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Purpose of this document  

The purpose of this document is to guide CPGR members and external stakeholders who work  with 
the CPGR in the design, planning and execution of omics-based tests. 
 
For the avoidance of doubt, an omics based test is defined as ‘an assay composed of or derived from 
many molecular measurements and interpreted by a fully specified computational model to produce 
a clinically actionable result’. 
 
The recommendations highlighted in here were derived from relevant publications, in particular from 
a report published by The National Academies Press (NAP) titled ‘Evolution of Translational Omics: 
Lessons Learned and the Path Forward’ (1). 
 
The NAP report had been prepared in response to highly publicized failures of omics based tests at a 
late stage of development. Among others, it was developed as a guide for researchers and other 
stakeholders when planning to develop omics-based tests.  
 
The report structures the development process into stage (1) ‘discovery & test validation’ and stage 
(2) ‘evaluation for clinical utility and use’. An overview of the process is provided here.  
 
This document highlights issues and recommendations for omics based test development with an 
emphasis on stage 1 (discovery & test validation). 



Background  

In 2009, 3 clinical trials lead by Duke University were suspended because of the irreproducibility of genomic 
‘signatures’ used to select cancer therapies for patients (2, 3). The trials were based on filed patent applications and 
published papers describing genomic predictors — computer algorithms that take gene-expression data from a 
cancer cell and predict whether the cancer will be sensitive to a particular therapy.  
 
The trials were suspended following an intense investigation conducted by a group of researchers led by Keith 
Baggerly at the University of Texas MD Anderson Cancer Center who had raised concerns over the quality and 
reproducibility of the data reported in these publications. A high-profile paper published in the Journal of Clinical 
Oncology was retracted on November 16, 2010 as a consequence thereof (4). 
 
Unfortunately, cases like this – as extreme as they may be – are merely the tip of the proverbial ‘omics’ iceberg. A 
recent study found that only 2 out of 18 (= 11%) published microarray gene-expression results were exactly 
reproducible (5). Ten of the studies (= 55%) could not be repeated at all, mainly due to inadequate reporting of 
results.  
 
Indeed, a recent study tested the ability of 27 laboratories to evaluate standardized samples containing 20 highly 
purified recombinant human proteins with mass spectrometry, a simple challenge compared to the thousands of 
proteins involved in clinical samples. Only seven laboratories (= 26%) reported all 20 proteins correctly, and only one 
lab captured all tryptic peptides of 1250 daltons (6). 
 
Despite the efforts that go into large-scale ‘omics’ driven biomarker discovery, few biomarkers reach clinical 
practice. In fact, few discoveries (currently much less than 1%) progress far in the translation process (7). And if they 
do, a huge risk of failure remains because of the flaws in the process leading to the generation of ‘omics’ signatures. 



(1) Discovery & test validation  (2) Evaluation for Clinical Utility & Use 

(A) Discovery (B) Test validation  

Candidate test 
developed on training 
set, followed by lock-
down of all 
computational 
procedures 

Confirmation of 
candidate omics-
based test using: 
1. An independent 

sample set if 
available 
(preferred) OR 

2. A subset of the 
training net NOT 
used during 
training (less 
preferred) 

IRB approval & consultation 
with the FDA 

Define 
clinical 

test 
method 

Analytical 
validation 

Clinical / 
biological 
validation 

using 
blinded 
sample 

set 

Defined, validated, and locked 
down test (intended use, 
assay, computational 
procedures and interpretation 
criteria) 

Omics test development overview  

3 potential pathways (IRB approval & FDA consultation) 

Prospective / 
retrospective 

study with 
archived 

specimens  

Prospective 
clinical trial; 

test does NOT 
direct patient 
management 

Prospective 
clinical trial; 
test directs 

patient 
management 

IDE needed? 

No No Yes 

FDA approval / clearance or LDT process for Clinical Test 

Additional high quality evidence to evaluate clinical utility of test 

Practice guidelines & reimbursement 

Clinical use 

FDA, Food & Drug Administration; IDE, Investigational Device Exemption; LDT, Laboratory Developed Test; dotted box = CLIA Certified Laboratory; CLIA, Clinical Laboratory Improvement Amendments   



Stage 1A: Discovery  

When candidate omics-based tests from the discovery phase are intended for further clinical 
development, the following criteria should be satisfied and fully disclosed (for example, through 
publication or patent application) to enable independent verification of the findings: 
 
1. Candidate omics-based tests should be confirmed using an independent set of samples, not 

used in generation of the computational model and, when feasible, blinded to any outcome or 
other phenotypic data until after the computational procedures have been locked down and 
the candidate omics-based test has been applied to the samples; 
 

2. The data and metadata used for development of the candidate omics-based test should be 
made available in an independently managed database (e.g., the databases of Genotypes and 
Phenotypes [dbGaP]) in standard format; 
 

3. The computer code and fully specified computational procedures used for development of the 
candidate omics-based test should be made sustainably available; and  
 

4. The candidate omics-based test should be defined precisely, including the molecular 
measurements, the computational procedures, and the intended clinical use of the test, in 
anticipation of the test validation phase. 



