Communications in Statistics - Theory and Methods

ISSN: (Print) (Online) Journal homepage: https://www.tandfonline.com/loi/lsta20

Sample size and performance estimation for
biomarker combinations based on pilot studies
with small sample sizes
Amani Al-Mekhlafi , Tobias Becker & Frank Klawonn
To cite this article: Amani Al-Mekhlafi , Tobias Becker & Frank Klawonn (2020): Sample size and
performance estimation for biomarker combinations based on pilot studies with small sample sizes,
Communications in Statistics - Theory and Methods, DOI: 10.1080/03610926.2020.1843053
To link to this article: https://doi.org/10.1080/03610926.2020.1843053

© 2020 The Author(s). Published with
license by Taylor & Francis Group, LLC

View supplementary material

Published online: 09 Nov 2020.

Submit your article to this journal

Article views: 109

View related articles

View Crossmark data

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=lsta20

COMMUNICATIONS IN STATISTICS—THEORY AND METHODS
https://doi.org/10.1080/03610926.2020.1843053

Sample size and performance estimation for biomarker
combinations based on pilot studies with small
sample sizes
Amani Al-Mekhlafia, Tobias Beckerb, and Frank Klawonna,c
a
Department of Biostatistics, Helmholtz Centre for Infection Research, Braunschweig, Germany; bMaxeler
Technologies, London, UK; cDepartment of Computer Science, Ostfalia University of Applied Sciences,
Wolfenbuttel, Germany

