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REsuME EN FrRANCAIS

Les lignées cellulaires sont devenues un atout essentiel pour la recherche biomédi-
cale de par les nombreux avantages qu’elles procurent par rapport aux autres types
de cultures cellulaires. Elles sont utilisées dans un grand nombre d’expériences
dans les différents domaines omiques, qui sont rentrés dans une ére a haut débit
ces dernieéres années avec l'arrivée de nouvelles technologies et instruments. La
contamination-croisée et les erreurs d’identification des lignées cellulaires sont ce-
pendant reconnues étre responsables d’affecter la fiabilité et reproductibilité des
résultats expérimentaux. La génération a grande échelle de données biologiques
souléve de nombreux défis bioinformatiques couvrant principalement la question
de leurs formats, stockage, représentation et interprétation. Cette theése se concen-
tre sur le développement de logiciels bioinformatiques pour répondre a ces problé-
matiques, offrant des outils pour I'analyse et 'interprétation de données omiques
a la communauté scientifique. Trois applications distinctes furent développées au
cours de cette theése, ce qui amena a la publication de quatre articles scientifiques
correspondants.

CLASTR est une application web qui fournit aux chercheurs un service en ligne fi-
able pour authentifier les lignées cellulaires avec lesquelles ils travaillent. Il permet
d’effectuer des recherches de similarités de profils de séquences courtes répétées
en tandem (STR) contenues dans la ressource en ligne Cellosaurus. Il posséde
a la fois une interface utilisateur web intuitive et une interface de programma-
tion d’application efficace. De nombreux parametres de recherche sont disponibles,
pour lesquels un article de recherche spécifique fut écrit afin de détailler les con-
séquences de leur choix sur les identifications résultantes. CLASTR représente une
contribution importante pour faciliter et démocratiser 'authentification de lignées
cellulaires par profilage STR dans le but de freiner la propagation des lignées cellu-
laires avec des erreurs d’identification ou contaminations-croisées dans la littéra-
ture scientifique.

MzVar est une application de bureau qui a été congue pour la compilation de base de
données customisées contenant des protéines ou peptides variants. Dans ’'approche
de recherche de base de données, seules les séquences qui sont incluses dans la
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RESUME EN FRANCAIS

base de données peuvent étre par la suite identifiées. Des variants de séquence qui
pourraient avoir une pertinence biologique pourraient étre manqués s’ils ne sont
pas inclus dans la base de données qui est recherchée. Cet outil fut utilisé dans une
étude ultérieure pour identifier des variants de séquence dans des données pro-
téomiques de spectrométrie de masse en tandem provenant de la lignée cellulaire
HeLa, tout en essayant d’évaluer leur influence sur I’expression et la stabilité des
protéines.

GlyConnect Compozitor est une application web qui permet aux chercheurs d’explo-
rer le contenu de la base de données GlyConnect sous la forme de graphiques de
compositions de glycanes. GlyConnect contient une richesse d’information a pro-
pos de la glycosylation et des glycoprotéines. Avec la transition récente vers les
expériences de glycoprotéomique, une plus grande proportion de publications com-
porte une information détaillée concernant les sites de glycosylation au détriment
des structures des glycanes qui ne sont pas complétement résolues. GlyConnect
Compozitor a pour but de combler ces lacunes en permettant la visualisation et la
comparaison de compositions de glycanes en relation avec une gamme d’autres en-
tités biologiques. Les compositions de glycanes d’intérét peuvent étre exportées en
différents formats pour étre utilisées comme fichiers de compositions de glycanes
pour des recherches glycoprotéomiques ultérieures.



ABSTRACT

Cell lines became an essential asset for biomedical research through the numer-
ous practical advantages they offer over other types of cell cultures. They are used
in a wide range of experiments in the different omics fields, which entered in a
high-throughput era in recent years with the emergence of new technology and
instrumentation. Cell line cross-contamination and misidentification is however
known to impede the reliability and reproducibility of experimental results. The
large-scale generation of biological data also raises many bioinformatics challenges
mainly spanning issues of formats, storage, representation, and interpretation.
This thesis focuses on the development of bioinformatics software to address these
problems, providing tools for the analysis and interpretation of omics data to the
scientific community. Three distinct applications were developed in the course of
this thesis, which led to the publication of four related scientific articles.

CLASTR is a web application that provides researchers with a reliable online ser-
vice to authenticate the cell lines they are working with. It allows performing simi-
larity searches on the short tandem repeat (STR) profiles stored in the Cellosaurus
online resource. It has both an intuitive web user interface and an efficient ap-
plication programming interface. Numerous search parameters are available, for
which a specific research article was written in order to detail the impact of their
choice on the resulting identifications. CLASTR represents a significant effort in
facilitating and democratizing cell authentication by STR profiling with the goal of
curbing the spread of misidentified and cross-contaminated cell lines in the scien-
tific literature.

MzVar is a desktop application that was designed for the compilation of customized
variant protein and peptide databases. In the database search approach, only the
sequences that are included in the database can be subsequently identified. Se-
quence variants that may have a biological relevance may consequently be missed
if they are not included in the searched database. This tool was used in a subse-
quent study to identify sequence variants in proteomics tandem mass spectrometry
data from the HeLa cell line, while trying to assess their influence on protein ex-
pression and stability.
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ABSTRACT

GlyConnect Compozitor is a web application that enables researchers to explore
the content of the GlyConnect database in the form of glycan composition graphs.
GlyConnect contains a wealth of information about glycoproteins and glycosylation.
With the recent shift towards glycoproteomics experiments, a larger proportion of
publications features detailed glycosylation site information but lacks fully resolved
glycan structures. GlyConnect Compozitor aims to bridge the gap by allowing the
visualization and comparison of glycan compositions in relation with a range of
other biological entities. Glycan compositions of interest can be exported in differ-
ent formats to be used as glycan composition files for subsequent glycoproteomics
searches.
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CHAPTER 1

INTRODUCTION

The last decades have known a paradigm shift in biomedical research. Following
the successful genome sequencing of several viruses and bacteria in the late 1990s,
the Human Genome Project was initiated. This international collaborative effort
aimed to provide the complete human genome sequence to the scientific community.
It resulted in a first draft of the human genome in 2001 [1], which was subsequently
fully completed in 2003. The whole genomes of an increasing number of species
were sequenced in the following years. With the availability of entire genome se-
quences, experiments that target every gene, transcript, or protein could be de-
signed. New experimental technologies and approaches emerged in parallel in the
different omics disciplines, bringing biomolecular sciences into a high-throughput
era. This led to a significant increase in the rate at which biological data is being
generated, a single experiment producing large amounts of raw and processed data.
Biomedical research became as a result more data-driven and computational, re-
quiring the use of bioinformatics to manage and interpret the vast amount of data
produced.

1.1. Bioinformatics

Bioinformatics can be defined as an interdisciplinary field that uses computational
approaches as well as statistical methods to store, analyze, and visualize biological
data [2]. It lies at the intersection of molecular biology, computer science, infor-
mation science, and mathematics. The use of bioinformatics resources and tools
became a necessity for omics research, whether in the fields of genomics, tran-
scriptomics, proteomics, or glycomics. To be understandable and exploitable, the
ever-growing amount of biological data (Figure 1.1) generated by high-throughput
technologies requires suitable analytical resources and computer software. The
scope of bioinformatics notably includes: data storage, annotation and integration
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CHAPTER 1. INTRODUCTION

in databases (i); data sharing and dissemination between scientists and resources
(ii); and data processing, interpretation, and visualization by computer software
and workflows (iii). In this section, we present some of the core bioinformatics con-
cepts that were directly or indirectly used in this thesis, while mentioning related
challenges that are faced nowadays.

Data growth by platform

1E+17
1E+16 —r
1E+15
1E+14
1E+13
9
2 1E+12
[a7a)
1E+11 —e—Nucleotide
sequence
1E+10 Mass
spectrometry
1E+09 Microarray
100000000
2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

Year

Figure 1.1: Data growth at EMBL-EBI by experimental platform. Figure courtesy of C.E.
Cook et al. [3].

1.1.1 Data and Databases

As a direct consequence of being generated by a multitude of experimental meth-
ods and instruments, biological data distinguishes itself by its high heterogeneity
[4]. Distinct high-throughput technologies emerged as references in the different
omics fields, such as next-generation sequencing in genomics or mass spectrometry
in proteomics and glycomics. To be able to reliably store the raw data generated
by biological experiments, distinct data formats were designed. While all formats
for a given experimental approach tend to share the same core information, they
can significantly differ in terms of metadata. Metadata is the supplementary in-
formation that describes the data, encapsulating all the relevant attributes about
an experiment. It thus describes the materials, methods, instrumentation, and ad-
ditional information that were used to generated the data. To define the minimum
information that data formats should contain, collaborative information standards
were successively established for each experimental approach. These specifications

3



1.1. BIOINFORMATICS

ensure experimental result interpretability by regulating the mandatory metadata
information and its formatting. Following the successful example of a guideline
regulating the minimum information about a microarray experiment (MIAME) [5]
released in 2001, numerous other minimum information standards were introduced
to the scientific community. Nowadays, all main high-throughput omics techniques
have their own standard, which are coordinated together by the minimum informa-
tion about a biomedical or biological investigation (MIBBI) [6] project since 2008.
The minimum information about a proteomics experiment (MIAPE) [7] was a no-
tably important initiative, as there is a high heterogeneity and complexity in the
field of mass spectrometry for proteomics.

To be easily accessible and exploitable by researchers, the knowledge extracted from
biological data requires to be organized and stored in databases. According to their
content, biological databases have been historically classified as either primary or
secondary databases. Primary databases, also referred to as archival databases (or
repositories), are constituted of sequence or structural data directly extracted from
experimental results. Secondary databases, also referred to as curated databases,
are constituted of data derived from the processing of the information stored in pri-
mary databases [8]. These databases rely on manual annotation by experts and
computational algorithms to reach a high level of data curation. The information
they provide is often derived from multiple sources while using ontologies as regu-
latory frameworks for data representation. Some databases can also be hybrid and
present characteristics of both a primary and secondary database at the same time.
Biological databases are also frequently classified based on their scope. A database
is thus deemed as universal when including many species, or as specialized when
focusing on a single one. A multitude of databases emerged through the years to
respond to the needs of modern biological research. While some act solely as repos-
itories enabling the dissemination of raw experimental data, others have developed
a panel of computer tools to access and further analyze their data. The 27 release
of the NAR online molecular biology database collection [9] reported a total of 1,637
databases in 2019.

1.1.2 Experimental Reproducibility Crisis

In a 2016 survey from the Nature journal [10], a majority of the 1,576 interviewed
researchers (52%) agreed that a significant reproducibility crisis is currently under-
going in science. Almost all of the respondents (90%) admitted that at least a slight
crisis is occurring. An alarming number of experiments fail to be reproduced, and
scientists can even struggle to replicate their own results. While the existence of a
crisis is almost unanimous and sparked a lot of attention in recent years, scientists
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CHAPTER 1. INTRODUCTION

are more divided on the factors that led to its inception. The reproducibility crisis
is a complex multifaceted problem that is influenced by many causes, some of which
are specific to each field of application. Among the many factors involved, selective
reporting and the pressure to publish are deemed to be the biggest crisis contribu-
tors [10]. More technical causes are implicated, including bad experimental design
and the unavailability of raw data, methods, or software. Poor statistical analysis
is also a key factor, which worsened with the significant decrease in the produc-
tion cost of data and its consequent large-scale generation [11]. Furthermore, the
use of misidentified or contaminated cell lines is known to additionally hinder the
reproducibility of experimental results [12].



