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1 Introduction

Proteins are an important class of biomolecules which fulfill important tasks, for ex-

ample as enzymes or transporter proteins. As many different diseases are associated

with changes in the proteome, research on potential protein biomarkers, e.g. for dis-

ease diagnosis, is promising. The state-of-the-art method for proteomics biomarker

studies is bottom-up mass spectrometry. In this technique, the intact proteins are

enzymatically digested to peptides (shorter amino acid chains) before measurement.

The data is used to identify and quantify peptides. Quantifications of different pep-

tides within the same sample cannot be compared, only measurements of the same

peptide between different samples. Therefore, peptide quantifications are often used

in form of peptide ratios, which are the ratios of the peptide intensities in two dif-

ferent samples. For further analysis and interpretation of the results, the peptide

quantifications have to be re-assembled to protein quantifications. This step, called

protein quantification, is complicated due to the existence of shared peptides which

could stem from multiple different proteins.

Bipartite graphs are often used to represent the relationship between proteins and

peptides. Figure 1.1 (p. 2) shows an example of a bipartite peptide-protein graph

(or more precise: a connected component of a larger graph considering all peptides

measured in a data set) together with the corresponding peptide ratios. There are

two proteins, protein Prot1 and protein Prot2 with their corresponding quantified

peptides. Peptide Pep1 is unique, as it is only assigned to protein Prot1. Peptide

Pep2 is shared between protein Prot1 and protein Prot2. The peptide ratios r1 and

r2 are the ratios of the measured peptide intensities between two different samples.

The protein ratios R1 and R2 are unknown and have to be estimated from the

peptide ratios.

There is a large variety of methods for solving the protein quantification problem.

While some algorithms employ basic methods like simple arithmetic means of peptide

intensities, most methods use more rigorous statistical methods. One category of

1



2 1. Introduction

Figure 1.1: Example of a bipartite peptide-protein graph with two protein nodes Prot1
and Prot2, one unique peptide node Pep1 and one shared peptide node Pep2.
The coloring of the nodes indicates which peptide belongs to which protein.
The peptide ratios r1 and r2 are measured, while the protein ratios R1 and R2

are unknown.

methods filters out unreliable or low-quality peptides before summarizing them to

proteins, for example by using hierarchical clustering based on pairwise correlations

between peptides. Another large category sets up linear or non-linear models that

are solved. These models contain only the peptide quantities or further information

on the experimental design (e.g., treatment groups or replicates). Furthermore,

some methods employ methods from the field of Bayesian statistics to estimate the

protein quantities and their variation.

Despite the large number and variety of available methods, there is still no consensus

how to properly make use of shared peptide information during protein quantifica-

tion. Some commonly used algorithms even rely solely on the unique peptides and

do not make use of the information present in the quantities of shared peptides. This

makes it impossible to quantify proteins without unique peptides, like Prot2 in the

example above (figure 1.1). However, proteins without unique peptides can make

up a large part of all potential proteins in a sample and quantifying them could be

crucial for the subsequent analysis of the data.
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The main aim of this PhD project is to develop a novel method that is able to gain

quantitative information about proteins without unique peptides and improve the

quantification of proteins with unique peptides by adequately using shared peptides.

This method called bppgQuant uses bipartite graphs that represent the relationship

between proteins and peptides to estimate protein quantities. For each peptide,

a nonlinear equation is formed, which relates the unknown protein ratios to the

measured peptide ratios. A least-squares approach is applied to estimate the protein

ratios by minimizing the sum of squared error terms over all peptides in a bipartite

graph. As the set of equations is often underdetermined, multiple optimal solutions

are possible, especially for proteins without unique peptides. Therefore, a strategy

to calculate an estimate of the whole solution space is developed.

BppgQuant is then evaluated on four different data sets with known protein ratios

by spike-in proteins or mixtures of different organisms in pre-defined ratios. The

results are compared to the existing protein quantification methods SCAMPI and

PQP.

This thesis is structured as follows. Chapter 2 gives an overview about the bio-

logical and technical background of bottom-up mass spectrometry, as well as the

foundations of peptide quantification, protein inference and protein quantification.

In chapter 3 a review of existing state-of-the-art protein quantification methods is

provided. Bipartite peptide-protein graphs occurring in different data sets, which

are the foundation for the development of the bppgQuant method are characterized

in chapter 4. In Chapter 5 the proposed protein quantification method bppgQuant

is described in detail, evaluated and compared to the existing methods SCAMPI

and PQP. A general discussion and an outlook on further future improvements and

developments is given in chapter 6.





2 Background

This chapter describes the biological and technical background of mass spectrometry-

based bottom-up proteomics (sections 2.1 - 2.3) and the resulting protein inference

and protein quantification problem (section 2.4).

2.1 Proteins and proteomics

The structural units of proteins are amino acids, which consist of a central carbon

atom that is connected to a single hydrogen, an amino group (-NH2), a carboxyl

group (-COOH) and a side chain (Müller-Esterl, 2018). The basic structure of an

amino acid is depicted in figure 2.1.

H N

H

C

H

R

C

O

OH

Figure 2.1: General structure of an amino acid with a central carbon atom (red), an amino
group (-NH2, green), a carboxyl group (-COOH, light blue), a hydrogen atom
(black) and a side chain -R (dark blue), see Müller-Esterl, 2018, p. 27, taken
from Schork, 2016.

There are 21 different amino acids that occur in proteins in the human organism,

the so-called proteinogenic amino acids (Müller-Esterl, 2018, pp. 26-29 and 218).

They differ in their side chains which may consist of a simple hydrocarbon chain

(e.g., lysine) or more complex structures containing carbon rings (e.g., tryptophan)

or sulfur (e.g., methionine) (Müller-Esterl, 2018, pp. 28-29). Two amino acids can

be connected via covalent peptide bonds. During the chemical reaction, the amino

group of the first amino acid is connected to the carboxyl group of the second, while

5



6 2.1 Proteins and proteomics

a water molecule is split off (Müller-Esterl, 2018, p. 31), see figure 2.2. The re-

sulting molecule is called a dipeptide. If multiple amino acids are connected like

this in a chain, the resulting molecule is called an oligopeptide or polypeptide (de-

pending on the number of amino acids) or, in short, peptide. Proteins are longer

polypeptides (plain amino acid sequences, primary structure) that form secondary

structures (alpha helices or beta sheets due to hydrogen bonds) and tertiary struc-

tures (non-covalent interactions between secondary structures) (Müller-Esterl, 2018,

pp. 74-78). In some proteins two or more polypeptide chains together build a quar-

ternary structure, e.g., hemoglobin which consists of four subunits (Müller-Esterl,

2018, p. 79).
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H
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Figure 2.2: Two amino acids connect via a peptide bond (red) and form a dipeptide, while
a water molecule (blue) is formed, see Müller-Esterl, 2018, p. 31, taken from
Schork, 2016.

The end of the peptide containing the carboxyl group is called C-terminus, while

the end with the amino group is called N-terminus. For representing amino acid

sequences, the so called one-letter-code is used from N- to C-terminus (Müller-Esterl,

2018, pp. 27-29). Each of the proteinogenic amino acids are represented by one

specific letter (e.g., M for methionine).

The genes in the DNA (desoxyribonucleic acid) contain the information about the

amino acid sequence of the proteins. The genes are transcribed to mRNA (messen-

ger ribonucleic acid), which is then translated into the amino acid sequence at the

ribosome. The genetic code contains nucleotide triplets for the proteinogenic amino

acids (Müller-Esterl, 2018, p. 217). However, after translation the amino acids can

be further modified, for example oxidized or phosphorylated, which is known under

the term post-translational modifications (PTMs), leading to a larger variety of pro-
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teins beyond the differences in amino acid sequence (Smith et al., 2013; Carbonara et

al., 2021). Some of these modifications have a biological origin, e.g., phosphorylation

of the amino acids serine, threonine or tyrosine, that has an important function for

signal transduction inside the cells (Müller-Esterl, 2018, pp. 65-66). On the other

hand, some modifications are artificially introduced during sample preparation in

the laboratory, like carbamidomethylation of cysteine (Kuznetsova et al., 2020).

Proteins are the acting molecules in cells and fulfill many different important func-

tions for example as enzymes, transport proteins or as parts of the cytoskeleton

(Müller-Esterl, 2018, pp. 62-63, 338-349 and 466). The set of proteins in a cell

or organism is called the proteome. Different diseases are associated with changes

in the proteome and therefore proteins are a common target for biomarker studies

in biomedicine. Proteins can be detected in different body fluids like urine, blood

or cerebrospinal fluid and may serve as biomarkers for the diagnosis and progno-

sis of a wide range of different diseases. Protein biomarkers have been researched

for example for different types of cancer (D’Costa et al., 2016; Borrebaeck, 2017),

neurodegenerative diseases like Alzheimer’s or Parkinson’s disease (Blennow, 2004;

Parnetti et al., 2013), cardiovascular disease (Lyngbakken et al., 2019) or COVID-

19 infections (Fraser et al., 2020). The field that covers protein analysis is called

proteomics and aims at the analysis of the whole proteome in a cell, tissue or organ-

ism. Besides medicine, proteins are a subject of research also in other fields, e.g.,

microbiology (Wagner et al., 2024), plant research (Jorrin Novo, 2021) or forensics

(Duong et al., 2021).

2.2 Mass spectrometry-based bottom-up proteomics

The current state-of-the-art method for analyzing the proteome of a sample is

bottom-up proteomics based on mass spectrometry (Aebersold and Mann, 2016).

Mass spectrometry in general is a technique to measure the mass-to-charge ratio

(m/z) and intensity of ions (Aebersold and Mann, 2003). An overview over the gen-

eral workflow in bottom-up proteomics is given in figure 2.3 (p, 8). Intact proteins

can be measured by mass spectrometry via the so-called ”top-down proteomics” ap-

proach, however this technique faces many challenges for high-throughput use due

to the large size and complexity of proteins (Brown et al., 2020; Karch et al., 2022).

The term ”bottom-up proteomics” refers to a technique where, as a part of sam-
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Figure 2.3: General workflow of mass-spectrometry-based bottom-up proteomics. The in-
tact proteins are digested to peptides via the enzyme trypsin. The peptides
are measured via mass spectrometry, resulting in MS1 and MS2 spectra. MS1
spectra can be used for relative peptide quantification. The precursor ions
belonging to the highest peaks in the MS1 spectra are fragmented and MS2
spectra are acquired. A protein sequence database (FASTA file) is in silico
digested resulting in a list of possible peptides. For these, theoretical spectra
are predicted that are compared with the measured MS2 spectra, resulting in
the identification of peptides. Created with BioRender.com.

ple preparation, proteins are cleaved into smaller peptides before measurement via

mass spectrometry. A commonly used enzyme for protein cleavage is trypsin, which

cleaves at the C-terminal side of the amino acids lysine (K) and arginine (R), ex-

cept if they are followed by a proline (P) (Zhang et al., 2013, see also the peptide

sequence in figure 2.3 at the top). This digestion usually generates peptides that are

well usable for mass spectrometry, considering their number of amino acids, mass

and potential of charged side chains at the C-terminus after ionization (Shuken,

2023).

Before entering the mass spectrometer, the peptides are often separated by a high

performance liquid chromatography (HPLC) system (Shi et al., 2004). To avoid

that all peptides enter the mass spectrometer at the same time, the peptides pass
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a column with a duration that depends on their physico-chemical properties, espe-

cially the hydrophobicity (Shuken, 2023). The time at which a peptide elutes from

the column is called retention time. The eluting peptides are then ionized, i.e.,

they become charged molecules, for example by the so-called electrospray ionization

(Shuken, 2023).

Inside the mass spectrometer the mass-to-charge ratios (m/z) of the peptide ions

(also called precursor ions) are measured by the mass analyzer. The detector mea-

sures the corresponding ion intensities. The graph of m/z on the x-axis and in-

tensity on the y-axis is called MS1 spectrum. In the data dependent acquisition

(DDA) type measurement, the precursor ions corresponding to the highest peaks

in the MS1-spectrum are isolated and further fragmented, e.g., by collision with an

inert gas (collision-induced dissociation). During this fragmentation the precursor

ions break at different peptide bonds, resulting in a variety of smaller fragment ions.

The m/z and intensities of these fragment ions are also measured and result in the

so-called MS2 spectrum. The pattern of peaks in the MS2 spectrum together with

the mass of the precursor ion can be used to identify the sequence of the precursor

peptide ion (Shuken, 2023).

As a basis for peptide identification, protein sequence databases like UniProt (Bate-

man et al., 2023) are used. In most cases only the sequences of proteins expected

to be present in the sample is used, e.g., the proteome of the corresponding organ-

ism. Commonly, the protein sequence databases are saved as so-called FASTA files.

The protein sequences are digested in silico, meaning that the trypsin digestion is

mimicked using programming code. The theoretical observable peptide sequences

are used to generate theoretically expected MS2 spectra, which can be obtained by

calculating the expected m/z of all possible fragment ions and often assigning the

same intensity to all peaks belonging to the same type of ion (Eng et al., 1994).

Machine and deep learning models have been developed for predicting fragment ion

intensities, leading to more accurate theoretical spectra, e.g. MS2PIP (Degroeve

et al., 2013) or Prosit (Gessulat et al., 2019). The theoretical and measured MS2

spectra are compared using peptide identification software tools that are also called

peptide search engines. A score for the spectrum similarity is calculated, for example

the cross correlation (Eng et al., 2008). When a measured spectrum matches to a

theoretical one, this is called peptide-spectrum match (PSM). During identification,

non-sense protein or peptide sequences are introduced, the so-called decoy sequences,

e.g., by reversing or shuffling the original protein sequences from the database (Elias
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and Gygi, 2010). They serve as a trap for the identification algorithm and can be

used to calculate the false discovery rate (FDR). Then, usually the result list is

filtered so that an FDR lower than 1% is achieved to avoid too many false peptide

identifications (Shuken, 2023).

2.3 Relative peptide quantification

The data produced by the mass spectrometer can also be used to quantify peptides.

Different methods exist for peptide quantification. These methods can be split into

two main categories: label-free and label-based quantification (Bantscheff et al.,

2012). In label-based proteomics, the peptides or proteins are labelled, for example

metabolically by including heavy amino acids using the SILAC approach (Stable

Isotope Labeling by Amino acids in Cell culture, Ong et al., 2002) or chemically by

TMT (Tandem Mass Tags, Thompson et al., 2003). This allows a simultaneous mea-

surement of multiple samples within a single mass spectrometry run, which leads

to a reduction of technical variance (Megger et al., 2014). The different samples

can then be distinguished during data analysis by mass shifts (SILAC) or specific

reporter fragment ions that split off during fragmentation of the precursor (TMT).

However, there are also drawbacks of labelled proteomics, e.g., additional costs for

the labels and inaccuracies due to an imperfect labelling efficiency. Additionally,

for example TMT data show problems with batch effects and a high proportion of

missing values (Brenes et al., 2019). In this thesis, the focus is on label-free quan-

tification techniques, where each sample is processed without labels and separately

until the data analysis step (Bantscheff et al., 2012). There are different possibili-

ties to quantify peptides in label-free proteomics, spectral counting, XIC-based or

feature-based quantification, which will be explained in the following.

The most simple method for peptide quantification is spectral counting. For each

peptide sequence the number of MS2 spectra associated with it (peptide-spectrum-

matches, PSMs) are counted. The main idea is that a higher peptide abundance will

lead to more MS2 spectra. Different approaches have been proposed to improve spec-

tral counting based quantification, for example NSAF (normalized spectral abun-

dance factor, Zhang et al., 2010), emPAI (exponentially modified protein abundance

index, Ishihama et al., 2005) or APEX (absolute protein expression measurement,

Lu et al., 2007). Spectral counting-based methods have largely been replaced by the
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Figure 2.4: (a) Schematic representation of an extracted ion chromatogram (XIC). The
dots represent intensity measurements. (b) 2-dimensional representation of an
MS1 map, the blue rectangles represent detected features. (c) 3-dimensional
representation of an MS1 map. The parts (b) and (c) are screenshots from the
ToppView tool (Sturm and Kohlbacher, 2009).

other, more accurate methods for most applications (Geis-Asteggiante et al., 2016;

Milac et al., 2012).

Another method is the XIC-based peptide quantification (Shuken, 2023). XIC stands

for ”eXtracted Ion Chromatogram”. For a specific peptide ion (with its specific

m/z value) data points for the intensity in the MS1 spectra are collected over the

retention time, see figure 2.4(a). The precursor intensity is then calculated as the

area under the curve (or the intensity of the highest data point). The resulting

intensity is unitless. If a peptide sequence was identified multiple times (e.g., with

different charge states or PTMs), the precursor intensities can be aggregated to

peptide intensities.

The third option for peptide quantification is the feature-based quantification. A so

called MS1 map is used, a representation of the data with m/z, retention time and

MS1 intensity as the three axes (see figure 2.4(b) and (c) for a 2- and 3-dimensional

representation of the map, respectively). In this map a feature is a set of peaks

or an area in the m/z and retention time dimensions that belongs to a specific

precursor ion (with a specific charge state). Features can be detected by utilizing the

characteristic isotopic patterns. In nature, atoms of elements like carbon, oxygen,

hydrogen and nitrogen (which are all commonly present in peptides) occur in their

common form but also with additional neutrons in the atom core, which are called

isotopes. For example, carbon occurs in the light form 12C (6 neutrons), but also as

heavy carbon 13C (7 neutrons). Especially carbon has a comparably high proportion

of the heavier isotopes with over 1% of 13C (Valkenborg et al., 2012). Amino acids
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and therefore also peptides contain a lot of carbon atoms so that molecules with

one, two or even more heavy carbon atoms occur in nature with a high probability.

These isotopologues (same peptide sequence with different isotope composition) can

be distinguished by the mass spectrometer as an additional neutron leads to an

additional mass of approximately one Dalton. This results in mass traces (retention

time vs. intensity) that have a characteristic distance on the m/z axes (depending on

the charge state of the ion), which are called isotopic patterns. Different algorithms

exist for the detection of features, e.g., Dinosaur (Teleman et al., 2016) or the

FeatureFinder in OpenMS (Weisser and Choudhary, 2017). After detection, these

features can be quantified by integrating over the isotope pattern and the mass trace.

Either the peaks within the m/z and retention time area are summed up, or a two-

dimensional distribution is fitted to the data and the estimated model parameters

are used to calculate the volume of the feature (Nahnsen et al., 2013). Another

possibility is to model each mass trace as a normal or normal-exponential hybrid

distribution (Weisser et al., 2013; Lan and Jorgenson, 2001).

XIC- and feature-based quantification can also be summarized as intensity-based

quantification in contrast to spectral counting. For each of the three described

methods the quantification is only relative. As different peptides can have different

detection probability and ionization efficiencies, the intensities of two peptides with

→

Figure 2.5: Intensities of different peptides cannot be compared directly because of dif-
ferent ionization efficiencies (red, crossed-out arrows). Only intensities of the
same peptide over different samples can be compared (green arrows). There-
fore, often peptide ratios are calculated, which can be compared for different
peptides (green arrows on the right).
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the same concentration within a sample can vary a lot (Liigand et al., 2019). Because

of this, it is not possible to compare intensities of different peptides within the same

sample directly (see figure 2.5, p. 12). However, the comparison between intensities

of the same peptide across different samples is possible. Therefore, often peptides

ratios between samples or sample groups are calculated.

2.4 The protein inference and quantification problem

While identified and quantified peptides can already serve as biomarkers, calcu-

lations on protein level are often preferred because they allow a functional inter-

pretation of the data, e.g., by enrichment analysis for pathways or gene ontology

terms (Haw et al., 2011; Xie et al., 2002). Protein inference describes the problem

of reporting a list of proteins that is thought to be in the sample considering the

peptide-level data at hand (Huang et al., 2012; Li and Radivojac, 2012). This step

would be trivial if each identified peptide was unambiguously assignable to a single

protein (unique peptides). However, depending on the data set, there may exist

a large amount of shared peptides, that can belong to multiple proteins. Reasons

for the existence of shared peptides include alternative splicing, protein isoforms or

proteins with similar functional groups (Nesvizhskii and Aebersold, 2005). These

shared peptides complicate the protein inference step. For an identified peptide

shared between two or more proteins it is not clear, from which or from how many

proteins it actually stems (protein ambiguity). There is also no direct evidence for

a protein, if no unique peptide is identified.

The relationship between proteins and the corresponding peptides that are produced

during tryptic digestion is frequently represented by a bipartite graph in bottom-

up proteomics (Pavlopoulos et al., 2018), and used to aid protein inference and

quantification (Zhang et al., 2007; Gerster et al., 2010; Bamberger et al., 2018;

Pfeuffer et al., 2020). Two examples of bipartite peptide-protein graphs are shown

in figure 2.6 (p. 14).

Many common algorithms for protein inference are based on the Occam’s razor prin-

ciple, e.g., IDPicker (Zhang et al., 2007) or PIA (Uszkoreit et al., 2015). Given the

set of identified peptide sequences, the smallest set of proteins is reported that can

explain all of the peptides (set covering problem). Some methods take into account

that there is an insecurity in the identification of peptides reflected by a peptide
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Figure 2.6: Examples of two bipartite graphs representing the relationship between pep-
tides and proteins. Protein nodes are shown as green circles and peptide nodes
as red diamonds (unique to a protein node) or blue squares (shared between
protein nodes). Nodes may be collapsed and may contain multiple protein
accessions or peptide sequences (for details see section 4.2, p. 41).

score or probability, e.g., ProteinProphet (Nesvizhskii et al., 2003) or MSBayesPro

(Li et al., 2009). Also, inference algorithms that make use of the quantitative pep-

tide data have been developed, like ProteinClusterQuant (Bamberger et al., 2018)

or Quantifere (Lukasse and America, 2014).

Often, the protein inference step includes the formation of protein groups to reflect

the protein ambiguity (Jones, 2016). Multiple protein accessions within the database

are put together in a protein group, if the inference algorithm cannot decide which

protein to report, e.g., because they have the same set of identified peptides. Protein

inference is further complicated by the fact that the uniqueness and sharedness of

a peptide is always defined for one specific database situation. E.g., a peptide may

be unique in a certain database, but shared if more protein sequences are included.

Regarding protein quantification, a similar problem occurs. Peptide quantities have

to be summarized to protein quantities. Again, shared peptides are a problem, as

the measured peptide intensities may have been influenced by multiple proteins. It

is a not clear, which proportion of a certain shared peptide intensity comes from

which corresponding protein. Therefore, some quantification methods exclusively

use unique peptides or employ a ”razor peptide” approach, which assigns a shared

peptide completely to the corresponding protein with highest evidence (e.g., highest

number of identified unique peptides) (Cox and Mann, 2008). An overview over

methods for protein quantification is given in chapter 3.



3 Existing methods for protein

quantification

As explained above, in bottom-up mass spectrometry, proteins are first digested

to peptides before measurement. Therefore, the measured intensities are first on

peptide and not protein level. There is a large variety of different approaches for

summarizing peptide-level quantities in the literature (Blein-Nicolas and Zivy, 2016).

This chapter will give an overview about existing statistical methods for this task

for label-free, untargeted and intensity-based data (therefore excluding methods for

label-based, targeted or spectral counting based data). Furthermore, methods that

specialize on absolute quantification are excluded, as this usually involves using refer-

ence proteins or peptides that have to be spiked into the sample before measurement

(Kettenbach et al., 2011).

In this section, 20 different statistical protein quantification methods are described.

These methods can be divided into different categories based on the underlying

methodology. There are simple methods that use basic summarization of the ac-

quired peptide quantities, e.g., arithmetic means (section 3.1). Other methods also

employ these techniques, but filter the peptides beforehand, e.g., regarding their

pairwise correlation or number of missing values (section 3.2). More complex meth-

ods rely on linear or non-linear models or equation systems that are solved (section

3.3), while others rely on Bayesian models (section 3.4). Finally, there are some

methods that do not fit into one of the other categories (section 3.5). In section 3.6,

the methods are compared regarding their handling of shared peptides and ability

to quantify proteins without unique peptides.

For better comparability and readability of the model equations, not the original

notation of the corresponding papers but a common notation is used as shown in

table 3.1 (p. 16). Peptide and protein indices may refer to the set of proteins and

peptides within a single connected component of a bipartite peptide-protein graph

15
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or the whole data set, depending on the method. Individual additional notation is

introduced at the respective paragraphs for these methods.

Table 3.1: Notation used for explaining the different protein quantification methods.

Notation Description
i = 1, . . . ,m Index for proteins / protein nodes
j = 1, . . . , n Index for peptides / peptide nodes
k = 1, . . . , K Index for the (technical or biological) replicates
t = 1, . . . , T Index for the treatment or experimental group
pj,X Measured intensity of peptide j in sample X,

shortened to pj if sample is not important
rj Measured ratio of peptide j between two samples
Pi,X Unknown intensity of protein i in sample X,

shortened to Pi if sample is not important
Ri Unknown ratio of protein i between two samples
δij Indicator if peptide j belongs to protein i
µ Overall mean or intercept of the model
α Coefficient for the peptide effect
β Coefficient for the effect of the experimental

condition or treatment group
γ Coefficient for the effect of biological or technical

replicates
ε Error term

3.1 Basic methods

There are some basic methods that are based on simple averaging of the peptide

intensities to obtain protein intensities.

The topNmethod (Silva et al., 2006) calculates the arithmetic mean of corresponding

peptide intensities, but using only the peptides with the N highest intensities:

P̂i =
1

N

n∑

j=n−N+1

p(j). (3.1)

p(1), . . . , p(n) are the peptide intensities belonging to protein i ordered from lowest

to highest intensity. The high intense peptide ions are assumed to have nearly 100%

ionization efficiency and therefore their intensities are more reliable for calculating

the protein intensities. It has been shown that a value of N = 3 leads to good
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results when calculating the average intensity, as the resulting protein intensity

correlates well with the true protein concentrations. However, this method works

worse with short proteins with a lower number of available peptides (Silva et al.,

2006). Because of its simplicity, this method is popular and implemented in different

software solutions.

In the iBAQ approach (”intensity-based absolute quantification”, Schwanhäusser et

al., 2011), the intensities of all corresponding peptides are summed up and divided

by the number of theoretically observable peptides No:

P̂i =

n∑
j=1

pj

No

. (3.2)

As observable peptides all peptides with a length between 6 and 30 amino acids are

considered, derived from an in silico digestion of the corresponding protein sequence.

Peptides with missed cleavages are not counted. In the original manuscript it is

shown that the iBAQ value can be calibrated by using spiked-in proteins to obtain an

absolute measure of protein abundance. However, if it is used without the calibration

(like it is done in implementations like in MaxQuant), it is simply a relative protein

quantification measure.

3.2 Methods based on peptide filtering

A second category of methods relies on the pre-filtering of peptides before applying

a summarization method. From this point of view also TopN could fall into this

category, as it filters out all peptides that are not among the N highest abundant

ones. Filtering out unreliable peptide quantities before protein quantification may

in general improve the quality of the peptide data and therefore directly the quality

of the calculated protein ratios or intensities. A popular way to filter peptides is

by correlation. The basic rational behind this is that peptides belonging to the

same protein should in theory correlate well with each other when observed over

multiple samples. If one or more peptides do not correlate well with other peptides

of the same protein, wrong peptide identification, post-translational modifications

or protein isoforms are among the possible reasons (Forshed et al., 2011).
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The Quantifere method (Lukasse and America, 2014) filters out shared peptides

before protein quantification, however, defines uniqueness and sharedness of proteins

based on a protein inference algorithm that makes use of the quantitative peptide-

level data. First, a standard protein inference based on the Occam’s razor principle is

applied on each peptide-protein graph. Inferred proteins are called primary proteins,

while not inferred proteins, that have shared peptides with the primary proteins,

are called secondary proteins. Figure 3.1A shows an example. With Occam’s razor,

only protein 2 is inferred, therefore it is a primary protein. The proteins 1 and 3 are

secondary proteins.

All secondary proteins do not have unique peptides (otherwise they would have

been directly inferred by Occam’s razor). The aim of the Quantifere method is to

additionally infer some of the secondary proteins by using the quantitative peptide

Figure 3.1: Example for Quantifere’s protein inference step (Lukasse and America, 2014).
A) The peptide-protein graph with inferred primary protein 2 and secondary
proteins 1 and 3. Protein 2 is directly inferred by Occam’s razor because of the
unique peptide 2. B) Graphical representation of the intensity patterns of the
three peptides. Peptide 2 and 3 correlate well with each other, while peptide
1 does not correlate well with the other two peptides. Therefore, based on
Quantifere’s algorithm, the secondary protein 1 is inferred, while protein 3 is
not inferred and removed from the graph (indicated by the dotted edge in figure
A). Peptide 3 would then be fully assigned to protein 2 for the quantification
step.
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information. This is done by looking at the pairwise correlations between the peptide

intensities (for an example see figure 3.1B). All peptides that are shared by at least

one common protein are clustered using agglomerative hierarchical clustering with

average linkage. The distance measure D is based on the Pearson’s correlation

coefficient Corr(j1, j2) between the intensity vectors of two peptides j1 and j2:

Dj1,j2 = 1− Corr(j1, j2) (3.3)

The clustering algorithm is stopped, when a further iteration would cause the mean

correlation between members of a cluster C with |C| ≥ 2 elements to fall below the

threshold τ :

1(
|C|
2

)
∑

j1∈C

∑

j2∈C
j2>j1

Corr(j1, j2) < τ. (3.4)

τ can be chosen chosen by the user, guided by a comparison of distributions of cor-

relations between pairs of peptides from the same and different sets of proteins. If

more than one cluster is found with this approach, this is a hint that the correspond-

ing secondary protein is also present in the sample and causes one or more shared

peptides to deviate from the intensity pattern of the other peptides. A secondary

protein is inferred if it has at least one peptide that does not cluster with a peptide

belonging to another protein within the same graph. E.g, in the example in figure

3.1A, protein 1 would be inferred as a secondary protein, as peptide 1 does not

correlate well with the other peptides. Protein 3 is not inferred, as its peptide 3

correlates well with peptide 2.

Non-inferred secondary proteins are removed from the bipartite graph (in the exam-

ple in figure 3.1A this is indicated by the dotted edge between protein 3 and peptide

3). By this, some previously shared peptides can become unique for the primary

proteins (in the example peptide 3). For each primary protein i the now unique

peptides are summed up to obtain an estimate for the protein intensity:

P̂i =
n∑

j=1

pj · δ̃ij · I{ m
∑

l=1

δ̃lj=1

}. (3.5)
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δ̃ij is the indicator if peptide j belongs to protein i after Quantifere’s protein inference

step. The Quantifere procedure aims to improve quantification of primary proteins

in contrast to ignoring secondary proteins in general. In the current Quantifere

version, secondary proteins cannot be quantified, as very accurate absolute peptide

intensity would be needed, as stated by the authors.

The PQPQ method (”Protein Quantification by Peptide Quality control”, Forshed

et al., 2011) works similar to Quantifere regarding correlation and clustering but

takes into account the general quality of the peptide identification. First, it de-

fines high-confidence peptides which have a search engine score above a user-defined

threshold τ1 (this depends on the individual search engine). Pearson’s correlation

coefficient between all high-confidence peptides belonging to the protein of interest

are calculated. Peptide pairs are considered as well-correlated if the corresponding

p-value (H0 : Corr ≤ 0 vs. H1 : Corr > 0) is below a threshold τ2 (user-defined,

default is 0.4). The peptide with the highest intensity that correlates well with most

of the high-confidence peptides is chosen as the so-called model peptide for this

specific protein. An agglomerative hierarchical clustering is calculated based on the

peptide correlation (same distance measure as used in Quantifere, see equation 3.3

on page 19). If more than one cluster is detected, a model peptide is defined for each

cluster. In this case, likely two or more proteoforms are present in the data. The

set of peptides to use for quantification of a protein i (termed Gi) is then defined as

the corresponding cluster members plus low-confidence peptides that correlate well

with the model peptide. Finally, the protein ratios are calculated as the arithmetic

mean of the peptide ratios of all peptides in the corresponding cluster:

R̂i =
1

|Gi|

∑

j∈Gi

rj. (3.6)

The PeCorAmethod (”PEptide CORrelation Analysis”, Dermit et al., 2021) searches

for peptides deviating from the patterns of all other peptides stemming from the

same protein. First, the peptide-level intensities are centered (mean over all samples

p̄j is substracted), scaled (divided by standard deviation over all samples sj) and

log-transformed:

p∗j,k = log

(
pj,k − p̄j

sj

)
(3.7)
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For each peptide j1 that is unique to a protein i, a linear model is calculated. This

model incudes the peptide groupX1 (the specific peptide j1 against all other peptides

of the protein i) and the treatment effect βt plus the interaction term of both (α×β):

p∗j = µi + αjX1 + βt + (α× β)jt + εijt. (3.8)

It is tested if there is a significant interaction effect between the treatment group and

the peptide group (H0 : (α × β) = 0 vs. H1 : (α × β) ̸= 0). An existing interaction

(after correcting for multiple testing over the different peptides with the Benjamini-

Hochberg procedure) would hint to a different behaviour of the current peptide

compared to all other peptides over the different treatment or experimental groups.

PeCorA’s main aim is to use the detected differences between peptide patterns to

detect differentially regulated proteoforms in the data. However, it can also be used

as a pre-filtering of discordant (presumably low-quality) peptides before summarizing

them to protein intensities.

The MSstats R package (Tsai et al., 2020) employs a multi-step procedure to ensure

a sufficient quality of peptide intensities before using them to calculating protein

intensities.