ABSTRACT

ARTICLE HISTORY

High throughput technologies like microarrays, next generation
sequencing and mass spectrometry enable the measurement of tens
of thousands of biomarker candidates in pilot studies.
Biological systems are often too complex to be based on simple single cause-effect associations and from the medical practice point of
view, a single biomarker may not possess the desired sensitivity and/
or specificity for disease classification and outcome prediction.
Therefore, the efforts of researchers currently aims at combining biomarkers. The intention of biomarker pilot studies with small sample
sizes is often to explore the possibility of finding good biomarker
combinations and not to find and evaluate a final combination of
biomarkers with high predictive value. The aim of the pilot study is
to answer the question whether it is worthwhile to extend the study
to a larger study and to obtain information about the required sample size. In this paper, we propose a method to judge the potential
in a small biomarker pilot study without the need to explicitly identifying and confirming a specific subset of biomarkers. In addition, we
provide a method for sample size estimation for an extended study
when the results of the pilot study look promising.
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1. Introduction
Biomarkers are defined as measurable molecules found in biological media such as body
tissues, cells or fluids to be used to see how well the body responds to a disease or other
relevant physiological states (FDA-NIH Biomarker Working Group 2016), (Mayeux
2004), and (Strimbu and Tavel 2010). Various types of molecules, such as mRNA,
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proteins, metabolites, etc. can serve as biomarkers because they all participate in some
biological processes in our body. An expert working group at the National Institutes of
Health (NIH) has defined a biological marker or biomarker as “a characteristic that is
objectively measured and evaluated as an indicator of normal biological processes, pathogenic processes, or pharmacologic responses to a therapeutic intervention” (Biomarkers
Definitions Working Group 2001). According to this definition, biomarkers cover a rather
wide range of parameters, for example, biochemistry laboratory tests on blood, function
testing, electrocardiographic testing, and image information for instance magnetic resonance imaging (MRI), computed tomography (CT) and positron-emission tomography
(PET). The nature of a biomarkers can be broad and versatile, including DNA methylations, gene mutations, histone codes, gene transcripts, miRNA, protein products or posttranslational modifications (PTM), as well as metabolites (Lewin and Weiner 2004).
Recently, biomarkers are used widely in medical research to detect a disease in an
early state, for diagnosis, in making prognosis assessments or risk assessment, which
nowadays plays an important role in modern clinical and preventive medicine.
Biomarker measurements can help explain empirical results of clinical trials by relating
the effects of interventions on molecular and cellular pathways to clinical responses. In
doing so, biomarkers provide an avenue for researchers to gain a mechanistic understanding of the differences in clinical response that may be influenced by uncontrolled
variables as noted by Jenkins et al. (2011) and Buyse et al. (2011). Biomarkers can be
broadly classified into prognostic and predictive biomarkers. By Hayes, Trock, and
Harris (1998) and Simon and Altman (1994), a prognostic biomarker classically identifies patients with differing risks of a specific outcome, such as progression or death.
Recently by Sargent et al. (2005), a prognostic biomarker is defined as a single traitor
signature of traits that separates a population with respect to the outcome of interest,
regardless of the types of therapies or treatments. While predictive biomarkers, as noted
by Sargent, predict the differential outcome of a particular therapy or treatment (e.g.,
only biomarker-positive patients will respond to the specific treatment or to a greater
degree than those who are biomarker negative). As a further remark, many biomarker
can have both prognostic and predictive characteristics. For example, in breast cancer,
patients with estrogen receptor (ER)-negative have a higher risk of relapse than do ERpositive patients who are at the same stage of the disease. In this case, we can say this
biomarker, ER, is ‘prognostic.’ On the other hand, the antiestrogen tamoxifen is more
effective in preventing breast cancer recurrences in ER-positive patients than in ERnegative patients. In this case, ER is ‘predictive’ of benefit from tamoxifen (see Hayes
et al. 1996). Now ER is well established as a biomarker that provides prognostic and
predictive information as well as a valid target for therapy; therefore trial designs should
carefully take such a biomarker into account.
High throughput technologies like microarrays, next generation sequencing and mass
spectrometry enable the measurement of tens of thousands of biomarker candidates
(Pepperkok and Ellenberg (2006), Wan et al. (2012), Soon, Hariharan, and Snyder
(2013)). With this development came the vision to find one biomarker to detect the risk
to have a specific disease or diagnose it with high confidence. Unfortunately, biological
systems seem to be too complex to find such simple single cause-effect associations.
Although single biomarkers might have a high correlation with a specific disease, this is
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often not sufficient to function as a reliable predictor for the presence of a specific disease (Klawonn et al. 2016). Particular in research concerning cancer often many biomarkers are discovered correlating with a specific type of cancer. However, in a clinical
setting, single biomarkers may not possess desired sensitivity and/or specificity for disease classification and outcome prediction (Yan, Tian, and Liu 2015). Therefore, biomarker research currently focusses on the combination of biomarkers that may not be
good enough on their own but together can lead to reliable diagnoses or predictions.
Finding a combination of biomarkers that can function as a sufficiently reliable
predictor for a specific disease or its status poses new problems. It can lead to a
combinatorial explosion, for example, there are more than 100 million ways to select
three biomarkers from 1000 biomarker candidates. This also implies a high risk for
random associations and statistical tests will not indicate any results of significance
after correction for multiple testing. In order to counteract these problems one
would need large sample sizes that might not be feasible due to high costs and ethical reasons. Pilot studies with small samples sizes can be an alternative. The aim of
such pilot studies is not to identify and validate the ultimate biomarker combination
but to explore the potential for a promising biomarker combination in order to
decide whether an enlarged study is worthwhile to pursue and to estimate the
required sample size for an enlarged study.
The aim of this paper is to propose a method to analyze small pilot studies, to judge
how well a potential combination of biomarkers could function as a predictor for the
corresponding disease and to estimate the sample size of an extended study that is
needed to finally identify and statistically validate a suitable biomarker combination.
The remainder of the paper is organized in the following way. Section 2 briefly
describes a data set that serves as an illustrative example for our approach. The concept
of HAUCA (High AUC abundance) curves is introduced in Section 3 in order to judge
the general potential of single biomarkers in a pilot study. The estimation of the potential of biomarker combinations is tackled in Section 4 where also sample size estimation
for extended studies is described. Conclusions and prospects on future work are provided in Section 6.

2. Data
A pilot study by Omar et al. (2017) has a total of 24 patients, 12 patients with chronic
periprosthetic infection and 12 patients with aseptic hip prosthesis loosening, and
50,416 biomarker candidates. It has been done to evaluate differences in gene transcription in periprosthetic tissue from hips with chronic periprosthetic joint infection versus
aseptic loosening. The whole genome microarray analysis was performed on the mRNA
of periprosthetic tissue. Classifiers like random forests, logistic regression, linear discriminant analysis or support vector machines completely failed in a leave-one-out
cross-validation procedure due to the limited sample size (n ¼ 24) in comparison to the
large number of biomarker candidates. Nevertheless, based on HAUCA curves that are
described in the following section, it could be shown that this small pilot study proves
that there is a high potential for good biomarkers in the mRNA data set.
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Table 1. Top AUC values and their p-values and corrected p-value for hip prosthesis infection data
set (BC ¼ biomarker candidate).
Biomarker
1 BC with high AUC
2 BCs. with high AUC
5 BCs with high AUC
4 BCs with high AUC
6 BCs with high AUC
9 BCs with high AUC
12 BCs with high AUC

