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Abstract
Motivation High-throughput proteomics techniques, such as mass spectrometry (MS)-based
approaches, produce very high-dimensional data-sets. In a clinical setting one is often interested how MS
spectra differ between patients of different classes, for example spectra from healthy patients vs. spectra
from patients having a particular disease. Machine learning algorithms are needed to (a) identify these
discriminating features and (b) classify unknown spectra based on this feature set. Since the acquired
data is usually noisy, the algorithms should be robust to noise and outliers, and the identified feature set
should be as small as possible.
Results We present a new algorithm, Sparse Proteomics Analysis (SPA), based on the theory of
Compressed Sensing that allows to identify a minimal discriminating set of features from mass
spectrometry data-sets. We show how our method performs on artificial and real-world data-sets.
Availability The source-code can be downloaded from our homepage:
http://software.medicalbioinformatics.de

1

Introduction

During the last decade, high-throughput assays systems for measuring a variety of different biological
sources have become standard in modern laboratories. This allows for the quick and cheap creation of
very large data-sets which characterize for example the status of a cell by its billions of constituents, e.g.
nucleotides, RNAs, contained proteins or metabolites. Ideally, analyzing these massive data-sets leads to
a better understanding of the underlying biological processes. Especially in the context of
characterization and - ultimately understanding - diseases, a first step is often to find significant
differences in the data between samples from healthy and diseased individuals. There are many successful
examples where this approach based on -omics data (e.g. genomics, proteomics or metabolomics) led to
the identification of biological markers, enabling a new type of molecular diagnostics. We call a set of
biological markers that represent the differences on the data level a disease fingerprint.
Many disease-relevant mechanisms are controlled by proteins (e.g. hormones) which can be detected
in biological samples (blood, urine, etc.) using mass spectrometry (MS). Mass spectrometry allows
(potentially) for monitoring the entire set of proteins - the so-called proteome - in a given sample.
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Through its wide availability in hospitals, MS-based proteomics can bring the next wave of progress in
diagnostics, since even subtle changes in the proteome can be detected and linked to disease onset and
progression [1–4].
The main idea of the identification of disease fingerprints using MS-based proteomics is sketched in
Fig. 1: (a) A mass spectrum is generated reflecting the constitution of a given blood-sample, with
respect to contained molecules. (b) Based on mass spectra from two sample groups (representing a
healthy control group and a group having a particular disease), differences are detected. We call these
differences a disease fingerprint since it represents a trace caused by a particular disease in the proteome.
Several studies have shown that this approach works well in practice and found differences do indeed
reflect correlations between changes in the mass spectrum, the proteome, and phenotypic changes
( [5–9]). Panels of proteomic markers (fingerprints) have been shown to be more sensitive and specific
than conventionally biomarker approaches [2], for example for diagnosing cancer [10–12]. However, a
single proteomics data-set can contain tens of millions of signals which is many orders of magnitudes
larger than the number of available observations in a typical study.

Figure 1. (a) Schematic outline of a linear matrix-assisted laser desorption ionization (MALDI) time-of-flight (TOF) mass spectrometer (MS). During the measurement process, molecules in a sample
are ionized, vaporized and finally analyzed by their respective time-of-flight through an electric field.
This process generates a plot (mass spectrum) having mass-to-charge ratio (m/z) on the x-axis and
intensity (ion count) on the y-axis. (b) Typical mass spectrum for a mass range of 1500 - 10.000 Dalton.
(c) Example disease fingerprint, created by comparing mass spectra from a healthy and a diseased
individual.
Our ultimate goal is to build a library of proteomics disease fingerprints which are extracted from
high-throughput mass-spectrometry experiments. These would enable to diagnose diseases based on their
proteomic fingerprints - just by analyzing an individual’s proteome. However, the acquired data from the
high-throughput experiments is very high-dimensional and contains a lot of noise levels which makes
automatic analysis of mass spectra a very challenging task. Thus, automatic analysis and discovery of
biomarkers is still an open research topic and there are several analytic problems that hinder
reproduction of results (see e.g. [13]). Thus, a fingerprint should only consist of the minimal set of
proteins specific for a particular disease and be robust to noisy measurements.

1.1

Problem Definition

In this article we focus on the following problem setting:
We assume that data is given in the form of pairs {xi , yi }i=1...n and the index i enumerates the n
samples. Here, the xi ∈ Rd1 represent the n mass spectra and yi ∈ {−1, +1} their respective classes, e.g.
healthy or diseased. The goal is to identify a (small) set of features distinguishing the two classes. This
1 For

convenience reasons we assume that the data is centered, see below for details.
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corresponds to the well known feature selection problem2 and results in a potential disease fingerprint for
the given data.
Mathematically, this can be formulated as identifying a sparse3 vector ω ∈ Rd such that yi = fω (xi )
Pd
for all i = 1, . . . , n with the linear decisions function fω (xi ) = hω, xi i = j=1 ωj xi,j . Then the predicted
class for a given spectrum xi depends on the sign of fω (xi )4 . Here, the entries of ω represent the
significance of each data feature. However, in most realistic scenarios for feature selection problems the
number of features is much larger than available samples (d  n) and the data contains noise and
measurement errors. Hence, the number of possible classifiers ω can become extremely large, and
overfitting can occur. In order to allow interpretability and generalization of the classifier, it is inevitable
to restrict the solution space for ω. In this paper we are interested in very sparse solutions for ω which
corresponds to a minimal fingerprint. We will approach this by formulating the feature selection problem
as a regularized optimization problem:
min
ω

n
X

L(yi , fω (xi )) + λR(ω),

(1)

i=1

where L is a loss (error) function, R is a regularization (cost) function that gives preference to a
particular structure of ω (e.g. sparsity), and λ ≥ 0 is a trade-off parameter choosing between model
complexity and accuracy. Given a prediction fω (x) and a label y, the loss function L(y, fω (x)) measures
the discrepancy between the actual and the desired result.
As already pointed out, we are particularly interested in a method that produces optimal and robust
solutions in the case where:
 the data (x and y) is noisy,
 the number of data dimensions, d, is large (typically: d = 105 . . . 108 ),
 the number of samples, n, is relatively small (typically: n = 102 . . . 104 ), and
 the selected feature set is small which corresponds to a small number of non-zero elements in ω
(typically: #{i | ωi 6= 0}  100).

1.2

State of the Art in Sparse Feature Selection

There are numerous approaches for feature selection which mainly fall into three categories:
 Filters: Using some scoring or correlation function (e.g. based on Fisher’s, t-test, information
theoretic criteria) evaluating the importance of each feature and taking the top features.
 Wrappers: Using machine-learning algorithms to evaluate and choose features using some search
strategy (e.g. simulated annealing or genetic algorithms)
 Embedded methods: Selecting variables by optimizing directly an objective function with
respect to: goodness-of-fit and (optionally) number of features. This could be achieved with
algorithms like least-square regression, support-vector machines (SVM) or decision trees.