First, peptides with many missing values are detected by modelling the number of

observed peptide intensities larger than 0 for a given protein by a binomial distribu-

tion. The corresponding parameter πi (probability of observing a peptide intensity

larger than 0) for each protein is estimated by

π̂i =
1

J
·

n∑

j=1

δij ·
Nij

K
(3.9)

with J =
n∑

j=1

δij the number of peptides for protein i and Nij =
K∑
k=1

I{pjk>0} the

number of peptide intensities larger than 0 for peptide j over all samples. Peptides

with a number of missing values that exceeds the 1% quantile of this binomial

distribution are excluded from the data set.
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As a second step, the following linear model is set up, modelling the log-intensity of

the different corresponding peptides j = 1, . . . , n of a specific protein i:

log(pjk) = µi + αij + γik + εijk (3.10)

with
n∑

j=1

αij = 0,
K∑
k=1

γik = 0, E[εijk] = 0 and V ar[εijk] = σ2
i . µi is the mean of the

log-transformed intensities of protein i over all samples, αij is the peptide effect and

γik is the sample effect. The parameters are estimated by the robust M-estimation

method to reduce the effect of missing values, outliers and noise.

Third, for each protein an estimate σ̃2
i of the representative protein variation is

calculated, based on the empirical Bayes model used in the limma method (Ritchie

et al., 2015). Single outlier data points within a peptide are removed when the

corresponding residual of the linear model (equation 3.10, p. 22) fulfills the three-

sigma rule for outlier detection:

|ϵ̂ijk| > 3 · σ̃i. (3.11)

As a fourth step, the residuals are used to determine noisy features by comparing the

variance of the residuals with the representative protein variation. Those are also

excluded for protein quantification. After removing the noisy peptides, the model in

equation 3.10 (p. 22) is calculated again and the estimated log-transformed protein

intensities are then estimated as

̂log(Pi,k) = µ̂i + γ̂ik. (3.12)

The apQuant method (”Accurate and Precise QUANTification”, Doblmann et al.,

2019) calculates seven quality metrics on the chromatograms (XIC-based peptide

quantification) of each peptide and a set of decoy peptides. These metrics are based

on retention time differences (between different runs or isotopes within the same

run), retention time duration and mass deviations from the theoretical mass. These

data are then used as the input of the Percolator tool (Käll et al., 2007), which uses

a support vector machine to classify targets and decoys and refines the calculation of

the false discovery rate (FDR). Peptides resulting in an FDR >5% by this approach

are excluded before calculating iBAQ or TopN values (see section 3.1, p. 16). By this

procedure inconsistencies and errors in the quantification of peptides are detected
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and removed before protein summarization. Shared peptides are handled by the

razor-peptide-approach similar to the MaxLFQ algorithm (see section 3.5, p. 30).

3.3 Methods based on (non)-linear models or

equation systems

Many protein quantification methods set up linear or non-linear models of varying

complexity to estimate the unknown protein quantity based on the measured peptide

quantities. In some more complex models, information on experimental or treatment

groups as well as technical or biological replicates are incorporated. In the previous

section 3.2 (Methods based on peptide filtering), the methods PeCorA and MSStats

already use linear models. However, the focus of these methods was not to build the

model for protein quantification directly, but to use the gained information about the

model coefficients or residuals to filter out peptides before summarization to proteins.

Therefore, they were classified as methods using peptide filtering approaches and not

linear models.

In the PQP method (Dost et al., 2009; Dost et al., 2012), for each peptide in a

peptide-protein graph, an equation is formed that connects the unknown protein

intensities Bi and Ai, i = 1, . . . , n in the samples A and B with the measured

peptide ratios between samples A and B. As the equations are usually not exactly

solvable, the aim is to find estimates for the protein intensities that have minimal

errors. The sum of absolute errors is minimized by using a linear programming

approach. The protein intensities in sample A are scaled to a total sum of 100 to

remove one degree of freedom. The optimization problem is then formulated as:

min
m∑

j=1

|εj| (3.13)

subject to
m∑

i=1

Ai = 100 and Ai, Bi ≥ 0 ∀i = 1, . . . ,m (3.14)
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with

εj =
m∑

i=1

δij · Ai − rj·

m∑

i=1

δij · Bi ∀j = 1, . . . , n, if rj ≥ 1

εj = rj ·

m∑

i=1

δij · Bi−

m∑

i=1

δij · Ai ∀j = 1, . . . , n, if rj ≤ 1.

(3.15)

The method SCAMPI (”Statistical Model for Protein quantification”, Gerster et

al., 2014) models the measured peptide intensities in the following linear model in

relationship to the sum of unknown protein intensities

log10(pj) = α0 + α1

n∑

j=1

δij log10(Pi) + εj. (3.16)

It is assumed that all log10(Pi) as well as all εi are independent and identical normal

distributed, log(Pi) ∼ N(µi, 1) and εi ∼ N(0, σ2
i ). α0, α1, µi and σi are unknown pa-

rameters that need to be estimated. For parameter estimation, maximum likelihood

estimation (MLE) as well as indirect least squares estimation (ILSE) approaches are

compared. The MLE approach makes use of the assumed normal distribution of the

log-transformed protein intensities. As there is an equation for each single peptide,

also for shared ones, a protein score ̂log(Pi) is calculated for each single protein with

at least one quantified peptide, even if no unique peptide is present.

The HIquant method (Malioutov et al., 2019) models the peptide intensities as

the sum of the corresponding unknown protein intensities times a peptide-specific

nuisance parameter zj:

pj,k = zj ·

m∑

i=1

δijPj,k. (3.17)

This can also be written in matrix notation as




p1,1 . . . p1,K
...

. . .
...

pn,1 . . . pn,k


 =




z1 . . . 0
...

. . .
...

0 . . . zn







δ11 . . . δ1m
...

. . .
...

δn1 . . . δnm







P1,1 . . . P1,K

...
. . .

...

Pm,1 . . . Pm,K


 (3.18)
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or short as

X = Z∆P . (3.19)

X ∈ Rn×K is the matrix of measured peptide intensities with different peptides in

rows and the different samples in columns. ∆ ∈ Rn×m is the known design matrix

(known relationship between proteins and peptides containing the δij), while the

nuisance parameters Z ∈ Rn×n (diagonal matrix with zj on the diagonal) and matrix

of the protein intensities P ∈ Rm×K are unknown. Different solver algorithms are

available in HIQuant to solve the equation system, e.g., a quadratic programming

based solver or a coordinate descent based solver. HIQuant uses shared peptides

in the equations but builds the model only on proteins with at least one unique

peptide. That means that a quantification of proteins without unique peptides is

impossible.

Karpievitch et al., 2009 propose a linear model that introduces effects of the treat-

ment or experimental group. The model formula for peptide j that belongs to protein

i in sample k of the treatment group t is given by:

log2(pj,tk) = µi + αij + βit + εijtk. (3.20)

µi is the mean intensity of protein i over all samples, αij is the effect of peptide j

on protein i with
n∑

j=1

αij = 0 and βit is the group effect with
T∑
t=1

βit = 0. The error

term is assumed to be normal distributed with a variance specific to the peptide but

independent from the treatment group: εijtk ∼ N(0, σ2
ij). A maximum likelihood

approach is used under the assumption of a normal distribution to estimate the

protein intensities µi and the group effects βit. Mechanisms for left censored peptide

intensities from low-abundant peptides (below the quantification limit) and random

missing values are incorporated into the likelihood function.

The all-P model (Blein-Nicolas et al., 2012) is a log-linear mixed effect model that

models the peptide intensities depending on treatment group t and replicate k. The

model formula is given by

log(pj,tk) = log

(
n∑

j=1

δijPit

)
+ log(αj) + βtk + γk + εjtk. (3.21)
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αj is the coefficient of proportionality that allows to calculate peptide intensities

measured by MS by the true abundance (peptide-specific factor due to different

ionization efficiencies). γk is the effect of the biological variation between replicates,

βtk stands for the technical variation in treatment group t and replicate k. Pit is

considered a fixed effect, while log(αj) ∼ N(0, σ2
α), γk ∼ N(0, σ2

γ) and βtk ∼ N(0, σ2
β)

are considered as random effects following normal distributions. For shared peptides

the sum has more than one summand, leading to a non-linear model. To calculate

the estimated protein intensities, a Bayesian hierarchical framework is used.

The MSqRobSum (Sticker et al., 2020) method models the log-transformed protein

intensity as a mixed model depending on the peptides, sample and experimental

group. The original MSqRob model formula is given by (Goeminne et al., 2016)

log(pjtk) = µ+ αj + βt + γk + εjtk. (3.22)

In MSqRobSum this model is estimated by a regression analysis with two stages.

First, the model

log(pjk) = αj + γk + εjk. (3.23)

is calculated via the robust regression with M-estimation. This model summarizes

the peptide intensities to protein intensities. As the second step the model

log(Pjk) = µ+ βt + εtk. (3.24)

is calculated to estimate the effect of the experimental group.

A different linear mixed effect model is used by Clough et al., 2012 that incorpo-

rates effects from the peptide, experimental group, biological replicate as well as the

interaction between peptide and experimental group. The following formula is used:

log(Pjtkl) = µ+ αj + βt + γk + (α× β)jt + εjtkl (3.25)

with α1 = β1 = (α × β)j1 = (α × β)1t = 0 and εjtkl ∼ N(0, σ2
ε,jtk). The interaction

term between peptide and condition (α × β) is used which can only be considered
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if at least two peptides are quantified for a specific protein. An estimate for the

protein intensity can then be calculated as:

̂log(Pjtkl) = µ̂+
1

n

n∑

j=1

α̂j + β̂t +
1

K

K∑

k=1

γ̂k +
1

n

n∑

j=1

̂(α× β)jt. (3.26)

3.4 Methods based on Bayesian models

Another category of protein quantification methods uses approaches and models

from the field of Bayesian statistics.

Diffacto (Zhang et al., 2017) adapts a Bayesian factor analysis FARMS (”Factor

Analysis for Robust Microarray Summarization”) that previously has been used in

the context of microarray data (Hochreiter et al., 2006). FARMS uses the equation

system

x = λ · z + ε. (3.27)

xj = log(rj), j = 1, . . . , n are the log-transformed peptide ratios, z ∈ R is the

factor corresponding to the log-transformed relative protein concentration, λ ∈ Rn

is the vector of the loadings and ε ∈ Rn is the vector of error terms. The following

(multivariate) normal distributions are assumed:

z ∼ N(0, 1), ε ∼ N(0, Ψ),x ∼ N(0,λλT +Ψ). (3.28)

In the Bayesian factor analysis, the prior distribution of the diagonal noise variance

matrix Ψ is chosen as non-informative. The prior distribution for the loadings λ is

the product of n rectified normal distributions:

p(λ) =
n∏

j=1

p(λj) (3.29)
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with

λj = max{yj, 0} with yj ∼ N(µλ, σλ) and σ2
λ = ρ ·

1

n
·

n∑

j=1

V ar(xj). (3.30)

The hyperparameters ρ and µλ are estimated by the Expectation-Maximization al-

gorithm. The loadings λ are transformed to a weight vector w = (w1, ..., wn)
T ∈ Rn

by the following equation:

wj =




0, if λj <

1
2
· max
l=1,...,n

λl

λj, otherwise
(3.31)

The weights are equal to the loadings, except if the loading is lower than half the

maximum loading. In this case the weight is set to zero. This leads to an exclusion

of peptides that do not correlate well with other peptides and a higher weighting

of correlated peptides. Finally, the log-transformed protein ratio is calculated by a

weighted mean of the corresponding peptide ratios:

̂log(Ri) =

n∑
j=1

wj · log(rj)

n∑
j=1

wj

. (3.32)

It is not clear how Diffacto incorporates shared peptides, however, the software

documentation mentions that shared peptides are used by default.

The Triqler method (The and Käll, 2019; Truong et al., 2023) employs a Bayesian

model to calculate protein ratios by incorporating different types of error sources

that may influence the estimate on the way from the raw mass spectra to the protein

ratios. These error sources include ionization efficiency, probability of errors during

the peptide identification, as well as group effects and missing values. A graphical

representation of the probablistic graphical model for a single protein can be found

in figure 3.2 (p. 29).

An estimate for the mean protein quantity in a experimental group zt, t = 1, . . . , T

and the corresponding variance in a group st, t = 1, . . . , n is the final outcome of

the model. These two variables influence the protein intensity Ptk for each replicate
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Figure 3.2: Probablistic graphical model for a single protein in the Triqler method, adapted
from figure S1 in (The and Käll, 2019).

k = 1, . . . , Kt in group t. Together with the peptide-specific ionization efficiency

uj, j = 1, . . . , n, the protein intensity has influence on the abundance qtkj of the

respective peptide ion j. The peptide ion abundance is influenced by two further

error sources. The first one is a hidden variable htkj which represents if the peptide

identification was correct or not, which is influenced by the error probability etkj,

which is calculated by the search engine. Second, the hidden variable mtkj models a

censoring mechanism that may lead to a missing value in the final feature intensity

ftkj.

Different prior distributions are used for the different variables. The standard

deviation st is modelled as a gamma distribution with parameters as and bs:

st ∼ Gamma(as, bs). st and zt are used as a parameters for a hyperbolic secant

distribution, which models the drawing of the protein intensities from the group

population, leading to the following probability distribution:

hypsec(x; zt, st) =
1

π · st
sech

(
x− zt
st

)
(3.33)

Another hyperbolic secant distribution is used for modelling the log-transformed

protein intensity log(Ptk) relative to the corresponding protein intensity in all other

replicates (k = 1, . . . , Kt) with parameters µy and σy. The difference between the

log-transformed feature intensity and the log-transformed peptide ion abundance
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log(ftkj)− log(qtkj) is also represented by a hyperbolic secant distribution with pa-

rameters µd and σd. Uninformative priors are used for the ionization efficiency uj

and the mean protein quantity per group zt. Finally, the prior distribution for the

measured log-tranformed feature intensity log(ftkj) is chosen as a censored normal

distribution, accounting for a rising probability of a missing value for peptides with

low intensities:

censnorm(x) =

(
1

2
+

1

2
· tanh

(
x− µm

σm

))
·N(x|µf , σf ). (3.34)

In total, ten hyperparameters have to be estimated, as and bs for the group variance,

µy and σy for the protein intensity, µm and σm for the censoring mechanism, µd and

σd for the uncertainty in quantifying a feature and µf and σf for the feature intensity.

The hyperparameters are estimated by an empirical Bayes approach. For example,

µf , σf , µm and σm are estimated by fitting the corresponding censored normal

distribution (see equation 3.34) to a histogram of the log-transformed measured

feature intensities. µy and µd are expected to be close to zero, as no systematic bias

is expected.

After estimating the hyperparameters, the posterior distribution for the protein in-

tensity per experimental group can be calculated, which highlights the uncertainty

of the estimated protein ratios in comparison to methods that only deliver a sin-

gle point estimate. Currently, the probablistic graphical model represents a single

protein and only unique peptides are used.

3.5 Other methods

This category describes methods that cannot be assigned to any of the categories

described above.

TheMaxLFQ algorithm (Cox et al., 2014) is implemented in the MaxQuant software.

By default, shared peptides are fully assigned to the protein which has the most

evidence (razor peptide-approach). A normalization step reduces differences between

the different samples and is especially suited for fractionated samples. The actual

protein quantification algorithm works as follows: For all quantified peptides, the

intensity ratios rj,k1k2 between all pairwise combinations of two samples k1, k2 ∈
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{1, . . . , K} are calculated. If peptide intensities are missing in at least one of the

two conditions, this peptide ratio is set to NA. Gi,k1k2 is defined as the set of indices

of peptides that belong to protein i and have a non-missing peptide ratio:

Gi,k1k2 = {j : δij = 1 ∧ rj,k1k2 ̸= NA}. (3.35)

The protein ratio for a specific combination of samples is calculated as the median

of the corresponding non-missing peptide ratios. However, this is only seen as valid

if at least two peptide ratios could be calculated for this specific sample pair (i.e., if

both samples had intensities larger than zero for these two peptides):

R̂i,k1k2 =





median
j∈Gi,k1k2

({rj,k1k2})

NA if |Gi,k1k2 | < 2
(3.36)

As a final step, the set of calculated protein ratios over the different sample pairs

is used to calculate estimates for the protein intensities. This is done by solving a

non-linear equation system:

R̂i,k1k2 =
Pk2

Pk1

∀ k1, k2 with R̂i,k1k2 ̸= NA (3.37)

If a protein has only invalid protein ratios for the comparison of one specific sample

with any other sample, the protein intensity for this sample is set to zero:

P̂k = 0 ∀ k = 1, . . . , K if R̂i,k1k2 = NA ∀ k1, k2 ∈ {1, . . . , K} (3.38)

The reasoning behind this approach is that consistent peptide identifications across

samples are seen as a sign of high quality. If a certain sample quantifies a different

set of peptides than the other samples for a certain protein, it is seen as unreliable

for contributing to the protein quantification.

gpGrouper (Saltzman et al., 2018) is a gene-centric algorithm for inference and

quantification. One gene can be the template for multiple proteins, e.g., through

the effect of alternative splicing, leading to protein isoforms. However, isoforms often

cannot be distinguished by bottom-up mass spectrometry due to the lack of unique
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peptides for the specific isoform, this is why a gene-centric approach is proposed

here. The method is an improvement of the iBAQ method (see section 3.1, p. 16).

The intensities of shared peptides are divided between the corresponding genes by

using the ratio of the unique-to-gene peptides. This method is specifically designed

for situations where multiple organisms are mixed, like for xenograft models, as it

avoids protein groups that overlap between species. Especially peptides unique to a

certain organism can help to calculate the fraction of involved species.

The ProRata algorithm (Pan et al., 2006) was first described for labelled peptides

but was later adapted for label free quantification (Wang et al., 2013). It uses a

profile likelihood algorithm to calculate point as well as confidence interval estima-

tions. In brief, peptide ratios as well as signal-to-noise ratios are incorporated into

a likelihood function. The probability distribution of logarithmized peptide ratios

is modelled as a mixture distribution between a normal distribution and a uniform

distribution 0.85 ·N(µj, σj) + 0.15 · U . The uniform distribution part is introduced

to limit the influence of outliers that cannot be modelled by the normal distribution

alone. The likelihood function is evaluated on a grid of possible values in the interval

[−7, 7] for the log-transformed protein ratios to find the maximum.

The directLFQ method (Ammar et al., 2023) aims at the fast processing of large

data sets. This method defines a sample intensity trace for a specific sample k as

the vector of log2-transformed intensities for different precursor ions:

psample,k = (log2(p1,k), . . . , log2(pn,k))
T . (3.39)

Similarly, a ion intensity trace for a specific peptide j is defined as the vector of

log2-transformed peptide intensities over all samples:

pion,j = (log2(pj,1), . . . , log2(pj,K))
T . (3.40)

In an iterative procedure, the two most closest traces (lowest variance of differences)

are identified and shifted above each other by adding and substracting the median

of the differences, respectively. Then, the two traces are combined by averaging

them. This procedure is repeated until all traces are aligned. This procedure is

done once on the sample intensity traces for normalization and then on the ion

intensity traces. Then, the protein intensities are calculated as the median of the
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normalized ion intensity trace. The log2-transformation is undone and a further

scaling is applied so that the total sum of peptide intensities matches the total sum

of protein intensities.

3.6 Usage of shared peptides

Looking at the large variety of available protein quantification methods summarized

in this chapter, the question arises why the development of a further method is nec-

essary. It has been shown that using shared peptides can clearly improve the protein

quantification (Zhang et al., 2015; Jin et al., 2008; Dost et al., 2012), however, many

methods rely heavily on the unique peptides.

In table 3.2 (p. 35) the usage of shared peptides as well as the ability to quantify

proteins without unique peptides is shown for the methods described in sections 3.1

to 3.5. Out of the 20 methods, nine clearly state the usage of shared peptides for

protein quantification, six methods do not use shared peptides and for five it is not

clear or depends on the search engine output. From the nine methods using shared

peptides, apQuant and MaxLFQ use a so-called ”razor-peptide” approach where

each shared peptide is completely assigned to the protein with highest evidence,

e.g., the protein with most unique peptides. Karpievitch et al., 2009 use a similar

approach, but randomly assign the shared peptides. While these approaches make

use of shared peptides, their nature, meaning that their intensities are influenced by

all the underlying protein intensities, is ignored and may lead to a bias in protein

quantification.

Naturally, older methods like topN, iBAQ or ProRata may remove shared peptides

or do not mention them in the method description. Using only unique peptides

makes the quantification process easier and at the start of quantitative proteomics

this may have been a good compromise (Ong and Mann, 2005). Largely, also the

”two-peptide” rule was applied, demanding at least two identified unique peptides

to infer a protein (to rule out one-hit-wonders that could have been found because

of a single identification error). This rule was criticized later (Gupta and Pevzner,

2009) but is often still employed in the context of protein quantification.

Even if a method uses shared peptides in their algorithm, it does not automatically

mean that all proteins without unique peptides can also be quantified. For example
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razor peptide approaches like proposed by MaxLFQ assign each shared peptide to

one protein based on further evidence, which strongly favors proteins with unique

peptides, like the Occam’s razor protein inference strategy. Proteins without unique

peptides may only be quantified in cases where those shared peptides are not also

present in other proteins with more prior evidence, e.g., in form of unique peptides.

As another example, HIquant uses shared peptides in their equation system, but

require at least one unique peptide for each protein to quantify it. Even modern

method like Triqler, MSStats or PECorA do not incorporate shared peptides. This

may be explained by the rising complexity of the methods itself so it is possible that

the avoidance of the additional complexity level of shared peptides may make these

methods more feasible. Only PQP and SCAMPI mention explicitly the possibility

to quantify proteins without unique peptides.

In summary, even many modern protein quantification methods neglect the influence

of shared peptides and quantification without unique peptides is a challenge that only

a few methods approach. As the number of shared peptides and proteins without

unique peptides is high (as shown later in section 4.4.3, see p. 53), there is great

potential in developing a method particularly focusing on this issue. In chapter 5

the method bppgQuant is proposed that takes into account shared peptides and also

allows quantification of proteins without any unique peptide.
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Table 3.2: Summary of protein quantification methods and information about their usage of shared peptides.

T
y
p
e Method Shared

peptides
used?

Quant. without
unique peptides
possible?

Comment

B
as
ic topN (Silva et al., 2006) Unclear Unclear Depends on implementation

iBAQ (Schwanhäusser et al.,
2011)

Unclear Unclear Depends on implementation

F
il
te
ri
n
g

Quantifere (Lukasse and
America, 2014)

No No Shared peptides only used for inference

PQPQ (Forshed et al., 2011) No No Only isoform-unique peptides are used
PeCorA (Dermit et al., 2021) No No
MSStats (Tsai et al., 2020) No No
apQuant (Doblmann et al., 2019) Yes Depends Razor peptide approach

(n
on

-)
li
n
ea
r
m
o
d
el PQP (Dost et al., 2012) Yes Yes

SCAMPI (Gerster et al., 2014) Yes Yes
HIquant (Malioutov et al., 2019) Yes No
(Karpievitch et al., 2009) Yes No Shared peptides are randomly assigned to

one of the proteins
all-P (Blein-Nicolas et al., 2012) Yes Unclear
MSqRobSum (Sticker et al.,
2020)

Unclear Unclear

(Clough et al., 2012) Unclear Unclear

B
ay
es

Triqler (The and Käll, 2019) No No
Diffacto (Zhang et al., 2017) Yes Unclear Software allows setting to exclude shared

peptides, default is FALSE

O
th
er

MaxLFQ (Cox et al., 2014) Yes Depends Razor peptide approach
gpGrouper (Saltzman et al.,
2018)

Yes No

ProRata (Pan et al., 2006) No No Shared peptides are removed
directLFQ (Ammar et al., 2023) Depends Unclear Depends on the output of the search engine





4 Characterization of bipartite

peptide-protein graphs

The relationship between proteins and the corresponding peptides, which are pro-

duced during trypsin digestion, is frequently represented by bipartite graphs in

bottom-up proteomics (Pavlopoulos et al., 2018) and used to aid protein inference

and quantification (Zhang et al., 2007; Gerster et al., 2010; Bamberger et al., 2018;

Pfeuffer et al., 2020). Here, these graphs will be called bipartite peptide-protein

graphs. While these graphs are frequently used as a representation, a comprehen-

sive analysis of those occurring either in real quantitative data sets or in theory by an

in silico digestion of a protein sequence database has not been performed yet. The

only step into this direction is the graphical representation of the bipartite graphs

of a complete data set shown by Bamberger et al., 2018, however no further analysis

of this has been done.

In chapter 5 the structure of the bipartite graphs will be used to define a new method

for protein quantification, called bppgQuant. As a basis for this, an overview of the

behaviour and the occurrence of graph types is necessary to judge the complexity

of the protein quantification problem and to highlight the importance of shared

peptides. Also, analyzing the results regarding the occurrence of proteins without

unique peptides is useful, as this will be a focus of bppgQuant. In this chapter

4, the bipartite peptide-protein graphs that occur in four different data sets are

characterized. Graphs are generated on basis of the measured quantitative peptide-

level data sets and on basis of the theoretical in silico digestion of the corresponding

protein databases (FASTA files) to peptides.

37
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The contents of this chapter is largely based on the following publication:

Schork K, Turewicz M, Uszkoreit J, Rahnenführer J, Eisenacher M (2022). Char-

acterization of peptide-protein relationships in protein ambiguity groups via bipar-

tite graphs. PLOS ONE 17(10): e0276401. https://doi.org/10.1371/journal.

pone.0276401.

As a first author I was responsible for developing the methodology, analyzing the

data, implementing the corresponding software, visualization and writing of the

original draft. Julian Uszkoreit assisted with the preparation of the peptide-level

data. Michael Turewicz, Jörg Rahnenführer and Martin Eisenacher contributed to

and had influence on the methodology and editing of the manuscript draft. As co-

last authors, Jörg Rahnenführer and Martin Eisenacher took over the supervision of

the project.

The analysis in this paper was repeated for this thesis by putting more emphasis

on comparability between data sets, meaning that the peptide-level quantitative

data are now produced with exactly the same software versions, the same search

engine settings and the same version of the UniProt database (Bateman et al., 2023).

Additionally, a fourth data set D4 was added which is a mixture of human and

mouse proteins (for details see section 4.1). Furthermore a section on the influence

of missed cleavages on the graphs is added. Also, the computational construction

of the bipartite graphs was optimized by building them from edgelists instead of

adjacency matrices (for details see section 4.3). The computation time was further

decreased by using more build-in functions from the igraph R package (Csárdi and

Nepusz, 2006) to deal with the graphs.

The chapter is structured as follows. First the used data sets, the corresponding pro-

tein databases and the preprocessing of the data is described (section 4.1). Then,

the construction of the bipartite peptide-protein graphs based on the database and

the quantitative data is explained (section 4.2). A section about the software im-

plementation and technical challenges follows (section 4.3). Then, the graphs that

occur in the different data sets and situations are characterized and analyzed (section

4.4). Finally, the results are summarized and discussed in section 4.5 together with

a perspective on how to use this knowledge for protein inference and quantification.
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4.1 Data sets, protein databases and preprocessing

To characterize the bipartite peptide-protein graphs, four proteomics test data sets

stemming from samples of different organisms were chosen. These data sets contain

proteins with known protein ratios between samples and are therefore suitable to

assess the quality of the protein quantification method by comparing the expected

protein ratios with the estimated proteins ratios (results shown in chapter 5). Graphs

were constructed from the peptide-level quantitative data and from theoretical pep-

tides acquired by an in silico digestion of the corresponding protein databases. In

the following, details on the composition of the data sets, the corresponding protein

sequence databases used for in silico digestion and the peptide identification using

database searches are described. Details on the expected ratios and quantification

information are given later in section 5.3 (p. 83).

For data set D1 (Barkovits et al., 2020; Uszkoreit et al., 2022) 13 non-mouse pro-

teins were spiked into a lysate of the mouse cell line C2C12 in different concentra-

tions. The corresponding protein sequence database (FASTA-file) consisted of in

total 55,691 protein entries, 55,286 proteins from the UniProt reference proteome

of mus musculus (UP000000589, version v202205, only canonical sequences), the 13

spike-in proteins, the contaminant database provided by Andromeda (245 entries,

Cox et al., 2011), as well as 147 spike-in contaminants (Barkovits et al., 2020).

In data set D2 (Ramus et al., 2016a; Ramus et al., 2016b), yeast was used as

the background organism. The UPS1 (Universal Proteomics Standard Set, Merck

KGaA, 2023) was spiked into yeast lysate, which contains 48 human proteins in

equimolar amounts. The fasta file consists of 6,060 proteins from the UniProt ref-

erence proteome for saccharomyces cerevisiae (UP000002311, version v202205, only

canonical sequences), the 48 UPS proteins (Merck KGaA, 2023) and the 245 An-

dromeda contaminants (Cox et al., 2011).

In data set D3 (Cox et al., 2014), proteins extracted from HeLa cells (human) were

mixed with proteins from the bacterium E. coli in a defined ratio. The protein

sequence database consists of 81,837 proteins of the UniProt homo sapiens reference

proteome (UP000005640, version v202205, only canonical sequences), 4,448 proteins

of the UniProt escherichia coli reference proteome (UP000000625, version v202205,

only canonical sequences) and the 245 contaminant sequences from Andromeda ,

(Cox et al., 2011), summing up to in total 86,530 protein entries.
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For data set D4 (Saltzman et al., 2018), proteins from human HeLa as well as

mouse NIH-3T3 cells were mixed in different proportions. In total 137,368 proteins

were in the database, 81,837 from the UniProt homo sapiens reference proteome

(UP000005640, version v202205, only canonical sequences), 55,286 from the UniProt

reference proteome of mus musculus (UP000000589, version v202205, only canonical

sequences) and 245 Andromeda contaminant sequences (Cox et al., 2011).

An overview over the different data sets can be found in table B.1 in the appendix

(p. 171). All four data sets were measured in data-dependent acquisition mode

(DDA). The data sets contain between two and nine experimental conditions, which

differ in the concentrations of spike-in proteins or mixture ratio of the different

organisms. Each of those conditions was measured in three replicates. The raw files

were downloaded using the respective ProteomeXchange identifiers (PXD numbers)

from the PRIDE or MassIVE databases (Perez-Riverol et al., 2022; Deutsch et

al., 2023). The peptides were identified and quantified by using the MaxQuant

software version 2.3.0.0 (Cox and Mann, 2008; Cox et al., 2014), which internally

uses the search engine Andromeda (Cox et al., 2011). The enzyme ”Trypsin” was

used (cleavage after R and K, but not before P) and up to two missed cleavages were

allowed. The precursor mass tolerance was set to 20ppm for the first search and 4.5

ppm for the main search, while fragment mass tolerance was set to 0.5 Da. The

FDR cutoff was set to 1%. Label-free quantification (LFQ) was enabled and decoys

were generated by randomly shuffling the original protein sequence. A maximum

of three modifications per peptide were allowed. Carbamidomethylation of cysteine

was set as a fixed modification and oxidation of methionine and acetylation of the

protein N-term as variable modifications.

For calculating theoretical graphs from the corresponding protein sequence databases

(”database graphs”, abbreviated with D* fasta), the protein sequences were in silico

digested, meaning that the tryptic digestion is mimicked by programming code and

deriving which peptide sequences could occur in theory. The cleavage rules for

trypsin (after K and R, if not followed by P) were used. The maximal peptide

length was set to 50; for the minimum length values between five and nine were

investigated to find a suitable value (see section 4.4.1, p. 45). The maximal number

of allowed missed cleavages was set to integer values between zero and four, again a

suitable value was searched for (see section 4.4.2, p. 51).

For calculating the graphs from the quantitative peptide-level data (”quantitative

graphs”, abbreviated with D* quant), the resulting peptides.txt tables from the



4.2 Construction of bipartite peptide-protein graphs 41

MaxQuant output were processed as follows. Peptide sequences belonging to decoy

proteins were removed. Intensities of zero were considered as a missing value. The

same thresholds from the database graphs for the maximal number of missed cleav-

ages and the minimal peptide length were also applied to the quantitative graphs

to ensure comparability. The raw peptide intensities (stemming from a XIC-based

peptide quantification) were normalized to remove potential technical bias. As the

actual intensities are not relevant in this chapter, more details about the normal-

ization are given later in section 5.3 (p. 83). The technical replicates of the same

experimental condition were averaged for each data set. If a peptide had two or more

missing values out of three replicates, the corresponding averaged peptide intensity

was set to NA. For each possible pairwise comparison of experimental conditions,

peptide ratios from the averaged peptide intensities were calculated. Only peptides

with a valid ratio ( ̸= NA) were considered for constructing the graphs.

4.2 Construction of bipartite peptide-protein graphs

The relationship between peptides and the corresponding proteins from a bottom-up

proteomics experiment can be represented by a bipartite graph (Schork et al., 2022).

A bipartite graph G has a node set N(G) and an edge set E(G). The nodes are split

into two different sets, N1(G) and N2(G) so that no edges exist within a node set,

but only from one node set to the other (Rahman, 2017, pp. 17-18). In the field of

proteomics, N1(G) represents the protein nodes and N2(G) the peptide nodes. An

edge exists between a protein and a peptide node if the peptide could stem from

the protein. The large bipartite graph calculated from a whole data set or database

consists of so-called connected components which are not connected with each other.