AUC
0.9513889
0.9444444
0.9305556
0.9236111
0.9166667
0.9097222
0.9027778

p-value
3.328210e-05
4.955335e-05
1.028047e-04
1.442224e-04
2.011718e-04
2.743925e-04
3.712804e-04

Corrected p-value
1
1
1
1
1
1
1

3. Hauca curves
In the remainder of the paper it is assumed that a binary classification problem is considered, i.e., that the biomarkers should distinguish between two states like the presence
or absence of a specific disease or – in the case of the hip prosthesis infection data set
introduced in the previous section – between infection and aseptic loosening. High
AUC abundance (HAUCA) curves (Klawonn et al. 2016) use the area under the ROC
curve (AUC) value to judge the quality of a biomarker. For a small sample size and a
large number of biomarker candidates one could expect some biomarker candidates
having high AUC values just by chance even if there is no association between the
measured biomarker candidates and the considered disease. Table 1 shows the seven
highest AUCs values in the hip prosthesis infection pilot study, indicating also the number of biomarker candidates (BCs) having the corresponding AUC value. We can notice
that 39 mRNAs exceed the AUC value of 0.9. However, the chance that a random biomarker candidate with no association to the hip prosthesis infection has an AUC larger
than 0.9 is approximately 0.037%. This probability can be computed based on the considerations given by Mason and Graham (2002) based on the statistic of the WilcoxonMann-Whitney-U test. For a data set with n samples, in which nþ patients suffer from
a disease, the probability p that a biomarker candidate with random values exceeds a
given AUC value is
p ¼ Fuððn nþ Þ nþ ð1  AUCÞ, n nþ , nþ Þ

(1)

where Fu is the cumulative distribution function of the Wilcoxon-Mann-Whitney
(WMW)-U- statistic. Although this seems to be a quite small probability, with more
than 50,000 biomarker candidates we would still expect about 19 (random) biomarker
candidates exceeding an AUC of 0.9. Therefore, a correction for multiple testing – like
Bonferroni correction (see Mandrekar and Sargent 2009) – will result in probabilities
(p-values) of 1 (column 4 in Table 1) in this case for all biomarkers candidates and we
might be tempted to say that the pilot study could not provide any clear indication that
there could be good biomarkers.
But how many high AUC values could one expect if the data were completely random with no real association to the hip prosthesis infection? Because we can compute
the probability for a random biomarker candidate to exceed a given AUC value and we
know the number of biomarker candidates, the expected number of biomarker candidates exceeding this AUC values is simply the product of the corresponding probability
and the number of biomarker candidates.
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Figure 1. HAUCA curves for hip prosthesis infection data set. HAUCA curves for hip prosthesis infection data set is showing on Y-axis how many biomarker candidates exceed a given AUC value on the
X-axis in the real data set, represented by the blue curve (which is the top one in this case), in a random data represented by the orange curve(the curve in the bottom). The green curve (which is in
the middle) represents the 95% upper confidence interval for the random data set. The right figure
zooms in closer into the range of the AUC values around 0.85 in the HAUCA curves for hip prosthesis
infection data set.