In this paper, we will mainly focus on embedded methods. Regarding this category, the literature contains
several well-known options for choosing combinations of loss and regularization functions, some of which
are exemplarily listed in Table 1.
Different combinations can influence the results drastically: Fig. 2 demonstrates the effect of sparsity by
comparing a L2 and L1 regularized version. In this example, a proteomics data-set was created that
2 In feature selection one is interested in identifying relevant dimensions of the data (features) which can be used to
distinguish two (or more) classes in a data-set.
3 We call a vector sparse if the number of non-zero entries is small.
4 Geometrically, this mean that the vector ω normal to the hyper-plane appropriately separates the data-points of the
two classes.
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Name
AIC/BIC
Lasso
Elastic Net
Regularized Least Absolute
Deviations Regression
Classic SVM
L1-SVM
Logistic Regression
*

Loss function (L)
kyi − hω, xi ik2
kyi − hω, xi ik2
kyi − hω, xi ik2

Regularizer (R)
kωk0
kωk1
kωk22 + kωk1

kyi − hω, xi ik1
max(0, 1 − yi hω, xi i)*
max(0, 1 − yi hω, xi i)*
log(1 + exp(−yi hω, xi i))

kωk1
1
2
2 kωk2
1
2 kωk1
1
2 kωk1

This is the so called Hinge loss.

Table 1. Prominent options for choosing loss function and regularizer in
Pdfeature extraction algorithms.
The 1- and 2-norm of a d-vector z = (z1 , . . . , zd ) are defined by kzk1 = j=1 |zi | and
Pd
kzk2 = ( j=1 |zi |2 )1/2 , respectively. The 0-norm, kzk0 , simply counts the number of non-zero entries in
z.

Figure 2. (a) Overlaid spectra from two different groups. The three peaks marked by the arrows
(magnified in the inlays) represent the underlying differences between the two groups. (b) Sparse ω
found by a L1 regularized method (L1 -SVM). (c) ω found by L2 regularized method (classical SVM).
contains three discriminant features between the two sub-groups. It can be easily seen how the results
differ: while the L1 based result is optimized for selecting only few features, the L2 variant selects much
more features which - in combination - results in a better fitted model. In this paper we are interested in
developing a method that selects as few features as possible while achieving the best possible fit under
this constraint. This is in contrast to methods that aim at only achieving the best possible fit and is of
particular interest in biological applications, because each selected feature is usually analyzed in
subsequent experiments, thus creating additional cost.
Various ways can be used to evaluate the result, ω, of a feature selection method when appropriate
training and test data are available. We will use the following three quality measures: (i) correctness of
the selected features, (ii) size of the selected feature set, (iii) performance of classifying an unknown test
set. Obviously, (i) can only be used if the correct features are known, which is the case in our benchmark
data sets. (For more details see Subsection 4.1.)
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1.3

Contribution

The major challenge in sparse feature detection is to robustly identify a small number of features
(non-zero elements in ω) that can be used to accurately classify unknown proteomics data (e.g. healthy
or diseased) by learning from a given training set. This paper introduces Sparse Proteomics Analysis
(SPA), a novel framework for feature selection and classification. The key step of our method is based on
1-bit compressed sensing and solves the optimization problem
arg max
ω∈Rd

n
X

yi hxi , ωi subject to kωk1 ≤

√
λ

and kωk2 ≤ 1,

(2)

i=1

where the regularization is given by the inequality constraints on the feature vector ω. Our approach is
motivated by the general theory of compressed sensing which was originally introduced in 2005 by
Donoho, Candès, Romberg, and Tao [14–16] and efficient algorithms to acquire and process
high-dimensional sparse or nearly sparse signals. (For more details see Sections 2 and 3).
We will show the performance of our method by applying it to several synthetic and real-world
data-sets and comparing the results to those of other widely used algorithms in this field. Although the
core of the algorithm (2) is surprisingly simple, we will show that our method (including the introduced
pre- and post-processing steps) finds optimal feature vectors ω that are sparser, allow highly accurate
classification, and are more robust against noise than the outcomes of the standard methods listed in
Table 1.
Note that standard methods to solve (1) are usually based on solving a convex optimization problem
by standard optimization techniques, such as interior point methods. However, these standard methods
scale poorly with increasing number of data samples (n) and data dimension (d), as it is the case in the
field of -omics data analysis. Several methods have been proposed to speed up the calculations, e.g., by
using stochastic approaches ( [17–21]). In this article we will not focus on computational complexity but
rather on providing a novel way of formalizing and solving the feature selection problem with respect to
robustness and precision in the context of compressed sensing.

1.4

Outline of the paper

We start by shortly reviewing the background of compressed sensing in Section 2, and then describe our
novel feature selection approach in detail (Section 3). We finish with showing benchmark results in
Sections 4 and 5 for simulated and real data-sets and compare to current state-of-the-art algorithms.

2

Background: Compressed Sensing

2.1

Compressed Sensing-based Data Analysis

In its most simple form, compressed sensing (CS) studies the recovery of a vector x ∈ Rd from linear
measurements y = Ax. Here, A ∈ Rn×d is an n × d matrix and the entries of y ∈ Rn contain the
measurements. The major challenge is now to design the measurement process A in such a way that the
number of measurements n is as small as possible and, at the same time, x is still (uniquely) recoverable
from y. Thus, we are asking for the maximal compressibility of x by linear measurements.
Obviously, when n  d, we require some additional information to obtain a unique solution of
y = Ax. The prior information on x which is studied in compressed sensing is the assumption of sparsity,
i.e., most coefficients of x are assumed to be zero, or at least very small. One naive approach to
incorporate this additional property is to search for the sparsest solution of Az = y:5
argmin kzk0

subject to Az = y.

