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Chapter 1

Introduction

Proteins play important roles in cells and organisms. As well as being part
of the immune system proteins transport substances through the body and
catalyse chemical reactions in the cell. The protein content of a cell depends
on the function of the cell. It can change in response to (outside) influences,
for example illness. On the other hand, changes in proteins can also cause
disease. This means that if it is possible to measure such a change in a person
with a certain disease we may learn something about the disease. We may
also be able to use knowledge about the change in protein composition in di-
agnosing the disease. Often it is unknown which proteins might be involved.
The research is then not aimed at a specific protein, but at many proteins at
the same time. This is the domain of clinical proteomics.

Proteomics is the study of the proteome, which in its widest definition in-
cludes all proteins that are expressed in an organism. In practice it is not
possible to measure all proteins, but with modern techniques it is possible to
measure many proteins simultaneously. With for example mass spectrometry
it is possible to analyse clinical samples (blood, urine, tissue) from patients
and healthy controls. This results in intensities for many proteins for each
sample, which is called the protein profile of the sample. The next step is to
find differences between the protein profiles of groups of patients and con-
trols. These differences are potential biomarker leads. Occasionally there may
be an obvious difference: one protein that is present in patients but not in
controls or one protein that is clearly underexpressed in patients. Often the
differences are much more subtle and data analysis methods are needed to
uncover them. The analysis of clinical proteomics data is the subject of this
thesis.

Chapter 2 is an introduction to statistical analysis of clinical proteomics data.



2 Introduction

In this chapter data analysis strategies for the discovery of biomarkers in clin-
ical proteomics are reviewed. An overview of some widely used variable se-
lection methods and classification methods is given. We present a framework
in which most of the methods fall.

With the use of data mining methods comes the issue of statistical validation:
How can we analyse the data in such a way that information of the statistical
validity of the results is obtained? A strategy is put forward for a thorough
statistical assessment of the entire data analysis procedure, combining permu-
tation testing and cross validation. This strategy is tested in two case studies:
the classification of SELDI-TOF-MS protein profiles of Gaucher patients and
controls in Chapter 3 and of Fabry patients and controls in Chapter 4. We
also use the validation protocol for assessing different statistical classification
methods in Chapter 5.

The second part of the thesis gives two examples of how tailoring the data
analysis to the structure of the data can enhance the performance. Proteomics
studies are sometimes designed to compare samples from one patient, for ex-
ample healthy and diseased tissue from the same organ or blood samples be-
fore and after treatment. This design results in a data set with a paired nature.
When one variable per sample is measured, applying a paired test makes it
easier to discover a difference. We consideredwhether applying a paired anal-
ysis to multivariate paired data would have the same effect. In Chapter 6 we
present a classification approach that explicitly uses pairing of samples in a
cervical cancer proteomics data set, obtaining a higher classification perfor-
mance compared to ignoring the paired structure of the data.

Finally, we study the properties of some classification methods themselves,
more specifically their behaviour with respect to covariances. In Chapter 7
we show an example of a data set that two common methods (Principal Com-
ponent Analysis followed by Linear Discriminant Analysis (PCDA) and Sup-
port VectorMachines (SVM) perform poorly on, while Soft IndependentMod-
elling of Class Analogy (SIMCA) performs much better. The data set con-
sists of serum protein profiles of recovering and relapsing cervical cancer pa-
tients. The characteristics of this data set cause PCDA and SVM to fail where
SIMCA can be successful, exemplifying that selecting a classification method
that suits the data structure can improve results.



Chapter 2

Statistical data processing in clinical

proteomics†

This chapter reviews data analysis strategies for the discovery of biomark-
ers in clinical proteomics. Proteomics studies produce large amounts of data,
characterized by few samples of which many variables are measured. A
wealth of classification methods exists for extracting information from the
data. Feature selection plays an important role in reducing the dimension-
ality of the data prior to classification and in discovering biomarker leads.
The question which classification strategy works best is yet unanswered.

Validation is a crucial step for biomarker leads towards clinical use. Here
we only discuss statistical validation, recognizing that biological and clini-
cal validation is of utmost importance. First, there is the need for validated
model selection to develop a generalized classifier that predicts new samples
correctly. A cross validation loop that is wrapped around the model develop-
ment procedure assesses the performance using unseen data. The significance
of the model should be tested; we use randomisations of the data for compar-
ison with uninformative data. This procedure also tests the correctness of the
performance validation. Preferably, a new set of samples is measured to test
the classifier and rule out results specific for a machine, analyst, laboratory or
the first set of samples. This is not yet standard practice.

We present a modular framework that combines feature selection, classifica-
tion, biomarker discovery and statistical validation; these data analysis as-
pects are all discussed in this chapter. The feature selection, classification and
biomarker discovery modules can be incorporated or omitted to suit the data

†This chapter is based on S. Smit, H.C.J. Hoefsloot, A.K. Smilde, J. Chromatogr. B 2008, 866,
77. DOI:10.1016/j.jchromb.2007.10.042
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analysis problem and the preference of the researcher. The validation mod-
ules are an integral part of the data analysis that ensures its quality. In each
module, the researcher can select from a wide range of methods, since there is
not one unique way that leads to the correct model and proper validation. We
discuss many possibilities for feature selection, classification and biomarker
discovery. For validation we advice a combination of cross validation and
permutation testing, a validation strategy supported in the literature.
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2.1 Introduction

Modern developments in analytical techniques such as mass spectrometry
(MS) make it possible to measure protein concentrations on a large scale; this
area of research is called proteomics. The hope is that proteomics studies can
contribute to healthcare. In clinical proteomics thousands of proteins or pep-
tides can be measured in a single experiment. This chapter describes how in-
formation is obtained from preprocessed clinical proteomics data and how to
validate the information using statistical procedures. The clinical proteomics
experiments that we discuss in this paper can be seen as a discovery tool for
biomarkers. A possible workflow for biomarker discovery is given in Fig-
ure 2.1. It starts with a biological question, which leads to a carefully de-
signed experiment, sampling and measurements. Preprocessing of the data
is necessary to remove instrumental noise and make the measurements com-
parable. The result is a data matrix consisting of N objects (samples) and m

variables or features which is used in the subsequent data analysis. A prelim-
inary answer to the biological question is obtained in the three blocks that are
encircled in Figure 2.1: Data processing, Biomarker pattern, and Statistical valida-
tion. After the discovery of statistically valid biomarker leads, external testing
and biological validation will show whether they truly answer the biological
question.

Biomarkers can be used to predict the state of a patient, in diagnosis, to mon-
itor the response to treatment, and to determine the stage of a disease. In the
search for diagnostic markers, but not essentially different for the other goals,
samples from cases and controls aremeasured. Themeasurements are usually
stored in a data matrix and class labels are stored in a response vector. Data
analysis tools try to find the differences in measurements that predict the state
of a patient. This information is preferably in just a few proteins (biomark-
ers) that are indicative for the biological state. Alternatively, the interplay of
multivariate data can provide the desired information. Results should be sub-
jected to validation: statistical as well as biological. The statistical validation
should investigate the performance of the biomarker, as well as the possibil-
ity of a chance result. The biological validation is concerned with the ques-
tion whether the biomarkers are involved in processes that can be related to
the disease. If the result of both validation processes is satisfactory a putative
biomarker is established. Many more steps have to be taken before this leads
to an established biomarker.1
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Biomarker pattern

Experimental design

Biological question

Sampling

Measurement

Data Preprocessing

Data processing Statistical

validation

Biological and/or

external validation

Figure 2.1: Biomarker discovery workflow. From biological question to biomarker
leads. The blocks Data processing, Biomarker pattern and Statistical validation form the
subject of this chapter.

MS is not the only technique used for proteomics investigations. Protein ar-
rays and 2D gels also play an important role in the field.2 However, most
of the literature on data analysis in clinical proteomics discusses MS stud-
ies. Reviews on the application of MS in proteomics are available;3,4 this
chapter does not discuss the many types of MS experiments. We restrict
ourselves mainly to data analysis in single MS experiments (such as liq-
uid chromatography-MS, matrix assisted laser desorption/ionisation MS and
surface enhanced laser desorption/ionisation) although our conclusions also
hold for other types of (omics) experiments. In single MS experiments many
different issues play a role. Among these are experimental design, selection of
patients, sample handling, preprocessing of the spectra and biological valida-
tion.5–12 We are not taking up these issues here but we focus on classification
methods for proteomics studies and the statistical validation tools that are
used in combination with the classification methods.

Classification methods applied in proteomics are developed in different sci-
ences, such as machine learning, chemometrics, data mining and statistics. A
wide range of methods is available, with many different characteristics. We
try to give an overview of the methods that are popular in proteomics. The
reason that validation in classification methods is an important and still open
issue is mainly caused by the characteristics of a proteomics data set. Usu-
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ally, a mass spectrum contains thousands of different mass/charge (m/z) ra-
tios. The sample size, e.g. the number of patients, is relatively small. This
results in a so-called high dimensionality small sample problem. This type
of problem suffers from the curse of dimensionality,13 which means that the
number of samples needed to accurately describe a (discrimination) problem
increases exponentially with the number of dimensions (variables). In pro-
teomics studies, the number of samples is usually low compared to the num-
ber of variables, due to the limited availability or the cost of measurements.
This undersampling leads to the possibility of discovering a discriminating
pattern between two populations, even when these two populations are sta-
tistically not distinct. Working with high dimensional data can easily lead to
overfitting: the derived model is specific for the training data and does not
perform well on new samples.

Literature provides several approaches to overcome these problems. One ap-
proach is to reduce the dimensionality of the data. This can be done before a
classification is performed or it can be combined with a classifier. Other tech-
niques to cope with high dimensional data are statistical validation strategies,
such as cross validation and permutation tests.

This chapter starts with an overview of the most encountered methods for
classification and biomarker discovery in clinical proteomics. We present a
framework in which most of the methods fall. And finally a strategy is put
forward for a thorough statistical assessment of the entire data analysis pro-
cedure.

2.2 Feature selection

Feature selection plays an important role in clinical data analysis for three rea-
sons. First, using all features in forming the classification rule in general does
not give the best performance. Increasing the number of features from zero
enhances performance to some point, after which adding more feature leads
to a deteriorating performance, because many features are uninformative and
they can conceal information in relevant features. This is called the peaking
phenomenon.14–16 The second reason is a technical one: some classification
methods require the number of objects to be larger or equal to the number
of features. Since proteomics data sets usually consist of far more features
than samples, a selection has to be made before constructing the classification
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rule. Third, one of the goals of a proteomics study is to find leads for potential
markers for disease. Hence, the number of variables in the final model should
be small to enhance the interpretability of the model. To this end, finding a
good classifier is combined with selection of discriminating variables.

We distinguish different categories of feature selection methods. Filter meth-
ods and variable transformation reduce the number of features independent
of a classification method (unsupervised), while wrappers select variables in
concert with a classification method (supervised). Sometimes, feature selec-
tion is intrinsic to a classification method, for example in classification trees.
Another category is variable selection after classification, where the informa-
tion in the classification rule is used to find the most informative variables.