Figure 2.6 (p. 14) shows two example of such connected components. They will be

simply called ”graphs” in the following for simplicity.

The details of the computational construction deviates from the description in

Schork et al., 2022, because in the meantime the procedure was optimized, espe-

cially regarding the runtime. For more details see section 4.3. The starting point

for the construction of the bipartite graphs is a table with peptide sequences and

proteins that they may have originated from. This table is generated in case of

database graphs during the in silico digestion. For the quantitative graphs, the

quantified peptides were mapped to the protein sequences in the respective FASTA
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file. The table is converted into an edgelist, which contains one line per edge in

the graph with the peptide in the first and the protein in the second column. Each

protein accession and each peptide sequence in the edgelist is considered as a node.

To be able to better compare the graphs and to visualize them, the graphs are sim-

plified. For this, peptide and protein nodes are collapsed if possible (Schork et al.,

2022). Protein nodes that have the exactly same set of peptides cannot be dis-

tinguished (protein ambiguity), also not during protein inference or quantification.

Therefore these protein nodes are collapsed into a single node, containing both pro-

tein accessions, i.e., they form a protein group (see first step in figure 4.1). Note that

by this procedure, formerly shared peptides can become unique for the respective

collapsed protein node as indicated by the change of colouring (e.g., peptide 1 and

2 in figure 4.1). For further simplification and better visualization, peptide nodes

belonging to the exact same set of peptide nodes were collapsed (see second step

in figure 4.1). For details on the node collapsing algorithm, see section 4.3. In this

thesis, uniqueness of peptide nodes is defined based on these collapsed graphs, i.e.,

a peptide node is unique if it belongs to only one protein node, which may consist of

multiple protein accession numbers. This also means that there may be more pro-

tein ambiguity than visible from the graph structures, as protein nodes may contain

multiple non-distinguishable protein accessions.

Figure 4.1: Process of collapsing protein and peptide nodes in the bipartite peptide-protein
graph. Formerly shared peptides may become unique for the specific collapsed
protein node, which is the definition of uniqueness used within this thesis.

After collapsing protein and peptide nodes, from the reduced edgelist, a bipartite

graph can directly be constructed using the graph_from_edgelist() function of

the igraph R package (Csárdi and Nepusz, 2006). After the whole bipartite graph

is constructed, connected components are generated by using the igraph function

decompose(). A connected component is a subgraphs for which all nodes are con-

nected by paths inside itself, but no node is connected to any node outside of the

subgraph. These components contain then a set of protein nodes that are connected
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via chains of shared peptides. These connected components can be analyzed sep-

arately regarding the protein quantification, as all other proteins in the graph do

not influence the peptide intensities or ratios (Schork et al., 2022). The connected

components will be called ”bipartite peptide-protein graphs” or simply ”graphs” in

this thesis.

As explained above, the bipartite graphs are constructed on two different levels for

each data set (Schork et al., 2022). First, the theoretical graphs from the in sil-

ico digestion of the respective protein sequence database are calculated (”database

graphs”, abbreviated with D* fasta). On the other hand, the quantitative peptide-

level data is used (”quantitative graphs”, abbreviated with D* quant). As explained

above, only peptides with a valid ratio for a specific pairwise comparison of experi-

mental groups are considered. As some peptides may not be consistently identified

or quantified in all samples or groups, different sets of peptides are used for each

pairwise comparison. Therefore, the graph generation is done separately for each

comparison (see table B.1 in the appendix, p. 171, for the number of comparisons

for each data set).

To compare the graph structure between data sets and between the quantitative

and database graphs, isomorphism classes are built. Two graphs G and H are

isomorphic, if the structure of the graphs is the same. Formally, if there is a bijective

function f : N(G) → N(H) that maps the node set of a graph G to the one of a

graph H so that

(u, v) ∈ E(G) ⇔ (f(u), f(v)) ∈ E(H) ∀u, v ∈ N(G), (4.1)

the two graphs are called isomorphic (Rahman, 2017, pp. 22-23). For the use case of

bipartite graphs, like the peptide-protein graphs, it is also required that the function

f only maps protein nodes with protein nodes and peptide nodes with peptide nodes

(Schork et al., 2022). Otherwise, for example, an M-shaped graph with two protein

nodes and three peptide nodes may be seen as isomorphic to a W-shaped graph

with three protein nodes and two peptide nodes. Those graph types are however

extremely different regarding their behaviour for protein quantification. While the

M-shaped graph has one unique peptide per protein nodes, the W-shaped graph

has no unique peptide at all. Therefore, an adapted version of the isomorphic()-

function of the igraph package was implemented, that first transforms the edges into

directed edges (from protein edges to peptide edges) before testing isomorphy with
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the VF2 algorithm (Cordella et al., 2004). Isomorphism classes are sets of isomorphic

graphs. In an iterative procedure, for a specific graph all isomorphic graphs in the

list of remaining graphs are searched. These together build a new isomorphism class

and are deleted from the list of remaining graphs. This procedure is repeated until

no graph is left in the list. Representative graphs of those isomorphism classes can

then be visualized (for an example see figure 4.3, p. 55).

4.3 Software implementation and technical challenges

The code used for this thesis was implemented using R version 4.3.1 (R Core

Team, 2023) and RStudio version 2023.09.1 (Posit team, 2023). The development of

the R package bppg (Bipartite Peptide-Protein Graphs) was started, that contains

functionality for generating, visualizing and characterizing the bipartite peptide-

protein graphs, see https://gitlab.ruhr-uni-bochum.de/mpc-bioinformatics/

bppg. For handling the graphs the R package igraph (Csárdi and Nepusz, 2006)

was used. A complete list of R packages used for implementations for the analy-

ses for chapters 4 and 5 can be found in table B.9 in the appendix (p. 176). The

programming code for all analyses and visualizations in this thesis can be found on

Zenodo under the following link: https://zenodo.org/records/11120878.

In a former version of the code (used for the paper Schork et al., 2022), for the graph

generation, first the biadjacency matrix was constructed from the list of peptides

and corresponding proteins. A biadjacency matrix has rows reflecting one node type

and columns reflecting the other one. It is a special case of a standard adjacency

matrix for bipartite graphs, which leaves out the submatrices full of zeros that are

not necessary because there cannot be any edges between nodes of the same type.

For the peptide-protein graphs this matrix is large but contains mostly zeros, this is

why the class dgCMatrix for sparse matrices from the matrix package (Bates et al.,

2024) was used to save RAM. For the collapsing of the protein and peptide nodes,

simply duplicated rows and columns of the biadjacency matrix had to be removed.

However this approach did not keep information on which nodes were merged, which

is not important for analyzing the graphs structures but is crucial for interpreting

the quantification results later in chapter 5. The execution of this step was time

consuming and an existing implementation that kept the collapsed node information

was inefficient.
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In his Bachelor’s thesis Arne Junge investigated how to improve the efficiency of

graph generation for database graphs (Junge, 2022). The best found solution was

to first generate edgelists that are easily obtained from the in silico digestion re-

sults. Edgelists are two-column dataframes that contain the two nodes connected

by an edge in each row. The edgelist could be directly by using the function

graph_from_edgelist() from the igraph package (Csárdi and Nepusz, 2006) to

generate the bipartite graph object. By using this alternative way of graph gener-

ation, the runtime could be extremely decreased from 2,959 seconds to 21 seconds

for the human reference database, an over 99% decrease of runtime. In their study

project Katharina Neuhaus, Sofian Faiz and Nils Achterfeldt adapted this procedure

also for generating the quantitative graphs, with a special focus on the efficient col-

lapsing of peptide and protein nodes while keeping the node information (Neuhaus

et al., 2023). Before, the collapsing was directly applied by removing duplicated

rows and columns from the biadjacency matrix. They developed an algorithm to

collapse nodes by an efficient use of the aggregate()-function applied directly to

the edgelist.

4.4 Characterization of occurring bipartite

peptide-protein graphs

In the following, bipartite peptide-protein graphs generated from an in silico tryptic

digestion of protein sequence databases (”database graphs”) as well as from quanti-

tative peptide data (”quantitative graphs”) are characterized.

4.4.1 General overview and impact of minimal peptide length

Quantitative and database bipartite peptide-protein graphs are constructed using

the respective peptide intensities as well as the corresponding protein sequence

databases. For the database graphs, appropriate values for the maximal number

of missed cleavages and the minimal and maximal number of amino acids per pep-

tide have to be defined. The aim is to make the in silico digestion as comparable as

possible to the quantified peptides. The peptide size is an important factor because

too small or too large peptides cannot be measured with mass spectrometry (Swaney

et al., 2010). For the minimum, six or seven amino acids are common default set-
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tings in search engines, e.g., X!Tandem (Bjornson et al., 2008) or Andromeda (Cox

et al., 2011). Nine is the required length for reporting identified peptides by the Hu-

man Proteome Project of the Human Proteome Organization (HUPO-HPP, Deutsch

et al., 2019). The maximal peptide length may be defined by the number of amino

acids or by weight (e.g., Andromeda has a default limit of 4600 Da, Cox et al., 2011).
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Figure 4.2: Count and percentages of shared and unique peptide sequences depending
on the peptide length. The peptide length is given in amino acids. As an
example, here the values for data set D1 are shown. Uniqueness is here defined
as belonging to only one protein node, which may consist of multiple protein
accessions.

For the analysis of the four data sets, Andromeda settings with two missed cleavages,

minimum six amino acids per peptide and a maximum of 4600 Da was used. For the

in silico digestion, first a minimum of five and a maximum of 50 amino acids was

used. The distribution of peptide length, separated for unique and shared peptides

is shown in figure 4.2, exemplary for data set D1 (the plots for data sets D2-D4 can

be found in the appendix as figures A.1, A.2 and A.3, pp. 147 - 149). It can be seen
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that small peptides with up to six amino acids are seldomly quantified, even tough

they are frequent in the database graphs (figure 4.2A and B). The peptides of length

five show a larger fraction of shared peptides compared to any longer peptides (figure

4.2C). Peptides longer than 40 amino acids become less common in the database

graphs and are almost never quantified. Due to their low number, they are not

expected to have a great effect on the bipartite graphs, this is why this influence is

not investigated further. An upper limit of 50 was used, and also the quantitative

data was filtered according to this threshold.

The minimal peptide length, however, may have a large influence on the database

graphs, as there is a high number of small peptides compared to the quantitative

graphs (compare figure 4.2A to B). Also, there is an increased degree of sharedness

for small peptide sizes (see figure 4.2C). In the following, the influence of the min-

imal peptide length on the theoretical graphs is investigated, with values from five

(extreme lower limit) to six and seven (common default values for search engines)

to nine (HUPO-HPP recommendation, Deutsch et al., 2019).

Table 4.1: Influence of different minimal peptide lengths on the database bipartite graphs
for D1 fasta. * In terms of number of protein nodes.

min 5 AA min 6 AA min 7 AA min 8 AA min 9 AA
Protein accessions 55,620 55,610 55,599 55,563 55,532
Protein nodes 55,265 55,247 55,221 55,163 55,097
Peptide sequences 2,970,833 2,873,662 2,734,624 2,589,855 2,449,783
Peptide nodes 141,143 110,356 102,657 100,238 98,583
Unique peptide nodes 49,285 49,203 49,046 48,851 48,646
Shared peptide nodes 91,858 61,153 53,611 51,387 49,937
Edges 481,244 301,669 262,369 249,290 240,420
Graphs 2,734 10,140 15,374 16,605 17,133
Graphs with 1 protein node 1,860 4,430 5,865 6,392 6,617
Isomorphism classes 193 1,502 2,730 2,828 2,866
Largest graph*
Protein nodes 50,671 27,550 1,793 1,010 1,004
Protein nodes percentage 91.69% 49.87% 3.25% 1.83% 1.82%
Peptide nodes 134,719 63,594 4,352 2,646 2,547
Second largest graph*
Protein nodes 25 91 1,183 752 295
Peptide nodes 73 177 3,105 1,528 903

Table 4.1 shows numbers for the database graphs generated for minimal peptide

length between five and nine amino acids (AA) for D1 fasta. For a minimum of five

amino acids, 55,620 protein accessions have at least one theoretical peptide between
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five and 50 amino acids, which is almost all proteins in the fasta file. From these,

55,265 protein nodes are formed, meaning that only seldomly protein nodes are

collapsed. This can be easily explained, as an in silico digestion of a whole fasta file

was used and each protein sequence should be unique, meaning that the probability

of producing at least one unique peptide is extremely high. In contrast, the almost

three million peptide sequences are collapsed to only 140,000 peptide nodes, which

highly reduces the complexity of the bipartite graphs. From these around 2
3
are

shared peptide nodes. In total 2,734 graphs are formed, 1,860 (68.0 %) of them

are the most simple case with only one protein node and one unique peptide node.

This case is trivial for protein inference, as the only protein has unique evidence and

the protein quantification can be done, e.g., by the mean of the peptide intensities

or ratios, as no shared peptides are involved in these graphs. The graphs can be

grouped into 193 isomorphism classes. The largest graph is extremely large and

contains over 50,000 protein nodes and 134,000 peptide nodes. It is responsible for

91.69 % of all protein nodes, 95.45% of all peptide nodes and 97.86% of all edges. In

contrast, the second largest graph is comparably small with only 25 protein nodes

and 73 peptide nodes. The huge size of the largest graph can be explained by the

high amount of small shared peptides that connect protein nodes with each other

(compare with the distribution of peptide lengths in figures 4.2A and C, p. 46).

When the minimal number of amino acids per peptide is increased to six, the num-

ber of covered protein accessions or nodes only decreases slightly. Around 100,000

peptides with the size of five amino acids are removed in this step, that correspond

to around 30,000 peptide nodes. Most of the missing peptide nodes are shared. This

leads to a splitting of the largest graph to only about half its size with 27,550 protein

nodes (49.87% of all protein nodes). In total the number of graphs is almost four

times as high, with over 10,000 graphs that can be grouped into 1,500 isomorphism

classes. All of this together suggests that the largest graph at five amino acids

length is broken into pieces that were previously only connected via shared peptides

of length five.

When increasing the minimal peptide length to seven amino acids this trend is

continued. The largest graph splits further into smaller pieces. The largest graph

contains only 1,800 protein nodes (3.25% of all nodes), while the number of graphs

almost doubled. The largest and second largest graph have also a similar size with

1,800 and 1,200 protein nodes. When the minimal peptide length is increased further

to eight or nine amino acids, the trend continues but is slowed down. The largest



4.4 Characterization of occurring bipartite peptide-protein graphs 49

graph has around 1,000 protein nodes and does not shrink much when removing

peptides of length eight. The number of graphs rises at a slower pace and the

number of isomorphism classes increases only slightly.

The question is which limit for the minimum peptide length should be chosen. The

aim is to have a fair comparison between these database graphs and quantitative

graphs constructed from the quantitative peptide-level data. A low limit of five or

six leads to a huge largest graph that is difficult to handle. On the other hand, a high

limit nine leads to the loss of more than 500,000 peptide sequences and over 40,000

peptide nodes in total. For the further analysis, the limit of seven amino acids was

chosen, as it is the lowest value where the largest and second largest graph are of

comparable size and the largest graph is small enough to handle (below 5% of all

protein nodes). With this limit, the graphs become comparable to the quantitative

graphs, where peptides with length five were not searched and with length six were

extremely seldomly quantified (see figure 4.2, p. 46), without the risk of removing

too many peptides.

For data set D2 fasta the situation is similar but not the same (see table B.2 in

the appendix, p. 172). Overall, the number of peptides and proteins is much lower

than for D1, because the data set is based on yeast samples that are a lot less

complex than the mouse samples. For a limit of five amino acids the largest graph

again has a large size, with 4,504 of in total 6,275 protein nodes. 71.78 % of protein

nodes, 85.10% of peptide nodes and 91.75% of edges are covered by this single graph,

which is extremely high but lower than for D1. At a length of six amino acids, the

largest graph is split into many smaller subgraphs and the largest and second largest

graphs are already of comparable size with 116 and 71 protein nodes, respectively.

The largest graphs makes up for only 1.85% of all protein nodes. When increasing

the minimal peptide length further, the largest graph gets smaller for seven amino

acids but then stays at a similar size; the number of protein nodes even stays the

same. On the other hand, the number of isomorphism classes has a peak at 66 at a

minimum of six amino acids. For this data set a minimal peptide length of six was

chosen for the following analysis because the largest graph has already fallen apart

to a sufficient degree and not too many different graph types are lost.

The data set D3 fasta shows a similar behaviour as D1 (see table B.3 in the appendix,

p. 172). However, the number of proteins and peptides is larger than for D1 fasta.

A small enough largest graph is however only reached for a minimal peptide length

of eight. Then, the largest graph contains 3.11% of all protein nodes but is still over
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five times as large as the second largest graph. This issue is not solved by increasing

the minimal peptide length further to nine amino acids. Therefore, the decision is

to use a minimal peptide length of eight amino acids for this data set, to ensure that

the largest graph can be handled and that not too much information gets lost.

Data set D4 fasta has the largest fasta file with the reference proteome of mouse

and human combined. As a result, the absolute values of accessions, protein and

peptide nodes, as well as edges is the highest among the four data sets (see table B.4

in the appendix, p. 173). The human and mouse proteome share a lot of peptides.

With a minimal amino acid length of five, the number of shared peptide nodes is

twice as high as the unique peptide nodes. This ratio becomes smaller for rising

minimal peptide lengths. For a minimum of nine amino acids, the number of shared

peptide nodes is still considerably higher than those of unique peptide nodes. Like

for the other data sets, the largest graph contains the majority of proteins nodes for

five amino acids (95.2%, the highest value among all data sets). Like for D3 fasta,

a threshold of eight amino acids seems to be reasonable, as the largest graphs then

contains only 3.35% of all protein nodes. The number of over 21,000 graphs is

comparable to D3, however, the over 7,800 isomorphism classes make this the most

complex of all four data sets.

In summary, the minimal peptide length has a huge impact on the database bipartite

peptide-protein graphs. If the minimal peptide length is too small, the largest graph

incorporates the majority of protein nodes, which is not manageable for comparison

with the quantitative graphs. On the other hand, an increase of the minimal peptide

length leads to an information loss because many small peptides would be removed.

Therefore finding a good balance is important. It was recognized that the optimal

minimal peptide length depends on the data set, in particular the total number of

protein nodes and the complexity. While for the less complex yeast data set D2, a

threshold of six amino acids seems to be reasonable, for the mouse data set D1 a

limit of seven is the better choice. D3 and D4 are even more complex as mixtures of

human with E. coli or mouse, respectively, and would require an even larger limit of

eight amino acids. In all cases, the chosen minimal peptide length leads to a largest

graph containing less than 5% of all protein nodes. In the following sections, the

above mentioned individual minimal peptide lengths for the different data sets were

used for the in silico digestion of the protein sequence databases. For comparability,

also the quantitative peptide-level data was filtered accordingly before constructing

the quantitative graphs.
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4.4.2 Influence of missed cleavages

During tryptic digestion of proteins in the laboratory, potential cleavage sites may

be missed. The quality of the trypsin (Burkhart et al., 2012), neighbouring amino

acids (Lawless and Hubbard, 2012) or nearby post-translational modifications like

phosphorylation (Gershon, 2014) have been identified as potential factors for missed

cleavages. Peptides with up to two missed cleavages are usually also quantified, as

this is a common default value for the respective search engine settings. Therefore,

also the maximal number of missed cleavages have to be taken into account as

a parameter for the in silico digestion of the protein sequence database, as they

may have an influence on the generated graphs. For building the database graphs

from the FASTA file, zero to four allowed missed cleavages were tested, using the

determined minimal peptide length from section 4.4.1 (p. 45) for each data set.

Table 4.2: Influence of different maximal allowed missed cleavages on the database bipar-
tite graphs for D1 fasta. * In terms of number of protein nodes.

MC 0 MC 1 MC 2 MC 3 MC 4
Protein accessions 55,487 55,579 55,599 55,602 55,602
Protein nodes 54,359 55,122 55,221 55,239 55,242
Peptide sequences 604,082 1,627,185 2,734,624 3,746,279 4,589,424
Peptide nodes 86,646 98,934 102,657 104,081 104,827
Unique peptide nodes 42,501 47,770 49,046 49,398 49,558
Shared peptide nodes 44,145 51,164 53,611 54,683 55,269
Edges 203,154 246,840 262,369 269,008 272,486
Graphs 16,907 15,795 15,374 15,164 15,064
Graphs with 1 protein node 6,670 6,023 5,865 5,809 5,784
Isomorphism classes 3,021 2,862 2,730 2,652 2,622
Largest graph*
Protein nodes 934 1,085 1,793 5,800 6,273
Peptide nodes 1,751 2,684 4,352 14,265 15,487
Second largest graph*
Protein nodes 519 887 1,183 139 139
Peptide nodes 923 1,761 3,105 469 522

A summary of the graph characteristics for data set D1 fasta are shown in table

4.2. When more missed cleavages are allowed, the number of peptide sequences rises

dramatically (from 600,000 at zero missed cleavages to over 4.5 million at four missed

cleavages). At the same time, the number of peptide nodes only rises from 86,000 to

104,000. This is because the larger miscleaved peptide sequences will often be found

in the same node as at least one of their smaller subsequences. If at least one of the
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subsequences is unique, the larger miscleaved peptide will automatically be unique

too. If both subsequences are shared, the longer peptide may be shared or become

unique, if only one protein contains the two subsequences in this specific order. The

number of shared as well as unique peptide nodes rises a bit when the number of

allowed missed cleavages is increased. The number of graphs decreases a bit from

around 17,000 to around 15,000. The size of the largest graph goes up continuously,

while the size of the second largest graph goes up until two missed cleavages with

up to 1,183 protein nodes, with a large drop to only 139 protein nodes for up to

three or four missed cleavages. In this case the largest graph makes up over 20% of

the total protein nodes. Some protein accessions only gain large enough peptides by

introducing missed cleavages. For example the protein P62947 with the amino acid

sequence ”MRAKWRKKRMRRLKRKRRKMRQRSK”contains so many lysins (K)

and arginines (R) that only with at least three missed cleavages tryptic peptides with

at least seven amino acids occur. Another phenomenon is that protein nodes with

multiple protein accessions may break up into different nodes when newly unique

peptides are generated by additional missed cleavages. A maximum peptide length

of 50 is used in all cases. Missed cleavages may cause some peptides to exceed this

limit. On the other hand, the sequence of a peptide with missed cleavages consists

of two or more sub-sequences. These sub-sequences may be of small size (below the

minimum peptide length, even a single amino acid is possible), so not necessarily

counted as a peptide. In summary, allowing three or four missed cleavages may lead

to large largest graphs, while limiting the peptides to zero or one missed cleavage

greatly reduces the amount of considered peptides. For D1, therefore it was decided

to keep a limit of two missed cleavages as the threshold.

For data set D2 fasta (see table B.5, p. 173) the situation is similar, however, due

to the smaller fasta file, the effects are not as strong. For example, the largest graph

stays comparably small also for up to four missed cleavages (3.8% of all protein

nodes). The gain in protein and peptides nodes compared to two missed cleavages

is extremely small. Also, the number of graphs does not change much. Especially

the number of unique peptide nodes is only raised by seven when going from two to

four missed cleavages, so there is not much gain when allowing higher numbers of

missed cleavages. For data sets D3 fasta and D4 fasta (see tables B.6 and B.7 in the

appendix, p. 174) the situation is also similar. For three or four missed cleavages

the proportion of the largest graph on all protein nodes rises slightly over 5%.
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In general, the phenomenon of missed cleavages that arise during tryptic digestion in

the laboratory needs to be addressed by the data analysis. For the bipartite peptide-

protein graphs allowing many missed cleavages per peptide would potentially lead

to more unique peptides, which could in principle facilitate the protein inference

and quantification. However, for all four data sets, the increase in unique peptide

nodes almost stagnates when more than two missed cleavages are allowed. It was

decided to use the common threshold of up to two missed cleavages for the in silico

digestion, also the peptide identification was done using this setting.

4.4.3 Occurring types of graphs

In this section the occurring graph types arising from the quantitative peptide-

level data (”quantitative graphs”) and the theoretical in silico digestion (”database

graph”) are compared (Schork et al., 2022). For data set D1, all theoretical peptides

between seven and 50 amino acids are considered, for D2 between six and 50 and for

D3 and D4 between eight and 50, according to the findings of section 4.4.1 (p. 45).

To have a fair comparison, peptides outside this range are also omitted from the

quantitative proteomics data. The number of removed peptides is low, as smaller

or large peptides are seldomly quantified (see figures 4.2, p. 46 and A.1 - A.3, pp.

147 - 149). According to the analysis in section 4.4.2 (p. 51), a maximal number of

two missed cleavages were allowed in situations, during in silico digestion and the

database search for the quantitative data. As the graph type is expected to strongly

influence the protein inference and quantification, having a look at the most common

graph types is important. A comparison between the database and the quantitative

graphs can give a hint if the characteristics of the theoretical graphs are transferable

to graphs generated from the real-world quantitative data sets. The quantitative

graphs can at most be as complete as the database graphs, but are expected to be

smaller due to missing, non-quantified peptides.

D1 fasta has 15,374 graphs that can be separated into 2,730 isomorphism classes,

see table 4.3 (p. 54). In figure 4.3(a) (p. 55) representative graphs of the ten

largest isomorphism classes are plotted with information on their absolute and rel-

ative frequency. For the quantitative data set, 13 spike-in proteins were added to

a mouse cell lysate in five different concentrations. When calculating the peptide

ratios between the possible pairs of concentrations, ten different comparisons are
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Table 4.3: Number of graphs and graph types. Note that the number of quantitative graphs
cannot be directly compared to the number of database graphs or between data
sets. The reason for this is that the numbers here are the sum of the number
of graphs over all pairwise comparisons of groups.

Type Variable D1 D2 D3 D4
database number of graphs 15,374 4,900 21,660 21,412
database number of graph types 2,730 66 4,633 7,898
quantitative number of graphs 26,902 22,952 4,097 86,592
quantitative ∅ nr. of graphs per comparison 2,690 638 4,097 4,123
quantitative number of graph types 416 19 348 7,322

obtained. All graphs over all comparisons put together lead to 26,902 graphs that

can be grouped into 416 isomorphism classes.

The most simple graph type with only one protein and one peptide node is the

most common in all cases and data sets. For D1 fasta it makes up about 38% of all

graphs. This graph is extremely easy and trivial to handle during protein inference

and quantification. Although it is the most common graph, it is small and makes up

only 10.6% of all protein nodes. The proportion is much higher for D1 quant, almost

60% of all graphs and 31.2% of all protein nodes often the quantitative graphs. The

second most common graph type is the M-shaped type that has two protein nodes,

both having a unique peptide node each and one shared peptide node. Almost 20

% of all graphs are of this type and it makes up 11.1% of the protein nodes. This

graph type is also quite easy to handle due to the presence of the unique peptides,

with the additional information from the shared peptide. However, the ratio of the

shared peptide may not fit to those of the unique peptides and therefore may cause

a contradiction, as will be explained in section 5.1.1 (p. 72). This graph type is

extremely common in the database graphs, but makes up only 0.45% of all graphs for

the quantitative graphs. In the top 10 isomorphism classes of the database graphs

there are four (on the ranks three, four, six and nine) that have three protein nodes,

each connected to a unique peptide node. They differ in their number of and their

connection to shared peptide nodes. More or less they will behave similarly to the

M-shaped graph during protein quantification. The same holds for the seventh and

tenth most common class that contain four protein nodes and four unique peptide

nodes. Strikingly, in the quantitative graphs those graphs are uncommon. Except

the most simple graph type and the M-shaped graph (with only 0.45%), the ten

largest isomorphism classes for the quantitative graphs do not contain any graph

where each protein node has a unique peptide node.
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Figure 4.3: Representative bipartite graphs of the ten largest isomorphism classes found
in data set D1. (a) D1 fasta, (b) D1 quant, with rank, number of occurrences
and percentage of all graphs.
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For the fifth and eighth most common graph types for D1 fasta, not all proteins have

a unique peptide node. That means there are protein nodes with connections only to

shared peptides. These cases are much more difficult to handle for protein quantifi-

cation, which will be explained examplarily for the N-shaped graphs in section 5.1.1

(p. 72). With many common protein quantification methods these proteins would

not be quantified. Quantitative graphs that contain protein nodes without unique

peptides are much more common than database graphs. For example, the N-shaped

graph makes up more than 20% of the quantitative graphs here while it was below

1% of the database graphs. In the top 10 quantitative graphs for D1 quant there

are even two graph types (fourth and seventh rank) that contain no unique peptide

node at all. These are extremely hard to handle for protein quantification and would

most likely not be considered in common protein quantification strategies. From the

remaining 2,720 database graph types, outside of the top 10, 2,460 only occur once

in the whole D1 fasta. Many of these graphs are quite large and are unique due

to their complex combination of peptide and protein nodes and the edges. These

graphs contain in total 29,029 proteins nodes, that means 52.6% of all protein nodes

in total. For D1 quant 98 database graph types occur only once, which contain only

1.5% of all protein nodes.

For data set D2 (see figure A.4 in the appendix, p. 150) the in silico digestion

leads to 4,900 database graphs within 66 isomorphism classes, so much less than for

D1. In D2 quant 22,952 quantitative graphs are present (see table 4.3, p. 54); the

high number is due to the high number of comparisons between the nine different

concentration groups, namely 36 comparisons. The average number of quantitative

graphs per comparison is thus also much less than for D1 quant. The most simple

graph type again is the most common one, although with an extremely high propor-

tion of 87% for the database and 89% for the quantitative graphs. For the database

graphs again the M-shaped graph is the second most common with 8.55%. For the

quantitative graphs this graph type is less common with 4.2%, but the decline is

less pronounced than for D1. In the top 10 database graphs of D2 fasta, all protein

nodes have at least one unique peptide node. For the quantitative graphs, there

are seven out of the ten most common graph types with at least one protein node

without a unique peptide. Two of them even do not contain any unique peptide at

all. The second most common quantitative graph type here is the N-shaped graph

with over 5%, that does not even exist in the database graphs in D2 fasta at all.

As the most simple graph type is so prominent, the 10 most common graph types
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already contain 98.7% and 99.6% of all graphs and 88.7% and 98.1% of all protein

nodes for database and quantitative graphs, respectively.

The data set D3 behaves more similarly to D1 than to D2 (see figure A.5 in the

appendix, p. 151). The proportion of the most simple graph is with almost 50%

higher for the database graphs in D3 fasta than in D1 fasta. With 65% it is also a

bit higher than the almost 60% when comparing the quantitative graphs in D3 quant

and D1 quant. The top 10 isomorphism lists for the database graphs in D3 fasta and

D1 fasta are very similar, although the order is a bit different. For the quantitative

graphs, the top 10 list contains even more graph types (four) without any unique

peptide than for D1 quant, while each except the most simple graph type has less

unique peptide nodes than protein nodes, i.e., there is at least one protein node

without a connection to a unique peptide node. The M-shaped graph is missing

from the top ten here.

For D4 (see figure A.6 in the appendix, p. 152), human and mouse samples were

mixed in different ratios and measured. Therefore it is expected that the graphs

are similar to D1 and D3. However, also graphs containing both mouse and human

protein nodes are present, as mouse and human share many peptides. Compared to

the other data sets, the proportion of the most simple graph type is much smaller,

only 33% and 37% for D4 fasta and D4 quant, respectively. Like for the other data

sets, the M-shaped graph is the second most common graph type for the database

graphs and the N-shaped for the quantitative graphs. In total, the top 10 lists are

very similar to those of D3 for quantitative and database graphs. Due to seven

different pairwise comparisons, D4 quant has by far the most quantitative graphs in

total with over 80,000, but a similar number of graphs per comparison as D3 quant

(see table 4.3, p. 54). However, D4 quant and D4 fasta have by far the most

different graph types and therefore D4 can be seen as the most complex of the four

data sets.

Figure 4.4 (p. 58) shows the distribution of numbers of the different node types

for all four data sets, for database and quantitative graphs. This gives a summary

of the structure of the occurring bipartite peptide-protein graphs. Protein nodes

and peptide nodes are the two main node types, while the peptide nodes can be

subdivided into unique and shared peptide nodes. The most simple graph type,

which is extremely common in all considered situations, is the only one with only

one protein and one peptide node. It is clearly visible as the highest bar in the

barplot, for all cases. Higher numbers of protein or peptide nodes become less and
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Figure 4.4: Distribution of numbers of different node types for the bipartite peptide-protein
graphs (compare to figure S2 in Schork et al., 2022). The leftmost column
shows the distribution of number of protein nodes for D1, D2, D3 and D4 for
database graphs (* fasta) and quantitative graphs (* quant). On the x-axis
the number of protein nodes are shown and on the y-axis the proportion of
graphs with this exact number of protein nodes in comparison to all graphs.
E.g., the bar at x = 1 is the percentage of graphs with only one protein node
compared to all graphs. The sum of all bar heights adds up to one for each
subfigure. Similarly, the distribution of the number of total peptide nodes,
unique peptide nodes and shared peptide nodes are shown in the following
columns. The rightmost bar with the label ”10+” comprises the values of 10
and above.
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less common. It can be seen that the distribution of the number of protein nodes

looks similar among D1, D3 and D4. D2 is an exception with an extreme high

number of graphs with only on protein node (already observed in the top 10 graph

types before) and a rapid decline of the frequency of larger graphs. It can also be

seen that there is a shift of the distribution when comparing the database to the

quantitative graphs, to smaller graphs with less protein nodes. For the total number

of peptide nodes, also a decline is visible. However, for the database graphs, the

distribution shows gaps for even numbers of peptide nodes. E.g., graphs with two

peptide nodes are way less common than those with three peptide nodes. This also

corresponds to the top 10 graphs, e.g., an M-shaped graph with three peptide nodes

is extreme common, while an N- or W-shape with two peptide nodes is not. Whereas

for the quantitative graphs, many unique peptides were not quantified, leading to a

reduction of M-shaped graphs to N-shaped graphs. Similar things may also happen

to larger graphs, causing the gaps in the total peptide node distribution for the

database graphs, that vanishes for the quantitative graphs.