Figure 1 shows how many biomarker candidates, on the Y-axis, exceed each AUC
value marked on the x-axis for real data (blue curve), how many biomarker candidates
are expected to exceed the corresponding AUC value in a random data set (orange
curve) and also a 95% upper confidence interval for the number of biomarkers with
such AUC values in a random data set (green curve). Because these curves indicate the
number of high AUC values, they are called HAUCA (high AUC abundance) curves.
Taking a closer look at the AUC value of 0.85 in the HAUCA curves, we can see that
the real data set contains over 300 biomarker candidates with an AUC value higher
than 0.85, whereas one would expect in a random data set even for the 95% upper confidence interval clearly less than 150.
From the HAUCA curve of the hip prosthesis infection data, we can say that there is
more than random association between the biomarker candidates and the disease.
Moreover, from the study we can conclude that it is worthwhile to extend it to larger
sample size. But what should be the sample size for an extended study to confirm that
some – not all – of the biomarker candidates with high AUC values are true biomarkers? And what could be the potential AUC value if we combine biomarkers with
high AUC values? These questions will be answered in the following section.
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4. Combining biomarkers
Previous studies by Aasthaa and Pepe (2013) and Pepe et al. (2004) have investigated
statistical characteristics of a single biomarker that lead to accurate classification or prediction of outcome for individuals and they have shown that the marker must be very
strongly associated with an outcome. In medical research and as Sidransky (2002) and
Kumar, Mohan, and Guleria (2006) have pointed out, even if the performance of a single biomarker is very high, it might still not have sufficient accuracy for prediction.
Therefore, combining biomarkers is more promising to achieve better performance in
terms of AUC or any other performance measure.
In order to estimate the performance of a classifier using a combination of biomarkers, one needs to specify the performance measure and the type of classifier. In
general, it is very difficult to derive the corresponding performance of a classifier.
However, when AUC is chosen as performance measure and linear discriminant analysis is used for combining the single biomarkers, Su and Liu (1993) have provided a
solution for computing the AUC value that a classifier based on linear discriminant
analysis will obtain by combining single biomarkers. Therefore, we use these results to
compute the AUC that can be achieved by a combination of biomarkers and to provide
a sample size estimation for an extended study to validate the biomarker candidates
with high AUC.
In this study, the biomarker candidates were evaluated and selected according to the
AUC. The AUC of each single candidate in the data set has been computed and the k
top-ranked biomarkers with maximum AUC were selected into the feature subset.
There are many package in the software programs like in R do that. For instance,
Biocomb software.
4.1. Combining biomarkers theoretically
To assure non-negativity, we assume the correlation between the all biomarkers and the
outcome is positive. i.e., if the correlation is negative, we multiply the values of the biomarker with 1. We calculated the theoretical AUC of the first biomarker, with the
highest AUC value. Under the normality assumption the AUC can be expressed as
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
AUC ¼ UðDl= r2 þ r2 Þ

(2)

According to Su and Liu, and under the assumption that the predictors follow a
multivariate normality distribution per class, the theoretical AUC value of a combination of biomarkers can be estimated according to the following equation
rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
X
X 1 
þ
Þ Dl
AUC ¼ U
Dl'
0
1

(3)

where U is the cumulative distribution function of the standard normal distribution, Dl is
the differences in group means between events and nonevents and R0 , R1 are the corresponding variance-covariance matrices of the events and nonevents groups, respectively.

COMMUNICATIONS IN STATISTICS—THEORY AND METHODS

7

Table 2. AUC values of combined biomarkers using different methods.
No.Biomarkers
combination
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

Real AUC

Combined AUC
(w. correlation)

Combined AUC
(wt. correlation)

Combined AUC
(on real data)

0.9514
0.9444
0.9444
0.9306
0.9306
0.9306
0.9306
0.9306
0.9236
0.9236
0.9236
0.9236
0.9166
0.9166
0.9166
0.9166
0.9166
0.9166
0.9097
0.9097

0.9061868
0.9571949
0.9708618
0.9827558
0.9842743
0.9915783
0.9926033
0.9939733
0.9987227
0.9990697
0.9992233
0.9993927
0.9994271
0.9994482
0.9995692
0.9997717
1
0.999679
1
0.9999152

0.9061868
0.9735511
0.9888054
0.9944543
0.9975160
0.9990406
0.9995407
0.9998115
0.9999240
0.9999427
0.9999801
0.9999885
0.9999915
0.9999958
0.9999987
0.9999995
0.9999997
0.9999999
0.9999999
1

0.9513889
0.9791667
0.9930556
0.9930556
0.9930556
0.9930556
0.9930556
0.9930556
1
1
1
1
1
1
1
1
1
1
1
1

4.1.1. Combination considering the intra-class correlation
The intra-class correlation between biomarkers is an important approach that are not
widely explored in the literatures. The selected features may highly correlate to each
other, which are sometimes too redundant to be fed into a classifier and as proved by
Demler, Pencina, and D’Agostino (2013). the negative conditional correlation or the
very high positive correlation, which can also be beneficial in some situations, leads to a
more pronounced improvement in discrimination than zero conditional correlation.
The AUC of a combination of biomarkers was computed according to the deference
in means of the biomarkers and the variance covariance matrices. The correlation
between the biomarkers were calculated according to Kendall’s tau to avoid the effect of
outliers, then corrected to Pearson correlation as was explained by Xu et al. (2013)
using the following equation:


p
q ¼ sin
(4)
rK
2
With this Pearson correlation, we calculate the intra-class covariance value between
each pair of biomarkers and by Equation (3) we computed the theoretical AUC of the
combination of biomarkers. Table 2, column 3 shows the theoretical AUC values considering the intra-class correlation, of the top 20 biomarker candidates with their real
AUC value in column 2.
4.1.2. Combination not considering the intra-class correlation
A simpler approach would be to assume independence between the biomarkers, i.e., to
ignore the intra-class correlations between the biomarkers to be combined which essentially means that we replace the covariance matrices in Equation (3) by diagonal matrices. Table 2, column 4 shows the theoretical AUC values assuming zero correlation
between biomarkers.
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Figure 2. Theoretical combination with and without taking the intra-class correlation into account.
This shows the theoretical combination of 20 biomarkers based on the differences in means and the
covariance matrix. The blue curve (the lower curve) visualize the AUC values in Y-axis that obtained
from combine number of biomarkers, in X-axis, with taking into account the intra-class correlation
between them, which measure according to the corrected Pearson correlation. While the orange one
(the higher curve) is the combination between biomarkers, we assume they are completely
not correlated.

To compare between the 2 methods and see how the intra-class correlation may
affect the performance of the combination, see Figure 2.
4.2. Combination based on the real data
In this method, the targeted candidates were standardized with respect to the negative
class and the unit of direction of the correlation between the biomarkers and outcome.
After standardization the wanted biomarkers in our real data, the values of the biomarkers, for each observation were summed up and the new AUC of the new values
was calculated. See Table 2 column 5. Figure 3.
This AUC corresponds to the common definition of AUC (see Fawcett 2006; Saito
and Rehmsmeier 2015; Pepe, Longton, and Janes 2009) and the one that is being
reported by most softwares. From the following packages, the ROC curve and AUC can
be estimated:





ROCR (Sing et al. 2005), caTools (Tuszynski 2018), pROC (Robin et al. 2011) in R
Sklearn.metrics from scikit-learn (Pedregosa et al. 2011) in Python
Functions roctab and rocreg (Bamber 1975; DeLong, DeLong, and ClarkePearson 1988) in Stata and
The SAS software functions proc logistic with roc and roccontrast

We note that the majority of these functions all count half the probability of ties, but
differences exist in the calculation of confidence intervals of AUC.
Table 2 shows the increase in the value of AUC when the biomarkers are combined.
The first column shows the number of biomarkers which were combined, the real AUC
value of the last biomarker which was added in column 2, column 3 and 4 show the
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Figure 3. This shows the combination of the top 20 biomarkers based on linear discriminant analysis
with the original dataset. This shows the AUC values in Y-axis that obtained from combine number of
top biomarkers in hip infection data, which represent in X-axis.

theoretical AUC value of a combination of biomarkers by taking into consideration the
intra-class correlation or not, respectively. The last column is the AUC values of the
combination of the top biomarkers based on the real dataset.
To measure the lower confidence interval for any of these combinations, sampling
1000 times with replacement (“Bootstrapping”) has been done to calculate different levels of confidence interval (0.025, 0.05, 0.1) see Figure 4.

5. Sample size estimation
The sample size is the number of samples needed to validate the power and the impact
of the study. The estimation of the sample size is one of the first practical steps in
designing a study and one of the essential steps in interpreting and answering the
research question (Noordzij et al. 2010).
A carefully estimated sample size is important and is required to avoid undesirable
effects concerning the significance and the feasibility of a study. A sample size that is
too small affects the efficiency of the study and leads to the loss of the ability to validate
a possibly significant effect, and the study will have insufficient power to detect the true
difference between the groups statistically (see Daly, Bourke, and McGilvray 1991;
Karlsson et al. 2003). Noordzij et al. (2010), Hong and Park (2012), and Malone,
Nicholl, and Coyne (2016) have shown that an overestimated sample size can be unethical and considered as too time and resource consuming. Although a study with a large
number of observations can improve the ability of disease prediction, Laurie et al.
(2010) and Liu et al. (2012) noted that it is more likely to be affected by systematic bias
and noise. For that calculating the right sample size is necessary to define at what number of cases it becomes enough and more samples will not change the conclusion.
Genome and biomarker studies usually requires a much larger sample size to
achieve an adequate statistical power (Klein 2007; Zondervan and Cardon 2007;
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Figure 4. Lower confidence interval of the combination considering the intra-class correlation. This
shows three different lower confidence intervals to the combination of 20 biomarkers taking into consideration corrected Pearson correlation between the biomarkers. The blue curve (the highest one):
shows the AUC value, in Y-axis, of the combination of a number of biomarkers, in X-axis. Orange,
green, and red curves (from the bottom to the top) are the lower limit of the 95%, 90%, and 80%
confidence interval respectively.