Two primary scientific causes for failure of a candidate omics-based test to progress to 
clinical use are: 
1. An omics-based test may not be adequately designed for answering a specific, well-defined, and 

relevant clinical question.  
2. Omics-based discovery studies may not be conducted with adequate statistical or bioinformatics 

(including flaws introduced by ‘over-fitting’) rigor, making it unlikely or even impossible that the 
candidate test will prove to be clinically valid or useful.  

 
Before embarking on omics-based discovery, it is worth considering whether or not the test that will 
eventually be developed has a reasonable chance of demonstrating clinical validity and utility. For 
example, the sensitivity and specificity needed, particularly in light of the prevalence of the condition 
in the population to be tested, should be considered. 
 
Several steps need to be followed to achieve this goal:  
 (1) data quality control;  
 (2) computational model development and cross-validation;  
 (3) confirmation of the computational model on an independent dataset; and  
 (4) release of data, code, and the fully specified computational procedures to the scientific 
 community.  
 
Each of these steps is discussed in more detail below. 

Common reasons for test development failure  



Step 1: Data quality control 

As in most areas of science, data quality control is a crucial first step. Because omics datasets are typically 
composed of many thousands, if not millions, of measurements, data quality control is often performed 
computationally. For instance, an investigator might remove genes expressed across conditions near or below 
background levels on a microarray. The reproducibility of the measurements from run to run (the technical 
variance) also needs to be assessed.  
 
Furthermore, it may be useful to closely examine aspects of experimental design, including sample run date and 
other possible confounding factors such as the source of the tissue analyzed (including normal control tissue) and 
potential heterogeneities within the tissues, to determine if these have had an effect on the data. This is 
particularly important because factors such as run date or machine operator can in some instances have a much 
larger effect on omics measurements than the factors of biological interest (eg time to disease recurrence or cancer 
subtype). 
 
It is essential that such quality assessment evaluations of the data be done in a blinded fashion, without knowledge 
of the clinical status or treatment outcomes of the patients whose specimens were tested. In addition, investigators 
should define expectations for successful confirmation of a computational model before proceeding to step 3. 
 
Data quality questions 
1. What do we know about data generation?  
2. Has there been consistent use of methodologies?  
3. Were quality control measures in place and had they been followed?  
4. Were data generated on the same or different dates?  
5. Were data generated by different operators? 
6. What constitutes a successful computational model?  
7. What is the clinical outcome that the computational model aims to define, diagnose, prognose or predict? Has 

this been well defined? 



1. In most omics based test development cases, the # of biological data points far exceeds the # of biological 
samples. Therefore, given a typical omics dataset and associated clinical outcome, ‘it is nearly always possible 
to develop a computational model that fits the data perfectly, even in the absence of any true association of 
omics measurements and clinical outcome’ (1). Notably, ‘a computational model’s ultimate utility is measured 
by its performance on future patients rather than its performance on patients comprising the original dataset 
used to develop the computational model’ (1). 
 

2. There are two methods to assess and mitigate risks at this stage of development:  
1. Training set / test set approach  
2. Cross-validation approach   

 
3. Training set / test set:  

1. This applies when 2 completely independent data-sets are available.  
2. Ideally, an investigator will develop a computational model using two distinct data sets, referred to as a 

training set and a test set, each composed of independent samples that have been collected and 
processed by different sets of investigators at different institutions. Because any computational model 
contains a number of possible tuning parameters, and there are multiple ways to normalize the data, 
each choice of tuning parameter, normalization technique, and so forth can be considered a separate 
computational model.  

4. Cross-validation:  
1. This applies when only one data-set is available. 
2. It is a statistical method for preliminary confirmation of a model's performance using a single data set, by 

dividing the data into multiple segments, and iteratively fitting the model to all but one segment and 
then evaluating its performance on the remaining segment. Cross-validation should not be confused with 
analytical and clinical/biological validation. 

