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Abstract. Biomarker studies often try to identify a combination of mea-
sured attributes to support the diagnosis of a specific disease. Measured
values are commonly gained from high-throughput technologies like next
generation sequencing leading to an abundance of biomarker candidates
compared to the often very small sample size. Here we use an example
with more than 50,000 biomarker candidates that we want to evaluate
based on a sample of only 24 patients. This seems to be an impossible task
and finding purely random-based correlations is guaranteed. Although we
cannot identify specific biomarkers in such small pilot studies with purely
statistical methods, one can still derive whether there are more biomark-
ers showing a high correlation with the disease under consideration than
one would expect in a setting where correlations are purely random. We
propose a method based on area under the ROC curve (AUC) values
that indicates how much correlations of the biomarkers with the disease
of interest exceed pure random effects. We also provide estimations of
sample sizes for follow-up studies to actually identify concrete biomark-
ers and build classifiers for the disease. We also describe how our method
can be extended to other performance measures than AUC.

1 Introduction

A biomarker is a measurable value that is an indicator for a biological state.
In recent years, the search for biomarkers for diseases has gained high interest
in medicine. A well-known biomarker is the so-called prostate-specific antigen
(PSA) which was or is sometimes still used as a biomarker for prostate cancer
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although its reliability and usefulness is sometimes doubted [1]. Along with the
advancement of high-throughput technologies like microarrays, next generation
sequencing and mass spectrometry, that allow to measure the whole or large parts
of the genome, transcriptome, proteome or metabolome, came a strong hope to
find a single biomarker for each disease or state of a disease to be diagnosed
with very high certainty. However, this dream did not come true and it seems
to be unrealistic from today’s point of view. Biological systems are probably too
complex for simple single-cause single-effect associations. Nevertheless, there are
biomarker candidates that show a high correlation with specific diseases but
are not reliable enough to function as predictors for the presence of a specific
disease alone. Therefore, instead of relying on a single biomarker, the idea is
to combine biomarkers that are not good enough for the diagnosis of a specific
alone but can jointly provide a diagnosis with high certainty. An example of such
a combination is the Enhanced Liver Fibrosis (ELF) score [2] that uses a linear
combination of (log-)values of three single biomarkers to predict fibrosis stages
in chronic liver disease patients. The EFL score was derived from a quite limited
number of standard blood values of altogether 479 patients. No high-throughput
technology was involved.

The use of high-throughput technologies for finding reliable combinations
poses new challenges. First of all, in contrast to standard blood values, patient
data based on high-throughput technologies are not commonly available in hos-
pitals. This means, they have to be generated separately. Secondly, although
the prices for generating data from high-throughput technologies are constantly
decreasing, it is still quite expensive and also time-consuming to carry out these
experiments. This implies high costs for such data. The advantage and the curse
at the same time is that such experiments easily yield thousands or even far
beyond 10,000 possible candidates for biomarkers. The sample size in expensive
pilot studies is usually very limited, sometimes less than 20. From a machine
learning or classification point of view one then tries to derive a classifier from
a data set with more than 1000 attributes (biomarker candidates) and perhaps
only around 20 or 30 instances. Finding random associations and overfitting is
therefore hard to avoid.

Pilot studies with a small sample size and a large number of biomarker candi-
dates are – as the name already points out – not intended to finally mark down a
biomarker combination for clinical use but to check whether there are potential
biomarkers that make a more expensive follow-up study with a larger sample
size worthwhile. In this paper, we propose methods to assess biomarker pilot
studies with respect to their potential to yield promising results when they are
extended by follow-up studies. Section 2 gives a formal definition of our problem
and provides an illustrating example. Section 3 describes how a pilot study can
be analysed with respect to the potential to find reliable biomarker combina-
tions in a follow-up study. A rough estimation of the required sample size is
provided in Sect. 4. The ideas of Sect. 3 based on simple area under the ROC
curve (AUC) values are extended to other measures for classifiers in Sect. 5.
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The final conclusions address the problem of possible high correlations between
biomarker candidates.

