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Abstract

Proteomic profiling based on mass spectrometry (ms) is an important tool for studies at
the protein and peptide level. Thereby, the identification of relevant masses for a specific
kind of disease, discriminating classification models as well as a reliable visualization is
complicated. For the analysis of tissue sections the new technique of MALDI-Imaging has
been introduced, which results in new data analysis challenges. Here we present a method
for the analysis and visualization of MALDI Imaging spectra applied on a clinical cancer
data set.
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1 Introduction

Mass spectrometry is a quantitative tool for the analysis of larger sample cohorts, such
as cancer patients and requires advanced statistical analysis. Here we focus on the analysis
of MALDI imaging measurements. Imaging mass spectrometry can be used to measure the
spatial arrangement and relative concentration of compounds in biological samples. One
recently developed imaging technology utilizes matrix-assisted laser desorption ionization
(MALDI) and time-of-flight mass spectrometry to generate profiles and two-dimensional
ion density maps of peptide/protein signals from thin tissue sections [3]. This allows to
determine specific information of the local proteomic composition, relative abundance and
spatial distribution of these components. Such imaging experiments yield a wealth of
information, allowing the measurement and comparison of the molecular components of
the section and to gain a better understanding of biological processes. For the analysis
of MALDI imaging data we applied different statistical tools to access the information
and integrated the method in a unique tool package. Unsupervised principal component
analysis (PCA) [1] is discussed to access tissue specific variance in the data. A supervised

classification approach based on support vector machines (SVM) [4] is used to classify

specific tissue types!.

2 Methods

A clinical breast cancer study with multiple tissue section of labeled breast cancer, con-
nective and normal tissue has been analyzed. The sections were given by a standard
pathologic staining (HE) see Figure 1(a) and without staining used for MALDI analysis.
One observes tumor regions (left) and connective tissue lower right region. The experiment
focused on the generation of classification models upon the measured ms spectra. From
the given slice ms spectra were generate by application of matrix. This is complicated
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Figure 1. Left: Breast cancer sections: a) HE stain, b) staining by Her2 immunos-
taining, c) MALDI image colored in accordance to selected masses, d) 3d PCA plot
of the data, e) MALDI image colored in acc. to 1st pc and f) in acc. to 2nd pc. Right:
On top different labeled spectra without obvious class differences are shown. A
SVM model is trained on spectra peaks. The model is used to generate a visual-
ization of the tissue slices with respect to the classification decision. Thereby the
cancer regions are the small piece on the left and the larger region on the right side.
(color version available on request)

for tissue sections, but could be optimized using the ImagePrep”™ station. All spectra
were recorded on a linear autoflex III 4+ smartbeam laser and automatically processed by
the data analysis package ClinProTools 2.1. The MALDI-Imaging analysis is integrated
into the tool package flexImaging, whereby each spectrum has been baseline corrected,
the spectra set has been recalibrated and a peak picking procedure was applied to obtain
a feature matrix (1012 x 94) for further statistical analysis (details [2]). Subsequently a
PCA + SVM approach has been used. Thereby a standard PCA has been applied (see [1])
whereas for the SVM model generation an improved variant of a linear SVM classifier has
been implemented.

SVMs are powerful learning machines with the idea to map input vectors x into a high-
dimensional feature space Z through some potential nonlinear mapping. In this space, an
optimal separating hyperplane is constructed [4]. The determination of the hyperplane can
be defined as a quadratic optimization problem [4]. The construction of a linear classifier
for separating two classes of data in a Dy dimensional space may be equivalently viewed as
to find a linear projection RPV — R, represented by a normalized Dy x 1 unit projection
vector v, such that a predefined separability measure between the two classes of data
is maximized. Considering the data V' as Ng column vectors xi,X2,...,XNg and their
corresponding class membership as ci,¢2,...,cng € {—1,1}, the expression for finding an
optimal hyperplane for linearly separable data with non-negative slack variables &1, ..., &Ny
representing errors in the constraints is:

- 1 S
Minimize : §V, -V + z;]%fz
1=

subject to ci(v' -x; +b) > 1 — & where coefficients p; are positive constraints representing
the relative importance of individual data points (here p; = 1Vi) and b is a bias. The dual
problem with Lagrangian multipliers «; is given as:
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with constraints Zi]isl a;c; = 0and 0 < «; < p; The above equation can be easily ex-
tended to the nonlinear case substituting the inner product x;x; by a non-linear kernel



function K (x;x;) [4]. For the linear case the kernel may be just the ordinary inner product

K(x;x;) = x; - x;. The unique solution of this optimization problem can be taken as a
classifier. For linear SVM v can be interpretated as a feature ranking, which was used
to generate a k-NN classifier [1] upon the best ¢ features. The whole modeling processes
including feature selection has been cross validated. The obtained classification model has
been applied on a separate test data set and visualized in a 2d color image of the original
MALDI image overlayed with the obtained classification coloring.

3 ClassImaging

The data of a multiple spectra from a single patient tissue slice has been first analyzed
within a PCA analysis as shown in Figure 1(a). Here a clear separation of connective tissue
from the cancer regions can be observed. The fist principal component (pc) of the feature
matrix explains 80% of variance and the 2nd pc 10% of the variance. On a single tissue
section, the PCA correlates well with the histology and a clear separation of the different
tissue parts can be observed (c.f. 1(a)). One major limitation for the use of PCA arises
when it comes to sample cohorts from different patients. The main variance analyzed by
PCA is rather between patients than interesting tissue subtypes. Further common large
variations of the remaining amount of blood in the sample material are measured by the
MALDI technology and lead to PCA models mainly focusing on the blood intensity variance
in the sample. This however is in general not correlated with the tissue material leading to
unimportant PCA models out of focus of the study. Hence a supervised analysis instead of
PCA is needed which has been done by a SVM as explained above, thereby labeled data have
been used in a model generation within a 10-fold cross validation procedure. A recognition
accuracy of nearly 95% and a crossvalidation accuracy of 89% was obtained. The relevant
features taken from the SVM ranking highlighted mass positions found to be interesting
as potential biomarker candidates and are currently under evaluation. Subsequently the
spectra are classified according to the model, the classification results have been used to
generate the ClassImaging image (c.f. Fig. 1(b)).

4 Conclusions

Multivariate statistical methods as PCA and SVM are useful to analyze MALDI imaging
data. PCA provides an automatic feature extraction leading to a compact representation
of high dimensional data and supervised classification can be used to obtained reliable
classification models. Both approaches are able to determine features rankings. Thereby
we observed that a simple PCA model is in general inappropriate and a supervised analysis
is needed. In the extended version of an SVM classifier a good model and feature ranking
could be observed indicating potential biomarkers which are currently under evaluation by
clinical experts. ClassImaging allows a direct comparison of classification results with the

histology improving the validation significantly?.
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