
Introduction

Numerous putative biomarkers or panels of biomarker 
candidates for prognosis and diagnosis of cancer are 
reported in the literature. Nevertheless, only a very small 
number of these candidates are validated in subsequent 
studies (Chatterjee&Zetter 2005, Liotta&Petricoin 2008, 
Whiteley 2008). This high attrition rate can be attributed 
to inadequate planning of experiments using sound 
statistical principles of experimental design and the lack 
of high standardization and comprehensive quality con-
trol principles, thereby challenging the reproducibility 
of experimental findings in discovery studies (Hu et al. 
2005, Pepe et al. 2001).

The use of banked specimens is attractive for biomar-
ker discovery. Biological samples, including serum/
plasma, DNA/RNA or tissues, have been collected, 
processed and stored in biobanks for many years 
in laboratories, clinical departments and hospitals. 
However, as sample handling and storage conditions in 
specimens frozen over long periods of time are neither 
consistent nor thoroughly evaluated and documented, 

many putative biomarker discoveries fail to be vali-
dated. Good laboratory practices and stringent quality 
control systems for sample handling and storage condi-
tions in specimens frozen over long periods of time are 
crucial for biomarker discovery to yield results that are 
reproducible.

These concerns have resulted in several leading 
laboratories in human cancer biomarker research to 
mandate both experimental and preanalytical stand-
ards that guarantee uniformity in specimen collec-
tion, handling and storage (Banks et al. 2005, Raiet al. 
2005, Schrohlet  al. 2008). The UK and the Norwegian 
biobanks’ sample handling and storage protocols 
for sample processing and archiving are examples of 
nationwide efforts to standardize some of these critical 
issues (Downey &Peakman 2008, Elliott &Peakman 2008, 
Rønningen et  al. 2006). Ideally, biomarker discovery 
projects should be restricted to specimens collected by 
rigorous adherence to banking protocols. Additionally, 
diligent tracking and documentation of all preanalyti-
cal variables are essential, including full annotation of 
patient data and monitoring every single protocol step 
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from type and form of blood collection tube chosen, to 
storage temperature as changes of laboratory practices, 
technologies and related protocols over time might 
influence biomarker study outcome (Diamandis 2004a, 
b, Drake et al. 2004, Hill et al. 1992, Smetset al. 2004).

This work was motivated by our study of the effects of 
historically made changes in collection, handling and 
storage of samples on the resulting success of biomar-
ker discovery studies. Change in the overall concentra-
tion levels of markers can be caused by various factors, 
such as the number of freeze–thaw cycles or chemical 
activity, which might modify the stored material. For 
instance, formalin fixation and paraffin embedding 
(FFPE) is the most commonly used method worldwide 
for tissue storage. FFPE preserves the tissue integrity 
but causes extensive damage to nucleic acids caus-
ing chemical changes and degradation in tissue DNA, 
RNA and protein (Farragheret al. 2008, von Ahlfenet al. 
2007). In this analysis, we assume that there exists a 
gradual degradation of the concentration of individual 
biochemical analytes over time in biological specimens 
that are subject to poor storage and handling condi-
tions. Time is not the only factor likely to influence 
changes in measured marker levels; nevertheless, it 
is a very important one. Other factors such as speci-
men size, or even conditions such as temperature and 
treatment of the samples prior to storage can influence 
the concentration as well. This degradation in samples 
specific to true biomarkers of the outcome of interest 
often translates to loss in statistical power and the fail-
ure to detect clinically relevant analytes. To quantify the 
loss in statistical power due to sample degradation over 
time, we present results from simulation studies of sin-
gle variable and multivariate models commonly used 
for the analysis of data generated from high-throughput 
technologies in system biology studies. In all the analy-
ses reported here, we assume that there are two groups 
being compared, referred to as ‘cases’ and ‘controls’.

Methods

We first describe simulations assessing the effects of 
degradation for true univariate (or individual) biomar-
kers that are significantly associated with outcome. 
Subsequently, the consequences of degradation for 
multianalyte biomarker sets, i.e.panels of biomarkers 
that are predictive of outcome, are explored.