2 Problem Formalisation and an Example

From a formal point of view, we face the following problem. We have n instances
– usually patients – from which we have measured m attributes (biomarker can-
didates). The patients are assigned to c different classes, i.e. different diagnoses
or different states of a certain disease. The number of classes c is usually small,
in many cases even c = 2 where we only want to distinguish patients suffering
from a certain disease from patients who do not have this disease. Typically, we
have m ≫ n. Our ultimate goal is to find a classifier that can predict the class
(diagnosis) based on the values of the m attributes. For reasons of simplicity,
we assume we do not have to deal with missing values1. Due to the fact that
we have to face m ≫ n, we cannot directly build a standard classifier based
on the given data set. A feature selection technique is required to reduce the
number of attributes drastically. As a possible way to evaluate the predictive
power of a classifier, we could apply cross-validation and because of the small
sample size we would prefer to use leave-one-out cross-validation (the jackknife
method). It must be emphasised that when we want to evaluate a classifier, we
must not separate feature selection from the classifier. It was already noted in
[3,4] that first applying feature selection on the whole data set and then evaluate
a classifier using only the selected features based on cross-validation can lead to
a strong model selection bias, since the actual model consists of the classifier
and the (pre-)selected features. To illustrate this problem, we have carried out
the following simulation. We have generated m = 1000 random attributes fol-
lowing a standard normal distribution for different sample sizes n. The we have
randomly assigned the n instances to two classes, n/2 instances to each class,
i.e. if we consider the two classes as healthy vs. sick, we have a prevalence of
50 %. This means that correlations between the 1000 attributes and the classes
are purely random. We have then carried out the following two experimental
settings.

(a) We have first selected the best 20 attributes from the whole data set and then
trained classifiers and evaluated them based on the leave-one-out method
(LOO). This is how it should not be done!

(b) Within the leave-one-out method, i.e. when the test sample had already been
removed from the training data set, we have selected the best 20 attributes
and trained the classifiers without the sample that was left out for testing.

The selection of the “best” attributes was based on a very simple strategy.
We chose 20 attributes with the highest area under the ROC curve (AUC) val-
ues. As classifiers we used support vector machines (SVM), random forests (RF)

1 This is a more or less realistic assumption for microarray and next generation
sequencing data but not for data from mass spectrometry.
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Table 1. Percentage of correctly classified instances in a completely random data set
with 1000 features when feature selection is applied to the whole data set before (before
LOO) and within leave-one-out cross-validation (during LOO). The sample size with
two classes is given by n. Prevalence is 50 %. Classifiers are support vector machines
(SVM), random forests (RF) and linear discriminant analysis (LDA).

n before LOO during LOO

SVM LDA RF SVM LDA RF

20 100 80 95 65 65 55

30 97 70 97 43 43 67

40 95 83 85 53 55 45

50 84 80 82 26 20 22

100 82 80 76 47 46 48

150 79 79 79 60 61 60

200 72 70 70 44 48 44

and linear discriminant analysis (LDA). Table 1 shows the percentage of cor-
rectly classified instances for the leave-one-out evaluation. Since the data set is
completely random with a prevalence of 50 %, we would expect to classify about
half of the instances correctly. One can see easily see that this is not true for
the (inappropriate) method explained in (a) where the feature selection is car-
ried out on the whole data set before leave-one-out cross-validation. Even for a
sample size of 200, around 70 % of the instances are still correctly classified, a
value that is never achieved for any sample size n and any classifier with the
correct method (b). It is noteworthy that for n = 50 the correct method by
chance performs even far worse than random guessing.

As an example for illustration purposes of our approach we use a data set from
n = 24 patients2 who had undergone a surgery for a hip prosthesis which later
on caused problems. The final goal is to classify whether the problems are caused
by a low-grade periprosthetic hip infection or by aseptic hip prosthesis failure,
i.e. to see whether the problems come from an infection or not. A microarray
kit was used to obtain m = 50, 416 biomarker candidates based on measured
genes and RNA values [5]. When we apply the above mentioned method (b) to
this data set, we obtain rates of correctly classified instances of around 50 %
which corresponds to random guessing. Even changing the number of selected
biomarker candidates – for instance choosing only the top 10 or 4 instead of 20
– in the leave-one-out cross-validation loop does not lead to an improvement.
Should we draw the conclusion that this pilot study has failed and it is not
worthwhile to consider a follow-up study? An answer to this question will be
provided in the following section.

2 The data set is currently submitted to a medical journal.
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Table 2. Top 10 AUC values and their p-values for the hip prosthesis infection data
set.