For D4, the number of larger graphs with more than 10 peptide nodes is the highest

among all data sets. Again, for D2 it is visible that most graphs are rather small.

For the unique peptide nodes it can be observed that there is also a steady decline

for the database graphs, except for D2 with the large fraction of the most simple

graph type. D4 quant shows the highest number of quantitative graphs with zero

unique peptide nodes, which are the hardest case for protein quantification. It can

also be seen that graphs with many shared peptide nodes are more common in D1,

D3 and D4 than in D2 and a bit less common for the quantitative graphs than for

the database graphs.

Aggregated characteristics over all graphs in a data set are shown in figure 4.5 (p.

60), which may serve as a summary of the findings above. The percentage of the

most simple graph (the only possible graph type with only protein node, see the

light blue bar in figure 4.5A), rises when comparing the database graphs to the

quantitative graphs. The difference is small for D2, as the percentage of the most

simple graph type are already extremely high (87.4% on database and 89.2% on

quantitative level). For D4, the difference is also smaller than for D1 or D3, possibly

explained by the higher proportion of shared peptides, as can be seen in figure 4.5C.

For D1, D3 and D4 a large percentage of graphs has more than two protein nodes

(up to 67.4% for D4 fasta) and therefore at least one shared peptide, which effects

an even higher percentage of all protein nodes.
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Figure 4.5: Aggregated characteristics of bipartite peptide-protein graphs over the differ-
ent data sets (compare to figure 3 in Schork et al., 2022). Uniqueness of the
peptide nodes is here defined as belonging to only one protein node, which may
consist of multiple protein accessions. A: Percentages of graphs with one or
with more than one protein node. The light blue bars reflects the percentage
of the most simple graph type with only one protein node. The dark blue
bars represents the percentage of all larger graphs with two or more protein
nodes. B: Percentages of graphs with none vs. one or more protein nodes,
that are not connected to any unique peptide node. In the graphs represented
by the light blue bars, each protein node has at least one unique peptide. In
the graphs represented by the dark blue bars, at least one protein node exists
without a unique peptide. C: Percentages of unique vs. shared peptide nodes
in relation to all peptide nodes across all bipartite peptide-protein graphs. D:
Percentages of protein nodes with only unique peptides vs. unique and shared
peptides vs. only shared peptides in relation to all protein nodes across all
bipartite peptide-protein graphs.
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For the protein quantification and the proposed novel bppgQuant method in this the-

sis, the protein nodes with zero unique peptide (and therefore only shared peptides)

are the most interesting, as they are hard to quantify and many current methods

would simple ignore them. Figure 4.5B shows the percentage of graphs with at least

one protein node that has only shared peptides. This percentage is much higher for

the quantitative graphs than would estimated from the protein sequence databases,

probably because many theoretically existing unique peptides are not quantified.

The percentage of such quantitative graphs also depends on the data set. While

the percentage is quite small for D2 quant (6.5%), it reaches 40.4% and 34.6% for

D1 quant and D3 quant, respectively. The highest percentage can be found in data

set D4 quant, where 61.5% of all quantitative graphs contain at least one protein

node with only shared peptides.

In figure 4.5C, the percentage of unique and shared peptide nodes are presented.

The percentage of shared peptides is less for the quantitative graphs than for the

database graphs, except for D4, where also many peptides shared between the two

organisms are present. Again, this percentage depends highly on the data set, it is

much lower in D2 (23.8% for D2 fasta and 11.8% for D2 quant) and extremely high

in D4 (59.7% in D4 fasta and 71.1% in D4 quant). In figure 4.5D the protein nodes

are separated into those with ”only unique”, ”only shared” or ”unique and shared”

peptides. The percentage of protein nodes with only shared as well as only unique

rises, while the number of protein nodes with both peptide node types decreases

heavily, when comparing the database graphs with the quantitative graphs. The

number of protein nodes without unique peptides is the highest for data set D4

(14.7% for D4 fasta and 72.8% for D4 quant) and the lowest for data set D2 with

only 0.9% for D2 fasta and 7.1% for D2 quant.

4.4.4 Influence of including isoforms

So far FASTA databases and corresponding quantitative data were analyzed contain-

ing only so-called ”canonical” protein sequences. However, in UniProt also so-called

isoforms are annotated which have a similar sequence as a canonical one, because

they originate from the same gene or a gene family (UniProt, 2024a). Which se-

quence is chosen by UniProt as the canonical one is depending on a set of different

criteria (UniProt, 2024c). Isoforms may be caused by different biological processes,

for example alternative splicing (Müller-Esterl, 2018, pp. 208-213). The DNA is



62 4.4 Characterization of occurring bipartite peptide-protein graphs

transcribed to mRNA to copy the genetic information. The mRNA then contains

coding parts, the exons, and non-coding parts, the introns. The introns are then

removed by a procedure called splicing. Alternative splicing is a phenomenon, where

from an mRNA multiple forms can be generated for example by removing a different

set of exons. This leads to different proteins with similar sequence which are stem-

ming from the same gene. Protein isoforms are an important research topic because

even similar protein sequences may have a different function. This is why methods

focusing on distinguishing between isoforms have been developed, e.g., IsoformRe-

solver (Meyer-Arendt et al., 2011), COPF (Bludau et al., 2021), SEPepQuant (Dou

et al., 2023) or SpliceVista (Zhu et al., 2014). This task is difficult because the high

sequence overlap leads to a lot of shared peptides.

Large changes in the sequences may be annotated with completely different acces-

sion numbers in UniProt, for example the isoforms alpha and beta of the Lamina-

associated polypeptide 2, which have the accession numbers P42166 and P42167,

respectively (UniProt, 2024a). If isoform sequences are similar they are annotated

with the accession number of the corresponding canonical sequence followed by a

dash and a number, e.g., O14524-2, which is an isoform of NEMP1, the nuclear

envelope integral membrane protein 1, where a sequence of 73 amino acids is miss-

ing compared to the canonical sequence (UniProt, 2024b). In the following, the

term ”isoform” is used to represent proteins that are additionally exported, when

”canonical + isoform sequences” are downloaded from UniProt.

The influence of including isoforms on the database and quantitative bipartite

peptide-protein graphs are analyzed exemplarily for data set D3 in this section, see

also Schork et al., 2022. D3 is a human data set and the isoform annotation for

homo sapiens proteins is expected to be good in UniProt. As a consequence, the

impact of adding isoforms is expected to be the highest for this data set, without

the interference of two large proteomes, like in dataset D4. As they have similar

sequences, isoforms are expected to introduce sharedness between canonical proteins

and their isoforms, leading potentially to more complicated graphs containing also

proteins that do not have any unique peptide. While preparing the quantitative

data and in silico digesting the database, the exact same settings as for D3 were

used, namely peptides of lengths between eight and 50 amino acids and up to two

missed cleavages.

The fasta files for data set D3 with isoforms (called D3 iso in the following) contains

in total over 100,000 entries with over 22,000 additional isoform entries compared
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Table 4.4: Unique and shared peptides stemming from an in silico digestion of D3 fasta
and D3 iso fasta (without and with isoforms). * Unlike the rest of this thesis,
unique is defined here as unique for a protein accession. However, the difference
between protein nodes and accessions is negligible when looking at the database
level. ** Isoform-unique peptides are defined as shared peptides that are shared
only between isoforms of the same protein.

without isoforms
with isoforms unique shared not existing sum
unique* 1,195,122 0 97,693 1,292,815
isoform-unique** 441,430 0 10,154 451,584
shared 26,673 1,320,439 109 1,347,221
sum 1,663,225 1,320,439 107,956

to the canonical database. Of these isoforms, only 12 stem from E. coli, the vast

majority from human. As a note for comparison with the other data sets, yeast has

29 and mouse 8,331 annotated isoforms in the reference proteome.

Table B.8 (appendix, p. 175) contains the direct comparison of total graph char-

acteristics for data set D3 with and without isoforms for the database as well as

the quantitative graphs. For the database graphs, the inclusion of isoforms leads

to 26.4% more protein accessions, but only around 110,000 additional peptide se-

quences, i.e., 3.6%. The number of shared peptide nodes increases more than the

unique peptide nodes. The number of graph decreases slightly while the number of

isomorphism classes raises from 4,600 to 6,100. From the additional peptides 90.5%

are unique (see table 4.4). Peptides that are unique without isoforms become shared

in 28.1% of the cases, however, the majority remain isoform-unique (meaning that

they are shared by two or more isoforms of the same family).

For the quantitative graphs, the number of quantified peptides decreases slightly

from 20,500 to 19,500, which is a phenomenon known in proteomics when increasing

the database size due to an increased probability for false positive hits (Kumar et al.,

2017). However, the number of peptide nodes rises, potentially because additional

peptides are often unique and form a new separate peptide node. Like for the

database graphs, the number of graphs decreases while the number of isomorphism

classes rises. The percentage of shared peptide nodes rises from 51.8% to 55.6%.

Comparing the ten largest isomorphism classes with and without isoforms (figure

A.7, p. 153, vs. figure A.5, p. 151), it is noticeable that the top 10 graphs do not

change much. Some graph types become a bit more or less common and the order
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Figure 4.6: Percentages of protein nodes with ”only unique” vs. ”unique and shared” vs.
”only shared” peptides in relation to all protein nodes across all database and
quantitative bipartite peptide-protein graphs for data set D3 with and without
isoforms, compare to figure 4 in Schork et al., 2022.

of the top 10 changes slightly. However, it can be noticed that the proportion of

the four graph types without any unique peptides rises slightly (e.g., the W-shaped

graph goes from 2.76% to 3.84% and increases from fourth to third rank in the list).

Over all graphs, it can be observed that the percentage of protein nodes with only

shared peptides rises, from 13.6% to 21.8% for D3 iso fasta and from 54.5% to 59.1%

for D3 iso quant, while the percentage of protein nodes with only unique peptides

decreases (see figure 4.6).

4.5 Summary and discussion

In this chapter the bipartite peptide-protein graphs were characterized, which repre-

sent the relationship between peptides in proteins in bottom-up proteomics. These

graphs are frequently used to represent the protein inference or the protein quantifi-

cation problem. In chapter 5 the novel quantification method bppgQuant is proposed

that makes use of these graph structures. As described in section 3.6, many current

protein quantification methods do not fully exploit the potential of shared peptides

and usually cannot quantify proteins without unique peptides. To get an overview

about the situation in different data sets the bipartite peptide-protein graphs were

generated and compared. It was particularly interesting how large the fraction of
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protein nodes without unique peptides is, which is the most difficult case for protein

quantification and the focus of bppgQuant.

To find suitable settings for the in silico digestion needed for constructing the

database graphs, different values for the minimal peptide length and the maximal

allowed number of missed cleavages were compared. The minimal peptide length

has a large impact, as including too small peptides may lead to a largest graph

containing almost all protein nodes, which is hard to handle and also to compare

with the quantitative graphs later on. The smallest minimal peptide length leading

to a handleable largest graph (less than 5% of all protein nodes) was chosen, which

is between six and eight amino acids depending on the data sets. The threshold

of six was chosen for D2 fasta which is based on yeast samples and is therefore

the least complex data set with the least proportion of ”sharedness” between pro-

teins. Therefore the impact of small peptides is lower in comparison to for example

D3 fasta or D4 fasta which both contain human proteins. For these two data sets

the threshold of eight amino acids was chosen, as including peptides with lengths

of seven or lower led to a too large largest graph. The respective thresholds were

also applied to the quantitative peptide-level data for constructing the quantitative

graphs. Although different thresholds were used for the different data sets, it is still

possible to compare them. In contrast, allowing the largest graph to be too large

(too small threshold) or to lose too many peptides (too large threshold) would be

worse regarding the comparability. The influence of missed cleavages on the graphs

was also investigated, but is much smaller than the influence of the minimal peptide

length. Therefore it was decided to keep using up to two missed cleavages, which

is an often-used default setting and was also used for the quantitative data during

database search.

Database as well as quantitative graphs were generated for four different data sets

and their corresponding protein sequence databases of varying organisms and com-

plexity. In all cases the smallest possible graph with only one peptide and one

protein node is the most common. This case is extremely easy to handle for pro-

tein inference and quantification. For inference, the protein can be reported directly

because of the existence of a unique peptide. For quantification, simply the mean

ratio for all unique peptide sequences that are present in the single peptide node

could be used. In this case, there is no other protein that may influence a shared

peptide ratio and therefore also the estimation of the protein ratio. This strategy

however will always lead to a joint estimation of the ratio of all protein accessions
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inside a collapsed protein node. In consequence a unique solution for the ratio of

the protein node may be provided, however, the interpretation of the result is still

ambiguous because the different protein accessions within a node cannot be resolved.

The collapsing of protein nodes has much more impact on the quantitative graphs,

where theoretically possible unique peptides are not quantified, than on the database

graphs. For the quantitative graphs, between 8.4% (data set D2) and 40.6% (data

set D4) of the protein nodes contain more than one protein accession, with a maxi-

mum of 73 accessions in a single node in data set D4. For D4, the average number

of protein accessions per protein node is almost 2. For the database graphs, where

all theoretically unique peptides are present, only up to 1% of protein nodes contain

more than one accession for D4. Collapsing of protein nodes may here be caused by

protein entries with differences only in a short amino acid sequence, so that these

short unique peptides are not considered during graph construction.

When comparing the database graphs with the quantitative graphs two opposing ef-

fects can be observed. On the one hand large database graphs split up into smaller

quantitative graphs when non-quantified peptide nodes vanish, leading for example

to a higher proportion of the most simple graph type, which is easy to quantify.

On the other hand, protein nodes or even whole quantitative graphs without unique

peptides become more common. These are the hardest case for protein quantifica-

tion. Missing peptides may also lead to an additional collapsing of protein nodes,

leading to smaller graphs on average. These findings can be observed for exam-

ple by looking at the ten largest isomorphism classes or characteristics aggregated

over all graphs. Overall these differences highlight the importance of looking at the

structures of the quantitative graphs for a specific data set and not relying on an

unspecific view on the database graphs from an in silico digestion. Depending on

the data set only a small proportion of the theoretically possible peptides will be

identified and quantified in a sample. That a certain proportion of unique peptides

does not get quantified may explain the higher proportion of protein nodes without

unique peptides in the quantitative graphs. On the other hand, missing shared pep-

tides may lead to a loss of connections between protein nodes, which causes graphs

to break apart and may explain the higher proportion of smaller and less complex

graphs.

Only a small part of the theoretically possible peptides are quantified, explaining

the differences between database graphs and quantitative graphs. The missing quan-

tification can have different reasons. First, the detectability of peptides is not only
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influenced by their concentration in the sample, but also by a lot of different physico-

chemical properties (Qeli et al., 2014). Second, not all protein entries of the database

will be present in each cell type or body fluid, as many proteins are tissue-specific

(see for example the Human proteome Atlas, Uhlén et al., 2015). However, it can

be assumed that data sets measured with more modern mass spectrometers produce

bipartite peptide-protein graphs closer to the comprehensive database graphs, as

more peptides are identified and quantified. This has to be investigated further.

Throughout the thesis ”uniqueness” of peptides is defined based on protein nodes

(with an exception in table B.8, p. 175, to illustrate the influence of isoforms). I.e.,

a unique peptide is unique for a single protein node, which may contain multiple

protein accessions because of the node collapsing step. This collapsing of protein

nodes is relatively rare for the database graphs, as almost all protein sequences are

distinguishable by looking at their theoretical peptides. However, many theoretically

possible peptides are not quantified, which leads to more protein accessions that

cannot be distinguished anymore. E.g., in dataset D3 quant, over 14,000 protein

accessions fit to the quantified peptides that were collapsed to around 8,300 protein

nodes. These accessions within the same protein node also have to be treated as

a single protein group during protein quantification and will only get a common

protein ratio estimated. Therefore, defining uniqueness of peptides regarding the

protein nodes makes perfectly sense in context of protein quantification. Other

definitions of uniqueness, e.g., on the level of protein accessions, isoform families or

even genes (Saltzman et al., 2018) may be suitable for other use cases.

Besides the differences between quantitative and database graphs, also differences

between the four analyzed data sets were observed. Especially the graphs from data

set D2 showed a lower complexity compared to the other data sets. With over 87%,

the smallest possible graph type was much more frequent than for the other data sets

for the quantitative as well as the database graphs. Also, the proportion of shared

peptides and therefore the proportion of protein nodes without any unique peptide

is comparably smaller. This may be explained by the different complexities of the

main organisms behind the data sets, which is also reflected by their genome sizes.

While human (3,100 Mb, National Center for Biotechnology Information, 2022) and

mouse (2,700 Mb, National Center for Biotechnology Information, 2020) have more

or less comparable genome sizes, the genome of yeast, which is the basis for data set

D2, is considerably smaller with only 12.1 Mb (National Center for Biotechnology

Information, 2014). Mb stands for megabase, i.e. one million nucleotide base pairs
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of the DNA. These effects make the protein quantification overall easier for D2 than

for D1, D3 or D4. In consequence, it would be thinkable that less complex protein

quantification algorithms, even if they do not make appropriate usage of shared

peptides, would work sufficiently for this data set.

The data set D4 has been added compared to the paper Schork et al., 2022. The

corresponding samples are a mixture of the proteomes of mouse and human cell

lines. The mouse and human proteome have a certain degree of similarity, which

leads to a large overlap of theoretical or quantified peptides. As a consequence, D4

has overall the largest proportion of shared peptides and therefore also the largest

proportion of protein nodes without unique peptides. This data set will resemble

the most difficult challenge for protein quantification because of this.

It has to be noted that not all of the four data sets were measured on the same

type of mass spectrometry instrument. D1 was measured on a Q Exactive HF,

D2 and D3 on an LTQ Orbitrap and D4 with an Orbitrap Fusion Lumos, all by

Thermo Fisher Scientific. Therefore, the comparability between the data sets could

be challenged. However, already for the theoretical database graphs, differences

between the different data sets can be observed, especially for data set D2, while

D1, D3 and D4 show a more or less comparable behaviour. Also, for the quantitative

graphs the differences between D2 and D3 are very large, although those data sets

were measured both with the LTQ Orbitrap instrument type. On the other hand,

D1 and D3 show large similarities but are measured with two different instrument

types. While different instruments may certainly have an effect on the amount and

set of quantified peptides (Elias et al., 2005), the results of the graph comparisons

indicate that the differences between yeast and mouse or human cells are larger than

the differences between the instruments. Especially because in contrast to Schork

et al., 2022, the MaxQuant versions, UniProt protein sequence database versions as

well as the search engine settings were completely harmonized across data sets, a

comparison of the different data sets based on the bipartite peptide-protein graphs

is still possible here.

The influence of including isoforms was exemplarily analyzed for data set D3. The

proportion of shared peptides and in consequence the number of protein nodes with

only shared peptides rises whe protein isoforms are added to the database. The

term isoform refers to a set of similar proteins that share a lot of their amino acid

sequence, e.g., because they stem from the same gene region by alternative splicing.

In UniProt, known isoforms are annotated and it is possible to export FASTA files
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containing only canonical sequences or additionally also the isoforms. However, when

using the UniProt reference proteomes, still potential isoforms may be present in the

canonical database because these entries are not always reviewed or annotated as

isoforms. Because of the high sequence similarity, isoforms are prone to have many

shared peptides with the corresponding canonical sequence, in some cases even no

unique peptides are existing or not quantified. However, quantifying the isoforms

separately may be of high relevance for biomarker and molecular research, as isoforms

may have different functions inside the cells (Buée et al., 2000; Wei et al., 2012).

A challenge for this aim is, that for two specific isoforms only shared peptides may

be quantified, so these two accessions would end up in a collapsed protein node and

only a common protein ratio could be estimated.

Besides trypsin, also other proteases exist that are used for the enzymatic digestion

for proteins to peptides. For example, the enzyme Glu-C has a completely different

cleavage behaviour, as it cleaves after the amino acid glutamic acid (E) and therefore

creates completely different peptides during digestion compared to trypsin (Zhang

et al., 2013). Most likely, the results from this chapter cannot directly be transferred

to other digestion enzymes, as the graph structure may heavily be affected.

In contrast to the paper Schork et al., 2022, the four data sets were preprocessed

with the same software version of MaxQuant version, using also the same current

version of the UniProt database. This was done to ensure a better comparability

between the data sets. However, only small and minor differences in the results

between the Schork et al., 2022 and this chapter here were observed for the data

sets D1-D3. An additional data set D4 was added, where proteins from human and

mouse cells were mixed in different ratios. There are many peptides shared also

between mouse and human, making it the most complex of the four data sets and a

good test case for the protein quantification later on.

In conclusion, the database and quantitative bipartite graphs generated from differ-

ent data sets and corresponding protein sequence databases were characterized. It

is not clear how well the results could be transferred to other organisms, especially

those that are not human or model organisms and may have a less well characterized

proteome. In the following chapter 5, the bipartite peptide-protein graphs together

with quantitative information on the peptide level will be used to improve protein

quantification, especially for proteins without unique peptides.





5 Novel protein quantification

method

In this chapter the novel protein quantification method bppgQuant is presented,

which makes use of the bipartite graph structures. It calculates protein ratios from

peptide ratios, while incorporating shared peptides and focusing on gaining quan-

titative information for protein nodes without unique peptides. This chapter is

structured as follows: In section 5.1 the methodological derivation of bppgQuant is

explained. The implementation of bppgQuant is explained in section 5.2. Then, the

four quantitative data sets are explained further together with the necessary pre-

processing steps, see section 5.3. The performance of bppgQuant is compared with

the methods SCAMPI and PQP on these data sets in section 5.4. The discussion of

the results is given in section 5.5.

5.1 bppgQuant method for protein quantification

In this section the novel method bppgQuant (Bipartite Peptide-Protein Graph-based

protein QUANTification) is presented. It is based on an equation system and subse-

quent optimization to estimate protein ratios out of peptide ratios. In section 5.1.1,

the general equation system that represents the relationships between peptide and

protein ratios is explained and solved exemplarily for two simple cases. In section

5.1.2 the equation system is extended to an optimization problem. The following sec-

tion 5.1.3 explains how cases with multiple optimal solutions are handled. Finally,

in section 5.1.4 an approach is presented that quantifies only a subset of protein

nodes that sufficiently contribute to the measured peptide ratios, to decrease the

number of inaccurate quantification results. In the following it is assumed that bi-

partite peptide-protein graphs have been constructed based on quantified peptides

as described in section 4.2. Furthermore, peptide ratios rj between two experimental

71
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conditions for these quantified peptides are available. In this section the notation

described in table 3.1 (p. 16) is followed.

5.1.1 Equation system for the relationship between peptide and

protein ratios

In the following, each connected component of the bipartite peptide-protein graph,

containing m protein and n peptide nodes is handled separately. It is assumed that

peptide ratios between two samples A and B are given (A and B can also be groups

of samples, e.g., technical replicates of the same experimental condition, that are

summarized beforehand). The ratio rj for peptide j can be calculated from the

measured peptide intensities and is therefore known. Let Ai and Bi be the unknown

quantities of protein i in samples A and B, respectively. Let Ri be the unknown

ratio of protein i, namely Ri =
Bi

Ai
. Let Ci =

Ai
∑

Ai
be the proportion of protein i in

sample A compared to the other proteins in the same connected component. For each

peptide ratio, an equation can be formulated (first under the simplified assumption

that there is no noise in the measurements), which models the relationship between

the unknown protein ratios and the measured peptide ratios.

𝑟1

𝑅1 𝑅2

𝑟2 𝑟3 𝑟1

𝑅1 𝑅2

𝑟2
Figure 5.1: Examples of two simple bipartite graph types. The colour gradient of the

shared peptides indicate that the peptide ratio is influenced by both protein
ratios. A: Example of an M-shaped graph with two protein nodes and three
peptide nodes. B: Example of an N-shaped graph with two protein nodes and
two peptide nodes.
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Equation for a unique peptide

For a unique peptide j, like peptide 1 in figure 5.1A, which exclusively belongs to

protein 1, the peptide ratio is the same as the ratio of the corresponding protein i

(if noise in the measurements is ignored), see figure 5.1A. Therefore the equation for

a unique peptide can be formulated as

rj = Ri ⇔ rj −Ri = 0 ⇔
rj
Ri

= 1 ⇔ log(rj)− log(Ri) = 0. (5.1)

Equation for a peptide shared by two or more proteins

The example graph in figure 5.1A contains a peptide that is shared by exactly

two protein nodes (peptide 2, shared by protein nodes 1 and 2). The measured

peptide ratio r2 is influenced by both protein ratios, as indicated by the colour

gradient. It can be described as a combination of the unknown quantities of the

proteins in the samples A and B (A1, A2, B1, B2 > 0). It is assumed, that the

intensity of a shared peptide j in each sample is given as the sum of the intensities

of all corresponding proteins times a peptide-specific factor αj (e.g., if the ionization

efficiency of a peptide is low, it will not get a very high intensity. However, this

applies to both sample A and B, so it will be cancelled out). The equation for a

peptide j shared by two proteins i1 and i2 is given by

rj =
αj · (Bi1 +Bi2)

αj · (Ai1 + Ai2)
=

Bi1 +Bi2

Ai1 + Ai2

(5.2)

if Ai1 + Ai2 ̸= 0, i.e. at least one of the two proteins have to be present in sample

A. In a general setting, the whole connected component consists of m ≥ 2 proteins

(i = 1, . . . ,m) and n peptides j = 1, . . . , n. δij is an indicator variable that is 1, if

peptide j is a tryptic peptide of the sequence of protein i, and 0 otherwise. In this

general case, the ratio of peptide j can then be represented as follows:
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rj =

m∑
i=1

Bi · δij

m∑
k=1

Ak · δkj

=
m∑

i=1


Bi · δij ·

1
m∑
k=1

Ak · δkj


 | Bi = Ri · Ai

=
m∑

i=1


Ri · Ai · δij ·

1
m∑
k=1

Ak · δkj




=
m∑

i=1


Ri ·

Ai

m∑
l=1

Al

· δij ·

m∑
l=1

Al

m∑
k=1

Ak · δkj




=
m∑

i=1



Ri ·

Ai

m∑
l=1

Al

· δij ·
1

m∑
k=1

Ak

m∑
l=1

Al

· δkj




| Ci :=
Ai

m∑
l=1

Al

;
m∑

i=1

Ci = 1

=
m∑

i=1


Ri · Ci · δij ·

1
m∑
k=1

Ck · δkj




=
m∑

i=1

[Ri · wij]

(5.3)

The peptide ratio of peptide j can be interpreted as an weighted sum of protein

ratios. The weight wij for a certain protein is > 0 if the peptide belongs to the

protein and zero otherwise. The weights include the factors Ci, . . . , Cm, which are

also unknown. They represent the proportion of the intensity of protein i in sample

A, compared to the summed up intensity of all proteins in this connected compo-

nent. The existence of these factors makes sense, as a shared peptide ratio will be

influenced more by the ratio of high-abundant proteins. As a further condition, the

sum of all Ci needs to be 1.
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Solving the equation system

For a given connected component with m proteins and n peptides, there is one

equation per peptide and the equation system to be solved is the following:

rj =
m∑

i=1


Ri · Ci · δij ·

1
m∑
k=1

Ck · δkj


 ∀j = 1, . . . , n (5.4)

under the conditions that Ri > 0 and 0 < Ci < 1 ∀i = 1, . . . ,m and
m∑
k=1

Ck = 1.

This is a non-linear equation system with n equations, 2m unknowns, one equal-

ity constraint and several inequality constraints. For non-linear equation systems,

obtaining information about the solvability of these is not as straightforward as

for linear equation systems. For small peptide-protein graphs and therefore small

equation systems, exemplarily the solvability can be assessed.

For example, in case of m = 2 protein nodes and m = 3 peptide nodes (M-shaped

graph, see figure 5.1A, p. 72) the following can be derived: Peptide 1 and 3 are

unique for protein 1 and 2, respectively, while peptide 2 is shared by both proteins.

The peptide ratios r1, r2 and r3 are calculated from the measured peptide intensities,

while the protein ratios R1, R2 as well as the weights C1 and C2 are unknown. The

indicators δij can be derived from the graph structure, in this case δ11 = δ12 = δ22 =

δ23 = 1 and δ13 = δ21 = 0. Using that C1 + C2 = 1, the following equations are

obtained.

r1 = R1

r2 = R1 · C1 +R2 · C2 = r1 · C1 + r3 · (1− C1) = C1(r1 − r3) + r3

r3 = R2

(5.5)

In any case, the protein ratios equal the peptide ratios of the corresponding unique

peptides. The measured ratio of the shared peptide r2 determines, if the equation

system can be completely solved also for the weights C1 and C2. If r1 = r3, it follows

from the second equation that also r2 = r3, meaning that all measured peptide ratios

must be the same, otherwise there is a contradiction. If r1 ̸= r3, it follows that:
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r2 = C1(r1 − r3) + r3

⇔ r2 − r3 = C1(r1 − r3)

⇔
r2 − r3
r1 − r3

= C1.

(5.6)

As a proportion, C1 needs to be between 0 and 1. If r1 > r3 it follows that:

C1 ≥ 0 ⇔
r2 − r3
r1 − r3

≥ 0 ⇔ r2 − r3 ≥ 0 ⇔ r2 ≥ r3

C1 ≤ 1 ⇔
r2 − r3
r1 − r3

≤ 1 ⇔ r2 − r3 ≤ r1 − r3 ⇔ r2 ≤ r1.
(5.7)

On the other hand, if r1 < r3:

C1 ≥ 0 ⇔
r2 − r3
r1 − r3

≥ 0 ⇔ r2 − r3 ≤ 0 ⇔ r2 ≤ r3

C1 ≤ 1 ⇔
r2 − r3
r1 − r3

≤ 1 ⇔ r2 − r3 ≥ r1 − r3 ⇔ r2 ≥ r1.
(5.8)

This means that regardless of whether r1 or r3 is the larger of the two ratios, the

ratio of the shared peptide r2 has to be between these two unique peptide ratios for

the equation system to be solvable. If this condition is not fulfilled, the equation

system is not solvable (i.e., there is a contradiction). In theory, this situation should

not occur, if the peptide ratios strictly follow the equation and there is no noise.

However, in practice, the mass spectrometry measurements are affected by different

sources of noise which can cause the shared peptide ratio to deviate from this rule.

Another small example is the N-shaped graph, as shown in figure 5.1B (p. 72).

Here, protein 1 has one unique and one shared peptide, while protein 2 has only

connections to the shared peptide. In this case two equations and one constraint are

present in the equation system, together with four unknowns (R1, R2, C1, C2). This

is not enough to solve the system uniquely, however, still a set of possible solutions

can be derived. In this case, the following equations are derived:
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r1 = R1

r2 = R1C1 +R2C2 = r1(1− C2) +R2C2 = r1 − r1C2 +R2C2

⇒ r2 − r1 = C2(R2 − r1)

⇒
r2 − r1
C2

+ r1 = R2

(5.9)

or equivalent:

⇒ C2 =
r2 − r1
R2 − r1

.

The relationship between R2 and C2 cannot be further resolved without a further

equation. However, as C2 has to be greater than 0 and smaller than 1, there are

three different situations:

r2 > r1 ⇒ R2 > r1 ∧R2 > r2 ⇒ R2 > r2

r2 < r1 ⇒ R2 < r1 ∧R2 < r2 ⇒ R2 < r2

r2 = r1 ⇒ R2 = r1 = r2

(5.10)

That means that r2 is the lower or upper bound for R2, depending on the constel-

lation for r1 and r2. This can also be formulated by the following limits:

C2 = 1 ⇒ R2 =
r2 − r1

1
+ r1 = r2

r2 > r1 ⇒ lim
C2→0

r2 − r1
C2

+ r1 = ∞

r2 < r1 ⇒ lim
C2→0

r2 − r1
C2

+ r1 = −∞

(5.11)

That means that R2 has the solution interval (r2,∞) if r2 > r1 or (−∞, r2), if

r2 < r1.

In summary, in this case the protein ratio R1 (protein is connected to the unique as

well as the shared peptide) is fixed at the level of the unique peptide ratio. On the

other hand, for protein ratio R2 an upper or lower bound of the ratio can be given,

depending on the constellation of measured peptide ratios. The limit is always the

shared peptide ratio, and the protein ratio is always farther away from the unique

peptide ratio r1. This makes sense, as the peptide ratio r2 otherwise cannot have

emerged from the two protein ratios.
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5.1.2 Optimization problem

Exactly solving the above mentioned equation system in equation 5.4 (p. 75) to

obtain a single solution for all Ri and Ci is only possible in a few rare cases like

the M-shaped graph, if no contradiction occurs. In general, most of the equation

systems will not be solvable. For example, often two or more peptide sequences

inside the same peptide node exist, which leads to the same right-hand-side of the

formula. Although these peptides are expected to have the same ratio in theory,

in practice the biological and technical variability of the measurements will lead to

different values and therefore different left-hand-sides of the formula. This directly

leads to a contradiction in the equation system. This is why instead of solving the

equation system exactly, it can be transformed into an optimization problem by

introducing error terms that should be minimized. If a system is exactly solvable,

this optimization should lead to the exact solution with an error term of zero (at

least approximately, due to numerical errors).