(3)

z∈Rd
5 Here,

kzk0 := #{i | zi 6= 0} denotes the so-called zero-norm of z, i.e., the number of non-zero elements.
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However, this problem is non-convex and cannot be efficiently solved in general. Therefore, one usually
replaces (3) by its convex relaxation, which is also know as the basis pursuit ( [22]):
argmin kzk1

subject to Az = y,

(4)

z∈Rd

One of the first key results in compressed sensing states that, if A ∈ Rn×d is chosen randomly, e.g.,
with independent and identically distributed Gaussian entries, and n = O(λ · log(d/λ)), then (with “high
probability”) every λ-sparse vector x (i.e., kxk0 ≤ λ) can be uniquely recovered by (4). The most
surprising fact is that the number of required measurements n = O(λ · log(d/λ)) is almost of the order of
the sparsity level λ. Hence, random measurement processes indeed allow for a very strong compression of
sparse vectors (see also [14–16] for more details).
In order to consider more general situations, the stability and robustness of the basis pursuit
algorithm was extensively studied. Various results and numerical experiments show that this algorithmic
approach can also be applied for the stable recovery of vectors which are only nearly sparse, as well as to
noisy measurements of the form y = Ax + n. To obtain a robust version of (4), one may replace its
equality constraint by kAz − yk2 ≤  for some appropriate “noise level”  > 0. Not very surprisingly, this
approach is also closely related to the LASSO ( [23]).

2.2

1-Bit Compressed Sensing

In many practical scenarios, especially when working with computers, there is no way to represent real
numbers exactly. Thus, it is reasonable to assume that the measurement vector Ax is acquired in a
quantized (and therefore non-linear) fashion. The most extreme form directly leads to 1-bit
measurements, i.e., only the signs of Ax are known:6
yi = sign(hai , xi),

i = 1, . . . , n,

(5)

where a1 , . . . , an ∈ Rd are the rows of the measurement matrix A ∈ Rn×d . As in classical compresses
sensing, we are asking for an appropriate recovery of x from (5) using as few measurements as possible.
This challenge was originally considered in [24] as 1-bit compressed sensing, and was extensively studied
in [25, 26].
A surprisingly simple convex recovery approach was proposed in [26]:
argmax
z∈Rd

n
X

yi hai , zi subject to kzk1 ≤

√
λ

and kzk2 ≤ 1,

(6)

i=1

where λ > 0 determines a sparsity-controlling parameter. To get some intuition, we should first note that
we have yi = sign(hai , xi) if and only if yi hai , xi > 0 holds. Hence, maximizing the sum in (6) will
guarantee the consistency with the measurements for many i ∈ {1, . . . , n}. However, an overall
consistency is not enforced so that (6) indeed allows noisy inputs y. On the other hand, the constraint of
(6) promotes the sparsity of the solution. To see this, consider Sd,λ := {z ∈ Rd : kzk0 ≤ λ, kzk2 ≤ 1} and
observe that7
√
conv(Sd,λ ) ⊂ {z ∈ Rd : kzk1 ≤ λ, |zk2 ≤ 1} ⊂ 2 conv(Sd,λ ).
This means that (6) optimizes over a convex relaxation of the set Sd,λ which contains λ-sparse vector.
For more details, see also [25]. The main statement of [26] proves that the robust 1-bit compressed
sensing algorithm (6) indeed allows for an appropriate recovery of sparse vectors, using only
n = O(λ · log(d/λ)) measurements, and moreover, that it is very robust to several types of noise such as
to random bit-flips in y.
6 Here, “sign” denotes the sign function, i.e., sign(t) = 1 if t ≥ 0 and sign(t) = −1 if t < 0. Moreover, h·, ·i denotes the
euclidian scalar product.
7 Here, conv(S) denotes the convex hull of the set S ⊂ Rd .
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2.3

Why Using Compressed Sensing?

The analysis of compressed sensing usually starts with the assumption that the measurements are
independent and identically distributed random variables. Although this setting allows for rigorous
proofs and a mathematically sound theory, it is never completely true in practice. Nevertheless, the
geometric intuition developed in the theory of compressed sensing allows for much better understanding
of the corresponding `1 -based tools from machine learning. For example, the linear program (4) is
guaranteed to recover the sparse solutions only under certain constraints on the matrix A, and from the
theory of compressed sensing we know what the minimal necessary number of measurements is, and
moreover, that the best measurements are those ones which are as uncorrelated as possible. The same
applies to the classification problem and 1-bit compressed sensing (6). Although the mathematical
assumptions are strictly speaking not fulfilled, it therefore still makes sense to use the corresponding
algorithms (4) and (6) also for real-life data.

3

Sparse Proteomics Analysis (SPA)

In this section, we present the details of our novel framework which is based on the idea of 1-bit
compressed sensing introduced in the previous section. The first part provides a mathematical
formulation of the feature selection problem as well as a brief overview of the steps that are performed in
SPA. The rest of this section is then devoted to a detailed description and discussion of the single steps.

3.1

Setting and Overview

As already mentioned in the introduction, we assume that our learning process is supervised, i.e., we
know which spectrum belongs to the class of healthy (yi = +1) and diseased (yi = −1) samples in
advance. If the data vectors xi ∈ Rd , i = 1, . . . , n are (appropriately preprocessed) mass spectra, the
indices i of xi correspond to the m/z-values8 and its entries represent the intensities. The non-zero
entries of the feature vector ω ∈ Rd shall describe the position of the disease fingerprints and its values
the significance of these features.
In the setting of classical learning theory, we are asking for a hyperplane {ω}⊥ that correctly
separates the data points xi labeled by yi . More precisely, this means9
yi = sign(hxi , ωi),

1 ≤ i ≤ n.

(7)

Equivalently, we can view (7) as a problem from 1-bit compressed sensing (cf. Section 2.3), i.e., we have
acquired 1-bit measurements and are now looking for a sparse recovery.
In the development of SPA, we have primarily focused on the latter interpretation, and therefore, the
1-bit recovery program (6) forms the key step of our algorithm:
8 m/z:

Mass-over-charge ratio
to Section 2, we are now using the standard notations from learning theory. In particular, the measurement
vectors are denoted by xi (instead of ai ) and the recovered vector is ω (instead of x).
9 Compared
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Algorithm 1 (SPA Overview).
Input: Raw data samples {xi , yi }i=1,...,n
Output: Feature vector ω ∈ Rd
Preprocessing:
1: Normalize data to make the spectra comparable.
2: Perform smoothing by a convolution with Gaussian density.
3: Center data.
Sparse Feature Selection:
4: Perform 1-bit CS optimization (6) to find feature vector ω.
Postprocessing:
5: Detect the connected components of ω to sparsify even further.
6: Reduce dimension by projecting data onto the feature space.