1.2. CELL LINES

1.2. Cell Lines

Since their first establishments in the middle of the last century, cell lines have
grown to become an indispensable biotechnological tool for biomedical research.
The numerous practical advantages they offer in comparison to traditional cell cul-
tures led to their rapid adoption by laboratories. Cell lines are widely used as in
vitro model systems for the study of numerous biological processes and diseases. In
the pharmaceutical industry, cell lines play a major role in their ability to efficiently
synthesize a large variety of drugs, hormones, and antibodies. In this section, we
present cell lines and their defining traits, while discussing the spread of their
misidentification and contamination and detailing the corresponding available ge-
nomics approaches to perform their authentication.

1.2.1 Characteristics

Primary cultures are cell cultures resulting from the growth of cells directly ex-
tracted from a tissue sample. When the primary cells constituting these cultures
are passaged to a new culture vessel, they are referred to as cell lines [13]. Both cell
lines and primary cells are valid in vitro models, bypassing the ethical and techni-
cal constraints of performing experiments on animals. In comparison to cell lines,
primary cells represent model systems that are closer to their in vivo source and
tend to produce more relevant biological results. Nonetheless, cell lines possess
numerous technical advantages that led to their wide adoption in research. They
proliferate faster and require less strict culture conditions, making them easier
and less expensive to maintain. Since cell lines are derived from a single cell, they
present the distinction of being uniform cell populations having in theory the same
genetic makeup. Consequently, the experimental results produced on cell lines are
prone to be more consistent and reproducible [14].

There are two main categories of cell lines based on their proliferation character-
istics: finite and continuous cell lines. Finite cell lines, as well as primary cells,
have a limited number of population doublings before reaching the Hayflick limit
(Figure 1.2) and entering senescence [15]. This limit varies based on the cell type
and species of origin, but it is usually comprised of between 40-60 cellular divi-
sions [16]. Once the cells enter in senescence, they stop to proliferate despite re-
maining metabolically active [17]. Cells in this phase may survive for at least one
year before dying [18]. Continuous cell lines, also referred to as immortalized cell
lines, have or acquired the capability to proliferate indefinitely [15]. Thus, they
provide an unlimited supply of cells having similar genotypes and phenotypes. In
the case of stem cells, the immortality trait is innate and required for multicellular
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CHAPTER 1. INTRODUCTION

organisms to function properly. Other continuous cell lines became immortal either
spontaneously, in the case of cancer cells, or artificially through genetic engineer-
ing. Different approaches can be used to immortalize a cell line, namely irradiation,
chemical mutagens, infection by transforming viruses, or recombinant DNA vectors
expressing oncogenes [15]. Although not all cell lines are able to divide indefinitely,
the term cell line is frequently used as a synonym to continuous cell lines.

60+

S50+

Fhase Il

sSenescence
40 ( )

304 Phase ||
20

104

I I I I I
10 50 90 130 170 210 250 290
Days in culture

Accumulated population doublings

Nature Reviews | Molecular Cell Biology

Figure 1.2: The three phases of a cell culture as described by L. Hayflick in 1961. They
consist in the following: primary culture (phase I); exponential growth (phase II); and senes-
cence (phase III). Figure courtesy of J.W. Shay et al. [18].

A large majority of the cell lines being used in research are cancer cells [19], whose
most famous representative is the HeLa cell line. HeLa was the first human cell
line to be established in 1951 by G.O. Gey [20] and quickly became used by labora-
tories all over the world. This cell line originated from the cervical cancer cells of
Henrietta Lacks, who was a female patient at Johns Hopkins Hospital. It remains
nowadays the most used cell line in terms of published scientific articles. Nonethe-
less, more specialized cell lines were also engineered through the years, such as
hybridomas [21] for the production of monoclonal antibodies or induced pluripotent
stem (iPS) cells [22, 23] which enables stem cell therapies. As a downside of their
aggressive growth characteristics and resilience, cancer cell lines have been shown
to be frequently involved in the contamination of other cell cultures.



1.2. CELL LINES

1.2.2 Contamination and Misidentification

Cell line contamination is a long-lasting problem that appeared shortly after cell
lines started to be used in research. It arises when a biological contaminant is ac-
cidentally introduced in a cell culture [17]. The contaminant can be either another
cell line (cross-contamination) or a microorganism (microbial contamination). In
the case of microbial contamination, the introduced microorganism (usually bacte-
ria, fungi, or viruses) can greatly compromise experiments and the validity of their
results [24]. The most frequent microbial contaminant is the Mycoplasma bacteria
[24], which was shown to significantly alter cell physiology and metabolism [25].
Various techniques can be used to detect a Mycoplasma contamination, such as de-
tection of prokaryote 16S rRNA by polymerase chain reaction (PCR) amplification,
selective growth on a broth/agar culture, or fluorescent staining [26]. Mycoplasma
testing is increasingly being mandated in order to be able to publish results when
an experiment was performed on cell lines.

1400

1200

1000
Report on large scale Hela
800 contamination

600 Introduction of STR to
First major report on cell authenticate cell lines
] line misidentification

Number of pubkhed articles on miidentified celines

200

0 ; r ; ; r r )
1950 1960 1970 1980 1990 2000 2010 2020

Year

Figure 1.3: Contaminated literature over the years. Figure courtesy of S.P. Horbach et al.
[27].

Cross-contamination occurs when a foreign cell line is introduced in a cell culture
without the user’s knowledge [17]. As the contaminant grows, the cell culture will
contain a mixture of the two distinct cell lines. When the contaminant is a more ag-
gressive cancer cell line, the authentic culture can get fully outgrown and replaced
after several passages [28]. Cell lines in such cases are misidentified since they
are thought to be authentic while having a completely different origin, no longer
corresponding to their original donor or species. Cell line misidentification can also
occur as the result of mislabeling, unwitting swap during manipulations, and im-
proper freezer inventory [17]. Cell lines having errors in their tissue type, cell type,
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CHAPTER 1. INTRODUCTION

or disease are referred to as misclassified cell lines. Several causes were singled out
as potential sources of cross-contamination. For instance, improper technique from
laboratory staff and sharing of reagents or culture medium between cell lines can
introduce a contaminating cell line [17]. Surprisingly, cross-contamination is often
an early event occurring in the original laboratory where the cell line was estab-
lished [17]. This implies that if the cell line was already contaminated when it was
transferred to other laboratories, no intact stock of the cell line exists anymore. In
contrast, if the contamination occurred later, authentic stocks of the cell line can
be retrieved by going back to the source.

Contaminating Cellosaurus Contaminated

Cell description

cell line AC cell line count
HeLa CVCL_0030  human cervical adenocarcinoma 121
T24 CVCL_0554  human bladder carcinoma 20
M14 CVCL_1395 human melanoma 18
HT-29 CVCL_0320  human colon carcinoma 16
U-937 CVCL_0007  human lymphoma, histiocytic 12
K-562 CVCL_0004  human leukemia, chronic myeloid, blast crisis 10
OCI-AML-2 CVCL_1619  human leukemia, acute myeloid, M4 8
PC-3 CVCL_0035 human prostate carcinoma, acute myeloid, M4 8
CCRF-CEM CVCL_0207  human leukemia, acute lymphoblastic, T cell 7
JURKAT CVCL_0065  human leukemia, acute lymphoblastic, T cell 7
HCu-10! CVCL_M850 human esophageal squamous cell carcinoma 7
SW4802 CVCL_0546  human colon carcinoma 7
SW6202 CVCL_0547  human colon carcinoma 7
Hep-G2 CVCL_0027  human liver, hepatoblastoma 5
TPC-1 CVCL_6298  human thyroid, papillary carcinoma 5
U-251MG CVCL_0021  human glioblastoma 5
UM-SCC-1 CVCL_7707  human oral squamous cell carcinoma 5

1 Could also be HCu-18, HCu-22, HCu-27, HCu-33, HCu-37, or HCu-39 as they all share the same

genetic identity
2 SW480 and SW620 come from the same donor and share the same genetic identity

Table 1.1: Main contaminating cell lines sorted by the number of cell lines they affected.
Only the cell lines with at least five cell lines contaminated are reported. Data courtesy of
the ICLAC register of misidentified cell lines [17].

Cell line misidentification was pointed out as a major contributor to the inability to
reproduce research results [12]. A recent study [27] estimated that over 30,000 sci-
entific publications are based on data produced using misidentified cell lines. This
number even increases to half a million when taking into account the publications
citing those studies. The register of misidentified cell lines of the International Cell
Line Authentication Committee (ICLAC) [17] reports 529 known misidentified cell
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lines (version 9, October 2018). Human cancer cell lines are the most frequent con-
taminants with HeLa being, by far, the biggest contributor to this problem (Table
1.1). Although it means that only a very small fraction of the established cell lines is
misidentified (~0.5%), they are widely used in research. Older estimations reported
that between 18% and 36% of cell lines used in research may be misidentified [29].
Unfortunately, the awareness of the widespread of cell line contamination did lit-
tle to prevent the publication of studies based on such cell lines (Figure 1.3). Even
worse, there never has been so much contaminated literature submitted than in the
past few years, despite the call for action over the years by the scientific community
[30, 31]. To tackle the issue, an increasing number of journals are recommend-
ing, or even mandating, to test for cell line authenticity before being able to submit
research results [32].

1.2.3 Authentication

The history of cell line authentication is closely related to that of cell line contam-
ination. In the early 1960s, karyotyping and immunological techniques were used
to detect inter-species contamination cases [33]. These approaches were, however,
lacking the power of discrimination necessary to reliably identify contamination
between cell lines from the same species [34]. In 1966, S. Gartler was able to
distinguish human cell lines by applying a method based on isozyme expression
[35]. He demonstrated that 18 human cell lines of distinct origins had been con-
taminated by HeLa cells. With the advent of molecular biology, new techniques
based on DNA fingerprinting were developed. Short tandem repeat (STR) profiling
arose as the recommended method to authenticate human cell lines. It was notably
the subject of an American National Standards Institute standard (ANSI/ATCC
ASN-0002-2011) entitled "Authentication of Human Cell Lines: Standardization of
STR Profiling” [36], established by the American Type Culture Collection (ATCC)
Standards Development Organization (SDO) workgroup. Single nucleotide poly-
morphism (SNP) profiling is an available alternative to STR profiling. SNPs being
the most frequent sequence variations found in the human genome, they form col-
lectively a unique combination specific to an individual [37]. This approach can
prove to be particularly useful to identify cell lines having microsatellite instability
as a consequence of mutations in the DNA mismatch repair (MMR) system. SNP
profiling is however lacking a standard or guideline regulating the approach, and
no database enabling the search of its profiles is currently available. With the de-
velopment of next-generation sequencing approaches, partial or complete genome
sequencing can also be used to authenticate cell lines. However, genome sequenc-
ing remains nowadays too time and cost expensive to be deployed on a large scale
as an authentication methodology.
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1.2.4 STR Profiling

The inception of the STR profiling method is linked to the discovery of a hyper-
variable locus in the human genome by A. Wyman and R. White in 1980 [38]. It
had the peculiarity of having numerous distinct alleles that were inherited in a
Mendelian fashion. This highly polymorphic locus would turn out to be the fist
minisatellite to be reported. Minisatellites belong to the category of variable num-
ber tandem repeats (VNTR), as they are composed of a variable number of DNA
motifs (6-100 base pairs long) that are repeated in tandem. In 1985, A.J. Jeffreys
et al. demonstrated that these minisatellite regions are capable of hybridizing to
numerous loci throughout the human genome to produce DNA fingerprints [39, 40].
One year earlier, P. Weller and A.J. Jeffrey described a short tandem repetitive se-
quence upstream of the myoglobin gene [41]. These shorter VNTR (2-6 base pairs
long) would later on be referred to as microsatellites [42], but are also known un-
der the name of short tandem repeats (STR). Of note, there is no consensus on the
exact length of minisatellites and microsatellites, and the repeat length difference
is their main distinction.
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Figure 1.4: Electropherogram of the K562 (CVCL_0004) and WS1 (CVCL_2766) cell lines.
The STR analysis was performed using the PowerPlex® 1.2 STR kit. Figure courtesy of Y.
Reid et al. [43].