The measured ratio of peptide j can be modeled with a multiplicative error term

exp(εj), assuming a normal distribution for εj. As ratios are modeled here, multi-

plicative error terms seem more reasonable than additive error terms. Multiplicative

errors also guarantee to obtain symmetric results on the multiplicative scale, e.g.,

that using the reciprocal of the peptide ratios will lead to the reciprocal of the

protein ratio estimates:

rj =
m∑

i=1


Ri ·

Ci · δij
m∑
k=1

Ck · δkj


 · exp(εj) → εj ∼ N(0, σ2)

⇒ log(rj) = log




m∑

i=1


Ri ·

Ci · δij
m∑
k=1

Ck · δkj





+ εj.

(5.12)

If protein ratios Ri and weights Ci were given, an estimation for the peptide ratios

rj could be given by the equation 5.12. As multiplicative errors are used, the εj are

the difference between the estimated and the measured peptide ratio, on logarithmic

scale. With this, an optimization problem is set up, using the least squares approach,

i.e., by minimizing the sum of squared error terms over all peptides in the same
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bipartite graph. For each bipartite graph, there exists one error term per peptide,

i.e. n error terms. The optimization problem is then formulated as

argmin
Ri,Ci,i=1,...,m

(
m∑

j=1

ε2j

)
(5.13)

with εj = log(rj)− log




m∑

i=1


Ri ·

Ci · δij
m∑
k=1

Ck · δkj







with respect to Ri ≥ 0, Ci ∈ [0, 1] and
m∑
i=1

Ci = 1.

With equation 5.13 there is a non-linear optimization problem with an equality con-

straint and several inequality constraints for each bipartite peptide-protein graph.

The R package Rsolnp with the function solnp() can handle this kind of optimiza-

tion problems and was used here to calculate estimates for the protein ratios Ri as

well for the weights Ci. The solnp() function uses an augmented Lagrange multi-

plier method for optimizing nonlinear function as described in Ye, 1987. As starting

values for the optimization algorithm 1
m
is used for Ci ∀ i = 1, . . . ,m. For the Ri the

geometric means of the unique peptide ratios are used. For proteins without unique

peptides the geometric means over all associated peptide ratios are used. These are

simple a priori estimates for the protein ratios and weights, if no further information

is available.

5.1.3 Handling systems with many optimal solutions

As shown in section 5.1.1 in equations 5.9 - 5.11 (page 77) for the small N-shaped

graph, it is possible that multiple solutions lead to the same minimal error (in this

specific case an error term of 0). This can happen also in many types of larger

graphs, especially when protein nodes without unique peptides are present. As

shown before, the solutions then depend on the relationship between the protein

ratios Ri and the factors Ci.

However, in the optimization strategy described above using the rsolnp() function,

only one of the possible optimal solutions is found. Ideally, the whole interval of
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𝐶𝑖  ∈0,1

𝑅𝑖

𝑅𝑖

Figure 5.2: Decision tree for determining point or range solutions from the result tables
obtained after iterating over a grid of different Ci values and optimization.

optimal solutions could be assessed. To study the behavior of the optimization

and to get an idea of the solution space, the following strategy was employed. For

each protein, a grid for the corresponding factor Ci is constructed between 0.001

and 0.999 with step sizes of 0.001 leading to 999 grid points. The values 0 and

1 were excluded because they lead to computational problems, i.e. division by 0.

Additionally, more grid points on the borders are added, namely 0.0001, . . . , 0.0009

and 0.9991, . . . , 0.9999. The specific Ci is fixed on one value of the grid after another,

while the corresponding protein ratios as well as all other variables are optimized.

By this, for each value of Ci estimates of the protein ratios are obtained as well as

an error term, leading to a large result table.

By comparing the results for the error, it can become clear if there is a unique

solution with a minimal error, or if multiple solutions can reach the same minimal

error term. In total, six situations are considered as shown in figure 5.2. First, it

is determined if the error term is constant for the whole range of Ci ∈ (0, 1). For

this, a small tolerance of 10−10 was used to account for numerical variations in the

optimization step. If the error term is constant, the obtained estimated values for

Ri may be constant or not. Here, a much smaller tolerance of 10−4 was used on

the log2-transformed protein ratios. Differences of protein ratios of this magnitude

are usually irrelevant for real applications. If the values for Ri are constant, this
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solution is given as a point solution (case 1). If it is not constant, the minimum

and maximum value is given as upper and lower bound of the range solution (case

2). In case the error term is not constant over the whole interval of Ci ∈ (0, 1), it

is determined if the error term is constant at its minimum value for at least a part

of the Ci values, using again the tolerance of 10−10. If there is only a single data

point within the tolerance of the minimal error term, the corresponding Ri value is

reported as a point solution (case 3). Otherwise, it is checked if Ri is constant (with

10−4 tolerance) for the Ci interval leading to the minimal error term. Depending

on this, a point solution (case 4) or a range solution (case 5) is reported. Case

6, which is not shown in the figure, occurs when the graph is of the most simple

graph type with only one protein and one or more unique peptide sequences. In this

case, the only weight C1 is always 1 and no variation of the Ci is needed. Then,

the optimization as explained in section 5.1.2 (p. 78) will be applied, which in this

simple case simplifies to calculating the geometric mean of the unique peptide ratios

for the corresponding protein node. In general, a disadvantage of this approach to

obtain multiple solutions is the longer running time, especially for larger systems

with many protein nodes. Reducing the grid size however may result in inaccurate

results.

5.1.4 Selection of a subset of protein nodes

In the sections before a protein ratio or interval of ratios is calculated for each protein

node present in a bipartite peptide-protein graph. This follows the assumption, that

from each protein node, at least one accession is actually present in at least one of the

samples (see equation 5.3, p. 74 which requires that at least one protein abundance

is larger than zero, ∃ k ∈ {1, . . . ,m} with Ak ̸= 0, otherwise the denominator of

the fraction is zero). However, this assumption may not hold in many situations, as

not all proteins in a FASTA database are necessarily expressed in a specific tissue

or body fluid and therefore may be absent from all samples.

A variable-selection-like approach was used to reduce the number of protein nodes

and only keeps those that sufficiently contribute to the explanation of the mea-

sured peptide ratios. First, the bppgQuant method is applied to the whole bipartite

peptide-protein graph to get a reference value for the error term. As obtaining all

possible solutions is irrelevant at this step, the approach described in section 5.1.3

(p. 79) is not applied, but a single optimization step. If a protein node is removed,
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the error term will stay constant or increase, as fewer proteins are present to explain

differences between the peptide ratios. For each protein node it is checked if it can be

removed or if that would leave peptide nodes unconnected (e.g., if the protein node

has unique peptides). If it can be deleted, it is removed from the graphs and the

minimization of the error term is repeated. If the error term is less than 5% larger

than the reference error, this branch is investigated further and one by one, more

protein nodes are deleted, until the error term is too high or at least one peptide is

unconnected. The elimination of a protein node may cause the bipartite graph to

break into connected components. In this case the error terms resulting from the

two or more resulting graphs are summed up. Finally, the smallest subset of pro-

tein nodes that lead to an error term within the threshold of 5% from the reference

error is selected. In case of a tie, the first observed subset is chosen, meaning that

currently the final outcome depends on the order of the protein nodes in the graph.

The reasoning behind this approach is the following: If a protein node is important

to explain differences in the measured peptide ratios, its deletion will lead to a much

higher error term. If a protein node was for example not present in the sample and

does not contribute to the peptide ratios, its deletion will only have a small effect on

the error term. Examples of this approach will be shown in section 5.4.6 (p. 116).

5.2 Software implementation

The code used for this thesis was implemented using R version 4.3.1 (R Core Team,

2023) and RStudio version 2023.09.1 (Posit team, 2023). The bipartite peptide-

protein graphs were generated from the quantitative peptide-level data using the

developed bppg package, see section 4.3 (p. 44). The optimization of the error term

was done using the Rsolnp package (Ghalanos and Theussl, 2015) and executed

on a server using the batchtools package (Lang et al., 2017). Normalization of

the quantitative peptide-level data was done using the loess normalization from the

limmma package (Ritchie et al., 2015) or the LTS normalization from the vsn package

(Huber et al., 2002). ROC curves and AUC calculations were performed using the

pROC package (Robin et al., 2011). Visualizations of the results were generated

using the ggplot2 package (Wickham, 2016) while using functionality from the

cowplot (Wilke, 2020), ggpubr (Kassambara, 2023) and scales package (Wickham

and Seidel, 2022). An overview over further R packages used for the analyses in
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chapters 4 and 5 is given in table B.9 in the appendix (p. 176), including version

numbers. The programming code for all analyses and visualizations in this thesis

can be found on Zenodo under the following link: https://zenodo.org/records/

11120878.

5.3 Test data sets and data preparation

In this section the four data sets used for method evaluation and comparison are

described as well as the preparation of the quantitative peptide-level data.

5.3.1 Test data sets with known protein ratios

To evaluate the proposed method for calculating protein ratios from peptide ratios

and to compare it with other established methods, different gold standard data sets

are used, as already explained in section 4.1. The idea behind such data sets is to

add certain proteins in varying concentrations into a stable background proteome

(spike-in proteins). By this, the expected protein ratios of the spike-in proteins are

known, while mimicking a complex sample by using a whole background proteome.

In some cases there are only some spike-in proteins (data set D1 and D2), in others

the whole proteome of different organisms are mixed leading to a less controlled but

more complex setting (data set D3 and D4). In the following, details on these gold

standard data sets are given regarding the expected ratios and spiked-in proteins

that were omitted in section 4.1.

For data set D1 (Barkovits et al., 2020; Uszkoreit et al., 2022), 13 non-mouse proteins

were spiked into 20 µg of C2C12 lysate in different concentrations, as shown in table

B.10. Different combinations of concentrations between 0.1 and 10 pmol of spike-in

proteins lead to 5 experimental conditions. Each of the states was measured in three

replicates, leading to 15 samples in total. By building ratios between the different

states, a wide variety of theoretical present ratios of 0.01, 0.02, 0.05, 0.1, 0.2, 0.5, 1,

2, 5, 10, 20, 50, 100 can be reached.

In data set D2 (Ramus et al., 2016a; Ramus et al., 2016b), yeast was used as

the background organism. The UPS1 (Universal Proteomics Standard Set) (Merck

KGaA, 2023) was spiked into yeast lysate, which contains 48 human proteins in
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equimolar amounts. Nine increasing UPS1 concentration levels were used, ranging

from 50amol/µg, up to 50,000 amol/µg. Therefore, ratios up to 1000 can be reached

when comparing condition 9 with condition 1. Each state was measured in three

replicates, leading to 27 samples in total.

In data set D3 (Cox et al., 2014), 60 µg HeLa cell lysate (human cells) were mixed

with either 10 µg or 30 µg of E.coli lysate, each fractionated into 24 fractions and

measured in three technical replicates. Therefore, by building ratios between the

two states, a theoretical ratio of three is obtained for all E.coli proteins. In contrast

to D1 and D2, here the whole proteome of the E.Coli bacterium is spiked into the

background and not a selected set of proteins. On the one hand, this leads to a

higher number of proteins with a known ratio. On the other hand, not every protein

is spiked-in separately, but as a lysate of the whole E.Coli cells. This can lead to

deviations from the ratio of three for the individual proteins, however, on average

the ratio of three is expected.

For the data set D4 (Saltzman et al., 2018), human HeLa as well as mouse NIH-

3T3 cells were mixed in seven different ratios: 0%, 10%, 25%, 50%, 75%, 90% and

100% HeLa. The mixing and measurement was repeated two to three times for each

condition. By comparing different mixtures, different expected ratios for human

and mouse proteins can be obtained between 1.1 and 10. Even a comparison of pure

human and pure mouse samples is possible.

An overview over the different data sets can be found in table B.1 (appendix, p.

171). The raw files were downloaded using the respective PXD number from PRIDE

(Perez-Riverol et al., 2022). The data were further processed as explained in section

4.1, without including isoforms.

In the following, pairwise ratios between experimental conditions will be considered.

While in data set D3 only one pairwise comparison is possible, D2 has the most

pairwise comparisons with 36 (nine experimental conditions). Data set D4 contains

a 100% human and a 100% mouse condition, which would lead to expected ratios

of zero or ∞ when compared to another condition. This scenario will lead to corre-

sponding zero or ∞ peptide ratios, which bppgQuant cannot handle appropriately

currently (see section 6.1 in the outlook chapter). Therefore, pairwise comparisons

containing either 100% mouse or 100% human samples for D4 where omitted during

analysis.
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5.3.2 Normalization of the peptide-level data

The MaxQuant software (Cox and Mann, 2008) generates a peptides.txt file con-

taining the results of peptide identification and quantification. The peptide data con-

taining non-normalized (”raw”) peptide intensities were processed as follows. Peptide

sequences matching to decoy proteins were removed. Peptides with an intensity of

0 over all samples were removed. Peptide intensities were log2-transformed. The

peptide intensities still contain technical variation or biases next to the biological

variation. The process of normalization aims at the reduction of the technical vari-

ation, which may be caused by small changes in the experimental conditions, like

temperature, pipetting errors or age of the chromatography column (Karpievitch

et al., 2012). After normalization, the samples are better comparable and prepared

for the following analysis (Rozanova et al., 2023). A general assumption of common

normalization methods is that the large majority of proteins or peptides does not

change between samples, so that a ratio around 1 is expected for the majority of

proteins (Karpievitch et al., 2012). This assumption is reasonable in many applica-

tions, as for example a certain disease does not change the whole proteome of a cell,

but often only specific pathways that are affected.

Local regression normalization (loess) is a method originally developed for microar-

ray data (Bolstad et al., 2003), but has proven to work well also on proteomics

data (Chawade et al., 2014; Välikangas et al., 2018). Briefly, the loess normaliza-

tion method generates MA-Plots based on the average and difference of the log-

transformed intensities of two samples. A local linear regression line is fitted to

the point cloud to account for potential differences in bias between high and low-

abundant proteins. Using the assumption that the majority of proteins does not

change between samples, the local regression line is shifted and the data points

are back-transformed. To normalize more than two samples, the fast cyclic loess

approach is applied, where each sample is normalized to an average representative

sample and the whole procedure is repeated several times (Ballman et al., 2004).

For each of the four data sets, the loess normalization was applied using the nor-

malizeBetweenArrays() function of the limma package. This method is compared

with the non-normalized data. Naturally, the protein quantification can only work

properly with a good quality of peptide intensities, so a good normalization is re-

quired here. For data sets D1 and D2, the assumption that the majority of proteins

do not change can reasonably be made, as only a few proteins are spiked into a stable
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Figure 5.3: Histograms and density estimates of log2-transformed peptide ratios in data
set D1 for the ten different pairwise condition comparisons. Original, non-
normalized values are shown on the left and loess-normalized values on the
right. The vertical dotted line describes the expected ratio of 1 (0 on log2-
scale). For better visibility, the x-axes were cut at −1 an 1 on log2-scale.



5.3 Test data sets and data preparation 87

background. Therefore, global differences between samples will largely be caused by

technical variation.

Figure 5.3 shows histograms of peptide ratios before normalization and after loess

normalization for data set D1. Without normalization for some pairwise condition

comparisons, e.g. comparing condition 1 and 3 or 4 and 5, the distribution of

peptide ratios shows a clear bias. Some other comparisons like 2 and 5 show much

less technical bias. The loess normalization clearly improve the situation by shifting

the distributions closer to the expected value of 0 on log2-scale. It can be concluded

that the loess normalization works reasonable well for the peptide data of data set

D1. For data set D2 the situation is similar the technical bias in the non-normalized

data is not as severe as for D1, but still the loess normalization reduces the bias in

the peptide-level quantitative data (see figure A.8 in the appendix, page 154).

In the data set D3, 60 µg HeLa cell lysate (human cells) were mixed with either 10 µg

or 30 µg of E. coli lysate. Here the question is if the change in the overall proteome

of these samples is too high for fulfilling the assumptions of a loess normalization.

A problem with this data set is that the total amount of the samples is different

(70 µg vs. 90 µg). This has an effect on the measured peptide intensities and will

lead to peptide intensities that deviate from the expected ratios. As can be seen
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Figure 5.4: Histograms and density estimates of ratios of the human background peptides
and the spiked-in E. coli peptides without normalization and after loess or
LTS normalization for the data set D3. The expected ratios of 1 for the human
peptides and 1

3 for the E. coli peptides are shown as a dashed vertical line.
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in figure 5.4, the distributions are shifted to the left for the non-normalized data.

However, the loess normalization is not able to normalize the data properly, but

overall shifts the data too far to the right. To overcome this issue the least trimmed

sum of squares normalization (LTS) was applied (Huber et al., 2002). The LTS

normalization is similar to a loess normalization, however, it can cope with a larger

part of the data changing. The local regression line is not calculated by minimizing

the error term over all samples, but only by a proportion λ of the data with the

smallest error term. This makes the method robust against larger changes of the

proteome between samples (Hahne et al., 2008, pp. 71-78). Here, the parameter λ

was set to the minimal allowed value of 0.5. The LTS-normalization performs better

than loess as is allows the violation of the stable proteome assumption, see figure

5.4 (p. 87). But still, while the E. coli peptides are distributed well around the

expected value, the human background peptides are still shifted to the right. The

difference between the two histograms is not as expected, most probably because of

measurement effects caused by the fact that different amounts of total protein were

measured. This is something that could only be fixed by re-measurement and a more

appropriate design of the data set. However the data set is still used with the LTS

normalization, as this one at least properly normalizes the E. coli peptides. For the

interpretation of the resulting protein ratios the not 100% optimal normalization of

the peptide ratios has to be considered.

For data set D4, the difference in total measured protein amount are not a problem

as always 50 µg of total protein was measured and only the proportion of human

and mouse proteins varies between the different conditions (Saltzman et al., 2018).

However, there is no stable background proteome over all samples and when com-

paring two samples with each other, always a large part of the proteome changes.

Therefore the normalization is an even greater challenge for this data set. Figure 5.5

(p. 89) shows the peptide ratio distribution for different normalization strategies.

For the non-normalized data, the medians are not too far away from the expected

ratios, however depending on the comparison there are small shifts to the right, e.g.

for 010 050 or 010 090. The LTS normalization shows the best results, however, in

some cases the distribution of the human peptides is still biased. This effect is the

most prominent in comparisons that contain the samples of the 25% HeLa / 75%

mouse group, which might be a sign of an issue with this specific underlying samples.

In all comparisons, there are a lot of peptides that are shared between mouse and

human (category ”both”). These may serve as a stable background and it can be

seen that the LTS normalization manages to shift this distribution close to a ratio
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Figure 5.5: Histograms and density estimated of peptide ratios in data set D4, without
normalization, with the loess normalization and LTS normalization. The ex-
pected ratios for human and murine peptides are shown as vertical dashed
lines. For better visibility, the x-axes were cut at −5 an 5.
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of 1 (0 on log2-scale). It was decided to continue with the LTS-normalized samples,

although the normalization may not be perfect (see also the discussion chapter).

So in summary, the peptide intensities for D1 and D2 were normalized with the loess

normalization, while D3 and D4 were normalized with the LTS normalization (with

λ = 0.5) to account for larger changes in the proteome between samples.

5.3.3 Data preparation for bppgQuant, PQP and SCAMPI

For calculation of the bipartite peptide-protein graphs, a comprehensive edgelist is

first generated, using all theoretical peptides from an in silico-digestion of the corre-

sponding fasta files. Peptides outside of the desired peptide length (minimum 6,7 or

8 depending on the data set and maximum 50 for all) were removed. The technical

replicates of the same sample (e.g., the same experimental condition, same amount

of spike-ins) are aggregated by calculating the mean intensity for each peptide. This

is only done if at least 60% of the samples (here in this case this usually means 2

out of 3 replicates) have a valid value, otherwise the mean intensity is treated as a

missing value. Then, peptide ratios between all possible pairwise combinations of

experimental conditions are calculated. If a peptide has missing values in at least

one of the two compared samples, the ratio is treated as missing. The complete

edgelist is now filtered for each comparison by peptides with valid peptide ratio.

This edgelist is used to collapse protein nodes. In contrast to chapter 4, peptide

nodes are not collapsed here, as all individual peptide nodes and the corresponding

ratios are needed for the optimization problem of the new protein quantification

method. The bipartite peptide-protein graphs are then generated from this edgelist,

while the peptide ratios are added as node attributes to the corresponding peptide

nodes. These graphs can directly be processed by the bppgQuant approach.

The PQP model was implemented by Dost et al. in C# and is provided as an

executable file. The data has to be provided in a specific format as a .txt file, see

table B.11 (appendix, p. 177). For each bipartite graph (called CC for connected

component) the data starts with >CC and the graph number, followed by a row with

number of protein nodes and peptides separated by comma. In the next line, the

known peptide ratios are given separated by comma. The following lines consist of

a representation of the adjacency matrix of the graph. The bipartite graphs and the

structure of the collapsed protein nodes can be directly translated into this format.
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For the peptide ratios, the reciprocal of the previously calculated peptide ratios

was used, as PQP expects them in the form of A/B while B/A was calculated.

This makes the correct interpretation of the results more straightforward. The PQP

executable is then executed via the system2() R function. Except the input file

and output file name no further arguments are necessary.

The output is again provided as a .txt file with a special format (see table B.12

in the appendix, p. 177). After the graph ID, the cost is given. This is the error

term of the optimal solution. In the next two lines the estimated intensities of the

protein nodes for sample B and A are given, respectively. Last, PQP recalculates

the peptide ratios from the estimated protein ratios using their model formula (i.e.,

without the error term). This output scheme is further processed by calculating

QB/QA to obtain the protein ratios and by mapping to the protein node names

by using the graph ID. If QB = QA = 0, the protein ratio is treated as an NA. If

QB = 0 and QA ̸= 0, the protein ratio is set to the minimum of obtained protein

ratios for the specific dataset and for QA = 0 and QB ̸= 0 the maximum is used.

SCAMPI is implemented in the R package protiq. The input data have to be

prepared in a certain format. SCAMPI requires three data frames as an input, one

containing peptide IDs, sequences and intensities, one containing protein IDs and

accessions and one containing the edge list of the graphs. Those three dataframes

are combined in a scampi object and run trough the checkInputData() function to

check for validity of the input and perform log10 transformation.

SCAMPI calculates on peptide intensities of individual samples instead of peptide

ratios between conditions. Therefore, a SCAMPI run for each individual sample is

calculated and the SCAMPI output is obtained. The output contains the estima-

tions for the model parameters, α, β, µ and τ as well as estimated score for the

proteins (compare to equation 3.16, page 24). To calculate protein ratios, the scores

are averaged over the replicates of the experimental conditions and the means are

subtracted from each other for the different comparisons between two conditions.

This leads to estimates of the protein ratios on log10 scale. In SCAMPI, two possi-

bilities to estimate the model parameters are implemented, MLE and ILSE, which

produce similar results in most cases. However, the behaviour of ILSE shows higher

robustness (Gerster et al., 2014), so we chose to focus only on these results.
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5.4 Results of a method comparison on test data sets

The four data sets D1, D2, D3 and D4 differ in their type and number of spike-in

proteins. For the data sets D1 and D2 only a few proteins (13 and 48, respectively)

were spiked into a stable background proteome (mouse and yeast cells, respectively).

The background proteins are expected to have a ratio distributed around 1, whereas

the spike-in proteins have different defined expected ratios depending on the concen-

trations that were spiked in. For the data sets D3 and D4, two proteomes (human

and E. coli or human and mouse) were mixed in different ratios. While the human

background proteins still have an expected ratio around 1 for D3, for D4 no stable

background over the different experimental conditions exists. Because of the differ-

ent characteristics of the four data sets, in the following, the results are presented

in different subsections. An overview over the number of quantified protein groups

for the different methods is given in section 5.4.1. The results for the data sets D1

and D2 are split into section 5.4.2 for the background proteins and 5.4.3 for the

spike-in proteins. The results for D3 and D4 are shown in section 5.4.4, followed by

a summary and consideration of the range solutions in section 5.4.5. Finally, the

results of bppgQuant after protein selection (as described in section 5.1.4) are shown

in section 5.4.6.

In the following the proposed bppgQuant method is compared with SCAMPI (Ger-

ster et al., 2014) and PQP (Dost et al., 2009; Dost et al., 2012). In section 3.6 (p.

33) those were identified as the only two methods that mention the possibility to

quantify proteins without shared peptides, which is also in the focus of bppgQuant.

For bppgQuant, especially for proteins with only shared peptides, the underlying

equation system may not have a single solution with a minimal error term, but

a whole range of possible solutions, which will be reported as an interval with a

lower and upper border. Some of these intervals are extremely large, because the

lower border is close to a ratio of zero. As corresponding large intervals on the

other side of 0 (with an upper border going to infinity) do not exist, this may be a

sign of numerical problems during optimization, for example due to contradictions

between peptide ratios. These large intervals are also hardly usable for biological

interpretation later on, this is why they were removed from the results. To determine

the threshold for cutting off the results, the interval length was plotted against the

interval centers, see figure A.9 in the appendix (p. 155). Interestingly, for all four

data sets the interval length for intervals with a positive interval center on log
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scale stops at a value around 14-15, while for negative intervals also larger lengths

are possible. This asymmetry indicates that these large intervals are computational

artifacts (likely due to contradictions in the equations). Therefore, interval solutions

with a length higher than 15 on log2-scale were removed, to ensure to reduction of

these artifacts while not removing valuable interval solutions.

Q8WTY4

0.97 1.14 0.81 1.08 2.51 1.27

F7BWP1E0CYY1

protein

shared peptide

unique peptide

Figure 5.6: Example of a bipartite peptide-protein graph with one protein ratio estimated
as 0. The peptide nodes are annotated with their respective measured peptide
ratios (rounded). BppgQuant estimates the following protein ratios (rounded):
Q8WTY4: 1.05, E0CYY1: 0.00, F7BWP1: 1.51.

A similar phenomenon occurs for the point estimates for the bppgQuant method. In

the current version of bppgQuant, for some protein nodes an extreme ratio of zero or

close to zero is estimated. As bppgQuant currently does not handle on/off proteins

and peptides (see also the discussion in section 5.5, p. 118) and such extreme ratios

do not occur in the other direction (meaning very large ratios going to infinity), this

is likely again a numerical artifact from the optimization step. Figure 5.6 shows

an example of a bipartite peptide-protein graph where one protein node ratio is

estimated as close to zero. The protein Q8WTY4 has two unique peptide and its

estimated ratio is 1.05, which is the geometric mean of the two unique peptide ratios.

This protein contains also all four present shared peptides. F7BWP1 is connected

to three of the shared peptides and a protein ratio of 1.51 is estimated. The third

protein, E0CYY1 has three shared peptide sequences with a high variability in their
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peptide ratios: 0.81, 1.08 and 2.51. The last one seems to be an outlier, which

causes a contradiction for this protein node. Derived from the optimization problem

in equation 5.13 (p. 79), the protein ratio needs to be smaller than 1.05 (the already

estimated ratio of protein Q8WTY4) to have a small error term for the peptide node

with ratio 0.81. On the other hand, it needs to be larger than the ratio of F7BWP1

(1.51) to be closer to the outlying peptide ratio of 2.51. Also other examples show

that estimated peptide ratios close to zero may be a hint for contradictions or outliers

in the peptide ratios. For the method comparisons, estimated protein ratios below

2−15 were set to NA (threshold chosen to be comparable to the one for the range

solutions). It has to be noted that the omission of small estimated protein ratios or

the large intervals does not influence the quantification of spike-in proteins as the

most extreme expected ratios are 1
1000

(data set D2).

5.4.1 Number of quantified protein nodes

The protein quantification methods bppgQuant, PQP and SCAMPI were applied

to all bipartite peptide-protein graphs that were constructed from the peptide-level

quantitative data sets D1, D2, D3 and D4 that were introduced in section 5.3 (p.

83). As a result, estimates for the unknown protein ratios are obtained.

In a bipartite peptide-protein graph, three different types of protein nodes can be

distinguished based on the peptide nodes they are connected with: protein nodes

with only unique peptides, with only shared peptides and with unique and shared

peptides. During protein quantification, protein nodes with unique peptides are

easier to handle, because the unique peptide ratios are only influenced by the corre-

sponding protein. In contrast, protein nodes with only shared peptides are hard to

quantify. Three types of estimates are possible for each protein node: a single solu-

tion, a range solution (only for bppgQuant) or no solution (error during calculation

or NA as output).

Figure 5.7 (p. 95) shows the relative frequency of the different solution types for the

different protein node types, data sets and quantification methods. The absolute

numbers for this can be found in table B.13 in the appendix (p. 178). These are

summed up numbers over all pairwise comparisons of the experimental conditions.

The absolute numbers are not comparable between data sets as each data set has a

different number of conditions and is based on different organisms.
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Figure 5.7: Barplots of relative frequencies of solution types for the different protein node
types, data sets and protein quantification methods. u: only unique peptides,
u+s: unique and shared peptides, s: only shared peptides.

Protein nodes with only unique peptides can always be quantified by all methods

in all data sets. This is often a trivial case. For example in bppgQuant this case

simplifies to the calculation of the geometric mean of the unique peptide ratios.

For protein nodes with unique and shared peptides, bppgQuant obtains a single

estimate for the majority of cases (94.1% - 100.0% depending on the data set). For

each bipartite peptide-protein graph the calculation was stopped after three hours,

leading to 0-5.9% of missing solutions for this protein node type. For this node type

bppgQuant only computes single solutions, except for nine protein nodes in data

set D4, which obtain a range solution (0.02%). In contrast, protein nodes with only

shared peptides lead to a range solution in most cases (63.5-86.5%). The proportion

of missing solutions (between 6.6% and 25.0%) is higher than for the nodes with
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unique and shared peptides. Differences between the four data sets can be observed.

While there are only a few missing solutions for bppgQuant on the data set D2,

this proportion becomes higher in the more complex data sets D3 and D4. In those,

also the proportion of single solutions for protein nodes without unique peptides is

higher (8.5% and 11.4%) compared to D2 (below 1%).

The PQP method has a high proportion of missing solutions for protein nodes with

only shared (up to 67.2% for D4) or unique and shared peptides (up to 89.3% for

D1). Missing solutions for protein ratios occur for this method when both protein

intensities for a pairwise comparison are estimated as zero. Interestingly, the amount

of missing solutions is much higher in protein nodes with unique and shared peptides,

although they should be easier to quantify than nodes with only shared peptides.

PQP seems to have difficulties quantifying these kind of protein nodes. Depending

on the data set only 10.7-35.7% of these nodes are quantified, while they are not

much of a problem for bppgQuant or SCAMPI. Again the influence of the data set

can be observed, as in D2 a higher proportion of proteins could be quantified. On the

other hand, SCAMPI produces solutions for all existing protein nodes, completely

independent of the presence of unique or shared peptides.

5.4.2 Results for the background proteome for data sets D1 and

D2

In this section the quantification results for the background proteins of the data sets

D1 and D2 are described. For these proteins a ratio of 1 (0 on log2-scale) is expected,

however this is not explicitly controlled for every single protein. It is expected that

the biological variability of the cells have an influence on this additionally to the

expected technical variability of the measurements.

In figure 5.8 (p. 97) histograms with density estimation of all single solutions (no

range solutions for bppgQuant) for the protein ratios for the background mouse pro-

teins in data set D1 over all 10 comparisons are shown, split by the sharedness/u-

niqueness of their corresponding peptides. Corresponding medians, MADs (median

absolute deviation from the expected value) and total number can be found in table

5.1. The robust measures median and MAD were chosen to limit the influence of

outliers in the protein ratio estimation.
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Figure 5.8: Histograms and density plots for the estimated protein ratios for the back-
ground proteins in data set D1 summarized over all 10 comparisons. Only the
murine background proteins (no spike-ins or contaminants) are shown here.
Only the single solutions (no range solutions) are visualized here. The x-axes
are cut at -1 and 1 for better visibility. Please consider the different ranges of
the y-axes.

For proteins with only unique peptide nodes, the estimates of the three methods

are symmetrically distributed around the expected log-ratio of zero. The medians

are close to zero, while bppgQuant has the one nearest to zero with 0.0022. The

distributions of bppgQuant and PQP are more narrow than SCAMPI, reflected by

a more than doubled median absolute deviation from the expected values of zero

(MAD) for SCAMPI (0.3591 compared to around 0.1476). For proteins with unique

and shared peptides, PQP shows an overestimation of the ratios which can be seen

in the histograms and by the bias in the medians. SCAMPI also has a much larger

median than bppgQuant with 0.0571 and a small shift to the right is also visible

in the histogram. For bppgQuant the distribution is still around zero with a MAD

similar to the proteins ratios with only unique peptides (around 0.1415). However,

it has to be noted that PQP has a problem with quantifying this type of nodes and
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Table 5.1: Median, MAD (median absolute difference from the expected ratio) and n (num-
ber of quantified protein nodes) of estimated log2 protein ratios for data set D1.
The best median and MAD values per node type are printed in bold.