3.2

Algorithmic Details

In the following, we are going to specify and discuss the single steps of Algorithm 1.
Step 1: Normalization of the data
This step heavily depends on the underlying acquisition method of the data. Every spectrum xi ∈ Rd is
normalized by a certain factor λi > 0, i.e., xi 7→ λi xi for 1 ≤ i ≤ n. The individual scalars λi should be
chosen such that the resulting data vectors are “comparable”.
For example, when we assume that the data is acquired by MALDI-TOF-MS as described in Fig. 1, it
seems to be quite natural to normalize by the total ion count. Mathematically, this means that we divide
every spectrum by its 1-norm, i.e., we choose λi = 1/kxi k1 .
Step 2: Smoothing by Gaussian density
We already pointed out that one major problem is the high noise level of the raw data. Therefore, it is
indispensable to perform some noise reduction before trying to extract features. We propose a simple
smoothing technique by a Gaussian density:
Let Gσ denote the (centered) Gaussian density function with fixed standard deviation σ > 0, i.e.,


t2
1
exp − 2 , t ∈ R.
Gσ (t) = √
2σ
2πσ 2
The smoothed spectra x̃i ∈ Rd are then obtained by a discrete convolution
(x̃i )k := (xi ∗ Gσ )k =

d
X
(xi )l Gσ (k − l),

k ∈ {1, . . . , d}, i ∈ {1, . . . , n}.

(8)

l=1

Using the fast Fourier transform (FFT), this computation can be performed quickly with O(nd log(d))
operations. In a very simplified scenario, a spectrum can be written as the sum of various
Gaussian-shaped peaks and some additive noise term. Since the convolution of two Gaussian densities is
again Gaussian, the original (local) structure of the spectra is essentially preserved in x̃i , whereas the
noise of xi is significantly reduced. Note that the deviation σ > 0 serves as parameter of the algorithm.
A good choice of σ clearly depends on the nature of the data; usually it is adapted from the noise level as
well as from the (average) width of the peaks.
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Finally, we would like to point out another interesting interpretation of the above smoothing
technique: The convolution in (8) can be written as a scalar product of xi with the shifted Gaussian
density Gσ (· − k) (note that Gσ is symmetric), that is, (x̃i )k = hxi , Gσ (· − k)i. Thus, the entries of x̃i
are actually the analysis coefficients of the Gaussian dictionary {Gσ (· − k) | 1 ≤ k ≤ d}. The
perspective of analyzing data by a dictionary offers several possibilities of generalization. For instance,
one could also consider (redundant) dictionaries with more than one standard deviation or more
sophisticated functions than Gσ .
Step 3: Centering the data
The 1-bit optimization in (6) does not incorporate a bias. Hence, it is necessary to center the data first.
For this, we compute the mean spectrum 10
n

x̄ :=

1X
x i ∈ Rd ,
n i=1

i.e., x̄k contains the average of the k-th entry of all spectra. Finally, we obtain the centered spectra by
subtracting the average:
x̄i := xi − x̄, 1 ≤ i ≤ n.
Step 4: Sparse Feature Selection
We are now ready to perform the feature detection using the 1-bit recovery method presented in Section
2.2:
Algorithm 2 (1-Bit Compressed Sensing).
Input: Samples {xi , yi }i=1,...,n , sparsity level λ > 0, threshold  > 0
Output: Feature vector ω ∈ Rd
Compute:
1:

0

ω = arg max
ω̃∈Rd

(
2:

ωk =

n
X

yi hxi , ω̃i subject to kω̃k1 ≤

√

λ and kω̃k2 ≤ 1.

(9)

i=1

ωk0 , |ωk0 | > ,
0,
otherwise,

1 ≤ k ≤ d.

(10)

The second computation in (10) is a simple hard thresholding that ensures real sparsity by setting
almost zero entries of ω 0 to 0 ( is usually very small, e.g., ∼ 10−3 ).
The actual feature selection takes place in (9). Recalling our measurement model from (7), we
observe that the i-th sample is correctly classified by ω̃ if and only if yi hxi , ω̃i > 0. Hence, the
optimization functional in (9) will be particularly large when many samples are correctly classified by ω̃.
However, the consistency with all measurements, i.e., y = sign([hxi , ω̂i]1≤i≤n ), is not enforced, and
therefore, it is robust toward (random) bit-flips. This could occur in practice, for instance, when a
training sample was wrongly classified. On the other hand, the constraint of (9) guarantees that the
solution will be “effectively” sparse (depending on the choice of the sparsity parameter s > 0). These
observations encourage our intuition that ω will be indeed a sparse vector allowing for an appropriate
separation of the two classes.
Step 5: Detecting the connected components
One advantage of Algorithm 2 is that it does not make any assumptions on the structure of xi ; thus, it
might be suited for much more general types of data. However, this universality has the drawback that
10 Actually,

we use the smooth data vectors x̃i from step 2 for this computation. But in order to keep the notation simple,
we still write xi . This convention holds also for the following steps.
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Figure 3. The red stripe indicates the support of ω. Relevant features usually occur as intervals and
not as isolated points.
we do not respect the nature of the feature peaks. In fact, a spectrum does not consist of sharp spikes
but rather widespread Gaussian shaped peaks. Hence, if the algorithm finds a significant feature
position, say in a maximum of some peak, it usually tends to select also features which are close to this
position. This phenomenon is not very surprising, because nearby features are highly correlated to the
maximum of the peak and therefore, they allow for a good distinction as well.
Empirical results have shown that this process of selection proceeds in a “continuous” fashion when
changing the sparsity level λ. As a consequence, the support of a feature vector ω from Algorithm 2
typically consists of only a few connected “intervals” (consecutive sequences of indices) which are
centered around the significant peaks (see also Fig. 3). The actual sparsity of ω should therefore be
measured in terms of the connected intervals and not by simply counting its non-zero entries.
With this in mind, we may improve the sparsity of ω by reducing every interval to its maximal
entry:11
Algorithm 3 (Sparsification of ω).
Input: (Sparse) feature vector ω ∈ Rd
Output: Sparsified version ω̃ ∈ Rd
Compute:
1: Find the connected components A1 , . . . , AN ⊂ supp(ω) of ω.
2: For every 1 ≤ k ≤ N :
Set all entries of ω in Ak to 0, expect arg maxl∈Ak |ωl |.
3: The resulting vector is ω̃.

Step 6: Dimension reduction
This final step does not perform any further computations but shows how to proceed with our result ω.
As mentioned earlier, the main purpose of SPA is not just to classify (unknown) samples, but rather to
reduce the data to its significant entries (dimensions). Indeed, we may use ω for a dimension reduction:
Let x ∈ Rd be some (possibly unknown) sample vector. Then, we can project x onto the selected feature
positions of supp(ω). More precisely, all entries that do not belong to supp(ω) are set to 0:
(
(x)k , k ∈ supp(ω),
(x̂)k :=
k ∈ {1, . . . , d}.
(11)
0,
otherwise,
11 Here

supp(ω) = {i | ωi 6= 0} denotes the support of ω, i.e., the set of indices corresponding to the non-zero entries.
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The resulting vector x̂ ∈ Rd is now trivially embedded into a low-dimensional space of dimension
# supp(ω);12 but it still contains the most important information that has been found by the above
algorithm. Note that we have not made any use of the actual values of ω but merely of its support.
By this projection, we reduce the danger of overfitting, and working in a low-dimensional space, a
large tool set from machine learning is now available for classification and clustering. But how to
explicitly proceed with the data heavily depends on the specific application and is therefore not part of
SPA.

