding of these
points may require studying the cited references.
We aimed to provide a comprehensive overview that not only

educates on good reporting but provides a valuable reference for
the many issues to consider when designing, conducting and
analyzing tumor marker studies. Each item is accompanied by one
or more examples of good reporting drawn from the published
literature. We hope that readers will find the paper useful not only
when they are reporting their studies but also when they are
planning their studies and analyzing their study data.
This paper is structured as the original checklist, according to

the typical sections of scientific reports: Introduction, Materials
and Methods, Results, and Discussion. There are numerous
instances of cross-referencing between sections reflecting the fact
that the sections are interrelated; for example, one must speak
about the analysis methods used in order to discuss presentation of
results obtained using those methods. These cross-references do
not represent redundancies in the material presented and readers
are reminded that distinctions in focus and emphasis between
different items will sometimes be subtle.
One suggestion in the REMARK checklist is to include a

diagram showing the flow of patients through the study (see Item
12). We elaborate upon that idea in the current paper. The flow
diagram is an important element of the Consolidated Standards of
Reporting Trials (CONSORT) Statement, which was developed
to improve reporting of randomized controlled trials (RCTs)
[8,22,23]. Many papers reporting randomized trial results present
a flow diagram showing numbers of patients registered and

The Guidelines and Guidance section contains advice on conducting and
reporting medical research.
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2.5% and 97.5% quantiles of  
gene modules scaled to [-1,1]  

within a study 
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OR: odds ratio for a 1-unit change 
        in gene module, adjusted  
        for clinicopathological factors 
FDR: false discovery rate 
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Adjusted HR=1.14, 95%CI [0.84-1.55], P = 0.40  
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Meta-analysis (LACE-BIO): Trial effect with 
the same antibody for the 3 trials (Ab3) 
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Validation criteria using several 
trials 

 
Parameters of interest 

–  effect of treatment on surrogate endpoint  
–  effect of treatment on true endpoint  
–  effect of surrogate on true endpoint  

–  measure of association between surrogate endpoint and 
true endpoint (R²individual) 

–  measure of association between effects of treatment on 
surrogate endpoint and on true endpoint (R²trial) 

 
 
Buyse et al, Biostatistics 2000;1:49; Gail et al, Biostatistics 2000;1:231. 



Prediction of treatment effect:  
several trials 
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CT vs no CT 
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Mauguen et al, Lancet Oncol 2013 



WHERE ARE WE IN ONCOLOGY WITH DISEASE-
FREE/PROGRESION-FREE SURVIVAL? 

•  Adjuvant setting: DFS can be used as a surrogate for OS 
-   CT in colorectal cancer (Sargent et al, JCO 2005) 
-   CT in gastric cancer (GASTRIC group, JNCI 2013) 
-  CT in lung cancer (Mauguen et al Lancet Oncol 2013) 
-  CT in head and neck cancer (Michiels et al, Lancet Oncol 2009) 

•  Locally advanced setting: validated surrogates for OS 
-    EFS for CT/RT in head-neck cancer (Michiels et al Lancet Oncol 2009) 
-    PFS for CT/RT in lung cancer (Mauguen et al Lancet Oncol 2013) 

•  Advanced setting: can PFS be used as a surrogate for OS ?  
       -   Strong correlation for CT in colorectal cancer (Buyse et al 2007) 

-   Moderate correlation for CT in lung (Laporte et al, BMJ Open 2013) 
-  Moderate correlation for CT in gastric cancer (GASTRIC, JNCI 2013) 
-  Low correlation for CT in breast (Burzykowski et al JCO 2007; Michiels et 

al ASCO 2013) 
 
Needs to be repeated using data from trials investigating new agents 

such as targeted therapy! 

 
 
 
 
 
 
 

  