Filters, variable transformation and wrappers are discussed in this section,
and section 2.4 describes variable selection intrinsic to classification and after
classification. This division reflects that wrappers, filters and variable trans-
formation are mostly used to deal with the peaking phenomenon and to solve
the technical issues, while leads for biomarkers are often sought in the classi-
fication rule.

We realize that this is by no means a strict distinction. Wrapper17 and filter18

methods have also been used for biomarker selection, and vice versa: some
intrinsic methods are used for preselection-selection to provide input for other
classification methods.19,20 We would like to point out that statistical valida-
tion is as important in variable selection as it is throughout the entire data
analysis. In undersampled data sets, with fewer samples than variables, it
may very well be possible to select a set of features that discriminate between
cases and controls, which turns out to be uninformative when new samples
are classified. Thorough statistical validation can prevent overfitting, and we
discuss it in section 2.6.

Independent feature selection

Filter methods are applied to the preprocessed data before the construction
of the classifier. Examples are significance tests such as the t-test, which com-
pares differences in means between the case and the control groups. When
the measurements for a variable differ significantly between the two groups,
it is retained. The t-test assumes normality of the data. The Wilcoxon-Mann-
Whitney test assesses differences between two groups without making this
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assumption.

These significance tests are designed to deal with univariate data, and a vari-
able is considered to differ significantly when its test statistic is smaller than
some value, α (generally, α = 0.05 or α = 0.01). Since proteomic analysis in-
volves testing many individual variables simultaneously, applying the same
value for α leads to many false positives.21 The Bonferroni correction sets an
α-value for the entire set, so that the test statistic for each individual variable
is compared to a value of α/(number of variables) and the false positive rate
or family wise error rate (FWER) is controlled.

A less conservative correction for multiple testing is controlling the false dis-
covery rate (FDR): the number of false positives among all positives.22,23 Sig-
nificance Analysis ofMicroarrays (SAM) uses a t-test with a threshold to select
features. The false discovery rate is obtained by comparing the results with
results in permutations.24

Like filtering methods, variable transformation is performed before classifica-
tion. Projection methods reduce the dimensionality of the data in a multivari-
ate approach. Principal Component Analysis (PCA) looks for linear combi-
nations of the original variables that describe the largest amount of variation
in the data.25 The linear combinations (principal components) become new
features that describe the data in a lower dimensional space.

Wrappers

Wrappers are feature selection methods that work in concert with a classi-
fication method. The classification method is used to test relevance of the
variables. Variables that lead to good performance are selected. Forward se-
lection starts with an empty set and selects the variable that gives the best
classification result. Given this first variable, another variable is added that
realizes the largest improvement of performance.13 Variables are added until
the performance does not improve or a set criterion is met. Backward elimi-
nation works similarly, starting with the full set of features and sequentially
removing features from the set.13 Genetic algorithms create many feature sets
that are tested simultaneously for performance, given a classification method.
The best sets are recombined to create a new generation of improved feature
sets. The algorithm is stopped when the performance does not improve over
several generations or when a preset performance measure is achieved.26
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Figure 2.2: Linear discriminant analysis.

2.3 Classification methods

Discriminant Analysis

Discriminant analysis (DA) was first introduced by Fisher, who used it to dis-
criminate between different Iris species.27 In the feature space, a direction is
sought that maximizes the differences between the classes with respect to the
covariance within the control and case classes (Figure 2.2). This direction, the
discriminant vector, can be used to classify new samples. DA uses the co-
variance matrix to find the discriminant vector. Linear Discriminant Analysis
(LDA) assumes the within-class covariance matrices to be equal, which leads
to linear decision boundaries. When the covariance matrices are unequal,
Quadratic Discriminant Analysis (QDA) is applied. The decision boundary
in QDA is quadratic.

Usually, in proteomics data, undersampling causes the within-class covari-
ance matrix to be singular, which makes it impossible to find the discriminant
vector. This can be solved by filtering features19 or by selecting features with
a wrapper method as described in the previous section. Other solutions lie in
adjusting the DA algorithm to repair the singularity of the covariance matrix.
Regularized Discriminant Analysis (RDA)28 shrinks the covariance matrix to-
wards a multiple of the identity matrix. In Diagonal Discriminant Analysis
the covariance matrix is assumed to be diagonal, setting all off-diagonal ele-
ments to zero (see for example29).
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A popular variant of DA in omics studies is Principal Component Discrimi-
nant Analysis (PCDA).30 It solves the singularity by reducing the dimension-
ality of the data with PCA, after which DA is performed on the PCA scores.
PCDA has been used for omics data analysis under a variety of names. As
uncorrelated discriminant analysis, Ye et al. used it for the analysis of sev-
eral publicly available gene expression data sets.31 The maximum number
of principal components is used in the classifier. In a proteomics study of
SELDI-TOF-MS data concerning ovarian cancer and prostate cancer, Lilien et
al. used the Q5 algorithm, also a combination of PCA and LDA to discriminate
healthy from diseased.32 Again, the maximum number of principal compo-
nents is retained. The classification probability is calculated from the distance
on the discriminant vector between the spectrum and the nearest class mean.
Spectra with classification probabilities smaller than a threshold are not clas-
sified. Smit et al. applied PCDA to SELDI-TOF-MS measurements of serum to
discriminate Gaucher patients from healthy controls.33 The number of com-
ponents was tuned with cross validation, showing that the maximum number
of components does not always lead to the best model.

Partial Least Squares

Partial Least Squares (PLS)34 is similar to PCA, but in extracting the new fea-
tures, PLS also takes the covariance of the data with the response vector (vec-
tor of class labels) into account. PLS tries to find the relations between the
data matrix and the vector of class labels, it is a latent variable approach to
modelling the covariance structure of the data and the class labels. A PLS
model will try to find the multidimensional direction in the space of the data
matrix that explains the maximum variance in the class label space. When it
is used for classification, it is referred to as partial least squares discriminant
analysis (PLSDA).35

PLSDA is a much used method in metabolomics studies. It has for exam-
ple been applied in a human metabolomics study into obesity to differentiate
between obese and lean individuals.36 In a proteomics dementia data set, Got-
tfries et al. employed PLSDA for discrimination between different classes of
dementia and healthy individuals.37 More examples of PLSDA applications
in clinical metabolomics studies can be found in an overview by Trygg et al.38
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Figure 2.3: The optimal separating hyperplane separates the classes with the widest
margin.

Support Vector Machines

The support vector classifier constructs a hyperplane that separates two
classes. When the classes are linearly separable, the optimal hyperplane max-
imizes the distance from the closest objects to the hyperplane, as is shown
in Figure 2.3. This distance is called the margin. The class assignment of new
samples depends onwhich side of the hyperplane they are. In the case that the
classes are not perfectly separable, some objects will be on the wrong side of
the hyperplane (misclassification). The amount to which objects are allowed
to be on the wrong side of the hyperplane is bound by a penalty. A high value
for the penalty means it is very costly to cross the hyperplane. Consequently,
in the original feature space the boundary will be wiggly to accommodate all
samples; this may result in overfit. Small values can lead to hyperplanes that
are not very effective in separating the classes.13,39

In Support Vector Machines (SVM), the data are transformed to a larger fea-
ture space. This makes it possible to accommodate discrimination problems
for which a linear decision boundary is inappropriate. A nonlinear transfor-
mation of the data can be chosen in such a way that the classes are (almost)
separable by a hyperplane in the higher dimensional feature space. The lin-
ear separation in the high dimensional feature space translates to a nonlinear
decision boundary in the original feature space. The new, higher dimensional
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feature space does not have to be considered explicitly, the hyperplane can
be computed using a kernel function. There are many possibilities for trans-
forming the data, which makes SVM a versatile method.39 The same data
transformations could also be coupled to other classifiers, such as PCDA and
PLSDA.

The SVM methodology is a popular method for classification in clinical pro-
teomics. Among recent applications are studies of tuberculosis,40 ovarian and
prostate cancer,41 response to therapy in rectal cancer patients,42 heart fail-
ure,43 and breast cancer.44

Logistic Regression

The odds is defined as the ratio of the probability of a sample being a member
of one class to the probability that the sample is outside that class. Logistic
Regressionmodels use linear regression to fit the data to the natural logarithm
of the odds. It ensures that the probabilities are between zero and one and
that they sum to one. Logistic Regression is similar to LDA, but it makes
fewer assumptions about the underlying distributions. Like in DA, the large
number of variables in proteomics data constitutes a problem, which can be
tackled in several ways. Variable selection prior to modelling was used by
Bhattacharyya et al. in a proteomics study of pancreatic cancer45 and by Zhu
et al. on microarray data in three cancer diagnosis data sets.46 Others have
combined PLS with logistic regression.47,48 In Penalized Logistic Regression,
a penalty is set on the regression coefficients. As a result, some coefficients
become zero, which effectively reduces the number of features.49,50

Nearest Shrunken Centroids

In nearest centroid classification, a sample is assigned to the class with the
nearest class mean. To accommodate classification of gene expression data,
Tibshirani et al. developed the Nearest Shrunken Centroids (NSC) method.51

It shrinks the class centroids towards the overall centroid, thereby selecting
genes. NSC, like Diagonal Discriminant Analysis assumes a diagonal within-
class covariance matrix. Tibshirani employed NSC for the discrimination of
different cancer types. To predict the tissue of origin of 60 cancer cell lines,
Shankavaram applied NSC to gene expression profiles.52 In a proteomics
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study of kidney patients with and without proteinuria, Kemperman et al. se-
lected discriminating proteins using NSC.53

Artificial Neural Networks

Artificial Neural Networks (ANN) refers to a class of nonlinear modelling
methods. Three parts can be discerned in an ANN: the neurons in the input
layer (data), neurons in one or more hidden layers, and the output layer neu-
rons (predicted responses). The neurons in the hidden layer are formed by ba-
sis transformations of the input. The parameters of the basis transformations
are learnt from the data, as are the weights assigned to the hidden neurons
to create the output.13 Bloom applied ANN for the detection of the tissue of
origin of adenocarcinomas, which were analyzed by 2D gel electrophoresis.54

Other applications are prediction in breast cancer55 and kidney disease.56

Classification Trees

AClassification Tree algorithm recursively splits the data in a parent node into
two subsets called child nodes. The decision for the split is based on the value
for one protein. The aim is to maximize homogeneity in the child nodes and
the protein that gives the largest decrease in heterogeneity is chosen. The child
nodes then become parent nodes and new variables are selected to split these
nodes in turn. This process continues until all variables have been used or all
terminal nodes are homogeneous. The last step is pruning of the tree to avoid
overfitting. Several measures of heterogeneity are employed in different tree
algorithms.13 Some applications of decision trees in proteomics are clinical
studies of pancreatic cancer,45 clinical behaviour after treatment in leukaemia
patients,57 and ectopic pregnancy.58 In this last study, Gerton et al. first built
two trees to optimize separately for sensitivity and specificity, which they then
combined to form one classification model.