Method Node type Median MAD n
bppgQuant only unique 0.0022 0.1476 15,709
PQP only unique -0.0108 0.1511 15,709
SCAMPI only unique 0.0317 0.3591 15,709
bppgQuant unique and shared 0.0091 0.1415 10,038
PQP unique and shared 0.0920 0.1976 1,112
SCAMPI unique and shared 0.0571 0.3562 10,389
bppgQuant only shared 0.0104 0.2873 2,173
PQP only shared -0.0226 0.2135 12,500
SCAMPI only shared 0.0117 0.3119 24,232

quantifies 90% less protein nodes compared to SCAMPI or bppgQuant (see table

5.1).

The distribution for proteins with only shared peptides for bppgQuant is broader

and contains heavier tails compared to the other node types. More ratios have a

higher distance to the expected zero, which leads to the higher MAD value of 0.2873.

However this behaviour is expected as quantifying protein nodes without any unique

peptide is the hardest case and it is a good result to even obtain single solutions (in

contrast to a range solution) in this case. The SCAMPI results show a similarly large

MAD and the distribution looks extremely similar to the other protein node types.

In this case, PQP shows the best distribution with a lower MAD of 0.2135, while

bppgQuant’s median is closest to the expected value of 0 with 0.0104. However, here

for bppgQuant only the single solution type is incorporated into the calculation of

the MAD and median, which explains the small n compared to the other methods.

For data set D2 the overall situation is similar to D1, see figure 5.9 (p. 99) and table

5.2 (p. 100). For the methods bppgQuant and PQP the distributions are narrow

around zero. In D2, there are overall less shared peptides and less proteins without

unique peptides (see also figure 4.5, p. 60). Also because bppgQuant has a large

proportion of range solutions for the protein nodes without unique peptides, the

corresponding histogram represents less than 10% of protein nodes than for PQP or

SCAMPI, making it appear less smooth. For SCAMPI the distributions are much

wider for all protein node types (also wider than for D1, as here the x-axis is from

−2 to 2 compared to −1 to 1 for D1.), which is also represented by much larger

MADs compared to the other two methods. For the protein nodes without unique



5.4 Results of a method comparison on test data sets 99

Method: SCAMPI

Node type: only unique

Method: SCAMPI

Node type: unique and shared

Method: SCAMPI

Node type: only shared

Method: PQP

Node type: only unique

Method: PQP

Node type: unique and shared

Method: PQP

Node type: only shared

Method: bppgQuant

Node type: only unique

Method: bppgQuant

Node type: unique and shared

Method: bppgQuant

Node type: only shared

−2 −1 0 1 2 −2 −1 0 1 2 −2 −1 0 1 2

−2 −1 0 1 2 −2 −1 0 1 2 −2 −1 0 1 2

−2 −1 0 1 2 −2 −1 0 1 2 −2 −1 0 1 2

0

5

10

15

0

50

100

150

0

25

50

75

100

0

100

200

300

400

0

50

100

150

0

50

100

0

1000

2000

0

1000

2000

0

200

400

600

800

log2(protein ratio)

D
e

n
s
it
y

Figure 5.9: Histograms and density plots for the estimated protein ratios for the back-
ground proteins in data set D2 summarized over all 10 comparisons. Only
the yeast background proteins (no spike-ins or contaminants) are shown here.
Only the single solutions (no range solutions) are visualized here. The x-axes
are cut at -2 and 2 for better visibility. Please consider the different ranges of
the y-axes.

peptides, PQP shows the best fitting distribution for the estimates with a median

of 0.0013 and an MAD of 0.2063.

5.4.3 Results for spike-in proteins in data sets D1 and D2

In data set D1 13 non-mouse proteins were spiked into a mouse cell background in

varying amounts, resulting in five conditions and ten pairwise comparisons of these

conditions, see table B.10 (appendix, p. 176). It has to be noted that some proteins

are more prone to missing peptide intensities if they were spiked into the sample in

low amounts (missing not at random because of the individual lower quantification

limit (Lazar et al., 2016)). Therefore, some of the spike-in proteins may not have

quantified peptides in some of the five experimental conditions and therefore no

protein ratio can be calculated by any of the three quantification methods (see figure
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Table 5.2: Median, MAD (median absolute difference from the expected ratio) and n (num-
ber of quantified protein nodes) of estimated log2 protein ratios for data set D2.
The best median and MAD values per node type are printed in bold.

Method Node type Median MAD n
bppgQuant only unique -0.0118 0.1719 20,240
PQP only unique -0.0139 0.1751 20,240
SCAMPI only unique 0.0406 0.5647 20,240
bppgQuant unique and shared -0.0152 0.1766 3,660
PQP unique and shared -0.0075 0.1473 1,307
SCAMPI unique and shared -0.0308 0.6469 3,660
bppgQuant only shared 0.0412 0.3371 127
PQP only shared 0.0013 0.2063 1,518
SCAMPI only shared 0.0209 0.4580 1,809

A.10 in the appendix, p. 156). As was already shown in figure 5.7 (p. 95), SCAMPI

quantifies all protein nodes that are present in the graphs, so all proteins with at

least one assigned peptide. Only in the comparison of condition 4 and 5 all 13 spiked-

in proteins have at least one quantified peptide and can be quantified by SCAMPI.

The least number of quantifiable spike-in proteins is in the comparison of condition 2

and condition 4 and condition 1 with 2 with only eight proteins. BppgQuant is able

to quantify most of the quantifiable spike-in proteins too, in most comparisons it

quantifies one protein less than SCAMPI. In contrast, PQP only quantifies between

one and seven proteins and in most cases less than half of the proteins that the other

methods can quantify. More than half of the protein nodes belonging to spike-in

proteins have unique and shared peptides, a node category that is difficult to handle

for PQP, as was already observed earlier.

The estimated and expected protein ratios for the different quantification methods

are compared in figure 5.10 (p. 101). All methods show a correlation with the ex-

pected ratios (Pearson correlation coefficient for bppgQuant: 0.989, for PQP: 0.986

and for SCAMPI: 0.901). However, SCAMPI has a much larger variance in the

estimates than bppgQuant or PQP, reflected also by the lower Pearson correlation.

The mean absolute deviation (MAD) for the spike-in proteins over all comparisons

is the smallest for bppqQuant with 0.4829, directly followed by PQP with 0.5161.

SCAMPI has by far the worst MAD with 2.6800. All three methods show a sys-

tematic underestimation of log-ratios smaller than zero and an overestimation of

ratios larger than zero. This phenomenon can already be seen on the corresponding

peptide level ratios in the original publication for the DDA data (Barkovits et al.,

2020).
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Figure 5.10: Scatter plot of expected versus estimated protein ratios for the spike-in pro-
teins in date set D1 for bppgQuant, PQP and SCAMPI. The red line repre-
sents the angle bisector.
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Figure 5.11: Range solutions for the spike-in proteins in data set D1 from the bppgQuant
method. The red crosses mark the expected protein ratio.

For two spike-in proteins in some comparisons there is a range solution calculated

by the bppgQuant method, namely P13006 and P02754 (see figure 5.11). It can

be seen that the results are mostly in line with the expected ratios. Either the

intervals cover the expected ratio or one of the interval borders is relatively close to

the expected ratio.

In data set D2 the UPS1 standard mixture with 48 proteins was mixed into a stable

yeast proteome in varying concentrations. In contrast to data set D1, where the

different spike-in proteins can have different concentrations within the same condi-

tion, the UPS1 mix contains all proteins in equimolar amounts and is spiked into

the sample as a whole. Figure A.11 (appendix, p. 156) shows the number of protein



102 5.4 Results of a method comparison on test data sets

bppgQuant PQP SCAMPI

2.5 5.0 7.5 10.0 2.5 5.0 7.5 10.0 2.5 5.0 7.5 10.0
−4

0

4

8

log2(expected ratio)

lo
g
2
(e

s
ti
m

a
te

d
 r

a
ti
o
)

Spike−in protein P12081ups P62988ups Other

Figure 5.12: Scatter plot of expected versus estimated protein ratios for the spike-in pro-
teins in date set D2. The red line represents the angle bisector.

ratios estimated for each comparison and method. It is noticeable that for com-

parisons with at least one of the low concentrations, the number of quantified UPS

proteins is extremely low. For all comparisons with 50 amol/µg and 125 amol/µg as

the smaller concentration only one or none of the UPS proteins is quantified in each

method. For 250 amol/µg it is up to two, for 500 amol/µg up to three and for 2500

amol/µg up to nine. For the comparison of the two largest concentrations, 25,000

and 50,000 amol/µl, 47 out of 48 UPS proteins could be quantified. The reason

for this behaviour is that the lower concentrations seem to lie below the detection

limit for most of the spike-in peptides. This has also been observed in the original

publication of the data set (Ramus et al., 2016b). In most cases, bppgQuant and

SCAMPI quantify the same number of spike-in protein per comparison and PQP a

bit less. The lower amount of protein nodes for PQP however is not as severe as for

data set D1. This could be explained by the fact that almost 75% of the spike-in

proteins in D2 have only unique peptides (the easiest case for quantification), while

this percentage was considerably lower in data set D1 with 32%.

Figure 5.12 shows the relationship between expected and estimated ratios for the

spike-in proteins for the different methods for data set D2. There is more variability

in the estimates for bppgQuant than for data set D1, however the estimated ratios

correlate well with the expected ratios (Pearson correlation: 0.937). For PQP the

situation looks similar, except outliers with greatly underestimated ratios, causing

the Pearson correlation to drop to 0.239. SCAMPI also contains such outliers and
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Figure 5.13: Range solutions for data set D2 from the bppgQuant method for the spike-in
proteins P12081ups and P62988ups. The red crosses represent the expected
protein ratio.

shows a large variability also for ratios of the other spike-in proteins. A lot of

estimates are even below zero on log2-scale, while the lowest expected ratio was one

on log2-scale. The Pearson correlation is therefore extremely low with a value of

−0.027, indicating no linear relationship between estimated and expected protein

ratios. The outliers for PQP and SCAMPI mostly from two proteins, P62988ups and

P12081ups. These proteins were quantified with a range solution by bppgQuant, that

is why there are missing in this figure. Overall, bppgQuant again has the smallest

MAD with 0.1499, followed by PQP with 0.2240 and SCAMPI with 1.0151.

Figure 5.13 shows the range solutions for the two spike-in proteins P12081ups and

P62988ups for the bppgQuant method. While the estimated intervals include the

expected protein ratio in 100% of the cases for P12081ups, this is only the case in

42.1% for P62988ups. For some comparisons, the interval largely underestimates

the protein ratios. This protein has many missing peptide intensities for low UPS

concentrations, which may be the cause of this wrong estimation. This problem will

be addressed further in the discussion section 5.5 (p. 118).

Additionally it is also interesting if the spike-in proteins can be distinguished from

the background proteins using the estimated protein ratios. Receiver Operating

Characteristics curves (ROC-curves) are calculated for separating the two classes

”spike-in” and ”not spike-in”. Contaminants were removed before the calculation of
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Figure 5.14: ROC curves and AUC values (with confidence interval) for distinguishing
spike-in from background proteins in data sets D1 (a) and D2 (b) using the
estimated protein ratios from bppgQuant, PQP and SCAMPI. Contaminants
(also spike-in contaminants for D1) were removed before calculation. Only
single solutions (no range solutions) regardless of the node type were used
for the calculation. For D1, absolute values of the log2-transformed protein
ratios were used.

the ROC curves and the corresponding area under the curve (AUC) values. For

data set D1, the expected ratios of the spike-in proteins are smaller or larger than 1.

To calculate the ROC-curves therefore the absolute values of the log2-transformed

estimated ratios are used, as the spike-in ratios are expected to be further away from

1 than those of the background proteins.

Figure 5.14 show the ROC curves for data set D1 and D2, the ratios for all pairwise

condition comparisons were analyzed together. For data set D1, all three methods

show a very good AUC value of over 0.9. BppQuant shows the best AUC value with

0.9888, followed by SCAMPI with 0.09764, while PQP shows the worst with 0.9006.

For data set D2, bppgQuant and PQP again show high AUC values with 0.9964 and

0.9698, respectively, while SCAMPI has the worst AUC with 0.7783.
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5.4.4 Results for data sets D3 and D4

The data sets D3 and D4 are different from D1 and D2 as they do not have a few

spike-in proteins but whole proteomes of two different organisms, that are mixed in

defined ratios.
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Figure 5.15: Histograms and density plots for the estimated protein ratios in data set D3.
Contaminant proteins were removed. Only the single solutions (no range
solutions) are visualized here. The x-axes are cut at -5 and 5 for better
visibility. Please consider the different ranges of the y-axes.

In data set D3, 60 µg of human proteins were mixed with 10 or 30 µg of E. coli

proteins. In theory, when comparing the two experimental conditions, protein ratios

of 1 (0 on log2-scale) for the human proteins and
1

3
(−1.0986 on log-scale) for the

E. coli proteins would be expected.

Histograms of the estimated protein ratios for the data set D3, for the human and

E. coli peptides are shown in figure 5.15 with corresponding median and MAD

values in table 5.3 (p. 106). For the protein nodes with only unique peptides,

PQP has a median of 0.0587 which fits best to the expected value, closely followed

by bppgQuant. However, SCAMPI has the lowest MAD with 0.6235 caused by a



106 5.4 Results of a method comparison on test data sets

Table 5.3: Median, MAD and total number of quantified proteins (n) for the different
organisms (Org.), methods and node types (NT, u = only unique, u+s = unique
and shared, s = only shared) for data set D3. The expected ratio for human
and E. coli proteins are shown in column ”ER”. The best median and MAD
values per organism/node type are printed in bold.

Org. Method NT ER Median MAD n
Human bppgQuant u 0.0000 0.0764 0.7752 1,405
Human PQP u 0.0000 0.0587 0.7921 1,405
Human SCAMPI u 0.0000 0.2781 0.6235 1,405
Human bppgQuant u+s 0.0000 0.2647 0.7465 1,043
Human PQP u+s 0.0000 0.5715 0.9683 159
Human SCAMPI u+s 0.0000 0.6142 1.0437 1,096
Human bppgQuant s 0.0000 0.6531 2.2268 386
Human PQP s 0.0000 0.1607 1.5991 1,787
Human SCAMPI s 0.0000 0.3499 0.6222 4,507
E. coli bppgQuant u -1.0986 -1.7514 0.5540 1,250
E. coli PQP u -1.0986 -1.7181 0.5682 1,250
E. coli SCAMPI u -1.0986 -0.3953 1.9220 1,250
E. coli bppgQuant u+s -1.0986 -1.7012 0.2386 28
E. coli PQP u+s -1.0986 -1.5842 0.3303 7
E. coli SCAMPI u+s -1.0986 -1.5248 1.0485 28
E. coli PQP s -1.0986 -1.7404 0.6727 8
E. coli SCAMPI s -1.0986 -0.2555 1.9710 9

narrow but shifted distribution (median value of 0.2781). For the E. coli proteins,

the distributions of bppgQuant and PQP are shifted to the left of the expected value

of −1.0986, while SCAMPI has a wide distribution shifted to the right. For the node

types with unique and shared or only shared peptides, only a small number of E. coli

peptides exists, as the number of shared peptides is low in general here. For human

protein nodes with unique and shared peptides all distributions are shifted to the

right, while bppgQuant shows by far the best median with 0.2647 and the lowest

MAD with 0.7465. For the E. coli protein nodes, SCAMPI has the best median and

bppgQuant the lowest MAD, however, these numbers are only based on 28 protein

nodes. For human protein nodes with only shared peptides, all three methods again

show a distribution shifted to the right of the expected ratio. Here, PQP has the

best median and SCAMPI with the narrow distribution the lowest MAD. The results

of the E. coli proteins are however hard to interpret as only a few of them fall into

this node category.

Regarding the interpretation of the results, not only closeness to the expected ratio

is important. Even more important in practice is the ability to distinguish between
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background and spiked-in proteins. In a real case scenario this would be stable

proteins that do not change between samples and proteins that show a differential

expression. Therefore a ROC analysis was conducted trying to differentiate between

human and E. coli proteins based on their estimated protein ratios (see figure 5.16).

The ROC curves of bppgQuant and PQP follow a similar shape, while bppgQuant

has a better overall sensitivity. With an area under the curve (AUC) of 0.9404

bppgQuant performs clearly better in distinguishing human and E. coli proteins

than PQP (AUC = 0.8392) and SCAMPI (AUC = 0.7675). This is in line with

the results from before, where the ratio distributions estimated by SCAMPI show a

much higher overlap between organisms.

For data set D4, proteins of human (HeLa) and mouse cells were mixed in different

concentrations. Only pairwise comparisons of conditions that do not contain the

100% HeLa or the 0% HeLa samples will be considered here, as bppgQuant currently

is not able to quantify on/off proteins in a suitable manner (see the discussion

section 5.5, p. 118 for more details on this topic). As an example, the histograms

for the comparison of the mixture with 90% HeLa and 10% HeLa (the comparison

with the largest expected sample differences) is shown in figure 5.17 (p. 108, other

comparisons can be found in the appendix in figures A.12 to A.20 in the appendix,
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Figure 5.16: ROC curves and AUC values (with confidence interval) for distinguishing
E. coli proteins from human proteins in data sets D3 using the estimated pro-
tein ratios from bppgQuant, PQP and SCAMPI. Contaminants were removed
before calculation. Only single solutions (no range solutions) regardless of the
node type were used for the calculation.
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Figure 5.17: Histograms and density plots for the estimated protein ratios in data set D4
comparing the 10% human / 90% mouse sample with the 90% human / 10%
mouse samples (comparison 010 090). Contaminant proteins were removed.
Only single solutions (no range solutions) regardless of the node type were
used. The x-axes are cut at -5 and 5 for better visibility. Please consider the
different ranges of the y-axes.

p. 157-165, and the corresponding table B.14, p. 184). For human proteins a ratio of

9 (3.1699 on log2-scale) and for mouse proteins a ratio of 1
9
(−3.1699 on log2-scale)

is expected as shown by the vertical dashed lines in the respective group colours. In

light blue, the ratios of mixed protein nodes are presented. In these nodes, protein

accessions from human as well as mouse proteins are collapsed. Therefore it cannot

be decided if the protein node is stemming from human or mouse and an expected

protein ratio is not explicitly given.

For bppgQuant and this specific comparison, the distributions of human and mouse

proteins fit well to their expected ratios for the protein nodes with only unique

peptides or unique and shared peptides (also the median estimated ratios are close

to the expected ratios, see table 5.4, p. 109). There is a large proportion of mixed

protein nodes that contain human as well as mouse proteins. These show a wide

distribution that is centered around a ratio of 0 on log2-scale. The ratios for the
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Table 5.4: Median, MAD and total number of quantified proteins (n) for the different
organisms (Org.), methods and node types (NT, u = only unique, u+s = unique
and shared, s = only shared) for data set D4, comparison of 10% human /
90% mouse samples with 90% human, / 10% mouse samples (010 090). The
expected ratio for human and murine proteins are shown in column ”ER”. The
best median and MAD values per organism/node type are printed in bold.

Org. Method NT ER Median MAD n
Human bppgQuant u 3.1699 3.0170 0.4196 185
Human PQP u 3.1699 2.9908 0.4449 185
Human SCAMPI u 3.1699 1.5032 2.5024 185
Human bppgQuant u+s 3.1699 3.0684 0.4359 495
Human PQP u+s 3.1699 3.1159 0.4920 156
Human SCAMPI u+s 3.1699 2.7325 2.3052 528
Human bppgQuant s 3.1699 1.1058 4.4376 674
Human PQP s 3.1699 0.1804 5.0436 1,551
Human SCAMPI s 3.1699 0.3789 4.1426 4,686
Mouse bppgQuant u -3.1699 -2.9794 0.5410 203
Mouse PQP u -3.1699 -3.0204 0.5769 203
Mouse SCAMPI u -3.1699 -1.0968 3.2020 203
Mouse bppgQuant u+s -3.1699 -3.1470 0.4197 638
Mouse PQP u+s -3.1699 -3.2536 0.4850 79
Mouse SCAMPI u+s -3.1699 -2.2831 2.4753 685
Mouse bppgQuant s -3.1699 -0.4146 5.0100 340
Mouse PQP s -3.1699 -0.8699 5.7965 662
Mouse SCAMPI s -3.1699 -0.1933 4.4174 2,324

protein nodes with unique and shared peptides show a similar distribution, however,

the mixed protein nodes are less prominent. For the proteins with only shared

peptides, the distributions of human and mouse proteins are bimodal with a peak

near their expected ratio and a peak near zero (where also the mixed protein nodes

are located). Also the histograms are more coarse as there are less protein nodes

with only shared peptides that obtain a fixed solution. The distance of the median

to the true value and the MAD values are also worse than for the other node types.

Many protein nodes of this type receive a range solution, which is not incorporated

into the histograms or the median and MAD calculations.

For PQP the results are similar and median and MAD values are similar to those of

bppgQuant for protein nodes with only unique or unique and shared proteins. As

could be seen before in figure 5.7 (p. 95), PQP has difficulties quantifying protein

nodes with unique and shared peptides and quantifies much less proteins in this

category, especially for mouse. SCAMPI quantifies the protein nodes considerably
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Table 5.5: Area under the ROC curve (AUC) for the different methods for distinguishing
between human and mouse proteins in data set D4 for the different pairwise
condition comparisons. The largest AUC value in each row is printed in bold.

Comparison bppgQuant PQP SCAMPI
010 025 0.8224 0.6743 0.5567
010 050 0.8790 0.7526 0.7100
010 075 0.8745 0.7585 0.7551
010 090 0.8690 0.7278 0.7814
025 050 0.8847 0.7465 0.7104
025 075 0.8977 0.7652 0.7522
025 090 0.8716 0.7521 0.7326
050 075 0.8897 0.7388 0.6791
050 090 0.8730 0.7206 0.6634
075 090 0.8192 0.6467 0.5457

worse than the other two methods taking the expected ratios into account. For

protein nodes with only unique or unique and shared peptides the distributions of

the log-ratios for human and mouse are much broader than for the other methods,

which also leads to medians far away from the expected value and a much higher

MAD than for PQP or bppgQuant (e.g., for the human protein nodes, the MAD is

larger than 2 for SCAMPI and below 0.5 for the other methods). For protein nodes

with only shared peptides, all three distributions are centered close to zero with

a large overlap. There is no much separation between mouse and human protein

nodes. Still, likely because of the more narrow distribution compared to the other

methods (and few outliers for PQP and bppgQuant, which are outside of the shown

x-axis range), SCAMPI has the smallest MADs in this situation.

Overall it can be seen that quantifying proteins with only shared peptides is hard

for all methods, as the medians have a larger distance to the expected ratios and

the MAD values are up to 10 times higher than for protein nodes that have unique

peptides.

For the other pairwise comparisons, the situation is similar, however in some a bias

of the estimated ratios especially for the human proteins can be observed. For

example, for the comparison of HELA010 and HELA025 (see figure A.12, p. 157),

the distribution of the human protein nodes are shifted to the right of the expected

value. This is in correspondence with the distribution of normalized peptide ratios,

see figure 5.5 (p. 89). Also, in this comparison the proportion of wrongly quantified

protein ratios close to 0 is much higher.



5.4 Results of a method comparison on test data sets 111

To assess the ability of the different methods to distinguish between mouse and

human protein nodes based on their estimated ratios, ROC curves were calculated

(over all node types together). The corresponding area under the curve (AUCs) can

be found in table 5.5 (p. 110). It can be seen that bppqQuant has the highest AUC

for all comparisons, between 0.8192 and 0.8977. SCAMPI has the worst AUC in all

cases except for 010 090 and is close to random guessing for 010 025 and 075 090,

which have the smallest ratio differences between the organisms. Visualizations of

the corresponding ROC curves can be found in figure A.21 (appendix, p. 166).

5.4.5 Summary and consideration of range solutions

A summary of the result from the sections 5.4.2 to 5.4.4 is given in table 5.6 (p.

112). For each situation, the best performing of the three methods (bppgQuant,

PQP or SCAMPI) is shown regarding the median with the lowest distance to the

expected value, the lowest MAD and the highest AUC value. The results for median

and MAD are split by the type of protein node (only unique, unique and shared or

only shared peptide nodes), while the AUC values were calculated on the whole data

set. For data sets D1 and D2, additional MAD values for the spike-in proteins were

calculated, while the calculations are split by organism for D3 and D4. For D1 and

D2, the results over all pairwise condition comparisons are summarized in one row.

This is not possible for D4 because here no stable background proteome exists. D3

only has one condition comparison.

BppgQuant has the overall best MAD values in many cases for protein nodes with

only unique as well as unique and shared peptides. For only shared peptides,

SCAMPI has the lowest value for all parts of D4 and the human proteins in D3. For

the median, either PQP or bppgQuant have the best value, independent of the type

of protein node, however the difference between the methods is comparably low in

most cases. BppgQuant has the best MAD value for the spike-in proteins in data

sets D1 and D2. Strikingly, also bppgQuant has constantly the best AUC value

for distinguishing spike-ins from background proteins (D1 and D2) or two mixed

organisms (D3 and D4).

In summary it can be seen that SCAMPI performs worst of the three methods. It

has the lowest MAD for protein nodes with only shared peptides in many situations,

but often a strong bias in the median of the estimated protein ratios and an overall
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Data Part Median MAD Median MAD Median MAD MAD AUC
u u u+s u+s s s spike-ins total

D1 Background bppgQuant bppgQuant bppgQuant bppgQuant bppgQuant PQP bppgQuant bppgQuant
D2 Background bppgQuant bppgQuant PQP PQP PQP PQP bppgQuant bppgQuant
D3 Human PQP SCAMPI bppgQuant bppgQuant PQP SCAMPI
D3 E. coli PQP bppgQuant SCAMPI bppgQuant PQP PQP

bppgQuant

D4 010 025 Human PQP PQP PQP bppgQuant bppgQuant SCAMPI
D4 010 025 Mouse PQP bppgQuant bppgQuant bppgQuant PQP SCAMPI

bppgQuant

D4 010 050 Human PQP PQP PQP bppgQuant bppgQuant SCAMPI
D4 010 050 Mouse PQP bppgQuant bppgQuant bppgQuant PQP SCAMPI

bppgQuant

D4 010 075 Human bppgQuant bppgQuant bppgQuant bppgQuant bppgQuant SCAMPI
D4 010 075 Mouse PQP bppgQuant bppgQuant bppgQuant PQP SCAMPI

bppgQuant

D4 010 090 Human bppgQuant bppgQuant PQP bppgQuant bppgQuant SCAMPI
D4 010 090 Mouse PQP bppgQuant bppgQuant bppgQuant PQP SCAMPI

bppgQuant

D4 025 050 Human bppgQuant bppgQuant PQP bppgQuant bppgQuant SCAMPI
D4 025 050 Mouse PQP bppgQuant PQP bppgQuant PQP SCAMPI

bppgQuant

D4 025 075 Human bppgQuant bppgQuant PQP bppgQuant bppgQuant SCAMPI
D4 025 075 Mouse PQP bppgQuant PQP bppgQuant PQP SCAMPI

bppgQuant

D4 025 090 Human bppgQuant bppgQuant PQP bppgQuant bppgQuant SCAMPI
D4 025 090 Mouse PQP bppgQuant bppgQuant bppgQuant PQP SCAMPI

bppgQuant

D4 050 075 Human bppgQuant bppgQuant PQP bppgQuant bppgQuant SCAMPI
D4 050 075 Mouse PQP PQP bppgQuant bppgQuant PQP SCAMPI

bppgQuant

D4 050 090 Human bppgQuant bppgQuant PQP PQP bppgQuant SCAMPI
D4 050 090 Mouse PQP PQP PQP bppgQuant bppgQuant SCAMPI

bppgQuant

D4 075 090 Human bppgQuant bppgQuant PQP bppgQuant bppgQuant SCAMPI
D4 075 090 Mouse PQP bppgQuant bppgQuant bppgQuant bppgQuant SCAMPI

bppgQuant
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worst performance in the ROC analysis. In 17 of the 23 cases with SCAMPI as the

best performing method, bppgQuant performs better than PQP.

In table 5.6 (p. 112) for the bppgQuant method only the cases with a single solution

for the protein node ratio are considered. This is because range solutions cannot

easily be visualized in a histogram, be incorporated in ROC analysis or in the calcu-

lation of medians and MADs. However, this may be an unfair comparison regarding

the protein nodes with only shared peptides, where bppgQuant produces between

63.5% and 86.5% range solutions depending on the data set.

A way to visualize the range solutions is shown in figure 5.18 (p. 114), exemplarily for

the comparison of HELA010 with HELA090 samples in data set D4. Each horizontal

line represents the range solution for one protein node reaching from the lower to

the upper border of the resulting interval. The solutions are sorted by organism and

from bottom to top by increasing length of the interval. The expected ratios for the

human and mouse proteins are shown as dashed vertical lines. The results fit well to

the observations made for the single solutions. For human and mouse protein nodes,

there are intervals fitting well to the expected ratios and others that are lying around

zero. This corresponds to the bimodal distribution that was visible for the single

solutions, see figure 5.17 (p. 108). Furthermore the intervals for mixed protein ratios

concentrate around 0, like the distributions for the mixed single solutions. Further

examples of such graphics for the data sets D1, D2 and D3 can be found in the

appendix as figures A.22, A.23 and A.24, pp. 167-169. For D1 and D2 only the

background proteins are plotted here. For data set D3, there are range solutions

only for human proteins, so no distinction between organisms is necessary.

For D1, D2 and D3 the intervals also seem to lie around the expected protein ratio

of zero, however, on a closer look it is visible that most intervals start or end at

zero and do not contain zero. Depending on the data set, only between 24.50% and

34.63% contain the 1, while this percentage is rising to 75.62 and 85.37% of overlap

with the interval

[
1

1.2
, 1.2

]
for data sets D2 and D1, respectively (see table 5.7). For

data set D3, the initial coverage of the expected ratio is the highest with 34.63%,

however it only rises to 48.35% for the larger interval. This may be explained by a

small shift of the interval gaps to the right which is visible in figure A.24 (p. 169)

and can already be observed also for the single solutions in figure 5.15 (p. 105).

It is not directly possible to compare these range solutions with the point solutions

for the same protein nodes that PQP or SCAMPI obtain. Therefore, two ways
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Figure 5.18: Graphical representation of range solutions for the comparison of 10% human
/ 90% mouse samples with 90% human / 10% mouse samples in D4. Each
horizontal line represents a range solution for one protein node, sorted by
organisms and decreasing interval length from top to bottom.
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Table 5.7: Percentages of range solutions for data sets D1, D2 and D3 that cover the
expected ratio of 1 or overlap with narrow intervals around 1.

Data set contains 1 overlap with

[
1

1.1
, 1.1

]
overlap with

[
1

1.2
, 1.2

]

D1 30.06% 67.71% 85.37%
D2 24.50% 57.58% 75.62%
D3 34.63% 41.94% 48.35%

of simplifying the range solution to a single estimated ratio are considered. First,

naturally, the center of the interval calculated as the mean of the interval borders (on

log2-scale) is one possibility. As a second (conservative) option, one of the interval

borders is used, namely the one that is more closer to 0, again on log2-scale. These

two options are calculated and compared to the results from PQP and SCAMPI.

Table 5.8 shows the results when using the interval border closest to 0 on log2-scale

for the range solutions that otherwise would not be comparable with solutions from

PQP or SCAMPI. As range solutions almost exclusively occur for protein nodes

with only shared peptides, only those where considered in this table. Additionally

MAD values of the spike-in proteins for D1 and D2 and the results of the ROC

analysis are shown, as they are also effected by results for protein nodes with only

shared peptides. Asterisks show cases where the best performing method changes

compared to table 5.6 (p. 112). Especially for the MAD values, which was dominated

by SCAMPI, bppgQuant 0 shows good results and is the best method in 16 out of 24

cases. It also retains the best ranking in all except one ROC analysis, although the

AUC values are in general lower than when ignoring the range solutions. However,

in five cases the best median is lost to PQP or SCAMPI, while it is only gained in

one case.

A corresponding table for considering the interval center for range solutions

(bppgQuant c) is shown in the appendix in table B.15 (p. 185). BppgQuant c

performs better regarding median values close to the expected value, however it

loses rank 1 in the ROC analysis in more than half of the cases to SCAMPI or PQP.

This indicates that for the range solutions on bppgQuant the center of the interval

is a worse estimator for the true ratio than the conservative usage of the interval

border closest to zero. This fits to the observations in figure 5.18 (p. 114), where

many intervals start or end near the expected ratios, but in many cases do not cover

it.
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Table 5.8: Result summary using the interval border closer to 0 for range solutions stem-
ming from bppgQuant (bppgQuant 0). Asterisks (*) indicate that the best
performing method changed compared to table 5.6.