In parallel, the polymerase chain reaction (PCR) technique was developed by K.
Mullis et al. in 1983 [44], enabling the amplification of specific DNA sequences
using oligonucleotide primers. Multiple variants of the method emerged in the fol-
lowing years, including the Multiplex PCR in which multiple distinct sequences can
be synchronously amplified. The STR profiling method consists in the application
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of Multiplex PCR on selected microsatellite loci. The original workflow described by
A. Edwards et al. in 1991 [45] did not change much in its core concept over time. In
this approach, DNA is first extracted from a biological sample. Fluorescent-labeled
PCR primer pairs targeting specific STR loci are then added. The corresponding
DNA sequences are amplified in parallel using Multiplex PCR, before being sepa-
rated using gel electrophoresis. Of note, capillary electrophoresis has nowadays re-
placed gel electrophoresis because of its higher resolution, enabling the separation
of the bands produced by modern STR kits. The generated fluorescence is recorded
to produce an electropherogram (Figure 1.4), which is then interpreted as an STR
profile by translating the length of the amplified DNA sequences to the number of
repeats at a given locus. This step is commonly performed using dedicated software
followed by manual validation. Finally, the resulting STR profile is identified by its
comparison to reference STR profiles.

2
LAY

18 19 20

Figure 1.5: The 13 core CODIS STR loci and their chromosomal position. Figure adapted
from W.T. Godbey [46].

At its beginnings, STR profiling was exclusively used for forensic applications and
paternity testing. The approach was commonly used to identify victims in mass dis-
asters [47, 48] or to resolve crime cases [49]. In 1997, the Federal Bureau of Investi-
gation (FBI) established the combined DNA index system (CODIS) database, which
consisted of a validated set of thirteen core STR loci (CSF1PO, D3S1358, D5S818,
D7S820,D8S1179,D13S317, D16S539, D18S51, D21S11, FGA, THO1, TPOX, vWA,
plus amelogenin for gender identification; Figure 1.5) [50]. It is important to note
that not all STR markers are equal in terms of power of discrimination, as they
can significantly vary in terms of allele diversity, enotype diversity, and heterozy-
gosity (Table 1.2). Some have consequently a lower probability of identity (P(p))
than others, representing the probability that two given individuals have the same
genotype at this locus, making them more capable to distinguish samples from one
another.

The application of STR profiling to human cell line authentication was proposed by
J.R. Masters et al. in 2001 [51]. In an effort to tackle cell line cross-contamination,
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STR locus Alleles Genotypes Heterozygosity Probability of identity

SE33 52 304 0.9353 0.0066
Penta E 23 138 0.8996 0.0147
D2S1338 13 68 0.8793 0.0220
D1S1656 15 93 0.8890 0.0224
D18S51 22 93 0.8687 0.0258
D12S391 24 113 0.8813 0.0271
FGA 27 96 0.8745 0.0308
D6S1043 27 109 0.8494 0.0321
Penta D 16 74 0.8552 0.0382
D21S11 27 86 0.8330 0.0403
D8S1179 11 46 0.7992 0.0558
D19S433 16 78 0.8118 0.0559
vWA 11 39 0.806 0.0611
F13A01 16 56 0.7809 0.0678
D7S820 11 32 0.7944 0.0726
D16S539 9 28 0.7761 0.0749
D13S317 8 29 0.7674 0.0765
THO1 8 24 0.7471 0.0766
Penta C 12 49 0.7732 0.0769
D2S441 15 43 0.7828 0.0841
D10S1248 12 39 0.7819 0.0845
D3S1358 11 30 0.7519 0.0915
D22S1045 11 44 0.7606 0.0921
F13B 7 20 0.6911 0.0973
CSF1PO 9 31 0.7558 0.1054
D5S818 9 34 0.7297 0.1104
FESFPS 12 36 0.7230 0.1128
LPL 9 27 0.7027 0.1336
TPOX 9 28 0.6902 0.1358
DYS391 7 7 NA 0.4758

Table 1.2: Variation observed across 1036 U.S. population samples with 29 autosomal
STR loci and the Y-STR locus DYS391. The CODIS 13 core STR markers are shown in pur-
ple. Data courtesy of Promega, available online at: https:/ch.promega.com/products/pm/
genetic-identity/population-statistics/power-of-discrimination/#tablel (accessed the 11th
of November 2019).
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the authors demonstrated that cell lines could be authenticated using a set of six
core CODIS STR loci (D8S1179, D18S51, D21S11, FGA, THO01, vWA, plus amelo-
genin). The number of STR markers was later on increased to eight to improve the
discrimination power, and discussions are currently held in the cell line community
to further increase it to the thirteen CODIS loci. STR profiling was chosen as the
international recommended method for cell line authentication based on several
reasons. Authenticating a cell line using STR profiling is a cheap and fast process,
and the corresponding workflow is simple to set up. The produced STR profiles are
also easy to interpret and analyze. Finally, the STR kits have been used in forensic
sciences for a long time, and they are consequently well-validated and commercially
available.

1.2.5 Data and Databases

There are two core online resources gathering information about cell lines: the Cell
Line Data Base (CLDB) [52] developed by B. Parodi and her group from the IRCCS
Ospedale Policlinico San Martino, and the Cellosaurus [53] developed by A. Bairoch
from the SIB CALIPHO group. Both databases share the same purpose of charac-
terizing the cell lines that are, or were, commonly used in biomedical research.
While CLDB tends to provide more detailed information about the cell line bio-
chemical properties and growth conditions, the Cellosaurus encompasses a wider
range of data categories [53]. Their main difference lies in the scope, CLDB stor-
ing information about 6,643 cell lines from 205 distinct species (version 4.0.201701)
while the Cellosaurus contains information about 117,636 cell lines (87,495 human,
20,817 mouse and 2,131 rat cell lines) from 669 distinct species (version 33, Decem-
ber 2019). Unfortunately, no new update was released to the CLDB since January
2017. More specialized cell line databases are also available, although some have
been discontinued, as discussed in [53].

The experimental data resulting from STR profiling consists essentially in a set of
STR loci associated to their corresponding detected allele values. This simple key-
value pair format led to the common use of tabular or PDF files to report STR pro-
filing data, in which the columns represent the STR loci and each row represents
the alleles of distinct samples (or reversely). The need for a dedicated standard
format was thus less pressing compared to the high-throughput omics fields, ex-
plaining mainly its current absence. Tabular files are however notably unpractical
to store metadata information in a standardized manner. STR profiles are publicly
accessible from cell line collections, such as the American type culture collection
(ATCC) or the German collection of microorganisms and cell cultures (DSMZ), and
from the results of individual scientific publications. These public STR profiles
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are additionally gathered and exposed by cell lines databases. Both the Cell Line
Integrated Molecular Authentication (CLIMA) database of the CLDB and the Cel-
losaurus store STR profiles for researchers to access.
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1.3. Proteomics

Proteomics is a multidisciplinary field that consists in the comprehensive study
of the proteome, which is defined as the complete repertoire of proteins expressed
by a cell, tissue, or organism at a given time [54]. Research in proteomics relies
on high-throughput technologies and strategies to identify and quantify proteins
from complex biological samples, while characterizing their functions, structures,
expression patterns, interactions, and modifications. In this section, we present the
core characteristics of proteins and the main mass spectrometry-based proteomics
approaches for their identification and quantification.

1.3.1 Protein Complexity

Proteins are large linear biomolecules constituted of amino acid residues linked
together by peptide bonds. They are biosynthesized by ribosomes in the rough en-
doplasmic reticulum through the translation of the sequence information conveyed
by messenger RNA (mRNA) molecules. The mRNA sequences are transcripted from
genes contained in DNA, and a single gene can produce multiple transcripts from
the alternative splicing of exons in eukaryotes. This leads to distinct protein iso-
forms that differ in terms of sequence and structure, while sometimes having new
biological functions, which drastically increase protein diversity [55]. There are 20
common amino acids that can be classified based on the physico-chemical proper-
ties of their side chains. Amino acids can thus be charged (positively or negatively),
polar or hydrophobic. Consequently, the amino acid sequences directly affect the
secondary and tertiary structures of proteins, influencing in turn their biological
functions. The side chains of amino acids can also undergo post-translational mod-
ifications (PTMs), further increasing proteome complexity by their modulation of
protein activity, turnover, localization, and interactions [56]. More than 300 eu-
karyotic PTMs have been observed experimentally [57], some of the most common
being phosphorylation, glycosylation, acetylation, and methylation. The emergence
of genetic variation, the most common form of which is single nucleotide polymor-
phism (SNP), can also deeply affect the properties and structural conformations of
proteins when their sequence is altered. Additionally, proteins rarely act alone and
often operate in complex plastic network of interactions regulating their functions
[58]. All these factors together make the analysis of protein notoriously challenging,
requiring the development and refinement of specialized experimental techniques
and efficient computer software.
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1.3.2 Mass Spectrometry

Following improvements in the instrumentation, mass spectrometry (MS) progres-
sively arose as the reference proteomics approach for the analysis of complex protein
samples [59]. The core principle of MS is based on the measurement of the mass-
to-charge (m/z) ratio of ionized analytes in a gas phase. This analysis is performed
by a mass spectrometer instrument, which is composed of three main components:
an ion source that volatilize and ionize the analytes (i); a mass analyzer that sep-
arates the ionized analytes based on their measured m/z ration (ii); and a detector
that records the number of ions for each detected m/z value (iii) [59]. The gener-
ated data consists of mass spectra, which are two-dimensional plots representing
the ion intensity depending on the m/z ratio. The MS analysis can be performed ei-
ther on intact proteins following top-down strategies or on digested peptides follow-
ing bottom-up strategies (also known as shotgun proteomics) (Figure 1.6). Peptide
MS is usually preferred since protein MS is less sensitive and the mass of intact
proteins does not provide enough information for their reliable identification [59].
After or during protein isolation by biochemical fractionation and chromatography,
a digestion step is thus frequently performed through the use of enzymes such as
trypsin. The resulting peptides have a positively charged C-terminus, which is
helping their subsequent sequencing. The middle-down hybrid strategy consisting
in the MS analysis of large polypeptides is also available, providing more PTM co-
existence information than bottom-up proteomics while being more accessible than
top-down proteomics [60].
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Figure 1.6: Overview of the main proteomics strategies. Figure courtesy of L. Switzar et

al. [61].
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The advent of mass spectrometry in proteomics is closely related to the emergence
of new soft ionization techniques that enabled the analysis of biomolecules such
as proteins in the late 1980s [62]. Electrospray ionization (ESI) [63] and Matrix-
assisted laser desorption/ionization (MALDI) [64] successively arose as methods for
volatilizing and ionizing biomolecules [65]. The main differences between the two
techniques lie in the state of the sample and the source of the ionization, which in
turn influence their applications. In the ESI technique, an analyte solution flowing
through thin capillaries is subjected to a strong electric field, under atmospheric
pressure, to generate an electrospray. In the MALDI technique, the analytes are
embedded in a dry crystalline matrix and get sublimated and ionized by short laser
pulses. Both analytical techniques possess high sensitivity and can thus be applied
to low concentration samples [66]. Since the sample is a solution in ESI, it can eas-
ily be coupled with liquid-based separation techniques such as liquid chromatogra-
phy (LC) or more recently high-performance liquid chromatography (HPLC). This
property makes ESI the preferred approach for quantification experiments [66].
Another distinction is that MALDI tends to produce singly charged ions, while ESI
tends to produce multiply charged ions and has consequently an increased mass
range. Overall, ESI LC/MS has emerged as the reference for the analysis of com-
plex protein samples in shotgun proteomics experiments, while MALDI is being
used in more specific applications such as protein imaging [66].
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Figure 1.7: Ions produced from peptide fragmentation. Figure courtesy of Z. Hao et al.
[67].