Ensemble classifiers

Ensemble classifiers are formed by combining several single classification
rules (base classifiers), with the goal to construct a predictor with superior
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performance. A new sample is classified by all individual classifiers and the
ensemble prediction can be made by majority voting. The ensemble method
is successful when each individual rule makes correct prediction for more
than half of the samples and if the rules are diverse (give independent pre-
dictions).59

Different types of ensemble methods exist. Using several different classi-
fication methods to construct the base classifiers is one way to create di-
verse rules.60 Alternatively, the rules can all be constructed with the same
classification method, for example ANN.61 Diversity of the rules can then
be introduced by resampling the subjects with cross validation,62 bootstrap-
ping,61,63–65 and boosting.66,67 A combination of bagging and boosting is used
by Dettling in BagBoosting, where in each boosting step a bagged classifier is
constructed.68 Alternatively, resampling of the variables also leads to diverse
base classifiers.69–72 After construction of the base classifiers, their diversity
can be evaluated by comparing their predictions60,69 or the structure of the in-
dividual classifiers.63 The final step is the combination of the base classifiers
to arrive at one prediction for a sample. Several fusion methods exist,73 of
which weighted voting and majority voting are most applied.60,62, 64

A well known ensemble classifier is the Classification Forest. The Classifica-
tion Forest is an extension of the Classification Tree, where multiple trees are
constructed and used in an ensemble to predict new samples. Examples of
forest classifiers are the Random Forest (RF),74–76 and the Decision Forest.77,78

2.4 Biomarker candidate selection

With biomarker candidate selection we refer to feature selection with the aim
to discover which proteins are promising leads for biomarkers. We place
this module after the classification methods, because the classification rules
contain information about the contribution of each variable to the classifica-
tion. This information reveals the proteins of interest, which may prove to
be biomarkers. Two methods that determine the interesting variables directly
are the classification tree,13 which classifies samples based on their values for
a small number of proteins and the NSC algorithm, which as a by-product of
constructing a classification rule selects variables.51

Other classification methods carry relevant information about the variables in
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the form of weights and regression coefficients (linear SVM, DA). This infor-
mation is used in many applications to select relevant sets of proteins. Guyon
developed Recursive Feature Elimination (RFE), a backward feature selection
method, which eliminates the feature with the smallest weight in a linear SVM
rule.17 Rank products was initially designed for gene selection using gene ex-
pression differences between two groups directly,79 but it has also been em-
ployed for selection of proteins using a PCDA classification rule.33

Bijlsma used a threshold on the regression coefficients in PLSDA to select
potential metabolite biomarkers.36 Another feature extraction method for
PLSDA is Variable Importance in the Projection (VIP). The VIP value of a
variable reflects its importance in the model with respect to the response vec-
tor as well as to the projected data.80 It has been used in the selection of
metabolites in studies of liver function in Hepatitis B81 and intestinal fistu-
las.82 Variable selection in ensemble methods is perhaps less straightforward,
due to the amount of information that comes from using multiple classifica-
tion rules. The random forest algorithm estimates the importance of a variable
by permuting the measurements for that variable, leaving the rest of the data
intact and classifying new samples.74 It is also possible to use the information
from significance tests (t-test, Wilcoxon-Mann-Whitney test) to select disease
markers, without running a classification algorithm.18

2.5 Comparison studies

Many more classification algorithms are available; the list of classifiers and
variable selection methods we discuss is not exhaustive. The question arises
which method is best suited for classification of proteomics data. It is hard to
compare results from different studies because conditions vary. This is due to
the fact that preprocessing, reporting of performance and validation schemes
are not the same. There are some studies that describe performance of several
classification methods applied to the same data set, with the aim to compare
classifiers.

Liu et al. investigated six feature selection methods on leukaemia gene ex-
pression data and on ovarian cancer MS data.83 After feature selection, four
classifiers were applied to the reduced data. For the gene expression set En-
tropy Feature Selection, which selects the features based on their discrimina-
tory power, came out first. A correlation based feature selection (this method
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selects a subset of features that correlate with response but not with one an-
other) led to the best performance in the ovarian cancer data. A special is-
sue of Proteomics in 2003 covered the data analysis efforts of several research
groups on one lung cancer data set.84 Many strategies are applied in this issue
to obtain a classifier. Due to the use of different validation schemes and dif-
ferent preprocessing it is very difficult to compare the performance. In a com-
parison study of simple DA classifiers with aggregated Classification Trees (as
representative for more sophisticated machine learning approaches) on three
gene expression data sets, Dudoit et al. found that the DAmethods performed
very well.29 Wagner compared several linear and nonlinear DA methods and
a linear SVM for classification of prostate cancer MS data.85 Although the per-
formances of the methods were comparable, the linear DA and linear SVM
performed slightly better than nonlinear DA methods. Wu et al. combined
two feature selection methods and several classification algorithms to classify
ovarian cancer MS data.19 They concluded that RF outperformed the other
methods (among which SVM, DA, bagged and boosted classification trees),
but their conclusion was mainly based on the results after feature selection
with RF. Feature selection based on the t-statistic resulted in superior perfor-
mance of SVM and LDA, closely followed by RF. For classification of MS data
of Gaucher disease, Hendriks et al. applied six classification methods.67 The
most successful were SVM, Penalized Logistic Regression and PCDA.

These comparison studies show there is no consensus about the best classifier.
This is due to the fact that different data sets have different characteristics
and therefore no classifier will have a high performance for all data sets. The
performance not only depends on the data but also on the feature selection
step and on the individual experience of the data analyst.86 Experience with a
method is likely to give better results. We have found no set of guidelines for
selecting a classifier.

2.6 Statistical validation

The next step towards clinical utility is validation. First, the results of a pre-
liminary clinical proteomics study should be subjected to thorough statistical
assessment. Next, a new set of samples should be measured independently
in time and/or place from the first data set to test the classifier. If the prelim-
inary results warrant the investment, the following step would be identifica-
tion of the relevant proteins to determine biological validity. In this section
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we describe two tools, permutation tests and cross validation, to assess the
statistical validity of the classifier, based on the preliminary data set only. An
overview of validation strategies in proteomics literature is given. We start
by discussing different performance measures that are used in clinical pro-
teomics.

Performance measures

The performance of a classifier in clinical applications is usually given in two
measures. The sensitivity is the fraction of cases that are classified as cases.
The specificity is the fraction of controls that is correctly identified. The sen-
sitivity and specificity can take values between zero and 1, where zero means
all samples in that class are misclassified and 1 means that they are all cor-
rectly identified. They are both reported, because they each show a different
characteristic of the classifier and can be very different.87 The sensitivity and
specificity can be altered by shifting the threshold for assignment to the case
or control class. This may lead to a classifier with more desirable characteris-
tics, such as a higher sensitivity, usually at the cost of specificity. The sensitiv-
ity and specificity can be plotted together in a receiver operating characteristic
(ROC) curve. An example of an ROC curve is given in Figure 2.4. The sensitiv-
ity is plotted on the y-axis and the x-axis represents the false positive fraction
(1 − specificity). The lower left corner represents the case where all controls
are correctly classified (specificity equals 1), but all the cases are classified as
controls (sensitivity is zero). The opposite case occurs in the upper right cor-
ner, where the sensitivity is 1 and the specificity is zero. Both corners are
always part of the ROC curve. In between, the sensitivity and false positive
fractions for different values of the threshold are plotted. Ideally, the resulting
curve would go from the lower left corner to the upper left corner and then to
the upper right corner. This represents a classifier that is able to distinguish
perfectly between cases and controls for some value for the threshold. The in-
formation in an ROC plot is summarized by the area under the curve (AUC).
The AUC of a perfect classifier is 1, whereas an uninformative classifier has
an AUC of 0.5.21,87
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Figure 2.4: An ROC curve shows how the sensitivity and specificity of a certain clas-
sifier are connected. Changing the decision boundary influences the sensitivity and
specificity, improving one of these at the expense of the other.

Cross validation for performance estimation

A classifier is trained on a limited data set at some point in time with the ob-
jective to correctly classify samples that will be measured in the future. At the
time of construction, it is not possible to foresee how well a classifier will per-
form on newly acquired samples, because the samples are not yet available.
Therefore, the performance is estimated on data that is available. Neverthe-
less, the performance estimate should be based on an unseen set of samples,
which are not in any way used in creating the classifier. If the performance
is estimated using samples that have somehow been used in the modelling
procedure, the estimate will be overly optimistic.13 A second requirement of
the performance estimate is that it should take into account the variability of
the classifier. The data set from which the parameters of the classifier are es-
timated is a sample from the entire population and therefore this classifier is
one possible realization. Other samples from the same population would re-
sult in different parameter estimates. The variability of the classifier should
be reflected in the performance estimator.

Both requirements are met in cross validation. Cross validation makes ef-
ficient use of the available data, which is especially helpful in small data
sets. The general idea is to split the data into several approximately equal-
size parts. Each part is masked in turn (test set), while the remaining parts
combined are used to train the classifier (training set). The classifier is then
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applied to the masked set for prediction. This is repeated until all parts have
been masked once, and then the error made in the blinded test sets is com-
bined to give an independent estimate of the performance of the classifier.
Because the training sets are different in each repetition, the cross validated
performance estimate incorporates the variability of the classifier.

There exist different variants of cross validation. When the test set is made up
of one sample it is called leave-one-out (LOO) cross validation. In k-fold cross
validation, the data are divided in k parts. If k equals the number of samples
it is leave-one-out cross validation. A variant of k-fold cross validation is
leave-multiple-out cross validation, where repetitions are allowed in the test
sets.88 Often, the ratio of the class sizes is preserved in the training and test
sets, making them accurate representations of the original data. This is called
stratified cross validation.33,89, 90

Cross validation for meta-parameters and feature selection

Many of the classification methods described in the previous section require
the optimization of model tuning parameters. For example, in PCDA and
PLSDA, the number of retained latent variables should not be too low, because
valuable information would be discarded. On the other hand, incorporating
too many latent variables means uninformative noise is incorporated in the
model. Care has to be taken to avoid overfitting of the model to the available
data, as the data are typically highly undersampled. The choice of the tuning
parameters should be such that the generalization error of the resultingmodel
(the error made in new samples) is low. This is also true for the selection of
(a subset of) proteins for prediction. The selection should not only give good
predictions for the available data, but also on newly acquired data. The tuning
parameters and protein subset selection are called meta-parameters.

Cross validation is a much employed method to tune meta-parameters in
proteomics, as well as in other ’omics’ studies, chemometrics, and Quanti-
tative Structure-Activity Relationship research. In this section we will borrow
from research on cross validation in these fields and transfer relevant find-
ings to clinical proteomics. For meta-parameter tuning, the cross validation
procedure is repeated for different choices of the meta-parameter. The perfor-
mances of classifiers with different values for the meta-parameters are com-
pared to choose the parameter with the lowest cross validation error. Because
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the test sets are not used in training the classifiers, overfitting of the model is
prevented.