Data set Part Median MAD MAD AUC
Only shared Only shared Spike-ins Total

D1 Background *SCAMPI *bppgQuant 0 bppgQuant 0 bppgQuant 0
D2 Background PQP *bppgQuant 0 bppgQuant 0 bppgQuant 0
D3 Human PQP SCAMPI
D3 E. coli *bppgQuant 0 *bppgQuant 0

bppgQuant 0

D4 010 025 Human bppgQuant 0 *bppgQuant 0
D4 010 025 Mouse PQP *bppgQuant 0

bppgQuant 0

D4 010 050 Human *SCAMPI SCAMPI
D4 010 050 Mouse PQP *bppgQuant 0

bppgQuant 0

D4 010 075 Human *SCAMPI *bppgQuant 0
D4 010 075 Mouse PQP *bppgQuant 0

bppgQuant 0

D4 010 090 Human bppgQuant 0 SCAMPI
D4 010 090 Mouse PQP *bppgQuant 0

*SCAMPI

D4 025 050 Human bppgQuant 0 SCAMPI
D4 025 050 Mouse PQP SCAMPI

bppgQuant 0

D4 025 075 Human bppgQuant 0 *bppgQuant 0
D4 025 075 Mouse PQP *bppgQuant 0

bppgQuant 0

D4 025 090 Human bppgQuant 0 *bppgQuant 0
D4 025 090 Mouse PQP *bppgQuant 0

bppgQuant 0

D4 050 075 Human bppgQuant 0 SCAMPI
D4 050 075 Mouse PQP *bppgQuant 0

bppgQuant 0

D4 050 090 Human bppgQuant 0 *bppgQuant 0
D4 050 090 Mouse *PQP SCAMPI

bppgQuant 0

D4 075 090 Human bppgQuant 0 *bppgQuant 0
D4 075 090 Mouse *PQP SCAMPI

bppgQuant 0

5.4.6 Selection of a subset of protein nodes

Especially in the bppgQuant results for the protein nodes with only shared peptides

in data set D4 a bimodal distribution can be observed (see figures 5.17, p. 108,

and 5.18, p. 114). While a part of the results align well with the expected ratios,

there is a part of wrong solutions that gather around a ratio of 1, for both single

and range solutions. It is possible that these deviations from the true ratios may

in part be caused by protein nodes not present in the samples. As introduced in

section 5.1.4 (p. 81), a selection of only protein nodes that sufficiently contribute to

the differences between peptide ratios is possible. This procedure was exemplarily

applied to the comparison of HELA010 and HELA090 samples in data set D4.
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Figure 5.19: Example of a bipartite peptide-protein graph before (a) and after (b) protein
node selection.

An example is shown in figure 5.19. The graph contains three protein nodes, only one

of them has a unique peptide. For the whole graph, the error term after optimization

is < 10−15. When removing the protein node Q2TPA8, the error term dramatically

rises to 1.39. In this case the graph would break into two smaller graphs. If instead

B1AX78 is removed, the error term stays extremely small at < 10−15. Further

removal of protein nodes is not possible, as this would leave unconnected peptides.

Of formerly 7,292 protein nodes with only shared peptides in this comparison, 3,907

(53.6%) were removed. Of the 4,406 that are left, for 1,021 (23.2%) at least one

peptide becomes unique because of the removal of other protein nodes. The largest

impact of this procedure is expected for protein nodes that formerly have only shared

peptides. A histogram of the corresponding estimated ratios is shown in figure

5.20(a) (p. 118). This can be compared with the corresponding figure when using

all protein nodes (figure 5.17 top right, p. 108). It can be observed that when

selecting only relevant protein nodes, the proportion of wrongly quantified human

or mouse proteins is reduced, as the histogram peaks now are higher at the expected

values than at the wrong value of 0. The median changes from formerly 1.1058

for human and −0.4146 for mouse (see table 5.4, p. 109) to much better fitting

values of 2.8759 and −3.0111, respectively. The expected log2-ratios are 3.1699 for
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Figure 5.20: (a) Histograms and density estimation for the estimated protein ratios calcu-
lated by bppgQuant with protein selection on the comparison of 10% human
/ 90% mouse with 90% human / 10% mouse samples (comparison 010 090)
in data set D4. For better visibility, the x-axis was cut at -5 and 5. (b)
Comparison of run times in minutes per bipartite peptide-protein graphs of
bppgQuant with and without protein node selection, calculated on the con-
dition comparison 010 090 in data set D4.

human and −3.1699 for mouse, respectively. Also, the MAD decreases sharply from

4.4376 to 0.9252 for human and from 5.0100 to 0.7023 for mouse. Over all protein

nodes, the AUC rises from 0.8690 to 0.8982. Another advantage of the protein node

selection procedure is the reduced run time. As shown in figure 5.20(b), the runtime

is decreased for almost all bipartite peptide-protein graphs. Additionally, protein

ratios could be calculated for 56 additional graphs within the set limit of three hours.

5.5 Discussion

In this chapter the novel protein quantification algorithm bppgQuant was proposed

that solves optimization problems generated from the bipartite peptide-protein

graphs to estimate protein ratios from measured peptide ratios. In contrast to many

other existing methods it explicitly calculates ratios also for protein nodes without

any unique peptide, in many cases by producing a range solution that consists of

an interval of possible optimal protein ratios. The results from bppgQuant were

compared with two other methods, PQP and SCAMPI, on four different data sets
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with known expected protein ratios. While the median of protein ratios calculated

by PQP are often the closest to the expected ratio (closely followed by bppgQuant),

bppgQuant has the lowest MAD in many cases for protein nodes with only unique

and unique and shared peptides. For protein nodes with only shared peptides,

SCAMPI has the lowest MAD in most cases, however, there are large distances

between median protein ratios and expected values. Also, the ROC analysis showed

the overall lowest AUC for SCAMPI. BppgQuant showed overall the best perfor-

mance in distinguishing spike-in from background proteins or different organisms

within the same data set and in accurately quantifying the spike-in proteins in data

sets D1 and D2.

The three compared protein quantification methods differ in the number of protein

nodes that could be quantified in the different data sets (see figure 5.7, p. 95).

SCAMPI computes protein ratios for every single protein node, irrespective of the

node type. PQP does not give a solution for many protein nodes with ”unique and

shared” or ”only shared” peptides. In principle, bppgQuant can estimate a single

protein ratio or range solution for each protein node. However, some limitations

lead to not reporting all possible results. First, the computation of the estimate for

the protein ratio for a bipartite graph was limited to three hours. As explained in

section 5.1.3 (p. 79), to calculate also multiple possible solutions for the same graph,

the optimization is repeated several times on a grid of values for the weights Ci, which

may lead to a longer run time. Additionally, it was observed that the optimization

procedure took extremely long to converge for some graphs, especially when the Ci

grid point was close to 1 or 0, likely because of numerical difficulties (e.g., division

by a value close to 0). However, such grid points may be necessary to consider, as

these are used to improve the estimation of the potential lower and upper limits of

the range solutions, which may be a better estimator than the center of the intervals,

as was shown in section 5.4.5 (p. 111). Adjusting of the internal parameters of the

optimization algorithm, e.g., tolerances and stop criteria, may decrease the runtime

in these cases without losing accuracy for other graphs. Second, there are protein

ratios estimated as close to zero by bppgQuant. As explained in section 5.4 (p.

92), there are single solutions and lower limits of range solutions with values close

to zero. It was decided to omit these outlying results for the method comparison.

These may be caused by contradictions in the peptide ratios (caused by outliers in

the peptide ratios), as shown in an example in figure 5.6 (p. 93). This issue may be

addressed in the future by appropriate handling of peptide outliers, as discussed in

the outlook chapter, section 6.2.
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The PQP method is able to calculate a protein ratio for 32.7-84.3% of the protein

nodes with ”only shared” peptides, which is the most difficult node type to quantify.

However, it only quantifies even a smaller proportion (10.7-35.7%) of protein nodes

with ”unique and shared” peptides and also shows a bias in the calculated protein

ratios for this node type, e.g. for data set D1 (see figure 5.8, p. 97). It is not

completely clear why PQP has problems with quantifying this type of node, as

the present unique peptides should make it easier than quantifying proteins with

no unique peptides at all. In many of these cases, PQP calculates intensities of

0 in both compared conditions, leading to an undefined protein ratio despite the

presence of one or more unique peptides. As another problem it was observed that

the PQP method is not robust against using the reciprocal of the peptide ratios as

an input (which, ideally should lead to the reciprocal of the corresponding originally

calculated protein ratios), especially for ratios close to 1 (see figure A.25 in the

appendix, p. 170). This may be explained by the minimization of the sum of

absolute error terms causing an asymmetric consideration of ratios larger or smaller

than 1.

SCAMPI calculates protein intensities for every single protein accession that has any

connection to at least one quantified peptide in the data set. However, in summary,

SCAMPI showed the worst results compared to bppgQuant and PQP, which cannot

properly be explained at the moment. In the original paper (Gerster et al., 2014), the

obtained protein scores are correlated with known protein concentrations and show

acceptable results. However in this thesis, it showed wider protein ratio distributions

than PQP or bppgQuant for data sets D1 and D2 (figure 5.8, p. 97, and figure 5.9,

p. 99) and higher variability in the estimation of spike-in protein ratios (figure 5.10,

p. 101, and figure 5.12, p. 102). On data sets D3 and D4 SCAMPI’s protein ratio

estimates showed the worst ability to distinguish between the different organisms

especially for protein nodes with only shared peptides, see for example figure 5.17

(p. 108).

In contrast to other protein quantification methods, bppgQuant reports intervals of

possible solutions in cases where multiple solutions are optimal with respect to the

optimization problem. This happens almost exclusively in protein nodes without any

unique peptides. This highlights the complexity of the problem in these cases and

that many other methods may hide this complexity by providing a single solution,

e.g., like SCAMPI or PQP. However, this unusual type of solution poses challenges,
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e.g., with regard to further statistical analysis of the results (see section 6.3) or

visualization for the end user (see section 6.4).

As described in section 5.1.4 (p. 81) not all protein nodes within a bipartite peptide-

protein graph may be present in each sample. For example, many proteins are

specific to a certain kind of tissue or body fluid. This kind of information is for

example collected in the Human Proteome Atlas (Uhlén et al., 2015). Some proteins

may be present in the sample but difficult to measure by standard approaches in mass

spectrometry, e.g., hydrophobic membrane proteins which require special treatment

(Yang et al., 2023). Another possible reason for not found proteins is the usage of a

too large FASTA file, e.g. containing protein sequences from not present organisms,

which influences the the calculation of the false discovery rate and may lead to

less identified peptides. However, the bppgQuant method assumes that each protein

node in a graph is present in at least one of the two considered samples, see equation

5.3 (p. 74), which requires that ∃ k ∈ {1, . . . ,m} : Ak ̸= 0. To tackle this problem

it would be possible to apply a protein inference algorithm beforehand to remove

some protein nodes from the bipartite peptide-protein graphs. However, popular

algorithms like Occam’s razor do not take the measured peptide ratios into account

and would most likely eliminate most protein nodes that do not have unique peptides.

Another possibility would be to pre-filter protein nodes, e.g., based on the specific

organ or body fluid by using resources like the Human Proteome Atlas (Uhlén et al.,

2015). However, the assignment of proteins to body fluids or organs is still part of

ongoing research and may not be complete. Furthermore, in the medical context,

expression of atypical proteins in a specific tissue or body fluid may be a sign for a

disease and should not be excluded on principle.

In section 5.1.4 (p. 81) an iterative method to remove protein nodes that do not

sufficiently contribute to explaining the present measured peptide ratios is proposed.

Based on the idea that important protein nodes would largely increase the error term

when removed, the set of protein nodes is reduced before applying bppgQuant to

get a single or range solution for the ratios of the remaining proteins. It was shown

that this procedure improves the bimodal protein ratio distribution exemplarily on

data set D4 (see figure 5.20, p. 118), where a part of unexpected quantification

results may have been caused by protein nodes not present in the samples. While

this procedure reduced the number of quantifiable protein nodes, it may increase

the accuracy and reliability of the remaining results. Additionally, this decreases

the overall runtime of the bppgQuant method, although overhead for removing the
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protein nodes and calculating the error terms exist. This may be due to the fact that

the complexity of the graphs is reduced (e.g. some peptides become unique), leading

to potentially less numerical issues like described above. The protein node selection

can be adapted by changing the parameter of tolerated error increase, which was set

to 5% here. This parameter has to be optimized to further improve this approach.

A smaller value would lead to removing less protein nodes (and potentially less

improvement on the ratio distribution), while a larger value will lead to removing

more protein ratios, but larger error terms that could be a sign of inaccurate protein

ratio estimations.

In the four used test data sets, few single spike-ins are mixed into a stable background

proteome (data sets D1 and D2) or two proteomes of different organisms are mixed

(D3 and D4). However, these data sets have some disadvantages for evaluating

the performance of bppgQuant. In spike-in data sets like D1 and D2, the spike-

in proteins are often chosen so that they have unique peptides and, if possible,

do not share too many peptides with the stable background to avoid interferences.

Evaluating methods based on their ability to quantify proteins with shared peptides

is therefore often limited to stable background proteins (with expected protein ratios

of 1), or very few spike-in proteins with shared peptides. Data sets with mixed

proteomes like D3 and D4 may offer a larger pool of proteins with shared peptides

with expected ratios other than 1. In data set D3, proteomes of human and E. coli

are mixed. However, E. coli itself has comparably few shared peptides and even less

that are shared with the human proteins. For D4, human and mouse proteomes were

mixed, which show a large fraction of shared peptides between those organisms.

In theory, from those four data sets especially D4 is suitable to assess the ability

of quantifying protein nodes with shared peptides. However, it is difficult o prop-

erly normalize the peptide intensities for D3 and D4 (see section 5.3.2, p. 85). For

D3, unequal protein amounts are measured in the two experimental groups, caus-

ing a deviation from the expected ratios. For D4, the normalization becomes even

more challenging, as no stable background exist between the different experimen-

tal conditions. For those two data sets, the LTS normalization was used, which

tolerates violations of the normalization assumption that the majority of proteins

do not change between samples. While this normalization worked better than the

usual loess normalization, it could not completely eliminate those issues. Those

normalization issues make the reliance on the known expected protein ratios diffi-

cult, as it is not clear if they are really met in the underlying peptide-level data.
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Therefore, additional to comparing the estimated protein ratios to the expected ra-

tios, ROC analyses were calculated. Here, the expected protein ratios do not play

a role, only the ability of the method to distinguish between the two organisms or

between background and spike-in proteins, depending on the data set. Also in real

scenarios, e.g. biomarker discovery, detecting the differentially expressed proteins

is much more important than the exact estimation of the protein ratios. A typi-

cal workflow would contain different stages, first detecting potential biomarkers in

bottom-up proteomics data and later verifying those using the more precise targeted

proteomics approach (Nakayasu et al., 2021).

In this thesis results of the proposed bppgQuant method were compared against

results from SCAMPI and PQP, because for these two methods also the possibility

to quantify proteins without unique peptides is claimed. However, these two methods

are not well known and not commonly used in the proteomics field. For gaining the

acceptance of end-users, e.g. biologists, it would be necessary to compare the results

to well-known tools, e.g. MaxQuant, especially regarding the number of quantified

protein nodes. In this thesis, the raw data were processed with MaxQuant and

the respective quantitative peptide-level data were used, therefore, also the protein

quantification results from MaxQuant are available. MaxQuant uses the so-called

”razor peptide”principle which means that shared peptides are assigned to the single

protein group with the highest further evidence (e.g., by the highest number of

unique peptides). Therefore, shared peptides will usually be assigned to protein

groups that have unique peptides. A protein group without unique peptides may be

quantified only in rare cases, if those shared peptides do not belong to any protein

that contains unique peptides and are therefore assigned to the specific protein group

as razor peptides. BppgQuant on average is able to quantify 59-93% more protein

nodes than quantified protein groups by MaxQuant for data sets D1, D3 and D4,

using raw intensities (see figure B.16 in the appendix, p. 185). For data set D2,

bppqQuant and MaxQuant quantify roughly the same number of protein nodes,

possibly explained by the lower complexity of the D2 data set and less protein

nodes without unique peptides. When comparing the results to the LFQ-values

(normalized protein intensities by MaxQuant, which introduces missing value) with

the bppgQuant results after protein selection, bppgQuant quantifies 1.53 to 2.63

times as many protein nodes / groups than MaxQuant. However, it has to be

noted that a direct comparison of the ratios calculated by bppgQuant and from

the MaxQuant intensities is complicated because MaxQuant builds its own protein

groups during the protein inference step, which are not completely identical to the
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protein nodes formed by bppgQuant. In conclusion, especially data sets stemming

from samples from complex organisms like mouse or human can benefit from using

bppgQuant regarding the number of quantified protein nodes and accuracy of the

quantifications. As many protein nodes without unique peptides can additionally

be quantified, proteins that were previously ignored in biomarker studies can now

be assessed.



6 Overall discussion and outlook

In this thesis a novel protein quantification method, called bppgQuant was devel-

oped. It estimates protein ratios from measured peptide ratios while utilizing the

structure of the bipartite peptide-protein graphs. In summary, it showed good per-

formance on different data sets, also compared to SCAMPI (Gerster et al., 2014)

and PQP (Dost et al., 2009; Dost et al., 2012).

In chapter 4, bipartite peptide-protein graphs for the four test data sets D1-D4 were

characterized. Those were used for quantification of protein nodes in chapter 5. For

the characterization, protein and peptide nodes were collapsed if they exhibit the

same set of edges. For the quantification, the peptide nodes were not collapsed, but

each peptide sequence was represented by a separate peptide node. This was done

to make use of the individual peptide ratios instead of summarizing them and using

them to obtain an error term for each individual peptide. This also ensures that

each peptide ratio has overall the same impact on the results. If the peptide nodes

would have been collapsed, for example several unique peptides of a certain protein

may together have the same impact as a single shared peptide, which may lead to

a bias in the quantification. However, the results of the characterization in chapter

4 are still valid and can be used to assess the difficulty of quantification, as this is

not influenced by multiple peptide nodes of the same ”type”, i.e., with the same set

of edges. For example, an N-shaped graph is still difficult to quantify, no matter if

only one or multiple unique or shared peptide nodes exist.

The characteristics of the bipartite peptide-protein graphs could be used more ex-

tensively in the future to improve the bppgQuant method. For very small bipartite

peptide-protein graphs, formulas for the solutions (single or range solutions) can

be directly derived from the equation system in equation 5.4 (p. 75) without the

optimization step, as was shown for N- and M-shaped graphs in section 5.1.1 (p.

72). It would be interesting to see if such analytical solutions could be also de-

rived for larger graphs, possibly by using the analytical results from smaller graphs,

125
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which can be found as subgraphs in the larger graphs. As a basis for this, a effi-

cient method to find smaller subgraphs in larger bipartite peptide-protein graphs

is needed, which was the topic of Katharina Neuhaus’ Bachelor’s thesis (Neuhaus,

2023). She compared two algorithms, VF2 (Cordella et al., 2004) and LAD (Solnon,

2010) for subgraph matching from the igraph R package, which were adapted to

be usable for the special case of bipartite peptide-protein graphs. For example, the

general node type (protein node or unique peptide node or shared peptide node) had

to be distinguished, which was solved by colouring the different node types. With

the results of the subgraphs matching it is possible to find smaller bipartite graphs

patterns, where an analytical solution is known, in larger graphs and investigate the

possibility to transfer (parts of) the solution to the larger graph.

Furthermore, different improvements and optimizations to the bppgQuant method

can be made, which will be discussed in the following sections. In cooperation

with Prof. Martin Eisenacher and Prof. Jörg Rahnenführer, the proposal ”Im-

proved protein quantification with mathematical optimization techniques using bi-

partite peptide-protein graph structures” was written, which was approved by the

DFG (project number 532401634). The improvements of bppgQuant proposed in

sections 6.1, 6.3, 6.4 and partly 6.5 are part of this future DFG project.

6.1 Handling of missing values and on/off peptides

There is often a high proportion of missing intensity values in bottom-up proteomics

data on the peptide level (Webb-Robertson et al., 2015). Low-abundant proteins

that are close to the detection limit of the mass spectrometer may for example

lead to missing values in the peptide-level data (missing not at random, MNAR).

Other factors may cause missing at random (MAR) or missing completely at random

(MCAR) values, for example noisy spectra that are not identified or the stochastic

nature of choosing precursor ions for fragmentation in data-dependent acquisition

proteomics (Matafora and Bachi, 2021). On/off proteins or peptides are present

in one experimental group, while completely missing in the other. At the moment

bppgQuant does not make use of peptides with too many missing values or on/off

peptides. A valid peptide ratios is here defined as having at least two out of three

valid values in each compared group. This actually makes it impossible to detect or

correctly quantify on/off proteins.
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Figure 6.1: Peptide intensities of unique and shared peptides of the spiked-in protein
P62988ups in data set D2. Taken from the DFG proposal ”Improved pro-
tein quantification with mathematical optimization techniques using bipartite
peptide-protein graph structures”.

An example for this is given in figure 6.1. It shows the peptide intensities associated

with the spiked-in UPS protein P62988ups from data set D1. It can be seen that

in total six peptides were quantified, two unique and four shared peptides. While

the shared peptides show an almost constant pattern over the different UPS1 stan-

dard concentrations, the unique peptides rise with rising concentration. The shared

peptides are not quantified in the lower concentration groups, only starting at 2500

or 5000 amol/µg, respectively. In the lower concentrations, MNAR missing values

occur because it is below the detection limit (see also Ramus et al., 2016b). If a low

and a high concentration are compared, no valid peptide ratio can be calculated for

these two unique peptides. Therefore, for this protein node only the shared peptides

will be used, which suggest a more or less stable intensity pattern leading to peptide

ratios close two 1 for the different comparisons and in consequence an incorrectly

estimated protein ratio.

Missing values and especially on/off peptides and proteins are a challenge for protein

quantification with the bppgQuant method. To overcome this problem two main

approaches are thinkable. The first one is to incorporate the information about

on/off peptides into the bipartite peptide-protein graphs, similarly to Bamberger

et al., 2018, where peptide nodes with a log-transformed ratio of −∞ or ∞ exist.
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Bamberger et al., 2018 use the bipartite graphs only for detection of isoforms, not

for quantification. However, the presence of such on/off peptide nodes may help to

detect on/off proteins and avoid incorrect ratio calculations as in the example above.

The second approach is to impute missing peptide intensities. A large variety of

missing value imputation methods have been tested for proteomics data, however

the mixture of different missingness types makes this very challenging (Shen et al.,

2022; Egert et al., 2021; Goeminne et al., 2020). Also the usage of imputation

methods for left-censored data (i.e. the missing peptide intensities lower than the

lower limit of quantification) may be helpful (Gardner and Freitas, 2021; Wei et al.,

2018).

6.2 Handling of outliers

Even unique peptides of the same protein node do not have the same measured pep-

tide ratios between two samples because of technical variability and other influences

that may affect the underlying peptide intensities. Additionally, outliers in the pep-

tide intensities may occur (Tsai et al., 2020; Erhard and Zimmer, 2012), which may

propagate into outliers in the peptide ratios, see an example in figure 5.6 (p. 93).

Such outlying peptide ratios may cause problems during protein quantification, e.g.

because they may lead to contradictions in the graph with resulting numerical issues

during minimization of the error term.

BppgQuant currently does not especially handle outliers or filter them beforehand.

Pre-filtering of outliers as it is done within MSStats (Tsai et al., 2020) may be a

valuable pre-processing step for bppgQuant. Furthermore, in his internship Bürkan

Kalaycik investigated the influence of peptides with missed cleavages on the structure

of the bipartite graphs, see section 4.4.2 (p. 51) as well as on the distribution

of the peptide ratios (Kalaycik, 2023). He found out that peptides with missed

cleavages or fully cleaved parts of them are prone to be outliers. This may be

explained by different cleavage behaviour in the different samples, i.e. one sample

may have a different percentage and distribution of missed cleavages as another

sample. This may cause miscleaved peptide ratios between these two samples to

deviate from the original protein ratio. This phenomenon has to be investigated

further together with other possible reasons for outliers, like unconsidered post-

translational modifications or isoforms (Erhard and Zimmer, 2012). The aim would
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be to come up with a solution, e.g. pre-filtering of peptides with missed cleavages or

summarizing intensities from miscleaved peptides and their cleaved sub-sequences

or from the same peptide sequences with different PTMs.

6.3 Estimation of uncertainty

One important aim of protein quantification is the subsequent comparison of two

or more experimental groups or conditions to find differentially expressed proteins

that may serve as biomarkers. Currently, bppgQuant calculates only estimates for

the protein ratios without providing estimates for their variability, which would be

necessary to construct a statistical test or to compute confidence intervals.

Deriving a formula for the theoretical variance of the estimated protein ratios is

complicated, as the procedure to calculate the protein ratios is complex due to the

optimization step and the influence of the underlying graph structure. Bootstrapping

would allow to estimate the variance by repeatedly drawing random samples with

replacement from the data and to consequently form confidence intervals (Efron and

Narasimhan, 2020). For small sample sizes, which are not uncommon in proteomics,

special methods may be needed, e.g. the pooled sample method by Dwivedi et al.,

2017.

6.4 Implementation of a user-friendly tool

An important step would be to provide a user-friendly software tool that allows

also non-experts in programming to apply bppgQuant to their quantitative peptide

data. Based on the R package bppg offering a graphical user interface as an RShiny

web application (Chang et al., 2023) would be straightforward. Also, incorporation

of bppgQuant into nextflow workflows (Di Tommaso et al., 2017) is possible, for

example directly following peptide identification and quantification steps. An ap-

propriate and intuitive visualization of the results, especially for the novel concept

of range solutions will be crucial. To ensure interoperability with other proteomics

software tools, reporting of the results in established standard formats like mzTab

(Griss et al., 2014) or mzQuantML (Walzer et al., 2013) should be an aim. On the

other hand, allowing different output formats from popular peptide quantification
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software other than MaxQuant as input files for bppgQuant, like Proteome Discov-

erer (Orsburn, 2021), Spectronaut (Bruderer et al., 2015) or DIA-NN (Demichev

et al., 2019), would greatly enhance the usability of bppgQuant.

6.5 Further test data sets and simulation

The four spike-in data sets used in chapter 5 are useful to evaluate different protein

quantification methods. However, they all have certain disadvantages. Often, single

spike-in proteins, like in data sets D1 and D2 are chosen so that they have unique

peptides and if possible share as few as possible peptides with the background, to

reduce interference effects. For data sets like D3 or D4 that consist of mixtures

of proteomes from different organisms, normalization issues may occur as stated in

the discussion chapter 5.5 (p. 118). The simulation of data sets may serve as an

approach to overcome such problems, especially to test cases that may occur in real

data sets but are seldomly found in spike-in data sets. For example, the so called

plasmode approach may be used (Gadbury et al., 2008), which uses real data sets

and adds some artificial known effects. The advantage of this approach is that many

properties from the real data set are kept and that scenarios of different complexity

can be investigated. The plasmode method needs to be adapted for proteomics data,

especially regarding the relationship between proteins and their unique and shared

peptides.

In section 6.1 the handling of missing values, especially in context of on/off peptides

and proteins is mentioned. Test data sets with known missing proteins can mostly

be found in context of protein inference. One test data set that focusing on shared

peptides, the one proposed by The et al., 2018. As this data was created with protein

inference in mind, protein mixtures with known missing proteins, that however share

peptides with present proteins are present. In the data set D4 used in this thesis,

also samples with 100% HeLa or 100% mouse are present. These were not used

in this thesis, because bppgQuant cannot handle on/off peptides yet. However, it

would also be a good test data set for this scenario.

As further step it would be to test bppgQuant on a data set from a real-world

application. However, in such data sets it is difficult to assess the quality of the

protein quantification, as it is not clear what protein ratios to expect for specific

proteins. One possibility would be to use the ratios calculated by bppgQuant to
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find significantly differentially expressed proteins between the experimental groups

and assess the meaningfulness of the results on the basis of GO or pathway analyses.

However, this would require that it is possible to calculate a statistical test on the

ratios generated by bppgQuant, which is currently not possible as an approach to

estimate the uncertainty of the estimates still needs to be developed, see also section

6.3 (p. 129).

So far bppgQuant was only tested on data measured with the data-dependent ac-

quisition method (DDA) and preprocessed with the MaxQuant software (Cox and

Mann, 2008). Other software tools for quantifying peptides from DDA data exist,

like Proteome Discoverer (Orsburn, 2021) or OpenMS (Röst et al., 2016). These

tools use different peptide identification algorithms internally as well as different

strategies for processing of the peptide intensities, which could in consequence in-

fluence the performance of protein quantification. Therefore, testing bppgQuant on

peptide-level quantitative data from different sources would be beneficial.

In DDA only the most precursor ions are selected for further fragmentation. As an

alternative, the data-independent acquisition approach exists, where all precursor

ions are fragmented within defined m/z windows. DIA has therefore the ability to

quantify more peptides, especially low-abundant ones, that could have an impact

on the bipartite peptide-protein graphs as well as on the quantification (Bilbao et

al., 2015). It also showed an improved accuracy for peptide quantification which

could positively influence the performance of bppgQuant. Therefore bppgQuant

needs to be evaluated on peptide-level data produced by DIA analysis, e.g. by

the software tools Spectronaut (Bruderer et al., 2015) or DIA-NN (Demichev et

al., 2019). Similarly, bppgQuant was only evaluated on label-free proteomics data,

however it should in principal also work with quantitative peptide data from labelled

approaches like SILAC or TMT (Ong et al., 2002; Thompson et al., 2003, see also

section 2.3).

Because it focuses on the quantification of proteins with ”unique and shared peptides”

or even ”only shared peptides”, bppgQuant may be additionally useful in two research

areas within proteomics, which should be investigated in the future. First, it could

help to quantify different proteoforms or isoforms, as they often have a large sequence

similarity (Plubell et al., 2022). Second, metaproteomics would be a use case, which

refers to analysing samples that are a mixture of different organisms (Wilmes et

al., 2015), mostly referring to microbes, e.g. in context of gut samples or marine
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samples, which share a lot of peptides or even whole proteins (Blakeley-Ruiz and

Kleiner, 2022).
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Figure A.1: Count and percentages of shared and unique peptide sequences depending
on the peptide length. The peptide length is given in amino acids. As an
example, here the values for data set D2 are shown. Uniqueness is here defined
as belonging to only one protein node, which may consist of multiple protein
accessions.
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Figure A.2: Count and percentages of shared and unique peptide sequences depending
on the peptide length. The peptide length is given in amino acids. As an
example, here the values for data set D3 are shown. Uniqueness is here defined
as belonging to only one protein node, which may consist of multiple protein
accessions.
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Figure A.8: Histograms and density estimates of log2-transformed peptide ratios in data
set D2 for the 36 different pairwise condition comparisons. Original, non-
normalized values are shown on the left and loess-normalized values on the
right. The vertical dotted line describes the expected ratio of 1 (0 on log2-
scale). For better visibility, the x-axes were cut at −2 an 2 on log2-scale.



A. Additional Figures 155

Figure A.9: Scatter Plot comparing the interval center and interval length for the range
solutions. The proposed threshold for removing too large intervals at 15 is
indicated by a red dashed vertical line.
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Figure A.12: Histograms and density plots for the estimated protein ratios in data set D4
comparing the 10% human / 90% mouse sample with the 25% human / 75%
mouse samples (comparison 010 025). Contaminant proteins were removed.
Only single solutions (no range solutions) regardless of the node type were
used. The x-axes are cut at -5 and 5 for better visibility. Please consider the
different ranges of the y-axes..
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Figure A.13: Histograms and density plots for the estimated protein ratios in data set D4
comparing the 10% human / 90% mouse sample with the 50% human / 50%
mouse samples (comparison 010 050). Contaminant proteins were removed.
Only single solutions (no range solutions) regardless of the node type were
used. The x-axes are cut at -5 and 5 for better visibility. Please consider the
different ranges of the y-axes.
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Figure A.14: Histograms and density plots for the estimated protein ratios in data set D4
comparing the 10% human / 90% mouse sample with the 75% human / 25%
mouse samples (comparison 010 075). Contaminant proteins were removed.
Only single solutions (no range solutions) regardless of the node type were
used. The x-axes are cut at -5 and 5 for better visibility. Please consider the
different ranges of the y-axes.
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Figure A.15: Histograms and density plots for the estimated protein ratios in data set D4
comparing the 25% human / 75% mouse sample with the 50% human / 50%
mouse samples (comparison 025 050). Contaminant proteins were removed.
Only single solutions (no range solutions) regardless of the node type were
used. The x-axes are cut at -5 and 5 for better visibility. Please consider the
different ranges of the y-axes.
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Figure A.16: Histograms and density plots for the estimated protein ratios in data set D4
comparing the 25% human / 75% mouse sample with the 75% human / 25%
mouse samples (comparison 010 090). Contaminant proteins were removed.
Only single solutions (no range solutions) regardless of the node type were
used. The x-axes are cut at -5 and 5 for better visibility. Please consider the
different ranges of the y-axes.



162 A. Additional Figures

Method: SCAMPI

Node type: only unique

Method: SCAMPI

Node type: unique and shared

Method: SCAMPI

Node type: only shared

Method: PQP

Node type: only unique

Method: PQP

Node type: unique and shared

Method: PQP

Node type: only shared

Method: bppgQuant

Node type: only unique

Method: bppgQuant

Node type: unique and shared

Method: bppgQuant

Node type: only shared

−5.0 −2.5 0.0 2.5 5.0 −5.0 −2.5 0.0 2.5 5.0 −5.0 −2.5 0.0 2.5 5.0

−5.0 −2.5 0.0 2.5 5.0 −5.0 −2.5 0.0 2.5 5.0 −5.0 −2.5 0.0 2.5 5.0

−5.0 −2.5 0.0 2.5 5.0 −5.0 −2.5 0.0 2.5 5.0 −5.0 −2.5 0.0 2.5 5.0

0

10

20

0

20

40

0

100

200

300

400

0

40

80

120

0

10

20

30

0

10

20

30

40

0

20

40

0

20

40

0

20

40

60

80

log2(protein ratio)

D
e

n
s
it
y

Organism

Human

Mouse

Mixed

Figure A.17: Histograms and density plots for the estimated protein ratios in data set D4
comparing the 25% human / 75% mouse sample with the 10% human / 90%
mouse samples (comparison 025 090). Contaminant proteins were removed.
Only single solutions (no range solutions) regardless of the node type were
used. The x-axes are cut at -5 and 5 for better visibility. Please consider the
different ranges of the y-axes.
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Figure A.18: Histograms and density plots for the estimated protein ratios in data set D4
comparing the 50% human / 50% mouse sample with the 75% human / 25%
mouse samples (comparison 050 075). Contaminant proteins were removed.
Only single solutions (no range solutions) regardless of the node type were
used. The x-axes are cut at -5 and 5 for better visibility. Please consider the
different ranges of the y-axes.