12 In

practice, one would simply discard all indices that are not contained in supp(ω).
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4

Numerical Experiments

In this section we evaluate our method based on the performance as (1) a feature selection method and
(2) a learning algorithm using artificial and typical real-world proteomics mass-spectrometry datasets.
We will also compare our results to the widely used state-of-the-art algorithms LIBLINEAR (L1-based
SVM), LASSO (using the standard Matlab implementation) and Elastic Net (using again the standard
Matlab implementation where the trade-off parameter between L1 and L2 regularization was set to 0.5).

4.1

Evaluation Criteria

The results of the evaluation will be measured with three ideas in mind: (a) the selected feature-set
should contain only correct features (which are known by designing the input data), (b) the selected
feature-set should be as small as possible, and (c) a resulting classification model should explain the data
as good as possible.
Feature Selection Performance To test the feature selection performance, we measure the
algorithm’s ability to select an optimal feature set. Specifically, on the ability to select features related to
the spiked peptides. Because the correct features (true positives) are known in our data set, we will use a
P
13
measure based on precision = T PT+F
.
P
Model-Learning Performance Based on the selected features, a classification algorithm (model)
was trained and its performance evaluated using a three-fold cross-validation schema. We will use a
standard logistic regression model implemented by a generalized linear model (GLM) [27] with a
canonical logit link and the results will be measured in terms of the Bayes information criterion (BIC)
defined as BIC = −2 · log-likelihood14 + k · log(n), where k is the number of parameters (features) and n
is the number of data-points. Taking the model complexity into account is crucial, since the number of
selected features has a strong impact on interpretability of the final model and also determines the scale
of subsequent experiments for the actual biomarker identification (e.g. identification of selected proteins
and their validation as biomarkers).

4.2

Data-sets

To test, benchmark, and compare our method we will use two different data-sets with increasing
complexity: (1) TOY-GROUP: to explain basic properties of our algorithm and (2) SIM-GROUP: based
on real data but with added noise and artificial peptide peaks. In Section 5 we will present results of real
data analysis.

13 TP:

true positives, FP: false positives
is typically defined as: p(data | parameters) or L(parameters | data)

14 Likelihood
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Dataset 1: TOY-GROUP

Figure 4. Simple three peak example. Shown is data for two classes, indicated as red and blue curves.
A toy example which will serve as input data is shown in Fig. 4. The aim of the algorithm is to
identify a minimal set F of dimensions which - in combination - characterize the difference between the
two classes best. In this toy example the dimensions would be: F = {5, 10, 15}.15 .
Dataset 2: SIM-GROUP
The data used for our simulation studies was generated using our own simulation program. Each
simulated data-set consists of two sub-groups H and D (e.g. two groups of healthy and diseased spectra)
having n spectra each. Except noise, the two sub-groups only differ by m artificially “spiked in” peptide
peaks which are only present in the D group at known positions, see Fig. 5 for an example. The
algorithm to create the simulated data is described in Alg. 4. It outputs the simulated raw MS signals.
All configuration parameters were hold fix, except the signal variability, i.e. the height of the spiked-in
peaks.

Figure 5. This figure shows two mass spectra which differ by m = 1 artificially spiked-in peptide peak
at m/z 6880. The inlet shows the calculated isotope distribution for the used peptide.
15 g(x) = exp(−((x − p)/(0.601 ∗ w))2 ) ∗ h which creates a Gaussian peak centered at position p = {5, 10, 15}, half-width
w = 1 and heights h1 = {0.2, 0.5, 1} and h2 = {2, 2, 2} for group 1 and 2, respectively.
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Algorithm 4 (Create Simulated Data-set).
Input: S0 ∈ Rd : Base spectrum from a real experiment, n: group size, σ variance of added noise,
P = {pi , hi }i=1..m : set of m peptide amino-acid sequences which represent the spiked-in peaks and
respective peak heights
Output: Two groups H, D of simulated spectra
Compute H = S1 , . . . , Sn :
1: Derive n noisy versions of S0 by adding normally distributed noise with given variance σ to
each entry: Si (k) = S0 (k) + N (0, σ) (i = 1 . . . n)
Compute G = Sn+1 , . . . , S2n :
2: Compute, SID ∈ Rd , the sum of all isotope distributions (spikes) of all peptides pi with their
respective heights hi (i = 1 . . . m)
3: Computed spiked version of S0 : S0,spiked = S0 + SID
4: Derive n noisy versions from S0,spiked : Si (k) = S0,spiked (k) + N (0, σ) (i = (n + 1) . . . 2n).
To allow systematic tests of the algorithm’s output with respects to different types of input data we
simulated four sub-groups:
1. SIM-GROUP-BASE: The D sub-group of this data-set contains m = 3 true-positive peaks with
centers at m/z positions: 5559 Da, 6191 Da and 6883 Da16 . The respective peak heights are
h1 = 150, h2 = 200 and h3 = 250.
2. SIM-GROUP-NOISE-Y (NY): Based on SIM-GROUP-BASE increasing noise was added to the
y-values, to simulate measurement errors.
3. SIM-GROUP-NOISE-X (NX): Based on SIM-GROUP-BASE increasing noise was added to the
peak centers (x-values) to simulate non-linear shifts between measurement errors. Specifically, we
determined the average peak width (pw = 75) and used that to calculate a shift
S = round(N (0, (x · pw)2 )), x = {0.05, 0.1, 0.2, 0.3, 0.5, 0.75} for each spectrum. If S > 0, we added
S 0-entries in the beginning of the spectra and deleted the last S entries. If S < 0, we deleted the
first S entry and added 0-entries at the end. The range for true positive was then defined as:
[xl + Smin , xr + Smax ], where xl and xr are the known interval borders of added true-positive
peaks and Smin , Smax are the minimum and maximum shifts, respectively.
4. SIM-GROUP-PEAKS-SIMILAR (PS): In this dataset, an increasing number of (true positive)
peaks of same height was added, to see how it affects the sparsity of the found solution.