In the previous section we mentioned that cross validation reflects the vari-
ability of the classifier that is due to the data being a sample from a popula-
tion. This is also of importance for the selection of a meta-parameter, since
the goal is to construct a representative classifier. In LOO cross validation,
the training sets are very similar to the full data set and to each other. This
means that the classifiers constructed on the training sets will not vary much
and there is still a risk of overfitting. K-fold cross validation introduces more
variability, because the training sets are smaller and less similar.13 This forces
the selection procedure to recognize general patterns, rather than individual
data points.88 A good value for k depends on the data: with smaller values
for k, the test sets are larger and the training sets in undersampled data sets
may become too small for building meaningful models. Moreover, the bias
inherent to cross validation increases with smaller values for k. This inherent
bias results from the training sets being smaller than the full data.13 Gener-
ally, 5 or tenfold cross validation is used.91 There are many ways to split the
data into different parts in k-fold cross validation. The estimate of the per-
formance may depend on the choice of split.89 Therefore, it is recommended
to repeat the cross validation several times with different splits of the data.
Kohavi and John let the number of repeats depend on the standard deviation
of the performance estimate.92 They repeat until the standard deviation be-
comes sufficiently small. This way, large data sets are cross validated fewer
times than small ones, in which the variance will be higher. It saves comput-
ing time and it gives a criterion for the number of repeats of cross validation
necessary.

Cross validation can be performed with restrictions. Baumann restricts the
number of variables (proteins) or latent variables to be selected.88 However,
this requires a priori knowledge of the data. Kohavi and John implement a
complexity penalty in their evaluation to favour smaller subsets of variables.92

Double cross validation for meta-parameter selection and performance es-

timation

When selecting a model with cross validation, the corresponding cross vali-
dation error is an inappropriate estimate of the prediction error of the model.
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Figure 2.5: Pseudocode for double cross validation.

In that case the cross validation error is not based on an independent test set,
because with the choice for a certain model, all of the data - the test sam-
ples as well as the training samples - is used. To solve this, Stone introduced
the cross validatory paradigm: the cross validated choice of parameters re-
quires cross validatory assessment to avoid overly optimistic performance
estimates.93 This means a nested cross validation scheme is needed to esti-
mate the prediction error, where the parameter optimization is executed in
an internal loop and the prediction error is estimated in an external loop on
a completely independent set of samples. Pseudocode for this cross valida-
tion scheme is given in Figure 2.5. It is often called cross-model validation or
double cross validation. For modelling procedures in which parameters are
tuned in another way than with cross validation, for example by bootstrap-
ping, all these training steps have to be taken into account in the validation of
the performance.

Several researchers have investigated the extent of the bias of the cross vali-
dation error when not all model training steps are evaluated within the cross
validation. Taking two microarray data sets as an example (using SVM with
RFE), Ambroise and McLachlan showed that, while single cross validation
suggests that the error rate was negligible, the test error was far from that.94

Double cross validation error is a much better estimate of the performance.
In addition, they calculated the single and double cross validation error rates
for 20 permutations of the data. Although no information is present in the
permuted data sets, the cross validation error that is obtained with the se-
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lection of genes was almost zero. In contrast, double cross validation error
estimates were much more realistic, between 40% and 45%. Similar results
were reported by Simon et al.,95 Varma et al.96 and Smit et al.33 The bias that
is introduced in the performance estimate by ignoring the meta-parameter se-
lection in the validation process is called the parameter selection bias. Double
cross validation removes the parameter selection bias, but it does have the
slight bias inherent to cross validation that is the result of the lower number
of samples in the training set than in the full data set.96

It may seem a bit unclear what model is validated with double cross valida-
tion, because the internal loop returns different meta-parameters for different
training sets.97 This is very much the same as what we described for cross
validation in the previous section. The variability of the classifier – in this
case, the variability of the meta-parameters as well as the estimated parame-
ters – is taken into account in estimating the performance with double cross
validation.33 Consequently, in double cross validation the entire model opti-
mization procedure is validated.96 The final classifier can be constructed in
several ways. Stone chooses the tuning parameter with a cross validation and
uses this parameter to build a model on the full data set.93,97 Other possibili-
ties are retaining all k classification rules from the double cross validation and
use them together as an ensemble classifier for new samples or using the most
frequently selected parameter in the internal loop on the full data set.98

Permutation test

In a permutation test the class labels are repeatedly removed and randomly
reassigned to samples to create an uninformative data set of the same size as
the data under study. One application of permutation tests is determining
the relevance of a model. Building and testing a classifier on many permuta-
tions of the data gives a distribution of the performance found by chance, to
which the performance of the classifier on the original data can be compared.
The same classifier building protocol that is applied to the data is applied to
the permutations, including any filtering or other selection of variables and
parameter tuning.88

Permutation testing was already mentioned in the previous section where it
appeared as a tool to investigate the bias of different cross validation meth-
ods.94,98 The rationale behind the use of the permutation test in this manner
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is that with uninformative data that are divided into two groups, a classifier
would on average assign 50% to the wrong class. A validation method that
returns an error rate that is on average much deviating from the expected 50%
error rate is biased. Permutation tests thus answer two questions: whether the
information in the data is truly relevant and whether the performance estima-
tion is carried out properly.

In the literature, the number of executed permutations varies substantially.
Ambroise et al. use 20 permutations to investigate the bias of incomplete
cross validation,94 while Bijlsma et al. and Smit et al. use 10, 000 permutations
to determine the significance of the performance of a classifier.33,36 So how
many permutations are needed? For very small data sets it may be feasible
to perform an exhaustive permutation test in which all possible permutations
are considered. The number of possible permutations quickly rises, even for
moderate class sizes. As an alternative, a test can be performed with only a
subset of all permutations. The number of permutations determines accuracy
and the lower bound of the p-value; with 100 permutations the lowest possi-
ble p-value is 0.01. Since the variance of the performance in permutations can
be very large, a large number of permutations are needed to obtain a reliable
result.

Strategies and applications

In this section we provide some examples of validation strategies applied in
transcriptomics, metabolomics and proteomics literature.

A microarray data analysis workflow is suggested by Wessels et al.89 Their
validation protocol consists of 100 repeats of a stratified double cross valida-
tion, where the outer loop is a threefold cross validation and the inner loop is
tenfold. They report the average of the sensitivity and the specificity. For a
metabolomics obesity study, Bijlsma et al. developed a strategy for data pre-
processing, processing and validation.36 The PLSDA classifier performance
is evaluated with single cross validation and 10, 000 permutations. Poten-
tial biomarkers are selected that have regression coefficients above a certain
threshold. The information carried in the selection is tested by building mod-
els with only the selected variables. Additionally, non-informative models are
build on the data without the selected variables to test if all relevant informa-
tion is captured in the selected variables.
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Figure 2.6: Modular view of proteomics data analysis.

In proteomics research there are also several examples of statistical validation
strategies. Lee validated PLSDA results on MS data with double cross valida-
tion and by comparing the performance with 20 permutations of the original
data.99 Similar statistical strategies in clinical proteomics studies are used by
Tong et al.78 and Smit et al.33

2.7 Proteomics data analysis: a framework

Data analysis methods extract information from the data to predict the
class. As shown, there are many methods for feature selection, classification,
biomarker candidate selection and statistical validation. It is possible to com-
bine methods in different ways, leading to many data analysis approaches.
We propose a modular data analysis framework (Figure 2.6), in which most
data analysis strategies fit. While it is possible to make a selection from the
feature selection, classification and biomarker discovery modules to form a
good working classifier, the validation modules form an integral part of the
strategy which should not be left out. For each module the researcher can use
his or her method of choice. In the remainder of this section we will discus
the modules and their interactions.

Module 1 is the feature selection. This module is optional, but for high dimen-
sional data the choice of classification method sometimes demands feature se-
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lection, for example when discriminant analysis or logistic regression is used.
Module 2 is the classification method, this module is only necessary if one of
the aims is to obtain a classification rule. Module 3 represents the biomarker
selection, it is to be used if biomarker discovery is the purpose of the study
and the biomarker selection is not intrinsic to the classification method.

The next three modules are statistical validation methods that are all dis-
cussed in section 2.6. From a statistical point of view it is recommendable
to use these modules if possible since they give generalizable models (mod-
ule 4), performance estimates (module 5) and insight in the relevance of the
model and the data (module 6). Invoking these validation tools enhances the
trustworthiness of the model and the biomarkers.

2.8 Black spots and open issues

External test set

If there is only one data set available a cross validation approach makes ef-
ficient use of the data.98 However, an external test set is always of added
value.95 An external data set obtained in a different way can show whether
the model is not too specific for the data set that is used to construct the clas-
sification rule. For example the measurement could be performed on another
instrument, by a different person, and the samples could have been obtained
from a different population of patients. In the omics literature several exam-
ples of the use of external test set can be found.76,100

Power calculations

An issue that we have not yet addressed in this chapter is power calculations.
A power calculation determines the sample size necessary to observe a known
effect. Such calculations are standard in clinical trials,101 but are not yet de-
veloped for clinical proteomics. There are two problems involved in power
calculations for clinical proteomics: i) unknown effect size, ii) highly multi-
variate data. For power calculations the expected effect size (or the minimal
wanted effect size) has to be known a priori. This is problematic in clinical
proteomics. Moreover, power calculations are well developed for univariate
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analysis, but the results for multivariate analysis are very limited.102

Obviously, the larger the sample sets, the more accurate the result. Unfortu-
nately, the number of measurements is usually limited due to the cost of mea-
surements or the limited availability of suitable samples. Validation strategies
help overcome some problems. However, Rubingh shows that statistical tests
become unreliable for data sets with small sample size.103

Increasing complexity of data sets

The technology of mass spectrometry is improving, see for example the devel-
opments in hyphenated techniques, such as the combination of liquid chro-
matography and mass spectrometry (LC-MS). This implicates that the data
sets, which are already complex, will be even more complex in the future. We
observe a tendency in the literature to analyze combinations of different types
of omics data.3

2.9 Conclusions

Proteomics research, despite the large effort in recent years, knows many is-
sues that are still subject to debate. This chapter discussed some issues related
to the analysis of proteomics data. Due to the complex nature and high dimen-
sionality of the data it is easy to find differences between groups. But these
differences are possibly just chance results. The goal is to develop classifiers
and/or biomarkers that perform well on new data. Furthermore, a proper
estimate of the performance is desirable for forming realistic expectations for
the prediction of future samples. Additionally, the relevance of the model
should be investigated.