Further increasing the diversity of MS instrumentation, four main distinct types
of mass analyzers were engineered through the years: the time-of-flight (ToF),
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Fourier-transform ion cyclotron resonance (FTICR), quadrupole, and ion trap in-
struments. Since each mass analyzer is based on different physical principles, they
vary in terms of their analytical performance [68]. Multiple mass analyzers can
however be combined to take advantage of the strengths of each technology. While
MALDI is mainly paired with ToF analyzers for the measurement of the mass of in-
tact peptides [569], ESI has been commonly used with a wider variety of instruments.
Single-stage MS is however insufficient to fully resolve peptide sequences. In tan-
dem mass spectrometry (MS/MS) approaches, the ions isolated by the first mass
analyzer (MS1), referred to as parent or precursor ions, are selected for a fragmen-
tation step before being analyzed by a second mass analyzer (MS2). The exact loca-
tion at which a peptide bond linking two amino acids will break depends on the frag-
mentation technique in use, thus determining the types of ions produced (Figure
1.7). Collision-induced dissociation (CID) has historically been the preferred frag-
mentation method in MS proteomics. In CID, the precursor ions are fragmented
through their collision with an inert gas. More fragmentation techniques based on
different principles appeared in recent years, with the electron-capture dissociation
(ECD) in 1998 [69] and electron-transfer dissociation (ETD) in 2004 [70].

1.3.3 Data and Databases

MS instruments generate raw data in the form of large binary files that are often
encoded in proprietary formats. In addition to the recorded MS/MS spectra, these
formats also contain a wide range of metadata information describing the data ac-
quisition process. To be exploitable by most bioinformatics software, raw data re-
quires to be converted into open formats using tools such as MSConvert from the
ProteoWizard toolkit [71]. The generated files are usually formatted either in text-
based peak list formats (e.g., MGF, PKL and DTA) or in XML-based formats (e.g.,
mzData, mzXML, and more recently mzML). The tools for analyzing raw data pro-
duce processed data, which can also be formatted in various data formats. Most of
these formats are XML-based, and are used to store either the identification results
(e.g., mzldentML) or quantification results (e.g., mzQuantML) from proteomics ex-
periments along with the relevant metadata information.

Following the example of other omics fields such as genomics, research in pro-
teomics progressively became more open and community-centered. Despite initial
reluctance, the public sharing of data generated by MS-based proteomics experi-
ments, whether raw data or processed data, became the norm over time. It is even
starting to be mandatory by an increasing number of journals and editors to be
able to publish an article, in order to ensure the reproducibility of the experimental
results presented. Several repositories were established through the years to store
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such MS data, such as PRIDE [72], MassIVE and jPOST [73]. These projects which
were formerly completely independent are now coordinated in the framework of the
ProteomeXchange consortium [74], ensuring of the proper and efficient sharing and
dissemination of proteomics data between resources and users.

For a more in-depth review of the proteomics databases and data formats, please
refer to the chapter I wrote for the Elsevier Encyclopedia of Bioinformatics and
Computational Biology entitled "Proteomics Data Representation and Databases”
(see the Section A.1 of the Appendix).

1.3.4 Search Strategies

An MS/MS spectrum represents the fragmentation pattern of a peptide precursor
ion into product ions, obtained from the successive cleavage of its backbone. To be
able to interpret and resolve the corresponding peptide sequence, the peaks in the
spectra require to be annotated as ions. This process can be performed either man-
ually or through the use of bioinformatics tools, but the large amount of MS/MS
spectra generated by a single high-throughput experiment makes manual inter-
pretation impractical. Two main strategies are available: database search (i) and
spectral library search (ii). In database searches, the experimental MS/MS spec-
tra are compared against theoretical ones that were predicted from a protein (or
more rarely peptide) sequence database [75]. In the case of protein databases, the
sequences are first digested in silico, following the cleavage pattern of specific di-
gestion enzymes. Digestion enzymes being known to sometimes miss cleavage sites
they were expected to cut, peptides with missed cleavages also require to be pre-
dicted at this step in order to be observable. Numerous bioinformatics tools were
developed through the years to perform database searches, such as Mascot [76],
Andromeda [77], and X!Tandem [78]. Search engines are based on more or less
sophisticated scoring algorithms (usually normalized dot product or variations of
it) and vary in terms of performance. However, they all share the same core prin-
ciples. Search engines thus report the best peptide-spectrum matches (PSMs) for
a given experimental MS/MS spectrum along with various scores and statistical
parameters describing the quality of the spectral comparison. In spectral library
searches, the experimental MS/MS spectra are compared against consensus spectra
that were compiled using previously identified spectra. Some examples of spectral
library search engines are SpectraST [79] and X!Hunter [80].

One of the main shortcomings of MS-based protein and peptide identification lies
in the fact that a large proportion of matches are spurious and occurred by chance.
To limit the presence of these false positive identifications in the results, a false
discovery rate (FDR) threshold is usually applied following the target-decoy strat-
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egy. In the case of database searches, a decoy version of each target protein stored
in the database is usually computed by reversing the amino acid sequence. In the
case of spectral library searches, the decoys are commonly generated by shuffling
the peaks of the consensus MS/MS spectra. After the search, algorithms based on
the score distribution of the target and decoy identifications are applied to compute
the FDR at the protein, peptide and PSM level. Based on these FDR values, thresh-
olds are applied so as to limit the proportion of false identifications to an expected
percentage.

1.3.5 Quantitative Proteomics

In addition to the precise identification of proteins from complex biological sam-
ples, MS is abundantly used to perform the absolute and relative quantification of
proteins and peptides. These analyses reveal a supplementary layer of information
about the quantitative state of a proteome, providing insights about protein differ-
ential expression [81]. Nowadays, the quantification of proteins through untargeted
approaches is commonly performed using isotopic labeling. Since the added labels
introduce a known mass difference, mass spectrometers are able to distinguish the
proteins of a labeled sample from those of an unlabeled sample. This thus enables
to perform the relative quantification of proteins by comparing their abundance be-
tween distinct states or conditions. Numerous labeling techniques are available,
including metabolic labeling (e.g. stable isotope labeling by amino acids in cell cul-
ture (SILAC)), isotopic labeling (e.g., isotope-coded affinity tag (ICAT)) and isobaric
tagging (e.g. tandem mass tags (TMT)). With the recent improvements in instru-
mentation, the popularity of label-free quantification (LFQ) techniques increased.
At the expense of lower quantitative accuracy, these techniques are cost and time
effective by having simplified experimental designs and sample preparation steps.
They also depend more on computer software and statistical validation to produce
accurate results. Two distinct LFQ approaches are available: spectral counting and
ion peak intensity quantification. Spectral counting is based on the rationale that
an increase in protein abundance results in an increase in the number of corre-
sponding peptides [82]. Consequently, a protein with a higher expression will tend
to have better peptide coverage and a larger total number of PSMs. Quantification
by ion peak intensity relies on the signal intensities of ions, which was shown to
be correlated to the ion abundance. In comparison to spectral counting, ion peak
intensity is only compatible with MS1. Absolute quantification (AQUA) of proteins
and peptides can be achieved with the use of selected reaction monitoring (SRM)
targeted approaches [83]. In this technique, labeled synthetic copies of peptides
of interest are introduced at a known concentration during the digestion step to
determine their abundance.
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1.3.6 Proteoform Analysis

Proteoforms are defined as all the protein products that are derived from a unique
gene, encompassing splice variants (isoforms), sequence variants and PTMs [84].
To be able to observe any alteration to the canonical protein sequences using MS,
these changes to the amino acid sequences require to be included in the databases
used by search engines. Protein isoforms are already searched in a large majority
of proteomics experiments, and can easily be retrieved in the FASTA format along
with canonical sequences from knowledge databases such as UniProtKB/Swiss-Prot
[85] (many species) or neXtProt [86] (human only). In the case of SNPs and other
small sequence variants such as indels, the altered protein sequences are not di-
rectly available. Protein databases annotate the changes at the protein level with-
out including them in sequences. Of note, neXtProt enables to retrieve the pro-
tein sequences in the extended FASTA format (PEFF) [87] where the SNPs (and/or
PTMs) are detailed in the FASTA header. While this new enhancement of the
FASTA format allows including the known SNPs and PTMs in searches, only a lim-
ited number of search engines such as Comet [88] currently support this format.
In most experiments focusing on SNPs, additional bioinformatics tools have thus
to be used to generate the altered protein sequences. With the democratization
of whole genome sequencing (WGS) and whole exome sequencing (WES), new pro-
teogenomics approaches can also be used. The sequence variants observed at the
gene level allow the prediction of their effect on protein sequences using specialized
tools. This notably enables to generate customized protein sequence databases in
which variants specific to a disease, tissue or cell line are included.