Biomarker AUC p-value (raw) p-value (corrected)

1 0.951388889 0.0000333 1

2 0.944444444 0.0000496 1

3 0.944444444 0.0000496 1

4 0.930555556 0.0001028 1

5 0.930555556 0.0001028 1

6 0.930555556 0.0001028 1

7 0.930555556 0.0001028 1

8 0.930555556 0.0001028 1

9 0.923611111 0.0001442 1

10 0.923611111 0.0001442 1

3 HAUCA Curves

One might argue that our feature selection method using only the AUC values
is too simple. Indeed, there are more sophisticated techniques, especially those
that do not simply rank the single features but look directly for combinations
of features. However, it is extremely difficult to choose among feature subsets
from more than 50,000 features. We do not want to dive into advanced feature
selection methods here. In any case, it would be unrealistic to build a classifier
based on a data set with 24 instances (patients).

Although the concept of AUC is sometimes criticised [6], especially because
it does not take the prevalence into account, and it is restricted to two-class
problems, it is still a meaningful approach [7] and we will take a closer look at
the AUC values in our data set. The second column of Table 2 shows the 10
highest AUC values for our example data set – computed on the whole data set.

AUC values over 0.9 are definitely interesting although such a value might not
be sufficient for a medical test. Nevertheless, a combination of biomarkers with
such high AUC values might lead to a classifier with sufficient predictive power.
However, we have seen in the previous section that this does not really apply in
the case of our data set. The classifiers we had mentioned using the biomarker
candidates with the highest AUC values – based on the feature selection and
cross-validation strategy (b) – were not better than random guessing. So can we
conclude that the high AUC values occur just by chance?

Fortunately, there is a method to compute the probability that an attribute
with n values randomly assigned to two classes with a given prevalence exceeds
a given AUC value [8]. The computation is mainly based on the same statistic
that is used for the Wilcoxon-Mann-Whitney-U test. We just need to be able to
compute the quantile of the statistic of the Mann-Whitney-U test. For a sample
of size n with an absolute prevalence of n+ of the disease in the sample, the
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probability that a single biomarker candidate with randomly assigned values
exceeds an AUC value of a is

FU ((n− n+) · n+ · (1 − a), n− n+, n+) (1)

where FU is the cumulative distribution function of the Wilcoxon-Mann-
Whitney-U statistic [8]. Actually this probability should be multiplied by two
(and cut off at 1 in case it exceeds 1) because an AUC value close to 0 is also of
high interest because it indicates a high, but negative correlation between the
value of the biomarker candidate and the disease.

The corresponding probabilities for the top 10 AUC values in hip prosthesis
infection data set are given in the third column “p-value (raw)” of Table 2. These
probabilities can be interpreted as p-values for the hypothesis test with the null
hypothesis that the classes are randomly assigned to the instances or that all
biomarker candidates have random values that are not correlated with infection.
Although the raw p-values in the third column of Table 2 seem to be small enough
to reject the null hypothesis, we must take into account that we have applied
multiple testing, i.e. we have applied the test to all biomarker candidates, so
that the test was repeated m = 50, 416. Therefore, a correction for multiple
testing is needed. No matter which correction method we choose – here we have
applied Bonferroni-Holm correction [9] – all p-values are changed to 1, losing
their significance as can be seen from the last column of Table 2. So does this
support what we have already observed when we constructed the classifiers, i.e.
that the data set does not seem to indicate any non-random correlation between
the biomarker candidates and infection?

The answer is no. There is another way of looking at the AUC values. Because
of the large number of biomarker candidates, we would expect high AUC values
just by chance. But how many high AUC values could we expect if the data
were completely random? According to Eq. (1) we can compute the probability
that an attribute with n values randomly assigned to two classes with a given
prevalence exceeds a given AUC value, we can also calculate the number of
expected biomarker candidates exceeding a given AUC value in a random data
set. It is simply the probability for the AUC times the number of biomarker
candidates m, here m = 50, 416.

The bottom black curve in Fig. 1 shows on the y-axis how many biomarker
candidates one could expect to exceed a given AUC value marked on the x-axis
in a random data set that contains the same number of biomarker candidates as
our hip prosthesis infection data set. The top blue curve in the figure shows how
many biomarker candidates exceed the corresponding AUC threshold in our real
data set on infection after hip prosthesis surgery. One can clearly see that there
are many more biomarker candidates in the AUC range from 0.85 to over 0.9
than one would expect in a random data set.