4.3

Influence of the algorithmic components

In this section we demonstrate the basic properties of our method using the toy example introduced in
the previous section. Recall that the method has three components that can influence the found solution:
(1) usage of the dictionary in the pre-processing step, (2) usage of sparsification in the post-processing
step and (3) the choice of λ in the 1-bit CS step (see Eq. 2).
In the following, we will show the influence of each component using the toy example introduced in
the previous section.
16 These peaks correspond to peptide sequences: p : LKKVVALYDYMPMNANDLQLRKGDEYFILEESNLPWWRARD1
KNGQE, p2 : LKKVVALYDYMPMNANDLQLRKGDEYFILEESNLPWWRARDKNGQEGYIPSN, p3 : LKKVVALYDYMPMNANDLQLRKGDEYFILEESNLPWWRARDKNGQEGYIPSNYVTEAE
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Influence of λ
Fig. 6 shows the influence of λ on the number of selected features. As one would expect from (2), the
number of features increases with increasing λ (Fig. 6a), until saturation is reached at λ = 28. Fig. 6b
shows the trace-plot of the selected features with respect to lambda. One can clearly see that the
algorithm first (λ small) selects the features of the more discriminating peak centered at position x = 5
before it starts (with increasing λ) to select features from the second peak centered at x = 10.

Figure 6. Influence of λ on the “Toy Example” data-set without using pre-processing (dictionary) and
post-processing (sparsification). (a) Number of non-zeros entries of ω with respect to λ. (b) Order and
position of selected features with respect to λ. The blue area indicates the position of a selected features,
i.e. the index of the non-zero entries in ω.

Influence of Post-Processing (sparsification)
Fig. 7 shows the influence of the sparsification step on the number of ω’s non-zeros components. As
expected, the algorithm only selects the maximum element in a connected range of possible features.
Since in this (noise and error-free) toy example the peaks are connected, only the very center features are
selected which results in a saturation of two features, as can be seen in the trace-plot (Fig. 7b).

Figure 7. Influence of λ on the “Toy Example” data-set using post-processing (sparsification) but
without using pre-processing (dictionary). (a) Influence of λ on number of non-zeros entries of ω. (b)
Trace-plot for selected features.
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Influence of Pre-Processing (Gaussian Dictionary)
Fig. 8 shows the influence of the dictionary step on the number of ω’s non-zeros components. The effect
of the convolution of the data with Gaussians leads to a smoothed signal which, by this, can become
broader than the original data. This is illustrated in the trace-plot (Fig. 8b): the selected features span
a wider range compared to the case where no smoothing was applied in the pre-processing (Fig. 6b).

Figure 8. Influence of λ on the “Toy Example” data-set using pre-processing (dictionary) but without
using post-processing (sparsification). (a) Influence of λ on number of non-zeros entries of ω. (b)
Influence of λ on the “Toy Example” data-set using pre-processing (dictionary) but without using
post-processing (sparsification).

Influence of Pre- and Post-Processing
The remaining configuration of the algorithm using pre- and post-processing shows an interesting
behavior, with respect to the number of selected features. With increasing λ the algorithm first selects
one feature, then two and then jumps back to one again. This effect can be explained when looking at
the trace-plot for the order of the feature selection (Fig. 9b): the smoothing of the pre-processing has
lead to a broadening of the signal. At a particular value of λ the two broadened peaks merge which
create a now connected range of selected features. This fact is then picked up by the sparsification
post-processing step which selects only the maximum value in the now connected range, resulting in only
one selected feature.

4.4

Robustness of Feature Selection in the Presence of Noise

In the previous section we showed the influence of the algorithmic components when working with
“perfect” data that does not contain any noise. We demonstrated that the smoothing pre-processing and
the sparsifying post-processing steps reduced the number of selected features significantly. Both steps
together lead to the sparsest model even when λ was increased. In this section we will use noisy data based on the previously used toy data-set - and explain the influence on the results of the feature
selection. The noisy data-set consists of 100 spectra for each class as shown in Fig. 10b. The noisy
spectra are obtained by using the original toy-example data (Fig. 10a) and then - for each point in the
new spectrum - adding Gaussian noise with mean 0 and standard deviation 0.3. Additional to the
evaluation of the selected features we also evaluate our method as described in Section 4.1. Thus, we are
not only interested in a small feature set but also in the performance of a generalize linear model (GLM)
that was trained using the selected features in a 3-fold cross-validation schema.
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Figure 9. Influence of λ on the “Toy Example” data-set using pre-processing (dictionary) and
post-processing (sparsification). (a) Influence of λ on number of non-zeros entries of ω. (b) Trace-plot for
selected features. (c) Trace-plot for selected features. The blue area shows - as before - the order of the
selected peaks with respect to lambda. The vertical red lines indicate the selected features in the case
where sparsification was used. It can be seen that only the feature with the maximum value is selected
when the regions of selected features connect.
Influence of λ on Feature Selection and Classification
As in the previous section we will demonstrate the influence of the algorithmic components λ, pre- and
post-processing on the results. Again, we are not only interested in the number of selected features, but
also the performance of a GLM classifier that was trained with the selected classifiers. The results are
shown in Fig. 11. As in the unperturbed case from the previous section, the combination of pre- and
post-processing again yields the best results: a very sparse feature vector ω with only one component
which can perfectly (AUC=1)17 classify unknown samples (using a 3-fold cross validation schema).
Especially the smoothing effect of the pre-processing step has a large impact on the number of selected
features, as shown in Fig. 12: using the pre-processing step leads to a significantly sparser feature vector
ω.
17 The quality or accuracy of a classifier is often measured by the area under the ROC curve (AUC). An area of 1
represents a perfect classifier.

17/27

Figure 10. Comparison of the unperturbed (left) and the noisy (right) toy-example data-set. Shown is
data for two classes, indicated as red and blue curves.