Spencer et al. 2009; Wu and Zhao 2009; Park et al. 2010) than other common studies.
This is because of testing a large number of biomarker candidates, in the range of hundreds of thousands, leading to a large number of multiple comparisons and thus increases
false positive rates and therefore reducing statistical power (Houle, Penzien, and Houle
2005). As a consequence, the significance threshold should be adjusted carefully.
Due to this large number of biomarker candidates, because of the high cost and long
time to collect and prepare the data in this type of study, researchers prefer estimating
the required sample size based on a small pilot study, especially when the target performance is high and a lower performance is not acceptable, as noted by Aasthaa and
Pepe (2013). Expanding the sample size of a pilot study allows the researchers to determine at what size the promising biomarker candidates are highly likely to have performance that is at or above the target level and the probability of finding a difference
between the groups just by chance, that can influence the clinical practice, is controlled.
Our target is to estimate the appropriate size for an extended study to validate the
association of the markers with the outcome given such an association exists. We will
use the test of significance procedure (hypothesis testing) to determine the sample size.
Because of the probability to wrongly reject a null hypothesis (H0) is high in such small
pilot studies and since thousands of tests are being made, the determination of the real
significance of the results based on the p-value alone becomes hard and unreliable. So
the significance level will be corrected here by Bonferroni correction, which is a simple
and widely used method to correct for multiple hypothesis testing.
We intend to confirm the validity of a high AUC value for a biomarker candidate which
loses its validity after the correction of the p-value for multiple testing in the pilot study by
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Figure 5. Sample size estimation with different percentage of prevalence. Y-axis is the sample size to
validate the AUC value on X-axis. The Blue, Orange, and Green lines (from the top to the bottom),
with 25%, 33%, and 50% respectively, represent the prevalence.

enlarging the sample size to obtain a sufficiently small p-value after correction for multiple
testing in the extended study. We assume we want to validate the highest AUC value in
our example pilot study, which is 0.95 (see Table 1), and the prevalence will be the same
in the extended study as in the pilot study. We increase n and correspondingly nþ gradually until we get the same AUC for the biomarker candidate with a sufficiently small corrected p-value less than (0.05/number of the markers in the study).
For example, we will consider that we would like to validate the 39 top genes; we will
fix the smallest AUC value among them, the last value in the table (0.9027778), and the
prevalence of the cases, which is 50%. The result is, the sample size should be n ¼ 43 to
confirm the given AUC value with corrected p-value in larger extended study with the
same prevalence.
Figure 5 shows how many observations are required to validate each AUC value
marked according for different values of the prevalence of the positive cases. It tells us
as well that when the prevalence is low (or also when it is far beyond 50%) we need a
larger sample size to validate a high AUC value.
In conclusion by this method the sample size is affected by three factors; the AUC
value, the prevalence of the outcome, and the number of hypothesis tests (biomarker
candidates). The potential of the combination of biomarkers – i.e., the AUC value that
can be reached by a combination of good biomarkers – is estimated based on the small
pilot. The validation of such a combination of biomarkers should be validated in the
extended study based on training and test data or cross-validation, in the extreme case
by the leave-one-out method.
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6. Conclusion
We have proposed a method to judge the potential of biomarker pilot study with a
small sample size and large number of biomarker candidates. Based on HAUCA curves,
biomarker candidates are considered independently and the number of “good” biomarkers in the data set is compared to the number of “good” biomarkers one would
expect in a random data set. If the former number is significantly larger than the latter
one, this is an indicator for a high potential of the pilot study. The main questions for a
promising extended study are the following ones:



The required sample size to statistically validate the biomarker candidates that
showed a good performance in the pilot study.
What could be the potential performance of a combination of biomarkers.

We have provided an answer to the first question for sample size calculation based
on the work of Mason and Graham (2002) for p-values for AUC values. The answer to
the second question is based on the closed form solution for a classifier using linear discriminant analysis that combines various biomarkers. Here we have two different
approaches. We can take the intra-class correlations between biomarkers into account
leading to a more realistic estimation of the potential of the combination of biomarkers.
However, the estimation of the intra-class correlations based on the pilot study cannot
be considered to be very reliable although we have already based this estimation on a
robust correlation coefficient. The alternative is to assume independence between biomarker candidates to estimate the performance of their combination.
We have chosen AUC as performance measure for biomarkers and their combinations because it allows us to compute closed form solutions to our questions. Future
work will be devoted to other measures like entropy or multi-class AUC that will
require techniques like bootstrapping, Monte-Carlo simulation or permutation test.
Although these techniques demand high computation costs, they are necessary because
no closed form solution exists for these performance measures.
Subject classification codes: see Supplementary Material 1.
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