Step 2: Computational model development & cross-validation 



Step 3: Confirmation on an independent dataset 

Candidate omics-based tests should be confirmed using an independent set of samples 
not used in generation of the computational model and, when feasible, blinded to any 
outcome or phenotypic data until after the computational procedures. 
 
The independent specimen and clinical data set must be relevant to the intended use of 
the candidate omics-based test. Specifically, patients with the same type of disease, the 
same stage and same clinical setting for which the candidate test is intended to be used in 
the future must be used for the independent confirmation of the candidate omics-based 
test.  
 
Ideally, the specimens for independent confirmation will have been collected at a 
different point in time, at different institutions, from a different patient population, with 
samples processed in a different laboratory to demonstrate that the test has broad 
applicability and is not overfit to any particular situation. 



Step 4: Release of data, code, and fully specified comp. procedures to the scientific community  

Data and metadata used for development of the candidate omics-based test should be 
made available in an independently managed database (e.g., the databases of Genotypes 
and Phenotypes [dbGaP]) in standard format. 
 
In addition, computer code and fully specified computational procedures used for 
development of the candidate omics-based test should be made sustainably available. 
This is in view that journals require authors to make data, meta-data and pre-specified 
analysis plan, computer code, and fully specified computational procedures publicly 
available. 
 
See also Funder Requirements. 
 



Stage 1b: Test validation  

An omics-based test consists of both the data-generating assay and the fully specified 
computational procedures used for analysis of the assay data. The committee recommends that 
both components of omics-based tests used to direct patient management in a clinical trial setting 
should be validated during the test validation phase using the following steps: 
 
1. The candidate omics-based test and its intended use should be discussed with the Food and Drug 

Administration (FDA) prior to initiation of validation studies. 
 

2. Test validation should be performed in a CLIA-certified clinical laboratory, beginning with a 
defined candidate omics-based test from the discovery phase. 
 

3. The CLIA-certified laboratory should design, optimize, validate, and implement the omics-based 
test under current clinical laboratory standards. 
 

4. If the omics-based test will be performed in more than one CLIA-certified laboratory for a clinical 
trial, analytical validation and CLIA requirements for the same omics-based test should be met by 
each laboratory, working with the primary laboratory. 



ADDENDUM 



Definitions  

 Term Definition  
Analytical Validation Traditionally, “assessing [an] assay and its measurement performance characteristics, determining the range of conditions under which the assay will 

give reproducible and accurate data.”a With respect to omics, assessing a test’s “ability to accurately and reliably measure the …analyte[s]…of interest in 

the clinical laboratory, and in specimens representative of the population of interest.” 

Biomarker “A characteristic that is objectively measured and evaluated as an indicator of normal biological processes, pathogenic processes, or pharmacologic 

responses to a[n] …intervention.” 

Clinical Utility “Evidence of improved measurable clinical outcomes, and [a test’s] usefulness and added value to patient management decision-making compared with 

current management without [omics] testing.”b  

Clinical/Biological 

Validation 

Assessing a test’s “ability to accurately and reliably predict the clinically defined disorder or phenotype of interest.”b 

Cross-validation A statistical method for preliminary confirmation of a computational model's performance using a single data set, by dividing the data into multiple 

segments, and iteratively fitting the model to all but one segment and then evaluating its performance on the remaining segment. 

Effect Modifier A measure that identifies patients most likely to be sensitive or resistant to a specific treatment regimen or agent. An effect modifier is particularly 

useful when that measure can be used to identify the subgroup of patients for whom treatment will have a clinically meaningfully favorable benefit-to-

risk profile. 

High-Dimensional Data Large datasets characterized by the presence of many more predictor variables than observations, such as datasets that result from measurements of 

hundreds to thousands of molecules in a relatively small number of biological samples. The analysis of such datasets requires appropriate computing 

power and statistical methods. 

Omics Scientific disciplines comprising study of related sets of biological molecules. Examples of omics disciplines include genomics, transcriptomics, 

proteomics, metabolomics, and epigenomics. 

Omics-Based Test An assay composed of or derived from many molecular measurements and interpreted by a fully specified computational model to produce a clinically 

actionable result. 

Overfitting Occurs when the model-fitting process unintentionally exploits characteristics of the data that are due to noise, experimental artifacts, or other chance 

effects that are not shared between data sets, rather than to the underlying biology that is shared between data sets. Overfitting leads to a statistical or 

computational model that exhibits very good performance on the particular data set on which it is fit, but poor performance on other data sets Although 

not unique to omics research, the chance of overfitting increases when the model has a large number of measurements relative to the number of 

samples. 