164 A. Additional Figures

Method: SCAMPI

Node type: only unique

Method: SCAMPI

Node type: unique and shared

Method: SCAMPI

Node type: only shared

Method: PQP

Node type: only unique

Method: PQP

Node type: unique and shared

Method: PQP

Node type: only shared

Method: bppgQuant

Node type: only unique

Method: bppgQuant

Node type: unique and shared

Method: bppgQuant

Node type: only shared

−5.0 −2.5 0.0 2.5 5.0 −5.0 −2.5 0.0 2.5 5.0 −5.0 −2.5 0.0 2.5 5.0

−5.0 −2.5 0.0 2.5 5.0 −5.0 −2.5 0.0 2.5 5.0 −5.0 −2.5 0.0 2.5 5.0

−5.0 −2.5 0.0 2.5 5.0 −5.0 −2.5 0.0 2.5 5.0 −5.0 −2.5 0.0 2.5 5.0

0

10

20

30

40

50

0

25

50

75

100

0

100

200

300

400

500

0

50

100

150

0

10

20

30

40

0

20

40

60

0

20

40

60

0

20

40

60

80

0

20

40

60

80

log2(protein ratio)

D
e

n
s
it
y

Organism

Human

Mouse

Mixed

Figure A.19: Histograms and density plots for the estimated protein ratios in data set D4
comparing the 50% human / 50% mouse sample with the 90% human / 10%
mouse samples (comparison 050 090). Contaminant proteins were removed.
Only single solutions (no range solutions) regardless of the node type were
used. The x-axes are cut at -5 and 5 for better visibility. Please consider the
different ranges of the y-axes.
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Figure A.20: Histograms and density plots for the estimated protein ratios in data set D4
comparing the 75% human / 25% mouse sample with the 90% human / 10%
mouse samples (comparison 075 090). Contaminant proteins were removed.
Only single solutions (no range solutions) regardless of the node type were
used. The x-axes are cut at -5 and 5 for better visibility. Please consider the
different ranges of the y-axes.
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Figure A.21: ROC curves for distinguishing human from mouse proteins in data set D4.
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Figure A.22: Graphical representation of range solutions for data set D1 (over all pairwise
condition comparisons). Each horizontal line represents a range solution for
one protein node, sorted by decreasing interval length from top to bottom.
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Figure A.23: Graphical representation of range solutions for data set D2 (over all pairwise
condition comparisons). Each horizontal line represents a range solution for
one protein node, sorted by decreasing interval length from top to bottom.
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Figure A.24: Graphical representation of range solutions for data set D3. Each horizontal
line represents a range solution for one protein node, sorted by decreasing
interval length from top to bottom.
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Figure A.25: Protein ratios estimated by PQP on data set D1 using the standard peptide
ratios vs. using the reciprocal of the peptide ratios (and reporting 1/the
obtained protein ratios). The points are expected to lie on the red dotted
line, representing the angle bisector.



B Additional Tables

Table B.1: Overview over the four used test data sets. For the possible ratios, the re-
ciprocal is given if the ratio is below 1. For the number of conditions and
comparisons for data set D4, the numbers including and excluding the pure
human and mouse samples are given.

D1 D2 D3 D4
Background C2C12

(mouse)
yeast HeLa

(human)
HeLa
(human)

Spike-ins 13
non-mouse
proteins

UPS1 (48
human
proteins)

E. coli NIH-3T3
(mouse)

Reference Barkovits
et al.,
2020;
Uszkoreit
et al., 2022

Ramus
et al.,
2016a;
Ramus
et al.,
2016b

Cox et al.,
2014

Saltzman
et al., 2018

PXD Number PXD012986 PXD001819 PXD000279 PXD008560
Number of
conditions
(comparisons)

5 (10) 9 (36) 2 (1) 7 (21) / 5
(10)

Possible ratios 2 - 100 2 - 1000 3 1.1 - ∞ /
1.1 - 10

171
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Table B.2: Influence of different minimal peptide lengths on the database bipartite graphs
for D2 fasta. * In terms of number of protein nodes.

min 5 AA min 6 AA min 7 AA min 8 AA min 9 AA
Protein accessions 6,347 6,346 6,344 6,344 6,344
Protein nodes 6,275 6,274 6,273 6,273 6,273
Peptide sequences 766,652 732,017 692,743 652,926 614,717
Peptide nodes 13,132 8,162 7,574 7,453 7,377
Unique peptide nodes 6,218 6,216 6,215 6,215 6,215
Shared peptide nodes 6,914 1,946 1,359 1,238 1,162
Edges 27,226 15,122 13,666 13,089 12,690
Graphs 1,585 4,900 5,481 5,571 5,614
Graphs with 1 protein node 1,456 4,284 5,055 5,202 5,274
Isomorphism classes 18 66 41 36 36
Largest graph*
Protein nodes 4,504 116 69 69 69
Protein nodes percentage 71.78% 1.85% 1.10% 1.10% 1.10%
Peptide nodes 11,174 356 264 258 253
Second largest graph*
Protein nodes 21 71 50 49 49
Peptide nodes 37 269 221 214 202

Table B.3: Influence of different minimal peptide lengths on the database bipartite graphs
for D3 fasta. * In terms of number of protein nodes.

min 5 AA min 6 AA min 7 AA min 8 AA min 9 AA
Protein accessions 86,411 86,388 86,362 86,316 86,250
Protein nodes 85,690 85,647 85,603 85,519 85,409
Peptide sequences 3,415,222 3,307,762 3,149,627 2,983,664 2,823,406
Peptide nodes 202,302 166,578 157,154 154,010 151,635
Unique peptide nodes 74,683 74,499 74,255 73,927 73,476
Shared peptide nodes 127,619 92,079 82,899 80,083 78,159
Edges 797,291 547,611 491,889 473,014 459,360
Graphs 4,372 13,869 20,180 21,660 22,303
Graphs with 1 protein node 3,597 8,103 10,102 10,728 11,072
Isomorphism classes 229 2,308 4,347 4,633 4,720
Largest graph*
Protein nodes 79,328 45,242 7,027 2,661 2,283
Protein nodes percentage 92.58% 52.82% 8.21% 3.11% 2.67%
Peptide nodes 194,113 99,337 16,050 6,352 5,226
Second largest graph*
Protein nodes 12 57 451 470 261
Peptide nodes 36 129 896 1,038 519
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Table B.4: Influence of different minimal peptide lengths on the database bipartite graphs
for D4 fasta. * In terms of number of protein nodes.

min 5 AA min 6 AA min 7 AA min 8 AA min 9 AA
Protein accessions 137,180 137,147 137,111 137,029 136,938
Protein nodes 135,694 135,635 135,566 135,424 135,246
Peptide sequences 5,156,229 5,025,374 4,810,649 4,579,506 4,352,226
Peptide nodes 363,315 312,103 294,008 286,826 281,175
Unique peptide nodes 116,605 116,349 115,968 115,461 114,816
Shared peptide nodes 246,710 195,754 178,040 171,365 166,359
Edges 1,671,662 1,187,153 1,056,227 1,004,580 965,739
Graphs 4,182 10,874 18,870 21,412 22,531
Graphs with 1 protein node 3,349 5,278 6,359 6,983 7,445
Isomorphism classes 270 2,656 6,902 7,896 8,162
Largest graph*
Protein nodes 129,183 96,612 21,916 4,532 3,557
Protein nodes percentage 95.20% 71.23% 16.17% 3.35% 2.63%
Peptide nodes 354,486 238,946 55,009 11,499 8,759
Second largest graph*
Protein nodes 25 133 641 1,270 1,097
Peptide nodes 73 255 1,421 2,570 2,172

Table B.5: Influence of different maximal allowed missed cleavages on the database bipar-
tite graphs for D2 fasta. * In terms of number of protein nodes.

MC 0 MC 1 MC 2 MC 3 MC 4
Protein accessions 6,344 6,344 6,346 6,347 6,347
Protein nodes 6,263 6,273 6,274 6,275 6,276
Peptide sequences 168,302 442,363 732,017 995,386 1,215,143
Peptide nodes 7,484 7,960 8,162 8,256 8,316
Unique peptide nodes 6,193 6,211 6,216 6,220 6,223
Shared peptide nodes 1,291 1,749 1,946 2,036 2,093
Edges 12,066 14,201 15,122 15,486 15,773
Graphs 5,306 5,037 4,900 4,836 4,803
Graphs with 1 protein node 4,803 4,426 4,284 4,219 4,192
Isomorphism classes 48 59 66 66 65
Largest graph *
Protein nodes 70 92 116 151 240
Peptide nodes 188 295 356 437 616
Second largest graph *
Protein nodes 61 70 71 71 71
Peptide nodes 186 239 269 280 287
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Table B.6: Influence of different maximal allowed missed cleavages on the database bipar-
tite graphs for D3 fasta. * In terms of number of protein nodes.

MC 0 MC 1 MC 2 MC 3 MC 4
Protein accessions 85,955 86,264 86,316 86,321 86,327
Protein nodes 83,300 85,189 85,519 85,579 85,589
Peptide sequences 622,605 1,738,342 2,983,664 4,133,562 5,093,784
Peptide nodes 124,813 146,888 154,010 156,626 157,866
Unique peptide nodes 60,272 70,781 73,927 74,788 75,088
Shared peptide nodes 64,541 76,107 80,083 81,838 82,778
Edges 360,026 444,474 473,014 485,411 491,912
Graphs 23,037 21,953 21,660 21,494 21,458
Graphs with 1 protein node 11,719 10,918 10,728 10,665 10,657
Isomorphism classes 4,901 4,764 4,633 4,557 4,536
Largest graph *
Protein nodes 2,193 2,522 2,661 4,396 4,534
Peptide nodes 3,708 5,614 6,352 10,353 10,810
Second largest graph *
Protein nodes 281 309 470 312 312
Peptide nodes 388 552 1,038 609 622

Table B.7: Influence of different maximal allowed missed cleavages on the database bipar-
tite graphs for D4 fasta. * In terms of number of protein nodes.

MC 0 MC 1 MC 2 MC 3 MC 4
Protein accessions 136,512 136,953 137,029 137,044 137,052
Protein nodes 131,856 134,913 135,424 135,520 135,537
Peptide sequences 937,856 2,641,950 4,579,506 6,400,349 7,943,571
Peptide nodes 227,336 271,750 286,826 292,579 295,419
Unique peptide nodes 93,600 110,358 115,461 116,993 117,634
Shared peptide nodes 133,736 161,392 171,365 175,586 177,785
Edges 731,598 932,652 1,004,580 1,035,367 1,050,997
Graphs 24,085 22,055 21,412 21,172 21,108
Graphs with 1 protein node 8,582 7,315 6,983 6,897 6,884
Isomorphism classes 8,451 8,145 7,896 7,772 7,736
Largest graph *
Protein nodes 3,391 4,045 4,532 8,246 9,014
Peptide nodes 6,128 9,588 11,499 21,595 23,827
Second largest graph *
Protein nodes 437 868 1,270 1,277 1,277
Peptide nodes 715 1,665 2,570 2,656 2,669
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Table B.8: Comparison of database and quantitative bipartite graph characteristics with-
out and with isoforms on data set D3 (with minimal peptide length of eight
amino acids an up to two missed cleavages). * In terms of number of protein
nodes.

D3 fasta D3 iso fasta D3 quant D3 iso quant
Protein accessions 86,316 108,318 14,665 17,940
Protein nodes 85,519 107,077 8,366 8,643
Peptide sequences 2,983,664 3,091,620 20,502 19,522
Peptide nodes 154,010 189,780 7,905 7,964
Unique peptide nodes 73,927 83,740 3,808 3,538
Shared peptide nodes 80,083 106,040 4,097 4,426
Edges 473,014 686,329 18,485 19,995
Graphs 21,660 21,481 4,097 3,984
Graphs with 1 protein node 10,728 9,479 2,667 2,522
Isomorphism classes 4,633 6,163 348 370
Largest graph*
Protein nodes 2,661 3,325 46 44
Peptide nodes 6,352 7,460 51 50
Second largest graph*
Protein nodes 470 693 37 41
Peptide nodes 1,038 1,367 39 42
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Table B.9: R packages used to implement the code for analyses and visualizations for
chapters 4 and 5.

Package Version References usage
batchtools 0.9.17 Lang et al., 2017 run R scripts on server
BBmisc 1.13 Bischl et al., 2022 miscellaneous
cowplot 1.1.1 Wilke, 2020 visualization
data.table 1.14.8 Dowle and Srinivasan, 2023 handling large tables
ggplot2 3.4.4 Wickham, 2016 visualization
ggpubr 0.6.0 Kassambara, 2023 visualization
igraph 2.0.1.1 Csárdi and Nepusz, 2006 handling graphs
limma 3.56.2 Ritchie et al., 2015 loess normalization
Matrix 1.6-5 Bates et al., 2024 handling large matrices
openxlsx 4.2.5.2 Schauberger and Walker, 2023 handling xlsx files
pbapply 1.7-2 Solymos and Zawadzki, 2023 progress bars
pROC 1.18.4 Robin et al., 2011 ROC curves and AUC
protiq 1.2 Gerster and Buehlmann, 2013 SCAMPI method
Rsolnp 1.16 Ghalanos and Theussl, 2015 optimization
R.utils 2.12.2 Bengtsson, 2022 miscellaneous
scales 1.2.1 Wickham and Seidel, 2022 visualization
seqinr 4.2-36 Charif and Lobry, 2007 handling FASTA files
stringr 1.5.1 Wickham, 2023 string operations
tidyr 1.3.0 Wickham et al., 2023 miscellaneous
tidyverse 2.0.0 Wickham et al., 2019 miscellaneous
vsn 3.68.0 Huber et al., 2002 LTS normalization
xtable 1.8-4 Dahl et al., 2019 generating Latex tables

Table B.10: Amount of spike-in proteins (pmol) mixed with 20 µg of in the samples for
data set D1. Taken from Barkovits et al., 2020.

Protein name Accession Cond. 1 Cond. 2 Cond. 3 Cond. 4 Cond. 5
α-Synuclein P37840 1.0 10.0 0.5 0.1 5.0
β-Lactoglubolin P02754 0.5 0.1 5.0 10.0 1.0
Fibrinogen α P02671 10.0 5.0 1.0 0.5 0.1
Fibrinogen β P02675 10.0 5.0 1.0 0.5 0.1
Fibrinogen γ P02679 10.0 5.0 1.0 0.5 0.1
Glucose oxidase P13006 0.1 1.0 10.0 5.0 0.5
Hemoglobin α P69905 0.5 5.0 10.0 1.0 0.1
Hemoglobin β P68871 0.5 5.0 10.0 1.0 0.1
Lipase 1 P20261 0.1 0.5 1.0 5.0 10.0
Lipase 2 P32946 0.1 0.5 1.0 5.0 10.0
Lipase 3 P32947 0.1 0.5 1.0 5.0 10.0
Lysozyme P00698 5.0 10.0 0.1 0.5 1.0
Myoglobin P68082 1.0 0.1 5.0 10.0 0.5
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Table B.11: Input data scheme for the PQP implementation. Extracted from the PQP
readme file (Dost et al., 2012).

>CC:id ID of the connected component
m, n number of proteins and peptides
r1, r2, ..., rn measured peptide ratios
1010 row of the biadjacency matrix
1101 row of the biadjacency matrix
0100 row of the biadjacency matrix

Table B.12: Output data scheme for the PQP implementation. Extracted from the PQP
readme file (Dost et al., 2012).

>CC:id ID of the connected component
Cost minimal error term
QB1, QB2, ..., QBm estimated protein intensities in sample B
QA1, QA2, ..., QAm estimated protein intensities in sample A
r1, r2, ..., rn re-calculated peptide ratios
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Table B.13: Absolute frequencies of solution types per protein node type, dataset and
method. Please note that the absolute numbers are not directly comparable
between data sets because of the different number of pariwise condition com-
parisons, which are aggregated here.

Data set Node type Result category bppgQuant PQP SCAMPI
D1 unique single 15,914 15,914 15,914
D1 unique + shared single 10,201 1,131 10,553
D1 unique + shared missing 352 9,422 0
D1 shared single 2,231 12,685 24,572
D1 shared range 17,994 0 0
D1 shared missing 4,347 11,887 0
D2 unique single 20,462 20,462 20,462
D2 unique + shared single 3,692 1,318 3,692
D2 unique + shared missing 0 2,374 0
D2 shared single 127 1,563 1,854
D2 shared range 1,604 0 0
D2 shared missing 123 291 0
D3 unique single 2,667 2,667 2,667
D3 unique + shared single 1,076 167 1,141
D3 unique + shared missing 65 974 0
D3 shared single 388 1,799 4,558
D3 shared range 3,082 0 0
D3 shared missing 1,088 2,759 0
D4 unique single 32,435 32,435 32,435
D4 unique + shared single 43,750 6,863 46,493
D4 unique + shared range 9 0 0
D4 unique + shared missing 2,734 39,630 0
D4 shared single 24,174 69,200 211,280
D4 shared range 134,216 0 0
D4 shared missing 52,890 142,080 0
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Table B.14: Median, MAD and total number of quantified proteins (n) for the different
organisms (Org.), methods and node types (NT, u = only unique, u+s =
unique and shared, s = only shared) for data set D4. The expected ratio for
human and murine proteins are shown in column ”ER”. The best median and
MAD values per organism/node type are printed in bold.

Comparison Org. Method NT ER Median MAD n

010 025 Human bppgQuant u 1.3219 1.4646 0.4308 203

010 025 Human PQP u 1.3219 1.4204 0.4005 203

010 025 Human SCAMPI u 1.3219 0.4846 1.2706 203

010 025 Human bppgQuant u+s 1.3219 1.6039 0.5371 457

010 025 Human PQP u+s 1.3219 1.4406 0.6017 140

010 025 Human SCAMPI u+s 1.3219 1.1228 1.1891 510

010 025 Human bppgQuant s 1.3219 0.4187 2.0331 758

010 025 Human PQP s 1.3219 0.1100 2.0189 2,296

010 025 Human SCAMPI s 1.3219 0.1132 1.7989 6,203

010 025 Mouse bppgQuant u -0.2630 -0.2098 0.2986 993

010 025 Mouse PQP u -0.2630 -0.2338 0.3158 993

010 025 Mouse SCAMPI u -0.2630 0.0471 0.5529 993

010 025 Mouse bppgQuant u+s -0.2630 -0.2514 0.2610 1,990

010 025 Mouse PQP u+s -0.2630 -0.1257 0.4158 196

010 025 Mouse SCAMPI u+s -0.2630 0.0834 0.6941 2,101

010 025 Mouse bppgQuant s -0.2630 -0.0754 0.8216 442

010 025 Mouse PQP s -0.2630 -0.2304 0.7220 964

010 025 Mouse SCAMPI s -0.2630 0.0486 0.5558 3,789

010 050 Human bppgQuant u 2.3219 2.3443 0.3664 188

010 050 Human PQP u 2.3219 2.3321 0.3409 188

010 050 Human SCAMPI u 2.3219 1.1445 1.8282 188

010 050 Human bppgQuant u+s 2.3219 2.3957 0.4097 466

010 050 Human PQP u+s 2.3219 2.3445 0.4647 159

010 050 Human SCAMPI u+s 2.3219 1.9796 1.7124 509

010 050 Human bppgQuant s 2.3219 0.6462 3.4298 597

010 050 Human PQP s 2.3219 0.0985 3.6164 1,781

010 050 Human SCAMPI s 2.3219 0.2457 3.0807 4,990
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Table B.14: (Continued)

Comparison Org. Method NT ER Median MAD n

010 050 Mouse bppgQuant u -0.8480 -0.7998 0.3488 720

010 050 Mouse PQP u -0.8480 -0.8219 0.3549 720

010 050 Mouse SCAMPI u -0.8480 -0.1138 1.1451 720

010 050 Mouse bppgQuant u+s -0.8480 -0.8990 0.3233 1,380

010 050 Mouse PQP u+s -0.8480 -0.8994 0.4390 143

010 050 Mouse SCAMPI u+s -0.8480 -0.4615 1.0465 1,455

010 050 Mouse bppgQuant s -0.8480 -0.3408 1.5887 321

010 050 Mouse PQP s -0.8480 -0.7053 1.5239 729

010 050 Mouse SCAMPI s -0.8480 -0.1008 1.1469 2,759

010 075 Human bppgQuant u 2.9069 2.7671 0.4518 191

010 075 Human PQP u 2.9069 2.7302 0.4803 191

010 075 Human SCAMPI u 2.9069 1.5333 2.1279 191

010 075 Human bppgQuant u+s 2.9069 2.8327 0.4051 490

010 075 Human PQP u+s 2.9069 2.8100 0.4473 157

010 075 Human SCAMPI u+s 2.9069 2.7112 2.1704 532

010 075 Human bppgQuant s 2.9069 0.8090 4.1412 727

010 075 Human PQP s 2.9069 0.1256 4.5745 1,884

010 075 Human SCAMPI s 2.9069 0.3477 3.7987 5,448

010 075 Mouse bppgQuant u -1.8480 -1.7504 0.4141 511

010 075 Mouse PQP u -1.8480 -1.7909 0.4269 511

010 075 Mouse SCAMPI u -1.8480 -0.3701 2.2885 511

010 075 Mouse bppgQuant u+s -1.8480 -1.8671 0.3607 1,251

010 075 Mouse PQP u+s -1.8480 -1.9618 0.3984 115

010 075 Mouse SCAMPI u+s -1.8480 -0.8343 2.0931 1,324

010 075 Mouse bppgQuant s -1.8480 -0.3472 3.7270 376

010 075 Mouse PQP s -1.8480 -1.4096 3.3273 753

010 075 Mouse SCAMPI s -1.8480 -0.1994 2.4578 2,824

025 050 Human bppgQuant u 1.0000 0.7379 0.4574 510

025 050 Human PQP u 1.0000 0.7092 0.4984 510

025 050 Human SCAMPI u 1.0000 0.3163 1.0674 510

025 050 Human bppgQuant u+s 1.0000 0.7466 0.4645 986

025 050 Human PQP u+s 1.0000 0.7736 0.4831 298

025 050 Human SCAMPI u+s 1.0000 0.6062 0.9966 1,057
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Table B.14: (Continued)

Comparison Org. Method NT ER Median MAD n

025 050 Human bppgQuant s 1.0000 0.4506 1.5989 816

025 050 Human PQP s 1.0000 0.1060 1.7027 1,969

025 050 Human SCAMPI s 1.0000 0.1556 1.2592 5,928

025 050 Mouse bppgQuant u -0.5850 -0.5488 0.3035 670

025 050 Mouse PQP u -0.5850 -0.5749 0.3206 670

025 050 Mouse SCAMPI u -0.5850 -0.1851 0.7350 670

025 050 Mouse bppgQuant u+s -0.5850 -0.6214 0.3030 1,378

025 050 Mouse PQP u+s -0.5850 -0.6041 0.3644 206

025 050 Mouse SCAMPI u+s -0.5850 -0.4661 0.7456 1,472

025 050 Mouse bppgQuant s -0.5850 -0.3460 1.0466 427

025 050 Mouse PQP s -0.5850 -0.4371 1.1681 901

025 050 Mouse SCAMPI s -0.5850 -0.1247 0.7596 3,066

025 075 Human bppgQuant u 1.5850 1.0995 0.7386 547

025 075 Human PQP u 1.5850 1.0722 0.7862 547

025 075 Human SCAMPI u 1.5850 0.3719 1.8452 547

025 075 Human bppgQuant u+s 1.5850 1.1871 0.6232 1,127

025 075 Human PQP u+s 1.5850 1.1930 0.6414 329

025 075 Human SCAMPI u+s 1.5850 1.0309 1.4236 1,215

025 075 Human bppgQuant s 1.5850 0.8068 2.3627 903

025 075 Human PQP s 1.5850 0.2737 2.6201 2,169

025 075 Human SCAMPI s 1.5850 0.2923 1.9214 6,762

025 075 Mouse bppgQuant u -1.5850 -1.5278 0.3668 472

025 075 Mouse PQP u -1.5850 -1.5572 0.3696 472

025 075 Mouse SCAMPI u -1.5850 -0.3935 1.8624 472

025 075 Mouse bppgQuant u+s -1.5850 -1.5689 0.3506 1,207

025 075 Mouse PQP u+s -1.5850 -1.6009 0.3765 191

025 075 Mouse SCAMPI u+s -1.5850 -0.9127 1.5567 1,320

025 075 Mouse bppgQuant s -1.5850 -0.6338 2.6089 436

025 075 Mouse PQP s -1.5850 -1.1022 3.0414 984

025 075 Mouse SCAMPI s -1.5850 -0.1484 2.1366 3,347

025 090 Human bppgQuant u 1.8480 1.2947 0.8362 553

025 090 Human PQP u 1.8480 1.2779 0.8894 553

025 090 Human SCAMPI u 1.8480 0.3870 2.1942 553
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Table B.14: (Continued)

Comparison Org. Method NT ER Median MAD n

025 090 Human bppgQuant u+s 1.8480 1.3934 0.7108 1,133

025 090 Human PQP u+s 1.8480 1.4200 0.7225 305

025 090 Human SCAMPI u+s 1.8480 0.9613 1.8284 1,209

025 090 Human bppgQuant s 1.8480 1.1177 2.4369 840

025 090 Human PQP s 1.8480 0.3836 2.9433 1,932

025 090 Human SCAMPI s 1.8480 0.2855 2.3208 6,293

025 090 Mouse bppgQuant u -2.9069 -2.6935 0.5105 189

025 090 Mouse PQP u -2.9069 -2.7597 0.5509 189

025 090 Mouse SCAMPI u -2.9069 -1.1426 2.8001 189

025 090 Mouse bppgQuant u+s -2.9069 -2.7882 0.4631 621

025 090 Mouse PQP u+s -2.9069 -2.7880 0.4849 106

025 090 Mouse SCAMPI u+s -2.9069 -2.1194 2.1803 689

025 090 Mouse bppgQuant s -2.9069 -0.2513 4.6488 400

025 090 Mouse PQP s -2.9069 -0.5438 5.3190 966

025 090 Mouse SCAMPI s -2.9069 -0.1185 4.1407 3,112

050 075 Human bppgQuant u 0.5850 0.3930 0.3937 708

050 075 Human PQP u 0.5850 0.3643 0.4273 708

050 075 Human SCAMPI u 0.5850 0.1488 0.7289 708

050 075 Human bppgQuant u+s 0.5850 0.4796 0.3232 1,257

050 075 Human PQP u+s 0.5850 0.5105 0.3595 325

050 075 Human SCAMPI u+s 0.5850 0.5063 0.7171 1,335

050 075 Human bppgQuant s 0.5850 0.3612 1.0244 818

050 075 Human PQP s 0.5850 0.1434 1.1391 2,100

050 075 Human SCAMPI s 0.5850 0.1738 0.6942 6,470

050 075 Mouse bppgQuant u -1.0000 -0.9246 0.3699 440

050 075 Mouse PQP u -1.0000 -0.9471 0.3698 440

050 075 Mouse SCAMPI u -1.0000 -0.2041 1.2329 440

050 075 Mouse bppgQuant u+s -1.0000 -0.9597 0.3207 1,098

050 075 Mouse PQP u+s -1.0000 -0.9243 0.4424 183

050 075 Mouse SCAMPI u+s -1.0000 -0.4303 1.1377 1,188

050 075 Mouse bppgQuant s -1.0000 -0.4736 1.5932 444

050 075 Mouse PQP s -1.0000 -0.5621 1.9512 988

050 075 Mouse SCAMPI s -1.0000 -0.0711 1.3912 3,136
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Table B.14: (Continued)

Comparison Org. Method NT ER Median MAD n

050 090 Human bppgQuant u 0.8480 0.5620 0.5078 708

050 090 Human PQP u 0.8480 0.5486 0.5203 708

050 090 Human SCAMPI u 0.8480 0.1216 1.1069 708

050 090 Human bppgQuant u+s 0.8480 0.6775 0.4065 1,266

050 090 Human PQP u+s 0.8480 0.7155 0.3786 296

050 090 Human SCAMPI u+s 0.8480 0.4641 0.9779 1,326

050 090 Human bppgQuant s 0.8480 0.4619 1.2823 822

050 090 Human PQP s 0.8480 0.2667 1.6719 1,976

050 090 Human SCAMPI s 0.8480 0.1376 1.0857 6,112

050 090 Mouse bppgQuant u -2.3219 -2.0879 0.5546 198

050 090 Mouse PQP u -2.3219 -2.0966 0.5463 198

050 090 Mouse SCAMPI u -2.3219 -0.7855 2.3615 198

050 090 Mouse bppgQuant u+s -2.3219 -2.1930 0.4166 595

050 090 Mouse PQP u+s -2.3219 -2.2231 0.5205 101

050 090 Mouse SCAMPI u+s -2.3219 -1.4911 1.9175 655

050 090 Mouse bppgQuant s -2.3219 -0.5746 3.5543 385

050 090 Mouse PQP s -2.3219 -0.3761 4.0680 986

050 090 Mouse SCAMPI s -2.3219 -0.0571 3.3658 2,969

075 090 Human bppgQuant u 0.2630 0.1503 0.3053 874

075 090 Human PQP u 0.2630 0.1334 0.3338 874

075 090 Human SCAMPI u 0.2630 -0.0028 0.5161 874

075 090 Human bppgQuant u+s 0.2630 0.1839 0.2740 1,845

075 090 Human PQP u+s 0.2630 0.2803 0.2899 273

075 090 Human SCAMPI u+s 0.2630 -0.0560 0.6332 1,936

075 090 Human bppgQuant s 0.2630 0.1639 0.6759 1,066

075 090 Human PQP s 0.2630 0.0652 0.8146 2,472

075 090 Human SCAMPI s 0.2630 -0.0334 0.5033 8,403

075 090 Mouse bppgQuant u -1.3219 -1.0989 0.4893 188

075 090 Mouse PQP u -1.3219 -1.1322 0.4931 188

075 090 Mouse SCAMPI u -1.3219 -0.3150 1.5162 188

075 090 Mouse bppgQuant u+s -1.3219 -1.1603 0.4188 605

075 090 Mouse PQP u+s -1.3219 -1.0674 0.6527 89

075 090 Mouse SCAMPI u+s -1.3219 -0.6437 1.3081 688
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Table B.14: (Continued)

Comparison Org. Method NT ER Median MAD n

075 090 Mouse bppgQuant s -1.3219 -0.2276 1.9922 566

075 090 Mouse PQP s -1.3219 -0.1409 2.1415 1,343

075 090 Mouse SCAMPI s -1.3219 -0.0543 1.8838 4,055
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Table B.15: Result summary using the interval center for range solutions stemming from
bppgQuant (bppgQuant c). Asterisks (*) indicate that the best performing
method changed compared to table 5.6 (see page 112).

Data Part Median MAD MAD AUC
Only shared Only shared Spike-ins Total

D1 Background *SCAMPI PQP *PQP *SCAMPI
D2 Background PQP PQP bppgQuant c *PQP
D3 Human PQP SCAMPI
D3 E. coli PQP PQP

*PQP

D4 010 025 Human bppgQuant c SCAMPI
D4 010 025 Mouse PQP SCAMPI

bppgQuant c

D4 010 050 Human bppgQuant c *bppgQuant c
D4 010 050 Mouse PQP SCAMPI

bppgQuant c

D4 010 075 Human bppgQuant c SCAMPI
D4 010 075 Mouse PQP SCAMPI

bppgQuant c

D4 010 090 Human bppgQuant c *bppgQuant c
D4 010 090 Mouse *bppgQuant c SCAMPI

*SCAMPI

D4 025 050 Human bppgQuant c SCAMPI
D4 025 050 Mouse *bppgQuant c SCAMPI

*PQP

D4 025 075 Human bppgQuant c SCAMPI
D4 025 075 Mouse *bppgQuant c SCAMPI

*PQP

D4 025 090 Human bppgQuant c SCAMPI
D4 025 090 Mouse *bppgQuant c SCAMPI

bppgQuant c

D4 050 075 Human bppgQuant c SCAMPI
D4 050 075 Mouse *bppgQuant c SCAMPI

*PQP

D4 050 090 Human bppgQuant c SCAMPI
D4 050 090 Mouse bppgQuant c SCAMPI

*PQP

D4 075 090 Human bppgQuant c SCAMPI
D4 075 090 Mouse bppgQuant c SCAMPI

*PQP

Table B.16: Average number of quantified protein nodes or groups over all pairwise con-
dition comparisons in the four data sets. For bppgQuant, the number for the
standard version as well as for the version with protein node selection is given.
For MaxQuant, the numbers based on the raw, non-normalized intensities and
based on LFQ intensities (which can introduce additional missing values on
protein level) are given.

Data set bppgQuant bppgQuant MaxQuant MaxQuant
standard prot. selection raw intensity LFQ intensity

D1 4,851 4,144 3,046 1,915
D2 722 792 729 459
D3 7,538 6,359 4,675 2,970
D4 12,590 9,675 6,512 3,673
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