Two distinct approaches are commonly used in proteomics to detect PTMs and de-
termine their location on proteins: targeted modification searches and open modi-
fication searches. In targeted approaches, the PTMs of interest are specified to the
search engine prior to the database search step. The selection consists in specifying
which amino acid can be modified, the mass of the modification, and if the modi-
fication is ubiquitous or not (fixed or variable modification). Targeted approaches
are efficient but require prior knowledge about the PTMs expected to be present
in the sample. Furthermore, selecting too many variable modifications drastically
increase the search space, which in turn affects the FDR and the peptide and pro-
tein identifications. In open searches, the modifications are inferred from the mass
difference between two spectra using spectral library searches. This enables the
identification of both novel and known PTMs, but requires the use of specialized
algorithms and software. Sample preparation is also known to introduce chemical
artifacts that have no biological relevance. These chemical modifications further
increase the complexity of PTM analysis. Unlike most PTMs, glycans are however
unable to be fully identified using conventional search strategies. Because of their
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great mass and structure diversity, specific MS approaches had thus to be devel-
oped to resolve the complexity of their structures.
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1.4. Glycomics

Glycomics is an emerging discipline that focuses on the study of the glycome, which
is defined as the complete repertoire of glycans expressed by a cell, tissue, or organ-
ism at a given time [89]. Glycans are large branched biomolecules essential to the
normal function of cells while being directly involved in numerous diseases. They
have important structural functions, such as the formation of the glycocalyx coat of
eukaryote cells and the capsule of bacteria [90]. The ubiquitous presence of glycans
on the cell surface gives them an important role in host-pathogen interactions and
in the viral infection process. As nearly all cell surface receptors are glycosylated
proteins, glycans are essential for the immune system and modulate the function of
antibodies [91]. They are for instance well-known in the determination of the blood
types by their presence on the surface of red blood cells. Glycans also assist the
folding of newly synthesized proteins in the endoplasmic reticulum and regulate
their trafficking. Through their recognition by specialized glycan-binding proteins
(GBPs), glycans regulate many signaling and secretory pathways [90]. Altered gly-
cosylation is additionally a known hallmark of cancer, allowing some glycans to be
used as biomarkers of tumor progression [92]. In this section, we present the inher-
ent diversity of glycans and the challenges that emerge in their analysis by mass
spectrometry approaches.

1.4.1 Glycan Diversity

Glycans, also frequently referred to as carbohydrates or saccharides, are large lin-
ear or branched compounds constituted of multiple monosaccharides that are linked
by glycosidic bonds. Since monosaccharides cannot be hydrolyzed into simpler forms
[93], they represent the monomer units enabling the assembly of oligosaccharides
(fewer than a dozen units) or polysaccharides (more than a dozen units) [94]. They
are therefore the equivalent of nucleotides for nucleic acids or amino acids for pro-
teins. Monosaccharides can be in linear or cyclic form and are generally constituted
by a backbone of three to nine carbon atoms. Hexoses, such as glucose or galactose,
are composed of six carbon atoms and represent the most common monosaccha-
rides [95]. The hydroxyl and amino groups of monosaccharides can be further mod-
ified by enzymes, leading to an increase in structure diversity [96]. Two distinct
stereoisomers (D and L) of the same monosaccharide can coexist based on the three-
dimensional orientation of the atoms, but the D configuration is more frequent [96].
This stereoisomerism can modulate their biological properties. Different sites are
available on monosaccharides to form glycosidic bonds, and the linkage itself can
take two distinct orientations (o or 3) depending on the relative stereochemistry of
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the C1 carbon compared with the plane of the ring [97]. There is formation of an
a-glycosidic bond when the two linking carbons have the same anomeric configura-
tion and of a B-glycosidic bond when they have different anomeric configurations.
The orientation of glycosidic bonds directly affects the structure of glycans.

N-Linked O-Linked

O D S Ser D D S Ser
B3 & Thr « 3 [ Thr
Core 1 Core 5

. I:‘ S Ser
B 6 [ Thr

Core 6

Ser

& GDu 5 Thr
Core 7

( ) Ser

o 3—« Thr

Hybrid Core 4 Core 8

Figure 1.8: N-linked and O-linked glycans in the SNFG format.

Glycans can be either covalently bonded to proteins (glycoproteins) or lipids (glycol-
ipids) to form glycoconjugates [93], or free when released in body fluids by those gly-
coconjugates [98]. In the case of glycoproteins, there are two main categories of gly-
cans based on the type of linkage: N-linked and O-linked glycans. N-linked glycans
consist in the attachment of an oligosaccharide to the amine nitrogen of the side
chain of an asparagine (Asn) residue [99]. The N-glycosylation sites usually follow
a Asn-X-Ser/Thr pattern, where X is any amino acid with the exception of proline
[99]. In eukaryote organisms, N-glycans all share a common core sequence defined
as Mana1-3(Mana1-6)Manf31-4GlcNAcB1-4GlcNAcB1 [99]. They can be further
subdivided into three categories based on their structure (Figure 1.8): oligoman-
noses (i) when the core is solely extended by mannose (Man) residues; complexes
when the core is extended by antennas starting with a N-Acetylglucosamine (Glc-
NAc) residue (ii); and hybrid when the Mano1-3 arm of the core is extended by
one or two GlcNAc residues and the Mana1-6 arm is extended by Man residues
(>iii) [99]. O-linked glycans consist in the attachment of an oligosaccharide to the
oxygen atom of the side chain of generally a serine (Ser) or threonine (Thr) residue
[100]. O-glycans all start with a N-Acetylgalactosamine (GalNAc) monosaccharide
that is mostly elongated into eight different core structures (Figure 1.8), which can
be in turn further elongated and modified [101].
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1.4.2 Mass Spectrometry

In comparison to the characterization of proteins, additional challenges are encoun-
tered in glycomics when aiming to characterize glycan structures using MS-based
approaches. A given precursor mass can only provide reliable information about the
composition of a glycan, failing to fully resolve the corresponding structure [102].
As they have the same mass, isomeric structures and isomeric monosaccharides
cannot be directly distinguished. Through the use of MS/MS approaches, the frag-
mentation of glycans can provide supplementary information about their primary
sequences. The additional use of orthogonal techniques, such as nuclear magnetic
resonance (NMR), is however often required to reduce the number of possible gly-
can structures through the determination of glycan configurations and linkage po-
sitions [102]. In comparison to the traditional CID or HCD fragmentation, electron
activation fragmentation techniques, such as ECD or ETD, were shown to result in
more detailed glycan structures [102]. In a typical protein-based glycomics MS ex-
periment, the glycans are first released from their proteins either enzymatically for
N-glycans using peptide N-glycosidase F (PNGase F) or chemically for O-glycans us-
ing B-elimination [103]. In glycoproteomics approaches, this step is not performed
in order to be able to identify glycosylation sites inside the amino acid sequences
of intact glycoprotein and glycopeptides. Site localization is obtained at the cost
of precise structural information, as only the glycan composition can be fully re-
solved [102]. As for glycomics, ECD and ETD fragmentation techniques nowadays
tend to be preferred in glycoproteomics experiments as they provide overall more
information about glycan structures. They also mainly fragment the peptide back-
bone instead of glycosidic bonds, preventing the complete loss of glycans and their
corresponding site information [103].

1.4.3 Data and Databases

Once fully resolved by glycomics approaches, the glycan structures require to be en-
coded into standardized data formats to reliably store the corresponding sequence
information. As no clear community standard was originally available, numerous
glycan databases and initiatives ended up developing their own internal format.
This led to the coexistence of a multitude of glycan structure formats (Table 1.3),
which can vary regarding the level of detail they encapsulate. They are also differ-
entiated by the way the sequence information is encoded. Some formats like GLYDE
[104] are XML-based, while others like KCF [105] are formatted as indented tables.
The majority of formats, such as LINUCS [106] or Linear Code [107], consists how-
ever in a one-line string. While those string formats tend to produce very condensed
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results, they can prove to be difficult to read. This is especially true in the case of
branched structures. Another issue is that each format uses a distinct notation
for the encoded monosaccharides. The MonosaccharideDB [108] database notably
addresses this problematic by listing the existing notations and providing transla-
tion tools. While tools enabling the conversion of a given glycan format to another
exist, they usually only support a restricted number of input and output formats.
Recently, GlycoCT [109] was selected by several databases as a default format in an
effort to improve the information exchange and cross-references between glycoin-
formatics resources. This however did not prevent new formats, such as WURCS
[110], from being developed.

Meuag

e
-l x 53

Figure 1.9: Graphical representation of glycans. Example of a glycan structure (GlyCon-
nect: 2641; GlyTouCan: G01614ZM) represented in four distinct formats: SNFG (a); Oxford
(b); text (c); and as its chemical structure depiction (d).

With the advent of MS-based glycoproteomics approaches, there has been a con-
sequential increase in the number of observed glycans that lack a fully resolved
structure. For these cases, the structure formats detailed above cannot be used
since solely the monosaccharide composition is fully known. Once more, no consen-
sus was originally achieved and distinct glycan composition formats were developed
by databases and tools working with such data. Glycan composition formats all con-
sist in describing the observed monosaccharides and their number of occurrences
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Format Value
BCSDB Ac(1-5)aXNeup(2-3)bDGalp (1-3) [Ac(1-2) aXNeup(2-6) ,Ac(1-2)]aDGalpN
RES

1b:a-dgal-HEX-1:5

2s:n-acetyl

3b:b-dgal-HEX-1:5

4b:a-dgro-dgal-NON-2:6|1:a|2:keto|3:d

b5s:n-acetyl

6b:a-dgro-dgal-NON-2:6|1:a|2:keto|3:d

GlycoCT 7s:n-acetyl

LIN

1:1d(2+1)2n

2:10(3+1)3d

3:30(3+2)4d

4:4d(5+1)6n

5:10(6+2)6d

6:6d(5+1)7n

<?xml version="1.0" encoding="UTF-87>

<GlydeII><molecule subtype="glycan" id="From_GlycoCT_Translation">

<residue subtype='"base_type" partid="1" ref="http://www.monosaccharideDB.org/GLYDE-II.jsp?G=a-dgal-HEX-1:5">
<residue subtype="substituent" partid="2" ref="http://www.monosaccharideDB.org/GLYDE-II.jsp?G=n-acetyl">
<residue subtype="base_type" partid="3" ref="http://www.monosaccharideDB.org/GLYDE-II.jsp?G=b-dgal-HEX-1:5">
<residue subtype="base_type" partid="4" ref="http://www.monosaccharideDB.org/GLYDE-II.jsp?G=a-dgro-dgal-NON-2:6|1:a|2:keto|3:d">
<residue subtype="substituent" partid="5" ref="http://www.monosaccharideDB.org/GLYDE-II.jsp?G=n-acetyl">
GLYDE <residue subtype="base_type" partid="6" ref="http://www.monosaccharideDB.org/GLYDE-II.jsp?G=a-dgro-dgal-NON-2:6|1:a|2:keto|3:d">
<residue subtype="substituent" partid="7" ref="http://www.monosaccharideDB.org/GLYDE-II.jsp?G=n-acetyl">
<residue_link from="2" to="1" <atom_link from="N1H" to="C2" to_replace="02" bond_order="1"></residue_link>
<residue_link from="3" to="1" <atom_link from="C1" to="03" from_replace="01" bond_order="1"></residue_link>
<residue_link from="4" to="3" <atom_link from="C2" to="03" from_replace="02" bond_order="1"></residue_link>
<residue_link from="5" to="4" <atom_link from="N1H" to="C5" to_replace="05" bond_order="1"></residue_link>
<residue_link from="6" to="1" <atom_link from="C2" to="06" from_replace="02" bond_order="1"></residue_link>
<residue_link from="7" to="6" <atom_link from="N1H" to="C5" to_replace="05" bond_order="1"></residue_link>
</molecule></GlydeII>
TUPAC NeuAc(a2-3)Gal (b1-3) [NeuAc(a2-6)]GalNAc
ENTRY G00027 Glycan
NODE 5
1 Ser/Thr 13 0
2 GallNAc 3 0
3 Gal -5 -4
4 NeubAc -6 4
KCF 5 NeubAc -13 -4
EDGE 4
1 2:al 1
2 3:b1 2:3
3 4:a2 2:6
4 5:a2 3:3
117

Linear Code NNa3Ab3(liNa6) AN

LINUCS [1 [a-D-GalpNAc]{[(3+1)] [b-D-Galp] { [(3+2)] [a-D-Neup5Ac]{}} [(6+2)] [a-D-Neup5Ac]{}}

WURCS 2.0/3,4,3/[a2112h-1a_1-5_2*NCC/3=0] [a2112h-1b_1-5] [Aad21122h-2a_2-6_5*NCC/3=0]/1-2-3-3/a3-b1_a6-d2_b3-c2

Table 1.3: Common glycan sequence formats. Example of a glycan structure (GlyConnect:
2641; GlyTouCan: G01614ZM) represented in different data format that can be found in

glycomics.
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as key-value pairs (e.g., Hex:5 HexNAc:4 NeuAc:2). While these formats are in-
herently less complex than glycan structure formats, they share the same issue of
having distinct notations for monosaccharides.