Pre-analytical Variables Aspects of sample collection and handling that need to be standardized and documented prior to test development and use. 

Predictive Factor An effect modifier of treatment. 

Prognostic Factor A measure correlated with a clinical outcome in the setting of natural history or a standard of care regimen; It is a variable used to estimate the risk of or 

time to clinical outcomes.  

Statistics and 

Bioinformatics Validation 

Verifying that the omics-based test can perform its intended task. Ideally, this involves assuring that the test can accurately predict the clinical outcome 

of interest in an independent set of samples that were not used in developing the test. Such validation is particularly important as omics tests typically 

involve computational models whose parameters can be overfit in any single dataset, leading to an overly optimistic sense of the test’s accuracy. 



Categories of biomarker use 

Use  Description  

Discovery Identification of biochemical, image, or other biomarkers associated with a disease, condition, or behavior of 

interest; biomarkers identified may be screened for many potential uses, including as a target for intervention to 

prevent, treat, or mitigate a disease or condition 

Early product 

development 

Biomarkers used for target validation, compound screening, pharmacodynamic assays, safety assessments, and 

subject selection for clinical trials, and as endpoints in early clinical screening (i.e., Phase I and II trials)  

Surrogate 

endpoints for 

claim and 

product 

approvals 

Biomarkers used for Phase III clinical testing or to substantiate claims for product marketing when the effect of 

treatment on the biomarker reliably predicts the effect of treatment on a direct measure of how a patient feels, 

functions or survives. 

Clinical practice Biomarkers used by clinicians for uses such as risk stratification, disease prevention, screening, diagnosis, 

prognosis, therapeutic monitoring, and posttreatment monitoring 

Clinical practice 

guidelines 

Biomarkers used to make generalized recommendations for healthcare practitioners in the areas of risk 

stratification, disease prevention, treatment, behavior/lifestyle modifications, and more 

Comparative 

efficacy and 

safety 

Biomarkers used in clinical studies looking at the relative efficacy, safety, and cost effectiveness of any or all 

interventions used for a particular disease or condition, including changes in behavior, nutrition, or lifestyle; 

these studies are a component of comparative effectiveness research 

Public health 

practice 

Biomarkers used to track public health status and make recommendations for prevention, mitigation, and 

treatment of diseases and conditions at the population level 



Use of biomarkers in clinical practice  

Clinical Biomarker Use  Clinical Objective 

    

Disease risk stratification  Assess the likelihood that disease will develop (or recur)  

    

Screening  Detect and treat early-stage disease in the asymptomatic population  

    

Diagnosis/Differential Diagnosis Definitively establish the presence and precise description of disease 

    

Classification  Classify patients by disease subset 

    

Prognosis  Estimate the risk of or the time to clinical outcomes. 

    

Prediction/treatment stratification Predict response to particular therapies and choose the drug that is mostly likely to yield a 

favorable response in a given patient. 

    

Therapy-related risk management Identify patients with a high probability of adverse effects of a treatment 

    

Therapy monitoringb  Determine whether a therapy is having the intended effect on a disease and whether adverse 

effects arise 

    

Posttreatment monitoring  Early detection and treatment of advancing disease or complications 



Funder recommendations 

All funders of omics-based translational research should: 
1. Require investigators to make all data, metadata, pre-specified analysis plans, code, and fully 

specified computational procedures publicly available and readily interpretable either at the 
time of publication or, if not published, at the end of funding, and funders should financially 
support this requirement; 

2. Provide continuing support for independent repositories to guarantee ongoing access to 
relevant omics and clinical data; 

3. Support test validation in a CLIA-certified clinical laboratory and consider the usefulness of an 
independent confirmation of a candidate omics-based tests prior to evaluation for clinical use; 

4. Designate an official to alert the institutional leadership when serious allegations or questions 
have been raised that may warrant an institutional investigation; if the funder (e.g., the National 
Institutes of Health) has initiated that question, then the funder and institution should 
communicate during the investigation; and  

5. Establish lines of communication with other funders to be used when serious problems appear 
to involve interdependent research sponsored by another funder along the omics-based test 
development process. 

6. Federal funders of omics-based translational research should have authority to exercise the 
option of investigating any research being conducted by a funding recipient after requesting an 
investigation by the institution. 
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