Notation

Let the random variable X denote the natural log- 
transformed levels of an analyte of interest. Then if X is a 
univariate biomarker of treatment, it satisfies:

µ ≠ µx
Case

x
Control

 where µx
Case denotes the expected value (mean) of X in 

the population of cases and µx
Control denotes the expected 

value (mean) of X in the population of controls. In our 
simulations, X was simulated according to a Gaussian dis-
tribution with variance 0.2 in each group. The difference 
between the expected value of X between the cases and 
controls (i.e. − m mx

Case
x
Control ) was varied between ln(1.5) 

and ln(1.0), resulting in a mean fold changes (MFC) 

(i.e.
 m mx

Case
x
Control/

) ranging between 1.5 and 1.

Univariate biomarkers of outcome study design and 
model

The goal of the simulation studies was to quantify the 
loss in statistical power for the detection of individual 
biomarkers, resulting from the degradation for biomarker 
levels in samples due to poor storage conditions.

Simulation study

One hundred datasets each consisting of 1000 analytes 
weregenerated for sample sizes of (1) 100 cases versus 100 
controls and (2) 300 cases versus 300 controls. The per-
centage of true biomarkers in the dataset was assumed to 
be 1%, 2% or 3%, respectively. The statistical significance 
of each analyte was determined using a t-test. For each 
analyte, adjustment for multiple comparisons was car-
ried out according to the methods for controlling the false 
discovery rate (FDR) (described in Benjamini &Hochberg 
1995). For each of the conditions evaluated (sample size, 
MFC and proportion of biomarkers), the overall power 
was estimated as the proportion of all true biomarkers 
found to be statistically significant, when allowing an 
FDR of at most 5%.

Multianalyte biomarker set of outcome study design 
and model

The goal of the multivariate simulation study was to assess 
loss in statistical power to detect a multianalyte panel of 
biomarkers, resulting from the degradation for biomarker 
levels in samples due to poor storage conditions.

The simulations were conducted under the assump-
tion that all analytes are independent, distributed 
according to a log-normal distribution characterized by 
a within-group biological variability of 0.2. We further 
assumed that profiling of 1000 analytes was conducted 
and either 1%, 2% or 3% were true biomarkers of the 
outcome of interest.Each analyte was assumed to have 
the identical value of MFC reflecting the ratio of the 
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average intensity of an analyte signal in the case group 
and the average intensity of the same analyte signal in 
the control group.

Each value of MFC was directly translated to an average 
case/control status classification accuracy or correspond-
ing area under the curve (AUC) statistic associated with 
the multi-panel of a biomarker set that included either 10, 
20 or 30 analytes at the particular value of MFC and sam-
ple size. The results shown are averages of 100 simulated 
datasets. For each simulated dataset, the class prediction 
algorithm PAM (Tibshiraniet al. 2002) was used to obtain 
the optimal biomarker set for predicting the case/control 
status of an individual subject. A p-value denoting the 
statistical significance of each classifier was calculated by 
comparing the prediction accuracy of the classifier with 
the distribution of prediction accuracy obtained under 
the null hypothesis (i.e. when all 1000 simulated analytes 
have a mean fold change of 1.0). Statistical power was 
then calculated as the proportion of p-values (among 100 
simulated datasets) that were less than 0.05.

Results

The results described below quantify the loss in statistical 
power to detect individual biomarkers and multi-panel 
biomarker sets as a result of degradation of individual 
analyte levels in samples subject to poor sample handling 
and storage conditions. We assume that degradation of 
analyte levels in biological specimens result in diminish-
ing values of MFC, reflecting smaller differences between 
mean biomarker levels in cases when compared with 
controls among samples subject to poor handling/stor-
age. The results of the simulations of the single variable 
and multivariate models exploring storage effects are 
described below.

Simulations of storage effects on univariate 
biomarkers of outcome

To explore the impact on statistical power to discover true 
biomarkers, we conducted various simulation studies 
assuming sample sizes of 100 (300) cases and 100 (300) 
controls.We varied the MFC of true biomarkers between 
1.5 and 1.0, to reflect diminishing differences between 
the mean analyte concentrations in cases compared with 
controls. The decreasing MFC levels reflect decreasing 
biomarker levels in frozen specimens over time. For 
example, a greater than 90% power to detect individual 
biomarkers with true population MFC of 1.35 or higher, 
translates to an effective power of only 50% assuming 
a MFC of 1.24 in the samples subject to degradation 
(see Figure 1 for sample size 100 vs 100). Similarly, a 
greater than 90% power to detect individual biomark-
ers with population MFC of 1.18 or higher, translates to 

an effective power of 50% assuming an MFC of 1.12 in 
samples due to degradation (see Figure 2 for sample size  
300 vs 300).