The graphical representation of glycan structures also required the design of spe-
cialized formats (Figure 1.9). In addition to the classical chemical structure depic-
tion commonly preferred by chemists, new formats emerged using specific encoding
for the monosaccharide appearance. While the most basic one uses text abbrevia-
tions, the Oxford [111] and SNFG [112] formats opted for symbols varying in shape
and color to represent the various monosaccharide classes. In contrast to the gly-
can sequences formats, the SNFG format was rapidly adopted by a large number of
databases and related resources and is notably recommended by the Essentials of
Glycobiology [113].

Database Content URL

CFG Glycan array data http://www.functionalglycomics.org
CSDB Plant, fungal and bacterial glycan structures http://csdb.glycoscience.ru
GlycoEpitope Glycan epitopes https://www.glycoepitope.jp
GlyConnect Glycan structures, glycoproteins, glycosylation sites https:/glyconnect.expasy.org
GLYCOSCIENCES.de 3D glycan structures, NMR data http://www.glycosciences.de
GlyTouCan Glycan structures https:/glytoucan.org

KEGG Glycan structures, pathways https://www.genome.jp/kegg/glycan/
MonosaccharideDB Monosaccharide data http://www.monosaccharidedb.org
SugarBind Pathogen-glycan binding data https://sugarbind.expasy.org
UniCarb-DB Glycan MS/MS data https:/unicarb-db.expasy.org
UniCarbKB Glycan structures, glycoproteins, glycosylation sites http://www.unicarbkb.org

Table 1.4: Main glycan databases and repositories. The resources that were discontinued
or focus on topics that are too specifc (e.g., enzymes) are not listed.

Databases in glycomics differ significantly in terms of goals and content (Table 1.4).
While some focus solely on describing the structures and compositions of glycan,
others aim to characterize their interactions with proteins or pathogens. GlyCon-
nect[114]is a database aiming to characterize the different molecular actors of pro-
tein glycosylation. It was developed at the SIB Proteome Informatics Group (PIG)
and is openly accessible on the ExPASy server (https:/glyconnect.expasy.org). The
database specifically covers the N- and O-linked glycans and the glycoproteins that
harbor them. The data stored in GlyConnect can be accessed through any of the
nine available categories: structures (i); compositions (ii); proteins (iii); peptides
(iv); sites (v); taxonomies (vi); tissues (vii); diseases (viii); and references (ix). This
enables users to perform multi-criteria queries answering specific questions, such
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as finding all the glycan structures that have been reported in a given disease. Gly-
Connect is built upon the content of the GlycoSuiteDB database [115], following
the transfer of the license to the SIB. The database is consequently constituted of
a manually curated data core containing numerous glycan structures. With the
rise of high-throughput glycoproteomics approaches, a large amount of data was
subsequently added to GlyConnect. While a lot of information was gained about
the location of glycosylation sites in protein sequences, the proportion of glycan for
which only the monosaccharide composition is known drastically increased. As a
result, there is a growing need to develop new computer software to help to make
sense of this data.
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1.5. Objectives and Thesis Overview

The work presented in this thesis was carried out from November 2015 to March
2020. This PhD was co-supervised by the Proteome Informatics Group (PIG) and
the Computer Analysis and Laboratory Investigation of Proteins of Human Ori-
gin (CALIPHO) group, both part of the University of Geneva (UNIGE) and the
Swiss Institute of Bioinformatics (SIB). It started with the development of new
bioinformatics tools and workflows for the mass spectrometry analysis of protein
post-translational modifications and sequence variants. The goal of the PhD later
on expanded to the development of bioinformatics tools for the scientific community
to make sense of omics data, with a focus on data related to cell lines. Reflecting the
corresponding fields of research of the two groups, the type of data analyzed ranged
mainly from DNA fingerprinting data, to mass spectrometry proteomics and glyco-
proteomics data. While the concerned fields vary significantly in terms of purpose
and scope, the underlying bioinformatics challenges regarding biological data for-
mat, storage, and subsequent computer-aided processing and interpretation are
similar. As summarized in Figure 1.10, three distinct bioinformatics tools (MzVar,
CLASTR, and GlyConnect Compozitor) were developed in the course of this thesis,
two of which have been published in scientific journals. Two additional publications
were written based on studies performed with the help of two of these tools.

1.5.1 Cell Line Authentication using STR

Chapter 2 presents the Cellosaurus STR similarity search tool named CLASTR
(Cell Line Authentication using STR). While the experimental protocols and meth-
ods to generate STR profiles from a cell line sample are well defined and available,
the bioinformatics tools to interpret such data were lacking. An STR profile can
only allow the authentication of a cell line through its comparison to a reference.
Over the years, the Cellosaurus grew to become the largest database in terms of
human publicly available human STR profiles but was lacking a dedicated tool to
fully exploit this data. CLASTR is an important component in the international
efforts targeted toward curbing the spread of contaminated cell lines in scientific
research.

This tool resulted in the publication of an article entitled "CLASTR: the Cellosaurus
STR Similarity Search Tool - A Precious Help for Cell Line Authentication” in the
Cancer Genetics and Epigenetics section of the International Journal of Cancer,
which was generously put in open access for free.
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1.5.2 STR Profiling Search Parameters

Chapter 3 presents an extensive analysis of the influence of the different parame-
ters available for STR similarity searches on the identification of related cell lines.
This includes the search algorithm, the count of homozygous loci as one or two alle-
les, the inclusion of amelogenin in the scoring computation, and the number of STR
markers compared. A good set of parameters is expected to lead to high scores for
related and low scores for unrelated cell lines, allowing reliably distinguishing them
for authentication purposes. Scientific journals are unanimously recommending to
ensure cell line authenticity throughout experimental procedures. This measure
requires the establishment of guidelines to be able to reach its full potential, en-
abling non-experts to access more easily to STR profiling.

The results of this analysis are detailed in an article draft entitled "Evaluation of
the Effect of STR Profiling Search Parameters on Cell Line Authentication”.

1.5.3 Reanalysis of HeLa Proteomics Data

Chapter 4 presents a large-scale reanalysis of 40 tandem mass spectrometry data
sets from the HeLa cell line. This study aimed to identify SNPs inferred from ge-
nomic sequencing data at the protein level, while trying to further assess their im-
pact on protein expression and stability through changes in relative protein abun-
dance. The project included the development and use of a tool named MzVar, en-
abling the generation of customized variant protein and peptide databases using
variant calling data. In the scope of the Human Protein Project, special attention
was paid to the identification of peptides from missing proteins. Overall, this study
showcases the benefits, as well as the many challenges and technical difficulties, of
reanalyzing publicly available proteomics data at a large scale.

The results of this analysis were published in an article entitled "Large-Scale Re-
analysis of Publicly Available HeLa Cell Proteomics Data in the Context of the Hu-
man Proteome Project” in the Journal of Proteome Research as part of the Human
Proteome Project 2018 special issue.

1.5.4 GlyConnect Compozitor

Chapter 5 presents Glyconnect Compozitor, the latest addition to the visual toolkit
of the Glyconnect database. With the advent of high-throughput glycoproteomics
studies focusing on the precise mapping of glycosylation sites, a growing proportion
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of experiments does not fully resolve glycan structural information. There is conse-
quently an accumulation of glycan data for which only the composition is known. As
a result, there is a critical need to develop new bioinformatics tools and approaches
to exploit such data. Glyconnect Compozitor generates glycan composition graphs
from various available search criteria, enabling to detect and export the composi-
tions that are in common between several biological entities or specific to a single
one.

This tool and its usage are detailed in an article entitled "Examining and Fine-
Tuning the Selection of Glycan Compositions with GlyConnect Compozitor”, which
was published in the Molecular & Cellular Proteomics journal.

Cell Lines Tool EZ8
Publication |=

SUR SEEED
rAParameters

- -

Glycomics Proteomics

Figure 1.10: Overview of the work achieved during the thesis. Three distinct software
applications were developed, two of which having been described in a dedicated publication.
Two additional studies could be published through their use.

33



CHAPTER 2

CeLL LiNE AUTHENTICATION USING STR

2.1. Overview

In this chapter, we introduce CLASTR (Cell Line Authentication using STR), a
new web application that performs similarity searches on the STR profiles stored
in the Cellosaurus. While similar tools have been available for a while, they are
fairly limited with respect to the features and search parameters they offer. Addi-
tionally, these tools are based on their own STR profile databases, which are often
too restrictive and failing to include STR profiles available in the literature from
individual publications. The Cellosaurus compiles all publicly available STR pro-
files and as such, offers the largest library of reference STR profiles to the scientific
community. CLASTR is an important step in making cell line authentication acces-
sible for everyone, providing both an intuitive web interface and an efficient API. It
directly contributes to curbing the propagation of unreliable experimental results
produced with contaminated or misidentified cell lines. Interestingly, the Interna-
tional Journal of Cancer generously waived the open access fees for the publication
describing CLASTR in recognition of the definite advantage of such a tool for the
whole community.
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Despite an increased awareness of the problematic of cell line cross-contamination and misidentification, it remains nowadays
a major source of erroneous experimental results in biomedical research. To prevent it, researchers are expected to frequently
test the authenticity of the cell lines they are working on. STR profiling was selected as the international reference method to
perform cell line authentication. While the experimental protocols and manipulations for generating a STR profile are well
described, the available tools and workflows to analyze such data are lacking. The Cellosaurus knowledge resource aimed to
improve the situation by compiling all the publicly available STR profiles from the literature and other databases. As a result, it
grew to become the largest database in terms of human STR profiles, with 6,474 distinct cell lines having an associated STR
profile (release July 31, 2019). Here we present CLASTR, the Cellosaurus STR similarity search tool enabling users to compare
one or more STR profiles with those available in the Cellosaurus cell line knowledge resource. It aims to help researchers in
the process of cell line authentication by providing numerous functionalities. The tool is publicly accessible on the SIB ExPASy

server (https://web.expasy.org/cellosaurus-str-search) and its source code is available on GitHub under the GPL-3.0 license.

Introduction

The Cellosaurus' is a knowledge resource on cell lines. It aims
to describe all cell lines used in biomedical research. It cur-
rently contains more than 113,000 cell line entries from
625 species. The majority of the cell lines originate from two
species, namely, human (75%) and mouse (17%). For each cell
line, a wealth of information is provided, allowing researchers
to easily get an idea of how the cell line was generated and its
main characteristics. It provides cross-links to 88 different
external resources (cell repository catalogs, ontologies, data-
bases) and provides more than 105,000 references to 17,700
publications. The Cellosaurus is updated regularly and is
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available on the Swiss Institute of Bioinformatics (SIB) ExPASy
web server® (https://web.expasy.org/cellosaurus) where users
can browse the database or download the full set of data in
three different formats (structured text, OBO and XLM).