4.5

Comparison to Other Methods

In the previous sections we have evaluated our method by means of (i) number of features and (ii)
performance of a GLM model for classification that was trained only using the selected features. We
have shown that our method is capable to find a small and well suited feature-set that allow the robust
classification of unknown samples even in the presence of noise, using a simple toy example. In this
section we will evaluate our method using more complex data-sets (see Subsection 4.2) and also compare
to results obtained by other widely used algorithms that perform the same task as our method: selecting
small numbers of features from complex data-sets for classifying unknown samples. For the comparison
we have selected three algorithms which are widely used in (but not limited to) the area of bioinformatics,
such as analysis of large Microarray, genomics or proteomics data-sets. We will compare (1) SPA, (2)
L2-loss L1-regularized SVM (using the LIBLINEAR package), (3) the LASSO approach (using the
standard MATLAB implementation), and (4) the Elastic Net method (also using the standard MATLAB
implementation with α = 0.5). We have chosen these algorithms because they seem to have become
standard analysis algorithms which are used in thousands of publications. We will use these algorithms
in the standard configuration as given by the respective implementation or in the original publication.
Unless otherwise stated, 3-fold cross validation has been used for all experiments. The remaining of this
section described results of our feature selection experiments. The main goal is to evaluate which and
how many features are selected by the respective algorithms and how a GLM training with these features
performs in classifying unknown samples. In particular we are interested in how increasing noise and
varying number and quality of features in the given data-sets influences the outcome, measured by the
criteria defined in Sec. 4.1. Table 2 summarizes the results and was created using the following steps:
1. The used data-set was divided into k = 3 folds.
2. For each of the methods (SPA, LASSO, L1-SVM, Elastic Net) the optimal parameter(s) was
determined resulting in the best possible feature-set.
3. Using the optimal parameter(s) from the previous step, k rounds of feature selection were
performed resulting in three sets of feature-sets.
4. Each of the feature-sets was used to train a GLM on two folds.
5. Performance of each GLM was computed by classifying the respective third fold.
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Figure 11. Shown is the performance of our method on the “Noisy toy example” data-set with respect
to λ and using the pre- or post-processing. The evaluation is done with respect to number of features
(red line), Bayes Information Criterium (BIC, blue line) and log-likelihood (green line) of the trained
model and the area under the ROC curve (AUC, yellow line). The algorithmic configuration was: (a) No
pre- or post-processing, (b) post-processing (sparsification) only, (c) pre-processing only (Gaussian
dictionary), (d) pre- and post-processing.
6. Mean values of number of non-zero features, BIC and precision (or AUC in the case of real data)
were computed and are given in the table.
Test Scenarios
We used three test scenarios to evaluate and compare the methods (see also Subsection 4.2): (i) added
noise to the peak heights (SG-NY∆), (ii) added noise to the peak positions (SG-NX∆, occurs when the
mass spectrometer was not calibrated correctly) and (iii) addition of correlated peaks (SG-PS∆). The ∆
values (see first column in Table 2) represent the respective perturbation intensity.
Summary of Results
We evaluate the results with respect to the following categories:
 Precision: SPA reaches the highest precision values over all data-sets, except for data-set
SG-NY1. This means that the SPA almost always only selects true positive features and not others,
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Figure 12. Effect of the pre-processing step on the number of selected features. Shown is the trace-plot
for the “Noisy toy example” data-set. The blue area shows the order of selection and distribution of
features (non-zero entries of ω) with increasing λ. The vertical red lines indicate the effect of the
post-processing (sparsification) step than only selects the feature of maximum value in a range of
connected features. (a) Without pre-processing. (b) With pre-processing.
which are potentially introduced by noise.
 Size of feature set: SPA always selects the smallest number of features, except for data-set
SG-NY0.5.
 BIC: SPA performs best with respect to the Bayesian Information Criterion when (i) peak
positions are perturbed on the m/z (y) axis (SG-NY ) and (ii) when correlated peaks are added
(SG-PS ). In the case of noise added to the signal (SG-NX ) the L1-SVM algorithm produces better
results.
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Dataset

Prec.[a]

SPA
Feat.[b] BIC[c]

SG-BASE

1.000

1 ±0

SG-NY0.25

1.000

2 ±0

SG-NY0.5

0.233

SG-NY0.75

0.667

SG-NY1

0.000

SG-PS1

λ[d]

Prec.

22.25

1

1.000

21.66

45

0.189

52.77

305

0.000

33.45

133

0.000

2 ±0

63.36

151

0.005

1.000

1 ±0

10.58

1

1.000

SG-PS2

1.000

1 ±0

10.58

1

1.000

SG-PS3

1.000

1 ±0

10.58

1

1.000

SG-NX0.05

1.000

40.52

315

0.567

SG-NX0.1

1.000

44.29

67

0.832

SG-NX0.2

0.670

1 ±0

75.84

1

0.661

SG-NX0.3

0.670

1 ±0

90.18

1

0.554

4.33
±0.58
1.67
±0.58

2.67
±0.58
1.67
±0.58

LASSO
Feat.
BIC
37.67
204.48
±3.06
76
407.20
±6.25
79.33
424.82
±7.23
72
386.04
±4.36
69
370.18
±8.66
23
126.92
±2.65
37.33
202.72
±4.51
36.37
199.19
±3.79
92
491.81
±6.08
65.33
350.80
±4.51
92
554.12
±3.46
102.33
592.80
±2.52

λ

Prec.

0.020

1.000

0.019

0.171

0.026

0.003

0.029

0.004

0.029

0.007

0.014

1.000

0.009

1.000

0.018

1.000

0.007

0.779

0.016

0.949

0.013

0.952

0.013

0.580

Elastic Net
Feat.
BIC
44.67
241.50
±2.08
90.33
483.00
±3.79
118.33
631.07
±3.51
158.33
842.60
±24.91
196.33
1,043.55
±22.55
26 ±1
42
±4.58
52.67
±3.22
59
±3.46
52 ±1
30.33
±3.21
104
±7

L1-SVM
BIC

λ

Prec.

Feat.

0.030

0.557

6 ±1

37.02

6.12 · 10−5

0.042

0.500

2 ±0

15.86

2.83 · 10−5

0.060

0.000

2 ±0

15.86

2.85 · 10−5

0.058

0.000

2 ±0

15.86

1.85 · 10−5

0.058

0.500

2 ±0

15.86

1.45 · 10−5

142.78

0.033

0.500

2 ±0

15.86

1.73 · 10−5

227.40

0.023

0.500

2 ±0

15.86

1.71 · 10−5

283.80

0.036

0.444

1.75 · 10−5

317.30

0.013

0.446

304.31

0.025

0.184

238.45

0.070

0.164

619.65

0.013

0.205

2.33
17.63
±0.58
45.33
252.16
±8.39
355.67
2,873.05
±29.28
615
4,576.06
±19.52
419
3,494.87
±31.51

λ

0.004
0.894
1.403
0.228

Table 2. This table shows the main results comparing the feature selection benchmarks of SPA, LASSO, Elastic-Net and L1-SVM. For
explanation see text.
P
[a] Prec.: Precision, defined as: T PT+F
P . (The higher the better.); [b] Feat.: Number of features; ± indicates the standard-deviation. (The lower
the better.); [c] BIC: Bayesian Information Criterium, defined as: −2 · logLikelihood + k · log(n), where k is the number of parameters (features)
and n is the number of data-points. (The lower the better.); [d] λ: the algorithm dependent parameter.
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5

Analyzing Experimental MALDI-TOF MS Data

In this section we present results of our algorithm for analysing data from real world mass spectrometry
experiments. We demonstrate the performance on two previously published data-sets ( [10, 28]):
 Spiked Data: Blood serum of 16 apparently healthy individuals was used ( [28]) which was spiked
with 127nMol/L of the protein calibration standard mix (Part No.: 206355 & 206196) from Bruker
Daltronics (Leipzig, Germany). This mix contains the hormones Angiotensin, ACTH, clip 18-39,
Substance P and the cell protein Ubiquitin. The peptide mix was added before sample
pre-treatment and 64 spectra were measured due to 4-fold spotting (technical replicates).
 Pancreas Cancer Data (P. CA): A total of 120 patients with pancreatic cancer and controls were
recruited for this study [10]. For the discovery study sera were obtained from two different clinical
centers (University Hospital Leipzig (UHL, set L) and Heidelberg (UHH, set H)).