Simulations of multianalyte biomarker set of outcome

We varied the MFC of each biomarker between 1.5 and 
1.0, reflecting the effect of a decrease in biomarker levels 
in frozen specimens over time. Figures 3 and 4 present 
the relationship of the MFC of each individual compo-
nent of a multianalyte biomarker set to the multivariate 
classifier’s (1) AUC and (2) classification accuracy – here, 
the multianalyte biomarker set is assumed to comprise 
of 1%, 2% or 3% biomarkers, each with the same value of 
MFC, respectively. For instance, a classifier comprising 
30 (10) biomarkers, where each individual biomarker 
has a MFC of 1.2 would result in an AUC of 0.82 (0.69), 
respectively (Figure 3). Likewise, a classifier comprising 
of 30 (10) biomarkers, where each individual biomarker 
has a MFC of 1.2 would result in an average classification 
accuracy of 0.85 (0.73), respectively (Figure 4).

The simulation results show that a greater than 99% 
power to detect a multianalyte biomarker set comprising 
30 individual biomarkers, where each individual biomar-
ker has a population MFC of 1.15 or higher, translates 
to a power of only 50% when the individual biomarker 
MFC is reduced to 1.11, due to degradation (see Figure 5  
for sample size 100 vs 100). Similarly, a greater than 99% 
power to detect a panel of 30 biomarkers, where each 
individual biomarker has a population MFC of 1.08 
or higher, translates to a power of only 50% assuming 
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Figure 1.  Mean fold change (i.e. ratio of mean intensity in cases to that 
in controls) of individual biomarker versus proportion of biomarkers 
detected as statistically significant based on a sample size of 100 cases 
and 100 controls.
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a MFC of 1.06 in the sample due to degradation (see  
Figure 6 for sample size 300 vs 300).

Discussion

All previously reported results are based on statisti-
cal models that the biomarkers are assessed in case–
control data. In this respect, estimates of the variance 

of the measured markers and expected effect sizes are 
central assumptions. In general, important compo-
nents of variation are the between-subject, the within-
subject and the lab/measurement variation. If these 
are large, then it frequently becomes very difficult to 
determine that reasonable differences between cases 
and controls are statistically significant. The distribu-
tion of coefficients of variation (CV), a normalized 
measure of dispersion, of technical replicates depends 
typically on the analytical platform (e.g. lipid or polar 
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Figure 2.  Mean fold change (i.e. ratio of mean intensity in cases to that 
in controls) of individual biomarker versus proportion of biomarkers 
detected as statistically significant based on a sample size of 300 cases 
and 300 controls.
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Figure 3.  The relationship of the mean fold changeof individual 
biomarker (in multianalyte set) with the area under the curve of a 
receiver-operating characteristic (ROC) curve based on the multiana-
lyte biomarker set.
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Figure 4.  The relationship of the mean fold change of individual 
biomarker (in multianalyte set) with the classification accuracy of a 
classifier based on the multianalyte biomarker set.
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Figure 5.  Power to detect a multianalyte biomarker set as a function 
of mean fold change of each individual biomarker that comprises 
the multianalyte set.Sample size is assumed to be 100 cases and 100 
controls.
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liquid chromatography (LC)-mass spectrometry 
(MS), gas chromatography-MS, LC-MS/MS), profiling 
strategies (e.g. non-targeted vs targeted) and techni-
cal approaches such as scan mode (e.g. product ion, 
neutral loss or MRM); however, it is also influenced by 
other factors, e.g. sample material type such as plasma 
or tissue. The majority of analytes based on technical 
replicates should report CVs of 10% or lower on a well-
performing research platform.