In this chapter we have shown that there are some good examples of perform-
ing statistical validation. We urge to set some standards in reporting results
from models derived from proteomics data. Such a standard could include
that sensitivity and specificity are only to be reported on test sets that have
not been used during model building. Furthermore, also a p-value, possibly
obtained from a permutation test, should be reported in order to assess the
probability of a chance result.
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A statistically valid biomarker should always be subjected to biological val-
idation. This answers the question whether the biomarkers are specific for
the disease. A statistical valid biomarker can be biologically irrelevant, for
example: if the experiment is on a healthy control group and a group with
cancer, the biomarker might be indicative for a secondary effect like inflam-
mation that is not specific for cancer. Even the most thorough statistical pro-
cedure can not safeguard against this type of findings.



Chapter 3

Assessing the statistical validity of proteomics

based biomarkers†

A strategy is presented for the statistical validation of discrimination mod-
els in proteomics studies. Several existing tools are combined to form a solid
statistical basis for biomarker discovery preceding a biochemical validation
of any biomarker. These tools consist of permutation tests, single and dou-
ble cross validation. The cross validation steps can conveniently be combined
with a new variable selection method, called Rank Products. The strategy
is especially suited for the undersampled case, as is often encountered in
proteomics and metabolomics studies. As a classification method, Principal
Component Discriminant Analysis is used; however, the methodology can be
used with any classifier. A data set containing serum samples from Gaucher
patients and healthy controls serves as a test case. Double cross validation
shows that the sensitivity of the model is 89% and the specificity 90%. Poten-
tial biomarkers are identified using the novel variable selection method. Re-
sults from permutation tests support the choice of double cross validation as
the tool for determining error rates when the modelling procedure involves a
tuneable parameter. This shows that even cross validation does not guarantee
unbiased results. The validation of discrimination models with a combination
of permutation tests and double cross validation helps to avoid erroneous re-
sults which may result from undersampling.

†This chapter is based on S. Smit, M.J. van Breemen, H.C.J. Hoefsloot, A.K. Smilde, J.M.F.G.
Aerts, C.G. de Koster, Anal. Chim. Acta. 2007, 592, 210. DOI:10.1016/j.aca.2007.04.043
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3.1 Introduction

One area of interest in the study of disease is the proteomics based search
for disease markers. Theoretically, proteomics considers all proteins in an
organism, but usually only part of the proteome is measured. Surface en-
hanced laser desorption ionization time-of-flight mass spectrometry (SELDI-
TOF-MS) is a relatively new analytical technique. It combines absorption of
a subproteome on a chip with time-of-flight mass spectrometric detection. A
subset of the protein complement of the sample is bound to the chip and mea-
sured. The advantage of SELDI-TOF-MS over conventional techniques is the
possibility of applying complex body fluids such as saliva, urine and blood
directly to the chip. Mass spectra of samples of diseased and (healthy) con-
trol individuals aremeasuredwith the objective of distinguishing between the
control and diseased groups. Data analysis methods are used to find differ-
ences, which can be single protein markers or differing patterns in the protein
profiles.104–108 When these differences prove to be statistically valid, their bio-
chemical meaning can be ascertained, so that they may be put to use in the
clinic. The focus of this chapter is on data analysis and statistical validation.

The data analysis may start by building a discrimination model that sepa-
rates the groups as well as possible and that describes for which (combina-
tion of) variables they are most distinct. The large number of variables in the
proteomics setup generates modelling and validation challenges commonly
referred to as the curse of dimensionality13 or undersampling. In short, the
curse of dimensionality means that the number of samples needed to accu-
rately describe a (discrimination) problem increases exponentially with the
number of dimensions (variables) measured. Due to the limited availabil-
ity and/or cost of measurement the number of samples is usually relatively
small, in the tens or hundreds. The number of samples could then be too small
to accurately describe the groups. If that is the case, good discrimination re-
sults for the original control-diseased problem are possibly not significant. A
permutation test can evaluate this possibility and can help to decide whether
to proceed with the biochemical validation of the differences between the con-
trol and diseased groups.

A permutation test gives information about the discrimination performance
of the model, but the model should also be able to correctly classify new sam-
ples as diseased or control preferably using a low number of variables. Due to
the limited number of samples, it is often not possible to test the ability of the
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model to classify new samples on a masked test set. The test data cannot be
incorporated in the model and as a result the model would be trained on in-
sufficient data. Additionally, the test set would contain very few samples, and
the error in assigning only a few samples would not give a reliable estimate of
the prediction error. Cross validation is often the validation method of choice,
because it makes better use of the data. As Ambroise andMcLachlan94 and Si-
mon et al.95 have shown, cross validation only gives a reliable error rate when
the complete modelling procedure is cross validated. Leaving out parts of
the procedure during cross validation results in optimistic error rates. When
the model requires the determination of a tuneable parameter (for example
the number of components in Principal Component Analysis) this has to be
incorporated in the cross validation.

In this paper, cross validation is used for determination of a tuneable param-
eter and for candidate biomarker selection in a proteomics example. The
discrimination and classification performance of the model is assessed with
(double) cross validation in combination with a permutation test.78,99 The
example of choice is Gaucher disease. Gaucher disease is a rare inherited en-
zyme deficiency disorder that results in enlarged spleen and liver and bone
disease. Gaucher disease is chosen because previous studies have demon-
strated that several proteins show elevated blood levels in Gaucher patients.
Plasma levels of tartrate-resistant acid phosphatase 5b, β-hexosaminidase,
angiotensin converting enzyme and lysozyme are increased in Gaucher pa-
tients.109 Also two specific Gaucher cell markers are known: chitotriosidase
and CCL18. Chitotriosidase shows a thousandfold increased activity in serum
of symptomatic Gaucher patients.110 Plasma CCL18 levels are elevated ten to
fiftyfold in symptomatic Gaucher patients.108 SELDI-TOF-MS is used to cre-
ate protein profiles of the serum of 20 Gaucher patients and 20 controls. Due
to the measuring conditions, the protein profiles do not contain proteins that
are known to be differentially expressed in Gaucher patients. Nevertheless,
the groups of serum protein profiles are expected to differ, due to the large
clinical differences between the groups.

Principal Component Discriminant Analysis (PCDA) is used to discriminate
between the groups of protein profiles. The significance of the discrimination
is evaluated in a permutation test. Double cross validation is used to estimate
the error of the model in classifying unknown samples. The cross valida-
tion procedure generates several models. From these models discriminating
proteins are selected using the Rank Products procedure as described by Bre-
itling.79 Combining PCDA, permutation tests, double cross validation and
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Figure 3.1: Examples of a SELDI-TOF-MS spectrum of a control subject and a
Gaucher patient after preprocessing.

variable selection with Rank Products results in a strategy for the discovery
and rigorous statistical validation of candidate biomarkers.

3.2 Data set

The objects of the data set consist of serum protein profiles of 19 Gaucher pa-
tients (10 males and 9 females; 15-65 years old at the initiation of therapy)
and 20 controls (7 male and 13 female healthy volunteers). All patients with
Gaucher disease (type I) studied were known to the AcademicMedical Centre
(Amsterdam, The Netherlands). All patients received either enzyme replace-
ment or substrate reduction therapy. Serum samples were obtained before
initiation of therapy. Approval was obtained from the local Ethics Commit-
tee. Informed consent was provided according to the Declaration of Helsinki.
Serum samples were surveyed for basic proteins with SELDI-TOF-MS mak-
ing use of the anionic surface of CM10 ProteinChip R©. The resulting protein
profiles are mass spectra composed of the mass to charge ratios (m/z) and
the intensities of the desorbed (poly)peptide ions. The control and Gaucher
samples were randomly assigned to different spots and different chips. All
preprocessing (spot-to-spot calibration, baseline subtraction, peak detection)
of the SELDI-TOF-MS data was performed using Ciphergen software. An ex-
ample of the resulting spectra can be found in Figure 3.1.
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3.3 Methods

Principal Component Discriminant Analysis

Differences have to be found between the SELDI-TOF-MS protein profiles of
serum of controls and Gaucher patients to classify individuals as healthy or
diseased. A simple method for discrimination between two groups is Fisher’s
linear discriminant analysis (FLDA). Good discriminating directions are di-
rections in the m/z space in which the differences between the groups are
large compared to the differences within the groups. In the two-group case,
this direction is given by the vector d that maximizes the ratio

R =
d ′Bd

d ′Wd
(3.1)

where W is the pooled within class sample covariance matrix and B is the
between class sample covariance matrix. The discriminating direction is the
eigenvector corresponding to the largest eigenvalue of W−1B.111 Because
there are more m/z values than samples, the matrixW is singular. This means
that W−1 does not exist and FLDA cannot be applied directly. This problem
can be overcome by using Principal Component Analysis (PCA), which finds
new ”variables” or principal components to describe the data. These compo-
nents are linear combinations of the original m/z values. The first principal
component (PC) describes as much of the variation in the data as possible,
the second describes as much of the remaining variation as possible, etc. By
keeping only a few of the principal components the dimensionality of the data
can be reduced to a point where FLDA is applicable, while preserving most
of the information in the data. The number of components in the model is a
meta-parameter the value of which can be decided upon using cross valida-
tion, which is described in section Cross validation. The combination of FLDA
with PCA yields Principal Component Discriminant analysis (PCDA).30–32,112

Permutation test

Once a PCDAmodel is found that discriminates between the healthy and dis-
eased groups, what can then be said about the significance of the discrimina-
tion? Because of the size of the data set - there are manymorem/z values than
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there are samples - it might be possible to find two arbitrary groups that can
be well separated. In that case, a good discrimination in the original problem
may very well be a coincidence and may not be very significant. A permu-
tation test can evaluate this possibility. In a permutation test the class labels
of the samples are randomly permuted: Every sample is randomly assigned
a label while the number of control and diseased labels is the same as in the
original problem. The permuted problem is treated in exactly the same way
as the original problem. If the results are comparable to or better than the
results of the original problem, the discrimination is probably a coincidence,
or the result of confounded variables in poorly matched diseased and control
samples. However, when a lot of permutations give groups for which the dis-
crimination is worse, the result for the original problem may be significant.113

Cross validation

Asmentioned before, the number of components in the PCDAmodel is deter-
mined with cross validation. Cross validation has two distinct applications.
In the first place, it is a method that can give an estimate of the prediction
error when the sample size is small. Cross validation gives other information
about the model than a permutation test because the latter does not assess the
classification performance (i.e. it does not give a prediction error). When the
data set contains many samples, the predictions of one larger separate test set
can also give an independent prediction error. This error differs in one im-
portant aspect from the information obtained by cross validation. The data
set on which the model is built is only one subset from the entire control and
diseased population, hence the model and corresponding prediction error are
one possible outcome. Another subset would result in a different model and
error. Cross validation evaluates the effects of using only one subset by split-
ting the available data several times into different test and training sets. In
tenfold cross validation, for example, the modelling and subsequent predic-
tion is repeated ten times. Every time, ten percent of the data is masked; the
remaining ninety percent is the training set that is used for modelling. Al-
though the training sets overlap partly, they are different subsets from the
data and they result in different models. The ten different models from the
cross validation give insight in the variability of the model that is built on
the complete data set. In addition, a possible lucky subset that results in an
optimistic prediction error is averaged out by the other subsets.
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The second use of cross validation is in estimating a tuneable parameter. For
PCDAmodels the tuneable parameter is the number of components. For esti-
mation of the parameter the complete cross validation procedure is repeated
for all possible parameters. The parameter that leads to the lowest cross val-
idation error is selected. With this choice, information from the masked test
sets is brought into the model. It makes the cross validation error correspond-
ing to the chosen number of components an optimistically biased estimate of
the prediction error of the model. Taking many components conserves the
original data best. Restricting the number of components reduces the amount
of noise after the PCA step. Calculating the number of components in the
PCA model with cross validation is an appropriate way of obtaining a correct
number of components. This number of components is capable of retaining
the crucial information for the discrimination while discarding noise.