Of course, the expected number of high AUC values in a random data set is
just a bottom line for comparison with the AUC values found in the real data
set. We also provide a 95 % upper confidence band for the number of high AUC
values in a random data set. This confidence band is indicated by the middle red
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Fig. 1. HAUCA curves for the hip prosthesis infection data set showing on the y-axis
how many biomarker candidates exceed a given AUC threshold indicated on the x-axis.
Top blue curve: real data. Bottom black curve: Expected number in a random data
set. Middle red curve: 95 % upper confidence band for a random data set. (Color figure
online)

line in Fig. 1. Again, one can observe that the number of biomarker candidates
in the range between 0.85 and 0.9 exceeds even this 95 % upper confidence band.

The computation of the confidence band is based on the following consider-
ations. For any given AUC value a we know the probability pa that a biomarker
candidate with random values would obtain an AUC value larger than a. If we
have m independent random biomarker candidates the probability that exactly k
random biomarker candidates have a higher AUC value than a follows a binomial
distribution B(m, pa), so that we simply have to compute the 95 % quantile of
this binomial distribution to obtain the value of the 95 % upper confidence band
at the AUC value a. Of course, one could choose other values than 95 % for the
confidence band and just replace the values in the graph by the corresponding
quantile of the binomial distribution.
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We call the curves shown in Fig. 1 high AUC abundance (HAUCA) curves.
The HAUCA curves in Fig. 1 clearly indicate that there is more than just a
random correlation between the biomarker candidates and infection with the hip
prosthesis infection data set. 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 clearly less than 150. Even the 95 % upper confidence bound
at an AUC value of 0.85 does not reach the value 150. This means that the high
correlation with infection of about half of the biomarker candidates in the real
data set with AUC value greater than 0.85 cannot be explained by pure random
effects. We cannot identify which biomarker candidates are the right ones. But
there should be some valid biomarkers that once – once they are identified in a
follow-up study – can be used to build a classifier.

So from this pilot study on infection after hip prosthesis surgery we cannot
confirm any specific biomarker candidates. But we can nevertheless say that
there must be very good candidates and it is worthwhile to extend the pilot
study to a larger sample. Of course, one could also look at the functional anno-
tations of the genes (biomarker candidates) with high AUC values and see which
ones are associated with infection processes to make a pre-selection of promising
biomarker candidates for an extended study. But this is out of the scope of our
purely statistics oriented discussion here.

Figure 2 shows another example of HAUCA curves for data from a biomarker
study published in [10]3. The data set contains information about the micro-
biome in the mouth of n = 19 patients of which 9 suffered from periodontitis.
The microbiome was characterised by the abundance of m = 242 operational
taxonomic units (OTUs). Here again the HAUCA curves clearly indicate that
there is more than just random correlation between OTUs and periodontitis.
In this case, the classifiers based on leave-one-out cross-validation and feature
selection within the cross-validation loop could even provide for 14 out of 19
patients the correct diagnosis which is far away from being of clinical use but
also indicates a correlation between OTUs and periodontitis.

4 Sample Size Estimation for Follow-Up Studies

In the previous section, we have seen that based on very small pilot studies we
can at least find good indicators for a connection between the set of biomarker
candidates and the disease under consideration. But our approach is neither
capable to identify specific biomarkers nor to construct a reliable classifier that
supports the diagnosis which is no surprise given the small sample size compared
to the number of biomarker candidates. The question that arises here is how to
determine the sample size of a follow-up study that should either confirm the
validity of biomarkers with high AUC values or even construct a classifier based
on a combination of good biomarker candidates.

3 The HAUCA curves were neither available nor discussed in the paper [10].
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Fig. 2. HAUCA curves for the OTU data set.