One of the many purposes of the Cellosaurus is to make users
aware of cell lines that are known or suspected to be cross-con-
taminated, misidentified or misclassified. Contaminated cell lines
arise from the accidental introduction of foreign cell lines (cross-
contamination) or microorganisms (microbial contamination).
Misidentified cell lines are the result of errors in their gender or
species, while cell lines are defined as misclassified when the tis-
sue type, cell type or disease is incorrect. Cell line cross-
contamination was singled out as a major contributor to the
reproducibility crisis that has been recently highlighted in life sci-
ences.” A recent study” estimated that over 30,000 scientific pub-
lications were based on data produced using misidentified cell
lines. As a consequence, the results of such experiments are par-
tially or totally unreliable. This situation has led journal editors
and publishers to ask authors to authenticate the cell lines that
they have used prior to publication. The preferred experimental
approach to authenticate a cell line is the short-tandem repeat
(STR) profiling method (Fig. 1) that had already proven its effec-
tiveness in forensic applications.™® Once the STR profile of a
given cell line sample is obtained, it must be compared against a
database of reference STR profiles to verify that it does not have
an unexpectedly high similarity with an unrelated cell line. If that
is the case, it could potentially mean that the cell line sample is
either partially or completely contaminated or misidentified.
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What’s new?

CLASTR: Cell line authentication using STR

Despite increased awareness, cell line cross-contamination and misidentification remain a major source of erroneous
experimental results in biomedical research. Nowadays, researchers performing experiments on cell lines are thus expected to
ensure their authenticity using short-tandem repeat (STR) profiling. The Cellosaurus, which compiles all publicly available STR
profiles, has become a valuable knowledge resource for this purpose. However, the database lacked a dedicated tool allowing
a similarity search for a query STR profile. Here, the authors present CLASTR, the Cellosaurus STR similarity search tool that
aims to facilitate the authentication process and the detection of potentially cross-contaminated or misidentified cell lines.

All currently available cell line STR search tools are
restricted in the number and scope of the STR profiles that
are available in their database (see Table 1, next section), and
a given sample would have to be tested against multiple data
sets to ensure its authenticity. By compiling all publicly avail-
able STR profiles, the Cellosaurus provides a remedy for this
issue. However, the database lacked a dedicated tool allowing
a similarity search for a query STR profile until recently. Here
we present CLASTR (Cell Line Authentication using STR),
the Cellosaurus STR similarity search tool, which aims to pro-
vide a large panel of functionalities to facilitate the similarity
search process.

Materials and Methods

STR profiles

The current Cellosaurus release (release July 31, 2019) contains
STR profiles for 6,556 distinct cell lines (6,474 human, 46 mouse

1. DNA
extraction
Amel X
5. CLASTR CSF1PO 11,12
STR search D5S818 11,12

D7S820 10
D13S317 11,12
D16S539 11,12
THO1 6,9
TPOX 8,9
VWA 17,19

HT-29
CVCL_0320

_

and 36 dog cell lines) from 444 different sources providing, by
far, the largest publicly available data set in terms of the number
of STR profiles (Table 1). More than two-thirds of these human
cell lines have only a single source for their STR profile (Fig. 2).
For cell lines with more than one source, these frequently dis-
agree on the exact allele value of a given STR marker. Such “con-
flicting” markers have their different alleles and corresponding
sources clearly labeled on the STR profile section of a
Cellosaurus entry. Collectively, individual scientific publications
constitute the largest source for the Cellosaurus STR profiles.
Cell line collections such as ATCC, CLS, DSMZ, ECACC, JCRB,
KCLB, RCB and TKG, and initiatives such as the COSMIC cell
line project” are also major contributors (Fig. 3).

STR markers
The first multiplex STR amplification kits were limited in terms
of the number of amplified STR markers, usually containing

2. Multiplex
PCR

ﬁ

3. Capillary
electrophoresis

arbysie I LM
G Lo
1 Y |

Figure 1. Workflow of cell line authentication by STR profiling. The process of the authentication of a cell line using STR profiling can be
summarized by the following steps: (1) DNA is extracted from a cell sample; (2) fluorescent-labeled primers targeting specific STR loci are
added and the corresponding DNA sequences are amplified simultaneously though Multiplex polymerase chain reaction (Multiplex PCR);

(3) capillary electrophoresis is used to separate the amplified DNA fragments and the fluorescence is recorded to produce an
electropherogram; (4) the electropherogram is interpreted as a STR profile by converting the size of each amplified fragment to the number of
repetitions at each locus using specific software and controls, with manual validation as required; (5) the STR profile is searched against the
Cellosaurus using CLASTR, allowing to know the identity of the cell sample and detect a potential cross-contamination. [Color figure can be

viewed at wileyonlinelibrary.com]
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Table 1. Comparison of the publicly available human STR profile data sets
COG single DSMZ STR
ATCC STR profile record STR profile NCBI
Database database Cellosaurus CLIMA database database BioSample
Number of human 1,626 6,474 4,354 3,380 2,455 3,083

cell line with a STR profile

only four markers plus amelogenin used for gender determina-
tion. Although these studies continue to be informative, the
number of STR loci used was insufficient to discriminate
between cell lines from different donors. Over time, their limita-
tions became clear, leading to the publication of an American
National Standards Institute standard (ANSI ASN-0002-2011)
for the authentication of human cell lines by STR profiling® in
2011. This standard requires the use of eight STR markers
(CSF1PO, D13S317, D16S539, D5S818, D75820, TH01, TPOX
and vWA) plus amelogenin. In recent years, a large panel of
multiplex STR systems has become commercially available, with
a great variability in the STR markers and their numbers. The
largest kits can amplify up to 27 STR markers at a time.

As a result, the STR markers constituting the STR profiles
contained in the Cellosaurus can vary drastically between two
entries. Currently, 32 distinct human STR markers (including
amelogenin) are allowed in the database, although only 17 of
them are commonly used in cell line STR genotyping.

It should also be noted that there have been some efforts
recently to develop sets of STR markers for nonhuman spe-
cies, specifically for dog”'® and mouse.'"'?

Results
CLASTR, the Cellosaurus STR similarity search tool provides an
intuitive and reliable platform to perform similarity searches on

the human STR profiles contained in the Cellosaurus resource.
It allows the efficient identification of cell lines and thus helps to
detect contaminated and/or misidentified samples. The tool pro-
vides a wide range of search options for the users to choose from
while implementing many useful functionalities. CLASTR is
freely accessible on the ExXPASy web server (https://web.expasy.
org/cellosaurus-str-search). As the current number of mouse
(44) and dog (28) cell lines with a STR profile is very limited we
did not implement the option to search for similarity across
samples from these species, but this may change if, as expected,
the number of such authenticated nonhuman cell lines signifi-
cantly increases over time.

Comparison to similar tools

Five bioinformatics tools enabling the pairwise comparison of
STR profiles have been developed over time. These are the
ATCC STR Profiling Analysis (https://www.atcc.org/STR%
20Database.aspx), CLIMA," the COG Single Record STR Data-
base Search (https://strdb.cccells.org), the DSMZ Online STR
matching analysis (OSTRA)" and the Search Program for the
STR profile database of the JCRB Cell Bank (https://cellbank.
nibiohn.go.jp/legacy/str2/top.html). All these tools were
designed to support a specific set of STR profiles and, conse-
quently, cannot be applied on other data sets. Furthermore, their
source code is not publicly available. As the Cellosaurus has

Number of human cell lines by number of sources
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Figure 2. Number of human cell lines by number of sources. [Color figure can be viewed at wileyonlinelibrary.com]
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Number of STR profiles by source
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Figure 3. Number of STR profiles by source. [Color figure can be viewed

grown to become the largest public repository of human cell line
STR profiles, the need for a tool enabling searching for similar
STR profiles became more pressing and many users requested
this feature. This prompted the development of CLASTR, which
implements numerous features to facilitate and automate the
search process.

While all previously available STR similarity search tools are
based on the same core principle and share similar scoring algo-
rithms, they differ from CLASTR in terms of user experience and
interactivity (Table 2). The large majority of these tools do not
allow the generated result table to be exported directly, preventing
the storage of matching cell line information. In all these tools,
allele information can only be entered manually, which can be
tedious and prone to errors. Moreover, the absence of a public
API or any other means to perform batch searches makes the
process challenging and time-consuming when analyzing more
than a few STR profiles. CLASTR is currently the software with
the most features available and the added advantage of accessing
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at wileyonlinelibrary.com]

the largest data set of human cell line STR profiles. The tool is
designed to provide an easy, intuitive experience for experimental
researchers and bioinformaticians.

Scoring algorithms

Two similar algorithms are frequently used to perform the
pairwise comparison between a “query” and a “reference” STR
profile: the Masters algorithm'® and the Tanabe algorithm'®
(also known as the Serensen-Dice coefficient). Both algorithms
are based on the same concept, where a ratio is calculated based
on the total number of alleles in each sample and the number of
alleles that are shared by both samples. The Masters algorithm
consists of the ratio between the number of shared alleles and
the total number of alleles in the query (or in the reference for
its modified version), while the Tanabe algorithm consists of the
ratio between twice the number of shared alleles and the sum of
the alleles in the query and reference. While these algorithms
are fairly simple, they have been shown to be sufficiently

Table 2. Comparison of the features of the previously existing STR similarity search tools with CLASTR

Available Import Batch
Software STR markers Algorithms Filters file queries  Export formats API
CLASTR 31 Tanabe and  Score, min markers  Yes Yes Excel (XLSX), CSV  REST
Masters and max results and JSON
ATCC STR Profiling Analysis Masters® Score No No csv No
CLIMA Masters® Score No No None No
COG single record STR database search 15 Masters® Score No No None No
DSMZ Online STR matching analysis 8 Tanabe Score No No None No
Search Program for the STR profile 8 ?? 72 No No ?? No

database of the JCRB Cell Bank

*Modified version of the Masters algorithm only.

2This tool is no longer maintained and is nonfunctional, thus we could not check the status of these features.
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effective to discriminate related from unrelated cell lines, pro-
vided that enough STR markers were compared.'” Both the
Masters and Tanabe algorithms are implemented in CLASTR
and can be selected when performing a search. As the Tanabe
algorithm is symmetrical and produces the same score if the
query and reference cell lines are swapped, we have selected it as
the default algorithm.

Scoring modes

Although the scoring algorithms are precisely described in
terms of the score computation itself, they do not define a
default behavior in the case of missing allele data for one of
the two STR profiles to be compared. Such a problem is par-
ticularly relevant to the Cellosaurus data set because it con-
tains STR profiles originating from many different sources
that vary in the number and extent of the analyzed STR
markers. To address this problem, we implemented different
scoring modes. By default, only the STR markers for which
both the query and reference have allele data are included in
the score computation. However, as an option, the user can
choose to compute the score based on all the query markers,
even if the reference is lacking allele data for some of the
markers. The reverse option is also available.