Double cross validation

Cross validation can be used to find a good estimate of the prediction error
in a lightly altered procedure. Determining the tuneable parameter with cross
validation is part of the procedure to build a model. The entire modelling pro-
cedure has to be cross validated in order to obtain the prediction error. This
can be done in a double cross validation.93 Double cross validation consists
of two nested cross validation loops (Figure 3.2). The modelling procedure,
including the cross validation that determines the tuneable parameter, forms
the inner loop. The cross validation for the error estimation takes place in the
outer loop.

The outer loop starts by masking a few samples. The remainder of the data
enters the inner loop. In the inner loop cross validation estimates the tuneable
parameter for the model as described above. The estimated parameter is used
to build a model on all the data that entered the inner loop. This model is
returned to the outer loop where it predicts the samples that were masked
thus far. The masking, parameter estimation, model building and predicting
of masked samples is repeated until each sample is masked exactly once in the
outer loop. The double cross validation error is a reliable estimate of the error
of the modelling procedure, because the predicted samples are completely
new to the model.

Double cross validation also gives insight in the variability of the tuneable
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Figure 3.2: Double cross validation. The original data set is split into a training set
(outer train) and test set (outer test) ten times in the outer cross validation loop (Outer
CV). In the inner loop the outer training set is split up nine times in a training set
(inner train) and a test set (inner test). Every number of principal components (PCs)
for the PCA step that is considered is used to build a model on the inner training
set. This model then predicts the classes of the samples in the inner test set, leading
to an error. The errors of all the inner cross validation models that have the same
number of components are combined in the cross validation error (CV error). The
number of components that leads to the lowest cross validation error is selected and
used together with the corresponding outer training set for the model in the outer
loop. The data in the outer test set is predicted with this model to give an error. The
errors made in the ten different outer test sets are combined in the prediction error.

parameter and the model. Every outer loop generates a different subset on
which the parameter is estimated and the model is built. Each different subset
results in a different estimate for the parameter and in a different model.

Rank Products

In the cross validating procedure several models are built. The Rank Products
procedure seems to be a natural partner for cross validation to evaluate the
overall importance of a variable. The discriminant vector found with PCDA
represents the differences between the control and the diseased groups. Since
the largest peaks in this vector are most important for the discrimination, we
can select m/z values based on their absolute value in the discriminant vector.
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In the tenfold cross validation ten different discriminant vectors are found in
which the importance of the m/z values may differ. The information in the
ten discriminant vectors can be combined using the Rank Products selection
method.79 For each of the discriminant vectors, the m/z values are ranked
according to their absolute value. The m/z value with the largest absolute
value gets rank 1, the next largest gets rank 2, etcetera. The ten ranks of each
m/z value are multiplied to obtain the rank product, and the m/z values with
the lowest rank product are the ones with the largest discriminative power. In
this way, single cross validation in combination with Rank Products can be
used for variable selection. The prediction error associated with the selected
variables is estimated with double cross validation.

3.4 Results

Data

Serum samples of controls and Gaucher patients were measured with SELDI-
TOF-MS. Preprocessing of the spectra was performed according to the de-
scriptions given above. The resulting data set contained 20 control and 19

Gaucher spectra, each consisting of 590 m/z values between 1000 en 10, 000.
The protein profiles were normalized by dividing each profile by its median to
arrive at comparable spectra. To prevent the largest peaks in the protein pro-
files from dominating the PCA part of the model, the data were auto scaled.
For (double) cross validation, auto scaling was always performed on the train-
ing data before modelling and then the test data was scaled prior to prediction
with the scaling parameters of the training set. By doing this, it is ensured that
the prediction of the test data is truly independent.

Discrimination

A discrimination model was built based on all data. A single cross validation
pointed at 15 principal components to be used. This resulted in a model that
discriminated perfectly between the Gaucher and control groups: all sam-
ples were assigned to the correct class. Hence, the resubstitution error, the
error made in classifying samples used to model the data, was zero. With a
permutation test, the significance of the discrimination was evaluated. The
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Figure 3.3: Permutation test. Histogram of the number of misclassifications in 10, 000

permutations. A: resubstitution error; B: cross validation error; C: double cross val-
idation error. The arrows indicate the number of misclassifications in the original
problem.

class labels of the samples were randomly permuted 10, 000 times and PCDA
models were made. A histogram of the resubstitution errors of the resulting
models is shown in Figure 3.3 A. Although the average resubstitution error for
the permutations (8.6) was larger than the resubstitution error for the original
data (0), it was much smaller than the average error expected for randomly
permuted problems (19.5: a flip of the coin result). Also, 4 of the permuted
problems resulted in a resubstitution error of zero, like the original problem.
This shows the well known overfitting phenomenon and a resubstitution er-
ror which is a severely optimistically biased prediction error.

The number of principal components for the discrimination model on all data
was determined with cross validation. The number of components was re-
stricted between 2 and 20. For each possible number of components, a ten-
fold single cross validation was performed. In each fold, two samples were
masked from both classes. Since there were 19 Gaucher samples, only one
Gaucher sample was masked in the last fold. The single cross validation er-
ror was lowest when 15 components were used; of the 39 samples 1 control
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and 2 Gaucher samples were misclassified. The same cross validation strat-
egy was applied to the 10.000 permuted problems. Figure 3.3 B shows a his-
togram of the number of misclassifications. None of the permutations gave
a lower single cross validation error of the original problem, but one permu-
tation resulted in the same cross validation error (three misclassifications).
On average, the permutations resulted in 16.6 misclassifications in the single
cross validation. Like the average resubstitution error this number is lower
than the expected number of misclassifications in random permutations. This
confirms and illustrates that the single cross validation error is also optimisti-
cally biased when it is used for tuneable parameter estimation and validation
simultaneously.

Classification

The prediction error of the model in classifying unknown samples was estab-
lished by double cross validation. In the inner loop, the number of compo-
nents for the model was determined by using ninefold cross validation. As in
the single cross validation, between two and twenty components were used
in a model. The models from the inner loop were tested in the outer loop
with tenfold cross validation. In the end, out of a total of 39 samples, two
control and two Gaucher samples were misclassified. Thus, the sensitivity of
the model was 89% and the specificity 90%.

These classification results are again compared to the double cross validation
results of 10, 000 permutations (Figure 3.3 C). The double cross validation er-
rors of all the permuted problemswere larger than the double cross validation
error of the original problem. The average prediction error was 19.9 misclas-
sifications, which is approximately half of the 39 samples. This is what would
be expected for random data: the model is not able to classify truly new sam-
ples. The best it can do is ’guess’ at the class label, which leads to this flip-
of-the-coin result. It illustrates the statement that the double cross validation
error is an independent estimate of the prediction error.

All three methods, re-substitution, single cross validation and double cross
validation yield statistical significance in the permutation test. A p-value from
each test could be calculated as the ratio of the number of equal or better per-
formances with the permutated data and the total number of permutations.
The significance of the double cross validation is highest. Because the mean
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of the distribution of the double cross validation is furthest away from zero
the power of this test is also better than in the case of the other two methods.

Double cross validation not only resulted in a prediction error for the model,
it also gave information about the variability. The tenfold outer loop resulted
in ten different discriminant vectors at the end of the double cross validation.
The number of components in the PCA step of these models ranged from
seven to twenty. However, the resulting ten discriminant vectors were very
similar, which implies that PCDA is a robust method.

The combination of samples to form test sets in the outer loop was one pos-
sible order. The double cross validation was repeated 100 times, each time
with different combinations of samples in the test and training sets. This was
done to exclude the possibility that a specific order of left-out objects would
influence the results. The average number of misclassifications of those 100

runs was 4, which is the same as the number of misclassifications found in the
double cross validation discussed above. Hence, this is a stable result.

The validity of the sensitivity and specificity which was found depends on
the matching of the Gaucher and control samples. In this study, the matching
was not perfect: There is a difference in the distribution of sexes between the
two groups. Also, the age of the patients and controls are not matched per-
fectly, but the groups do have the same large age range. Similar cohorts of
patients and controls were used in studies that revealed the now well estab-
lished Gaucher markers chitotriosidase and CCL18.108,110 The permutation
test also gives information on (poor) matching of cases and controls. In a ran-
dom permutation the (poor) matching is broken. In the 10, 000 permutations
there are many where for example the male/female matching is much poorer
then in the original data. Still all the classification results turn out to be worse.
From this it can be concluded that the matching was sufficient and that the
difference due to Gaucher disease is the dominant effect.

Rank Products

In the previous section it was determined that 15 components is the optimal
number for this data set. With this number the tenfold cross validation is per-
formed. The ten discriminant vectors were used for variable selection using
Rank Products. All m/z values per model were ranked and multiplied to
obtain its rank product. The average Rank Product for a given m/z value is



3.4 Results 41

Table 3.1: Top ten best discriminating m/z values and their Rank Products (RP) ac-
cording to the Rank Products method.

m/z RP

4058.0 36

5852.6 288

3685.4 115·103

4546.0 435·103

2067.9 292·105

4214.8 113·106

3840.1 136·107

1008.2 228·107

4016.2 503·108

8949.4 781·108

(

590

2

)10
= 5 · 1024. Table 3.1 shows the ten m/z values with the lowest Rank

Products, so the largest contributions to the discrimination. Surprisingly, all
the top ten proteins are up-regulated in the group of Gaucher patients. It
should be kept in mind that the analysis was focused on relatively small pro-
teins (molecular masses below 10, 000Da). It is known that various proteases,
particularly cathepsins, are elevated in Gaucher plasma.114 This may conceiv-
ably lead to unique low molecular mass degradation products. Alternatively,
the top ten ranking m/z values may also represent only one or a few pro-
teins. Due to the action of proteases and singly and doubly charged states one
protein could give rise to multiple peaks. The proteins with the lowest Rank
Products are candidate biomarkers. A biochemical validation is the next step
to assert the relevance of the putative markers before they can be viewed as
true biomarkers, but this is beyond the scope of this paper.