It is quite simple to specify the sample size for confirming the validity of a high
AUC value for a biomarker. For instance, the top biomarker candidate in Table 2
has an AUC value of 0.95 whose low raw p-value turns into a non-significant p-
value after correction for multiple testing. Assuming that the AUC value of this
biomarker would remain at 0.95 in a follow-up study with a larger sample size,
we can compute the resulting p-value in this study after correction for multiple
testing using Eq. (1) (multiplied by two to account for biomarkers that show
a negative correlation with infection). We simply need to increase n and n+

proportionally – assuming the prevalence in the follow-up study remains the same
– until the resulting probability is small enough, so that it remains significant
after correction for multiple testing, in our example after multiplication with
m = 50, 416. Already at n = 30, the p-value after correction for multiple testing
drops below 5 %. In the same way, the two last candidates in Table 2 with an
AUC value of 0.92 would need a sample size of at least n = 36 to be confirmed
given the AUC and the prevalence remain the same for the larger sample size in
the follow-up study.
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Apart from confirming high AUC values of single biomarker candidates we
are also interested in how many of such potentially valid biomarkers we need
to combine for a classifier to obtain sufficiently reliable predictions. This, of
course, highly depends on the correlation between the good biomarker candi-
dates. In the worst case, their correlation equals 1 and their combination does
not lead to any improvement compared to the single biomarkers. In order to get
a rough idea of how well a classifier based on a combination of good biomarkers
could perform, one could exploit the ideas from [11] although the underlying
assumptions are quite restrictive. There it is assumed that the values for the
biomarkers follow normal distributions and the normal distributions for the two
classes differ. The paper [11] provides a method how to compute the AUC value
of linear discriminant analysis based on the AUC values of the single biomarkers
and their correlations within the two classes. Of course, the estimation of the
correlation based on the pilot study is not very reliable. But the proposed pro-
cedure of estimating the AUC values of the biomarker combination still provides
a rough judgment how well the biomarker combination could perform for later
prediction.

5 Alternatives to AUC

As mentioned already in the beginning of Sect. 3, AUC values are neither the only
nor the best performance measure of scores used for classification. In principle,
one could replace AUC by other performance measures, for instance entropy,
accuracy or the area above cost curves [12]. These performance measures also
have the advantage that they are not restricted to binary classification problems
but are also applicable in the context of multiclass classification problems. Of
course, for multiclass classification problems one could also use extensions of
AUC to more than two classes as described in [13–17]. However, for all these
measures it is no longer obvious how the corresponding p-values can be computed
that are needed for the equivalent to the HAUCA curves.

A possible solution is an estimation of these p-values based on Monte-Carlo
or permutation tests. For a Monte-Carlo test, one would generate a large number
of biomarkers with random values and compute the values of the corresponding
performance measure. Then the p-value of a biomarker candidate in the real
data set is the proportion of random biomarkers with a better value for the
performance measure than the considered biomarker in the real data set. For a
permutation test, one would randomly permute the classes while fixing the values
of the biomarker candidates to compute values of the performance measures for
random biomarkers. The p-value of a biomarker candidate in the real data set
is then computed in the same way as for the Monte-Carlo test. Estimating the
p-values based on Monte-Carlo or permutation tests requires a large number
of simulations implying high computational costs. For instance, in the example
of the hip prosthesis infection data set the best AUC value has a p-value of
approximately 3 · 10−5. If we had not been able to compute this p-value based
on Eq. (1) and had to rely on Monte-Carlo or permutation tests, we would need
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at least 106, better even more than 107 simulations to get a rough estimation of
this small probability. And the above mentioned performance measures already
need a little bit of computation time for a single biomarker.

6 Conclusions

In this paper, we have presented an approach how to judge biomarker pilot
studies with small sample sizes and large numbers of possible biomarker can-
didates. For binary classification problems we can use the AUC as a measure
of performance for the single biomarkers, leading to closed form solutions of
the required calculations and therefore to fast computation. Other performance
measures could also be applied for the price of high computational costs due to
the need of simulations instead of closed form solutions. Efficient algorithms or
new solutions will be a topic of further research.

Another question concerns the correlation between the biomarker candidates.
The computation of the p-values in the context of AUC values and for the
Monte Carlo test assumes independent biomarker candidates. This is definitely
an unrealistic assumption because at least subsets of the biomarker candidates
– no matter whether they are associated with the disease or not – will show
high correlations because these measured values interact in a highly complicated
biological system and cannot function independently. In a certain way, this would
be taken into account by a permutation test because the correlation among
the biomarker candidates is not changed, only the distribution of the classes is
rearranged. This aspect will need further investigations.
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