The simulations were conducted under the assump-
tions that all analytes are distributed according to a 
log-normal distribution and are characterized by a 
within-group biological variability of 0.2, which was 
observed with a representative platform in previous 
system biology studies (McBurneyet al. 2009, van der 
Greefet  al. 2007). Furthermore, our model assumes 
that alteration of individual marker levels caused, for 
instance, by degradation processes leads to a decrease 
of marker levels over time, which is reflected by lower 
MFC values. We recently reported the impact of storage 
time on biomarker levels in frozen serum and measured 
the concentration of the two biomarkers, CA 15-3 and 
CA125, in samples that were collected between April 
1995 and April 2001 and stored at -70ºC (Kugleret  al. 
2010). This simple experimental estimation shows that 
the predominance of biomarker levels using these tests 
increased over time, which might be related to the used 
blood collection tubes and caps, and potential leakage. 
Several groups have reported the confounding influ-
ence that specimen collection devices may have on 
proteomic measurements (Diamandis 2004a, b, Hill 
et  al. 1992, Lippi et  al.2005, 2006, Pilny et  al. 2006). 

Nevertheless, we decided to demonstrate the effects of 
a mere decline of marker levels in frozen specimens 
over time as this scenario seems to reflect the more 
likely storage effect. However, all presented graphs 
can also be alternatively interpreted for a marker level 
increase or increase of markers above a certain MFC by 
reversing the x-axis.

In conclusion, we have demonstrated the drastic 
reduction in statistical power resulting from decreasing 
concentrations of individual biomarkers over long peri-
ods of specimen storage. In our analyses we assumed 
that poor handling and storage conditions result in 
uniform decline in biomarker levels over time in both 
cases and controls, resulting in smaller differences in 
mean biomarker levels between the cases and controls 
in compromised sample sets. In contrast, changes in 
sample handling procedures over time can also result 
in preferential degradation of analytes in some sample 
sets over time. In these situations, spurious biomarkers 
can be detected, reflecting sample handling effects rather 
than true biological effects.

Our model, although simplistic, allowed us to inves-
tigate the effects of marker level change on the outcome 
of biomedical studies in a generic manner. We did not 
explicitly identify and model specific sources of degrada-
tion and did not limit the interpretation to specific decay 
functions for such a change, which allows a more generic 
study of collective changes due to time, freeze-and-thaw 
circles, chemical activities or any other degradation 
source. Furthermore, we assumed that the distributions 
of the 1000 features were independent. However, this 
assumption might not be valid in applications due to the 
inherent dependence of biomarkers that belong to simi-
larly acting biological pathways. To model this depend-
ence between biomarkers, the previously described data 
generation model was generalized to incorporate a cor-
relation of 0.5 between the ten biomarkers in the cases. 
The 990 noise features were assumed to be independent 
in both cases and controls as were the ten biomarkers 
in the control group. As expected, the statistical power 
was lower among all classifiers when compared with the 
setting in which all biomarkers were assumed to be inde-
pendent among both cases and controls (Guoet al. 2010). 
In this study, for computational simplicity, we decided 
not to include the inherent dependence of biomarkers 
in the model. A more complex model would not have 
changed any of the major conclusions of this article.

Additionally, we used MFC as a calculated measure 
in the simulations. MFC changes are frequently used in 
omic experiments, where many assays only allow relative 
quantitation (McBurney et al. 2009, van der Greefet al. 
2007). Another simplistic assumption for our simulation 
was that we modelled all the markers to have a variability 
of 0.2. Ananalysis of the effect of higher or lower variabil-
ity remains to be investigated in future studies.
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Figure 6.  Power to detect a multianalyte biomarker set as a function 
of mean fold change of each individual biomarker that comprises 
the multianalyte set.Sample size is assumed to be 300 cases and 300 
controls.
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The development and validation of a new clinical 
assay or biomarker ensures that a test is reproducible, 
consistently meets defined performance characteristics 
and specified clinical utility. However, this information 
can only be efficiently obtained through the stringent 
and consistent use of experimental design, standardiza-
tion and quality control principles. The organization and 
documentation of this work through a quality system is 
both mandated and practical. Obviously, the quality of 
data obtained is significantly influenced by the quality of 
the specimen used to generate the data. In this respect, 
an important source of variability and bias relates to 
changes in sample collection, handling and storage con-
ditions over time and sample age, which may result from 
serum degradation related to storage time or the number 
of freeze–thaw cycles.

Without good laboratory and banking practices, the 
scientific community will continue to waste time and 
money in systems biology studies, and report distorted 
results that are misleading and cannot be reproduced in 
blinded studies. Moreover, scientists have an obligation 
to scrutinize and cross-examine experimental designs 
and quality control principles in order to minimize the 
exploitation of any human effort and resources, even 
when ethical standards are considered in research 
plans.
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