Another question is how many m/z values with low rank product would
have to be selected for a good predictive model. Figure 3.4 shows how the
classification error rate depends on the number of m/z values selected for
the model. The error rates in Figure 3.4 are double cross validation errors.
The Rank Products were calculated in an inner cross validation and models
based on different numbers of m/z values were tested in the outer cross vali-
dation. In this way, the performance of the selected m/z values in classifying
unknown samples was tested. As Figure 3.4 shows, incorporating 10 m/z
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Figure 3.4: Error rate vs. number of variables. For 1, 5 and 10 variables LDA was
used to build the model, for larger number of variables we used PCDA with 10 PCs.
The reported error rates are averages of 100 different double cross validations.

values or less resulted in error rates of 8 out of 39 and higher. The lowest
prediction error was achieved when 210m/z values were incorporated in the
model. Selecting 50 or more m/z values leads to a performance that is com-
parable to the performance of the model without selection. Apparently, not
all m/z values are needed in the model to achieve good prediction. In fact,
the best predictions were obtained with less than half of the m/z values. On
the other hand, it is not possible to reduce the number of m/z values to just a
few without significant loss of performance.

3.5 Conclusion

A strategy is presented for the discovery of candidate disease markers and
statistical validation thereof. It consists of building a discrimination model
with PCDA and subsequent validation of its discriminative ability with a per-
mutation test and of its predictive ability by double cross validation. It was
shown that it is possible to select candidate biomarkers by combining cross
validation with Rank Products. The strategy was applied to SELDI-TOF-MS
spectra of serum samples of Gaucher patients and healthy controls. Double
cross validation showed that the PCDA model has a sensitivity of 89% and a
specificity of 90%. In addition, the permutation test proved that the discrimi-
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nation was significant. The results of the resubstitution, cross validation and
double cross validation permutations tests supported the use of double cross
validation. All three tests indicated that the result obtained for the original
problem was not a coincidence. However, the test with double cross valida-
tion was the only test that gave the flip-a-coin result that can be expected for
randomly permuted labels in the two group case. These results illustrate the
need for a thorough validation of discriminant models in proteomics. In this
study, PCDA was chosen to build a discriminant model on SELDI-TOF-MS
data, but the conclusions regarding the validation with permutation tests and
double cross validation also hold for other discrimination methods and other
types of omics data. For a procedure in which no meta-parameter has to be
estimated the same procedure as described in this paper can be used, but a
single cross validation then suffices.



Outlook

We have discussed some aspects of the analysis of clinical proteomics data.
By tailoring the data analysis method (Chapters 6 and 7) it is possible to find
effects in the data that would otherwise remain hidden. The combination of
cross validation and permutation testing forms a thorough statistical valida-
tion which creates a solid foundation to continue developing differences be-
tween patient groups into clinically valuable biomarkers. Nevertheless, there
remain many open issues regarding the analysis of proteomics data and we
discuss some of those here. These issues are the subject of ongoing and fu-
ture research. We briefly touched upon the issues of power calculations and
increasingly complex data sets at the end of Chapter 2. In this chapter we
elaborate on these issues.

Power calculations

Power calculations provide the relationship between sample size, effect size
and the power of a statistical test. When the effect size is known or estimated,
the sample size can be calculated given the power desired. An appropriate
sample size, not too many or too few, gives rise to effective experimental de-
signs at controlled costs. For clinical proteomics and other omics disciplines
power calculations are not standard procedure. The reason for this is twofold.
First, in clinical proteomics studies the effect size is usually unknown. The
search for differentially expressed proteins is performed in a shotgun ap-
proach. Whether differentially expressed proteins will be measured and, if
so, how large an effect can be expected is not known beforehand. Estimates
for these could probably be obtained from pilot studies with 5-10 observa-
tions per class.159 The second problem stems from the high-dimensionality of
the data. While power calculations are well developed in univariate analy-
sis, results for multivariate data are very limited. Recently some results have
been obtained for multiple testing problems102,159,160 using the (local) false
discovery rate.22 However, the issue is still open for high-dimensional data.
Computer simulations using biological knowledgemight be a good approach.
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Increasing complexity of data sets

The improvement in mass spectrometry technology and the development of
hyphenated techniques, for example liquid chromatography coupled to mass
spectrometry (LC-MS, see for example Chapters 6 and 7) leads to ever more
complex data sets. Different platforms and different measuring parameters,
e.g. different columns, allow for measuring different parts of the proteome.
Integration of the resulting data can be achieved at several levels. The data
sets may be combined to form one larger set in which they are analyzed to-
gether. Alternatively, each set is analyzed separately and the results are com-
bined to give an expanded view. Another form of increasingly complex data
sets results from the integration of different types of ’omics’ data, for exam-
ple gene expression and proteomics data. The findings in one data set can be
used to confirm findings in the other, or together they can bring to light new
discoveries.3 The best method for fusing data sets remains a topic for future
research.

Towards clinical use

The goal in clinical proteomics research is to find protein markers that are of
clinical use, for example in population screening programs. Finding a protein
that is differentially expressed in one experiment does not necessarily trans-
late to a clinical application. Pepe identifies several phases of development
for markers intended for population screening.1 The work presented in this
thesis could be considered first phase studies where many leads are discov-
ered and prioritized. Between this phase and actual use as a screening tool
lie the phases of clinical assay development and evaluation. A challenge in
these phases is setting acceptable thresholds for type I and type II errors (false
positives and false negatives). A type I error means unnecessary psycholog-
ical burden for the person tested falsely positive. In population screening, a
test with a high type I error results in many costly follow-up procedures that
would not have been performed without the screening programme. On the
other hand, a high type II error leads to many people being falsely reassured.
A good screening tool strikes an acceptable balance between the two.
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Summary

The subject of this thesis is the analysis of data in clinical proteomics studies
aimed at the discovery of biomarkers. The data sets produced in proteomics
studies are huge, characterized by a small number of samples in which many
proteins and peptides are measured. The studies described in this thesis com-
pare different patient groups (recovering vs. relapsing patients) or a group of
patients with a group of healthy controls. The size of the data and the size of
the differences between the groups call for special data analysis strategies.

Chapter 2 is a review of data analysis strategies for the discovery of biomark-
ers in clinical proteomics. A wealth of classification and feature extraction
methods exists and in this chapter the most commonly applied methods are
discussed. Due to the complex nature of the data and the high dimensionality
it is easy to find differences between groups. However, these differences are
possibly just chance results. The goal is to develop classifiers and/or biomark-
ers that can be used to classify new samples. Therefore, methods to test the
validity of the results are part of a good data analysis strategy. A modular
framework that fits most of the strategies described in the literature is pre-
sented. In this framework feature selection, classification, biomarker discov-
ery and statistical validation are regarded as separate modules in the analy-
sis of proteomics data. A strategy can be built from a combination of these
modules in many ways, to suit the data analysis problem at hand. While it
is possible to choose from the feature selection, classification and biomarker
discovery modules to form a good working classifier, the validation modules
are an integral part of the strategy. Which methods are used to execute a spe-
cific module is a matter of choice which depends in part on the structure of
the data and in part on the preferences and expertise of the data analyst.

In Chapter 3 we present a strategy for the statistical validation of discrimina-
tion models in proteomics studies. It is illustrated on data from a proteomics
study of Gaucher disease, a lysosomal storage disorder. Gaucher disease is
chosen as a case study because it is known to cause dramatic changes in the
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blood of patients. Samples from patients and healthy controls are measured
with mass spectrometry and compared with Principal Component Discrimi-
nant Analysis (PCDA). The strategy combines permutation tests, single and
double cross validation. The permutation test is part of the strategy to rule
out the possibility of a chance result, by testing the classification method on
randomized data. From the permutation test a p-value is obtained by com-
paring the performance of the classifier to the performance on randomized
data. In the single cross validation the best PCDA model is selected, based
on its generalizability towards new samples. In some studies the reported
selectivity and specificity of a method is based on the single cross validation
error. This error is biased, since the cross validation error is also the criterion
that drives the model selection; Model construction and model evaluation are
interwoven. In a permutation test this bias is uncovered because the average
cross validation error of many permutations will be very different from the
expected 50% (for two classes of equal size). An unbiased prediction error
is obtained by validating the entire model selection procedure, which in our
strategy leads to double cross validation. The permutation test confirmes that
the double cross validation is an independent estimation of the performance.
The double cross validated sensitivity in the Gaucher vs. control problem is
89% and the specificity is 90%.

Fabry disease is a lysosomal storage disorder for which currently no blood
biomarker is available. In Chapter 4 we compare serum protein profiles of
controls and Fabry patients, an approach that allowed classification of pa-
tients suffering from Gaucher disease in Chapter 3. Classification of Fabry pa-
tients and controls using PCDA results in high error rates, also after variable
selection. With Support Vector Machines (SVM), the prediction error is lower.
The permutation test shows that the classification result is significant, but the
misclassification rate is still 16%. It might be argued that the procedure used
for protein profiling is not sensitive enough to detect early manifestations
of Fabry disease. However, concomitant with misclassification of Fabry pa-
tients as being normal, some control subjects are classified as diseased Fabry
patients. Strikingly, all three unaffected relatives of Fabry patients (R1, R2
and R3) that were tested were classified as being patient, either using SVM or
PCDA. This suggests that the discrimination may not be primarily based on
the underlying disorder but rather on other characteristics shared by families.
This illustrates the importance to use very closely matched control subjects in
these types of studies.

In Chapter 2 we discussed many classification methods. One of the choices
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to be made in a proteomics study comparing two classes of patients is the
choice for a classification method. In Chapter 5 we apply several classifica-
tion methods to one clinical proteomics data set, the Gaucher disease data
from Chapter 3. The strategy developed in Chapter 3 is now used as a pro-
tocol which can be used for choosing among different statistical classification
methods and obtaining figures of merit of their performance. The methods
considered are PCDA, Penalized Logistic Regression (PLR), LogitBoost (LB),
Principal Discriminant Variates (PDV), Nearest Shrunken Centroids (NSC),
and SVM. In the extended cross validation study PCDA, PLR and SVM, per-
formed equally well and PDV was almost as good. LB and NSC perform
worse than the other four methods. Using a proper classification method,
82 − 90% of the subjects were correctly classified.

Chapter 6 introduces an approach tailored to classify paired data. The ap-
proach is demonstrated in a cervical cancer proteomics data set. Squamous
cell carcinoma antigen (SCC-ag) concentration in serum correlates with the
stage of disease, the effect of treatment, and the development of disease, but it
has poor predictive value. This study was initiated to find additional cervical
cancer markers. Samples were obtained from cervical cancer patients at the
time of diagnosis (case samples) and again on average 6 to 12 months after
treatment when all patients appear to have recovered (control samples). Mea-
suring the same patients after treatment as controls has an advantage over
measuring a separate set of healthy individuals, since the biological varia-
tion in the data is reduced, increasing the chance of finding patterns related
to disease rather than differences between individuals. The resulting data
has a paired structure and a strategy for analysing paired data is proposed.
This strategy is compaired to an unpaired strategy in four patient groups, one
group of patients that relapse some time after the control sample is taken and
three groups of recovering patients. In the relapsing patient group the per-
formance is the same for both methods, while in the three groups with recov-
ering patients classification performance improves using the paired analysis
approach.