The only preprocessing step that has been performed on the raw mass spectrometry data was baseline
removal, by using TopHat filtering ( [29]). In particular, no calibration or noise reduction steps have
been applied. More information the data and sample preparation can be found in the supplementary
material (see Appendix 6).
Summary of Results
As before, we evaluate the results with respect to the following categories. Note that since we do not
know the true-positive feature positions, we omitted this criterion and used the Area under the ROC
curve (AUC) instead. The results are shown in Table 3.
 Size of feature set: SPA always selects significantly less numbers of features.
 AUC: SPA has the best AUC values for the Spiked and P. CA - UHH data-set, while the LASSO
and Elastic Net algorithms perform slightly better on the P. CA - UHL.
 BIC: SPA produces models that have significantly better BIC values.

Taken together, one can see that SPA is much more robust to noise occurring in real world data-sets
than the other tested algorithms, which respect to model quality measured by the BIC criterion. Further,
the resulting feature-set is much smaller which allows an easier interpretation and less costly follow-up
experiments.
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Dataset

SPA
Feat.[a] AUC[b] BIC[c]

Spiked

1 ±0

P. CA - UHL
P. CA - UHH

3.33
±0.58
1.33
±0.58

λ[d]

1.00

17.49

1

0.92

50.24

251

0.96

40.76

115

Feat.
29.67
±3.51
66.33
±7.77
8.67
±0.58

LASSO
AUC
BIC

λ

1.00

139.97

0.029

0.99

397.15

0.031

0.93

314.50

0.154

Feat.
46.66
±6.43
79
±1.73
59.67
±4.93

Elastic Net
AUC
BIC

λ

1.00

216.05

0.121

0.99

474.47

0.082

0.93

615.01

0.176

Feat.
83
±5.29
243
±15.10
662.67
±71.44

L1-SVM
AUC
BIC

λ

0.749

927.42

0.068

0.569

2,677.69

0.120

0.825

3,927.10

1.207

Table 3. This table shows the main results comparing the feature selection benchmarks of our approach with LASSO, Elastic-Net and L1-SVM.
For explanation see text.
[a] Feat.: Number of features; ± indicates the standard-deviation. (The lower the better.);
[b] AUC: Area under the ROC curve. (The higher the better.);
[c] BIC: Bayesian Information Criterium, defined as: −2 · logLikelihood + k · log(n), where k is the number of parameters (features) and n is the
number of data-points. (The lower the better.); [d] λ: the algorithm dependent parameter.
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6

Conclusion

We presented SPA, a new framework for the analysis of proteomics data, generated by mass
spectrometry experiments. The framework solves the problem of selecting a minimum set of features
from high-dimensional data in the case where relatively few measurements are available, to (1) allow
bio-medical interpretation and (2) enable classification of unknown samples. This is done formulating
and solving a regularized optimization problem, using ideas from 1-bit compressed sensing combined
with matching pre- and post-processing extensions. We showed that SPA performs better than standard
(and widely used) algorithms for analysing proteomics data and that is is robust to random and
systematic noise. The evaluation was done using simulated and real-world data, and the resulting
classifiers are better than those of the other algorithms with respect to the Bayesian information
criterion and precision (ratio of true positives to number of positive (true and false) test outcomes).
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Supporting Information
S1 - Mass Spectrometry Data Generation
Chemicals, standards and consumables
Gradient grade acetonitrile, ethanol, and HPLC-water were obtained from J.T. Baker (Phillipsburg, NJ,
USA); p.a. trifluoroacetic acid (TFA) and acetone were purchased from Sigma-Aldrich (Taufkirchen,
Germany). The peptide- and protein MALDI-TOF calibration standards I and
α-cyano-4-hydroxycinnamic acid (HCCA) were purchased from Bruker Daltonics (Bremen, Germany).
Automated magnetic bead preparations were performed using 96 well plates, TubePlates from Biozym
(Hessisch Oldendorf, Germany), polypropylene tubes (low profile) from Abgene (Surrey, UK), and
modular reservoir quarter modules from Beckman (Fullerton, USA). For sample storage 450 µL
CryoTubesTM were purchased from Sarstedt (Nümbrecht, Germany). Multifly needle sets and
polypropylene serum monovettes with clotting activators were also obtained from Sarstedt.
Peptidome Separation
All serum samples of the discovery set were processed at one time and analyzed simultaneously to avoid
procedure-dependent errors. The external validation set was prepared, processed and analyzed separately.
Peptidome separation of the samples was performed using the ClinPro Tools profiling purification kits
from Bruker Daltonics. Magnetic particles with defined surface functionalities (magnetic
beadimmobilized metal ion affinity chromatography (MB-IMAC Cu), magnetic bead-hydrophobic
interaction (MB-HIC C8) and weak cation exchange (MB-WCX)) were processed by the ClinPro Tools
liquid handling robot according to the manufacturer’s protocol (Bruker Daltonics). Serum specimens
were thawed on ice for 30 min and immediately processed according to our standardized protocol for
serum peptidomics [30].
Mass Spectrometry
A linear MALDI-TOF mass spectrometer (Autoflex I, Bruker Daltonics) was used for the peptidome
profiling. Daily mass calibration was performed using the standard calibration mixture of peptides and
proteins in a mass range of 1-10 kDa. Mass spectra were recorded and processed using AutoXecute tool
of the flexControl acquisition software (Ver. 2.0; Bruker Daltonics). The settings were applied as follows:
Ion source 1: 20 kV; ion source 2, 18.50 kV; lens, 9.00 kV; pulsed ion extraction, 120 ns;
nitrogen-pressure, 2500 mbar. Ionization was achieved by a nitrogen laser (λ=337 nm) operating at 50
Hz. For matrix suppression a high gating factor with signal suppression up to 500 Da was used. Mass
spectra were detected in linear positive mode.
MS Data Preprocessing
We only performed baseline removal. The baseline is an exponential like offset dependent on the m/z
value (mass-to-charge; x-value). A baseline correction is performed to remove this rather low-frequency
noise from the spectrum. We use a morphological TopHat filter to eliminate certain spatial structures
within the signal, in our case the baseline. Note that this technique does not produce negative intensity
values.
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