In Chapter 7 we revisit the question of selecting a suitable classification
method. The four patient groups from the cervical cancer study in Chap-
ter 6 are considered together, with the objective to find differences between
recovering and relapsing patients. SVM and PCDA – two methods that in
the previous chapters proved to be good classifiers of clinical proteomics data
– are unable to obtain a good classification in this problem. The reason for
this is the position of the classes: they are not disjoint (they overlap). Because
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the within-class covariances are very different, Soft Independent Modelling
of Class Analogy (SIMCA) is able to distinguish between the classes, using
the residuals from the classes’ PCA models. The difference between PCDA
and SIMCA, two seemingly similar methods, can be seen in the metrics they
use. Although they can be expressed in a similar fashion, different aspects
of the data are stressed, resulting in very different performances. This exam-
ple shows how choosing an appropriate classification method can improve
classification performance.



Samenvatting

Dit proefschrift behandelt de analyse van data in klinische proteomics stu-
dies gericht op het ontdekken van biomarkers. Proteomics datasets zijn heel
groot en bestaan vaak uit weinig monsters waarin veel eiwitten en pepti-
den zijn gemeten. De studies in dit proefschrift vergelijken verschillende pa-
tiëntengroepen (herstelde en recidiverende patiënten) of een groep patiënten
met een groep gezonde controles. Vanwege de omvang van de data en de
te verwachten kleine verschillen tussen de groepen zijn speciale strategieën
voor de data-analyse noodzakelijk.

Hoofdstuk 2 geeft een overzicht van data-analyse strategieën die toegepast
worden in de zoektocht naar biomarkers. Er bestaan veel methoden voor
classificatie en variabelenselectie en de meest toegepaste worden besproken.
Doordat de data complex en hoog-dimensioneel is, is het vaak gemakkelijk
verschillen tussen twee groepen te vinden. Toch kan zo’n verschil op toeval
berusten in plaats van op biologische verschillen. Het doel is een classifica-
tor of biomarker te ontwikkelen die ook nieuwe data goed kan voorspellen.
Om dit te testen behoren validatiemethoden deel uit te maken van een goe-
de data-analysestrategie. Veel strategieën die te vinden zijn in de literatuur
passen binnen het modulaire raamwerk dat in dit hoofdstuk wordt gepresen-
teerd. Voorselectie van variabelen, classificatie, de biomarkerselectie en sta-
tistische validatie zijn losse modules in de analyse van proteomics data. De
modules kunnen op verschillende manieren gecombineerd worden tot een
strategie die past bij het data-analyse probleem. De modules voor variabelen-
selectie, classificatie en biomarkerselectie kunnen naar keuze gebruikt wor-
den; het doel is dat ze tezamen een goede classificator vormen. Een goede
data-analysestrategie bevat wel altijd de validatiemodules. De invulling van
elke module varieert en is deels afhankelijk van de structuur van de data en
deels van de expertise en voorkeuren van de data-analist.

In het tweede hoofdstuk presenterenwe een strategie voor de statistische vali-
datie van discriminatiemodellen in proteomics studies. Een proteomics studie
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naar de ziekte van Gaucher, een lysosomale stapelingsziekte, dient als voor-
beeld. De keuze voor dit voorbeeld is gemaakt, omdat bekend is dat de ziekte
van Gaucher zeer grote veranderingen in het bloed teweegbrengt. Massaspec-
tra van serum van patiënten en gezonde controles worden gemeten en verge-
leken met behulp van Principal Component Discriminant Analysis (PCDA).
De strategie is een combinatie van een permutatietoets, enkelvoudige en dub-
bele kruisvalidatie. Met de permutatietoets kan de mogelijkheid van een toe-
vallig resultaat getoetst worden door de classificatiemethode toe te passen
op gerandomiseerde data. Door de resultaten van classificator te vergelijken
met de resultaten op gerandomiseerde data wordt een p-waarde verkregen.
Met behulp van enkelvoudige kruisvalidatie wordt een PCDA model geko-
zen dat generaliseerbaar is naar nieuwe metingen. Soms is de gerapporteerde
voorspelfout van een methode gebaseerd op de fout die in deze kruisvali-
datie gemeten wordt. Deze fout is echter onzuiver, doordat de fout in de
kruisvalidatie het criterium voor de modelselectie is. Op deze manier raken
modelselectie en modelevaluatie vermengd. Met de permutatietoets kan de
onzuiverheid in de fout zichtbaar gemaakt worden. Gemiddeld zal de kruis-
validatiefout in randomisaties namelijk afwijken van de verwachte 50% (voor
twee even grote klassen). Door de gehele procedure van het modelbouwen te
valideren wordt een zuivere schatting van de voorspelfout verkregen. In onze
aanpak betekent dit, dat er een dubbele kruisvalidatie nodig is. De permuta-
tietoets bevestigt inderdaad dat de dubbele kruisvalidatie een onafhankelijke
schatting van de voorspelfout maakt. De sensitiviteit van de classificator is
89% en de specificiteit 90%.

De ziekte van Fabry is een andere lysosomale stapelingsziekte, waarvoor nog
geen biomarker in het bloed bekend is. In Hoofdstuk 4 vergelijken we eiwit-
profielen in het serum van patiënten en gezonde controles op dezelfde ma-
nier waarmee we in Hoofdstuk 3 onderscheid tussen Gaucher patiënten en
controles konden maken. Het PCDA-model voor de classificatie van Fabry
en controles geeft een hoge voorspelfout, ook na variabelenselectie. De voor-
spelfout die met Support Vector Machines (SVM) gemaakt wordt is weliswaar
kleiner, maar nog wordt 16% van alle monsters fout geclassificeerd. Een mo-
gelijke verklaring zou kunnen zijn dat de procedure voor het meten van de
eiwitprofielen niet gevoelig genoeg is om veranderingen in het beginstadi-
um van de ziekte van Fabry te meten. Echter, niet alleen worden sommige
Fabry-patiënten worden als controle geclassificeerd, sommige gezonde con-
troles worden tot de groep patiënten gerekend. Het is opvallend dat de drie
gezonde familieleden van Fabry-patiënten alle zowel met PCDA als SVM als
patiënt aangemerkt worden. Dit doet vermoeden dat de classificatie niet zo-
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zeer gebaseerd is op kenmerken die samenhangen met de ziekte van Fabry,
maar wellicht met kenmerken binnen de families. Dit laat zien hoe belangrijk
het is dat de controlepersonen goed overeenkomen met de patiënten in dit
soort studies.

In Hoofdstuk 2 worden veel classificatiemethoden besproken. In proteomics
studies zoals beschreven in dit proefschrift is de keuze voor een bepaalde
classificatiemethode van groot belang. In het vierde hoofdstuk passen we een
aantal classificatiemethoden toe op de dataset uit Hoofdstuk 3 (ziekte van
Gaucher). De validatiestrategie uit Hoofdstuk 3 wordt nu toegepast als een
protocol waarmee kwaliteitsparameters verkregen worden op basis waarvan
een geschikte methode gekozen kan worden. Naast PCDA en SVM worden
ook Penalized Logistic Regression (PLR), LogitBoost (LB), Principal Discri-
minant Variates (PDV) en Nearest Shrunken Centroids (NSC) beschouwd.
PCDA, PLR en SVM presteren allemaal even goed en PDV was ongeveer zo
goed als voornoemde methoden. LB en NSC presteren opvallend slechter.
Met de betere methoden blijkt het mogelijk om 82 tot 90% van alle monsters
correct te classificeren.

Hoofdstuk 6 laat zien hoe classificatiemethoden aangepast kunnen worden
voor gepaarde data. Deze aanpak wordt gedemonstreerd op een baarmoe-
derhalskanker dataset. Voor baarmoederhalskanker bestaat reeds een mar-
ker, Squamous Cell Carcinoma Antigen (SCC-ag). SCC-ag correleert met het
stadium waarin de kanker zich bevindt, het effect van de behadeling en de
ontwikkeling van de ziekte, maar de voorspellende waarde is gering. De stu-
die in dit hoofdstuk was opgezet om aanvullende markers te vinden. Daartoe
werden plasmamonsters afgenomen bij baarmoederhalskankerpatiënten ten
tijde van de diagnose en nogmaals 6 tot 12 maanden na behandeling wanneer
alle patiënt genezen lijken. Door monsters van dezelfde personen na behan-
deling te gebruiken als controlemonster is de biologische variatie tussen de
groepen klein, wat de kans op het vinden van ziektegerelateerde verschillen
vergroot. Het resultaat is een datset met een gepaarde structuur. Er wordt
een strategie voorgesteld om gepaarde data te analyseren. Vier groepen pa-
tiënten, één groep patiënten bij wie de kanker enige tijd na het afnemen van
het controlemonster terugkeert en drie groepen herstelde patiënten, werden
geclassificeerd in een gepaarde en een ongepaarde aanpak. In de groep met
recidiverende kanker maakt het niet uit of in de analyse rekening gehouden
wordt met de gepaarde structuur. In de drie groepen met herstelde patiënten
presteert de gepaarde aanpak beter.
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In Hoofdstuk 7 wordt nogmaals ingegaan op het selecteren van een geschik-
te classificatiemethode. In de baarmoederhalskanker dataset uit Hoofdstuk 6
wordt gezocht naar verschillen tussen herstellende patiënten en patiëntenmet
recidiverende kanker. SVM en PCDAwerkten goed in Hoofdstuk 6, maar hun
prestatie op het herstel-recidive probleem is niet erg goed. Een reden hiervoor
is dat de klassen overlappen. Soft Independent Modelling of Class Analogy
(SIMCA) beschouwt onder meer de residuen van de PCAmodellen van beide
klassen om te classificeren en kan op basis daarvan wel onderscheid maken.
PCDA en SIMCA lijken op elkaar, maar de metriek die ze gebruiken verschilt.
Weliswaar kan de metriek voor beide methoden op eenzelfde manier uitge-
drukt worden, maar PCDA en SIMCA benadrukken andere aspecten van de
data. Hierdoor presteren ze zeer verschillend. Dit hoofdstuk illustreert hoe
de keuze voor een geschikte methode de classificatie kan verbeteren.
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thuis ben. We kunnen Arjen zien aankomen op de fiets, lach van oor tot oor,
omdat hij ons op de uitkijk ziet staan. Lieve Fiona, ik kan niet zeggen dat
je het voltooien van dit proefschrift bespoedigd hebt, maar met je heerlijke
kusjes en je uitgelaten blijdschap maak je dat meer dan goed. Arjen, mijn lief,
zonder jou was ik wellicht niet aan dit project begonnen en zonder jou had ik
het zeker niet af kunnen maken. Ik ben blij jou naast me te weten.
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