It is important to note that both algorithms do not define if
the homozygous STR loci should count as one or two alleles in
the score computation. Based on feedback from members of
the International Cell Line Authentication Committee (ICLAC)
and from experts in cell line STR profiling we decided to count
homozygous STR loci as one allele. This choice is motivated by
the fact that many cell lines present abnormal karyotypes and
are no longer diploid. The chromosome counts can vary even
between cells of the same culture. By counting homozygous loci
as one, we do not falsely imply a specific number of chromo-
somes that could turn out to be often erroneous.

Conflicting STR profiles

Another consequence of the great diversity of sources of STR
profiles in the Cellosaurus is that they may disagree on the
exact allele value of a given STR marker. Since the similarity
search is performed as a pairwise comparison, only one ver-
sion of a given conflicting STR marker can be searched at a
time. Cell lines that contain one or more conflicting STR
marker values need to be handled differently than those with-
out any conflicts. By default, our tool will try to resolve the
conflicts by grouping the alleles of conflicted STR markers in
distinct STR profiles based on their common sources. If this
step cannot be properly completed because the set of sources
differ between the STR markers, all the possible combinations
of the alleles (up to a maximum of 150) of conflicted STR
marker are then computed and stored as “virtual” STR pro-
files. Since it would not be manageable to report all these STR
profiles in the results, only those with the best and worst
scores are displayed so as to represent the extremes of the
range of computed STR profiles.

Int. ). Cancer: 146, 1299-1306 (2020) © 2019 UICC
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Problematic cell lines

As noted in the Introduction, the contamination and mis-
identification of cell lines is a critical issue directly affecting
the reproducibility of scientific research. Hence, one of the top
priorities for the Cellosaurus is to clearly list and label all cell
lines deemed to be problematic. The development of CLASTR
was initiated so as to further endorse the objective of warning
investigators about potential problems regarding the cell lines
they are using in their research. As the identification of prob-
lematic cell lines is one of the key features of the tool, special
care was taken to ensure that these cell lines would be prop-
erly flagged in both the web interface and export formats.

Web interface

The CLASTR web interface was designed as a single-page appli-
cation composed of two key components: the input form and
the result table. The input form consists of a main panel con-
taining the STR marker input fields and a side panel containing
the different parameters and possible actions (Fig. 4). The STR
markers on the main panel are divided into two columns: the
left one representing Amelogenin and the most common STR
markers (CSF1PO, D2S1338, D3S1358, D5S818, D7S820,
D8S1179, D13§317, D16S539, D18S51, D195§433, D21S11, FGA,
Penta D, Penta E, THO1, TPOX and vWA) and the right one
representing the less common STR markers (D151656, D25441,
D6S1043, D10S1248, D12S391, D22S1045, DXS101, DYS391,
F13A01, F13B, FESFPS, LPL, Penta C and SE33). A cross-
reference to the STRBase database'® is also provided, which acts
as a source of further information for all STR loci having a
corresponding entry page in this resource. By default, only the
most common STR markers are included in the result table. The
less common STR markers need to be checked prior to the sea-
rch so as to be displayed in the results. At the right of the
markers input section, there is a panel that contains (from top
to bottom): (i) choices for scoring algorithms and modes along
with the possibility to include amelogenin in the score computa-
tion; (ii) the option to filter the search results by a minimum
score, by a minimum number of common STR markers and by
a maximum number of Cellosaurus entries returned; and (iii)
buttons to initiate the main actions available and to be directed
to the Help and About pages.

A useful feature of the web interface is the ability to load STR
profile data from a file into the input form for subsequent
searches. The input table file can either be a plain text file (CSV,
TSV, TXT) format, a Microsoft Excel file (XLS, XLSX) format or
a file produced by the GeneMapper ID-X software (https://www.
thermofisher.com/ch/en/home/industrial/human-identification/
genemapper-id-x-software.html). The table needs to include a
column representing the sample name (labeled as “Name,”
“Sample” or “Sample Name”) and a range of columns rep-
resenting the STR markers. Note that the order of the columns
does not matter and additional columns will be ignored. As an
option, a “batch query” can be performed, performing itera-
tively the similarity search on all the samples contained in the
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CLASTR 1.3.0
The Cellosaurus STR Similarity Search Tool

Markers
Amelogenin | X D151656
CSF1PO 11,12 D2S441
D2S1338 | 19,23 D6S51043
D3S1358 | 15,17 D10S1248
D5S818 11,12 D12S391
D75820 10 D2251045
D8S1179 10 DXS101
D13S317 11,12 DYS391
D16S539 11,12 F13A01
D18S51 13 F13B
D19S433 14 FESFPS
D21S11 | 29,30 LPL
FGA 20,22 Penta C
PentaD 11,13 SE33

PentaE 14,16

THO1 |69
TPOX 89
vWA 17,19

Example HT-29 loaded

Scoring

Algorithms:

O Tanabe
Masters (vs. query)
Masters (vs. reference)

Modes:

O Non-empty markers
Query markers
Reference markers

Include Amelogenin

Filters
Score Filter: 60% v
Min Markers: 8 v

Max Results: 200 v

Actions

Search

Load File
Example
Reset

Help About

Figure 4. Screenshot of the input form. [Color figure can be viewed at wileyonlinelibrary.com]

table input file and directly returning all the results in XSLX,
JSON or CSV formats. Note that in the case of the CSV format,
one file per submitted sample is generated; these are returned as
a single compressed archive in ZIP format.

The result table is a dynamic and sortable HTML table that
is displayed once the similarity search is complete. The first
row of the table always represents the query that was submitted
to be searched against the STR profiles in the Cellosaurus. The
first column labeled “Accession” provides the Cellosaurus
accession number of the cell line along with a link toward its
corresponding Cellosaurus entry page on ExPASy. In the case
of problematic cell lines, the accession number is displayed in
red and is associated with a tooltip describing the problem. In
the case of a cell line with one or more STR allele value con-
flicts, an additional keyword is inserted to specify if the tested
STR profile corresponds to the “best” or “worst” result (see
section on conflicting STR profiles). The second column labeled
“Name” provides the name of the cell line. The third column
labeled “N° Markers” provides the number of STR markers that
were used in the score computation, which depends on the
scoring mode selected (see section on scoring modes). The
fourth column labeled “Score” provides the computed score

from the pairwise comparison based on the selected scoring
algorithm and related parameters. The left border of the table
is color coded so as to conveniently indicate if the cell line is
highly related with the query or not. The following columns
provide the alleles of the STR markers. The alleles that do not
match the ones of the query are displayed in red. In the case of
conflicted STR markers, the alleles are underlined and tooltips
indicating the corresponding sources are provided.

An export table button located at the top left of the table
provides the ability to directly export the generated table in
XSLX, CSV or JSON formats. Note that all the files generated
by the tool contain metadata, making it possible to keep track
of the relevant search information (version of the Cellosaurus,
version of CLASTR, run date and parameters) regardless of the
selected format.

Additionally, each Cellosaurus entry page associated with a
human cell line STR profile is directly linked to the CLASTR
home page. The link encapsulates the STR profile information
as URL parameters thus allowing the tool to load the
corresponding allele data automatically. This is particularly
useful to search a specific cell line and identify the cell lines
that have similar STR profiles.

Int. ). Cancer: 146, 1299-1306 (2020) © 2019 UICC
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RESTful API

The CLASTR RESTful API allows STR profile searches to be
performed without needing to use the web interface. Two
main distinct public API resources are available: “single entry
mode query” and “batch mode query.” The single entry mode
query provides the ability to search a single STR profile using
a GET or POST HTTP method and retrieve the response con-
tent in XLSX, CSV or JSON formats. The batch mode query
provides the ability to search several STR profiles at the same
time using a POST HTTP method and retrieve the response
content in XLSX, CSV or JSON formats. More information
about the RESTful API is available in the online help page
(https://web.expasy.org/cellosaurus-str-search/help.html).

Source code

The CLASTR source code is composed of three main parts: the
front end, the back end and the web app. The front end han-
dling the web interface is written in HTML/CSS and JavaScript
with the jQuery and jQuery UI libraries. The back end per-
forming the similarity search is written in Java 8. The web app
integrating the back end and linking it to the front end, while
also managing the RESTful API, is written in Java 8 and is
deployed as a web application using the Apache Tomcat appli-
cation server. All source code is publicly available on GitHub
(https://github.com/calipho-sib/cellosaurus-STR-similarity-
search-tool) under the GPL-3.0 license. Python 3 scripts show-
casing the use of the RESTful API are also available.

Data privacy

Data privacy is an important concern when it comes to geno-
mic data.'”*® However, this has not hindered the growth in
the number of publicly available DNA sequences in recent
years.”' Although a STR profile represents only a fraction of
the total genomic information, it still has the potential to
identify the individual from which it originated. To address
this issue, we made sure that no query data is kept on the
server once the similarity search is completed. Moreover, all
connections are encrypted using the HTTPS security protocol
in order to ensure data confidentiality during transfers.

Discussion

Cell line authentication remains the best approach to address
the problem of cross-contamination and misidentification.
Although it does not directly prevent contamination cases, it
allows researchers to verify the authenticity of a cell line before
performing any experiments on it. Because contamination has
numerous causes, including poor technique (e.g., sharing media
between cell lines),”* we expect that new cases will continually
arise despite the implementation of stricter requirements. Con-
sequently, contamination is expected to be an enduring issue in
biomedical research, and bioinformatics will need to play an
important role to limit its prevalence. Increased knowledge
about contaminated cell lines needs to be gathered and the
authentication process needs to be facilitated for all actors

Int. ). Cancer: 146, 1299-1306 (2020) © 2019 UICC
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involved with cell lines, aims which are being addressed by the
Cellosaurus and by CLASTR, respectively.

A big advantage of using the Cellosaurus STR data set is
that its extensiveness increases the probability of detecting
potential contamination cases. As all other available STR simi-
larity search tools are based on their own specific data sets,
which are restricted in scope, a number of STR profiles are
never compared against each other and some problematic cases
can be missed. This is especially relevant since the majority of
the STR profiles contained in the Cellosaurus come from indi-
vidual publications, as mentioned in the data section.

For each cell line entry, the Cellosaurus reports its hierar-
chy (ie., if it has parents or children) and if other cell lines
originate from the same individual. In the case of a contami-
nated cell line entry, its hierarchy is modified to indicate the
contaminating cell line as parent. This type of information
allows one to know if two given cell lines are annotated as
related and are thus expected to have similar STR profiles. If
two unrelated cell lines turn out to have a high similarity, fur-
ther investigations are required to determine if they are actu-
ally related or if contamination is involved. To automate this
auto-validation process of the Cellosaurus, CLASTR was
adapted to run as a procedure in which a search is performed
against all STR profiles. This workflow enables the investiga-
tion of any cell line pair that has an unexpectedly high simi-
larity. Over time, new problematic cases will regularly be
reported to ICLAC (https://iclac.org) to be investigated and
the corresponding Cellosaurus entries will be updated accord-
ingly to reflect their problematic status.

Originally, eight core STR markers were believed to be
sufficient to be able to discriminate related from unrelated
cell lines'” fully. However, at the time, studies were already
pointing out that this number may be too limited and that at
least 13 core STR markers should be compared to identify
cell lines with a high confidence.”®> While the cell line com-
munity seems at present to agree that using only eight STR
markers is too limiting, few recent studies explore in detail
how beneficial it is to include more STR markers and what is
the preferred number of markers to be used. With the large
amount of STR profiles that the Cellosaurus provides and
the flexibility brought by CLASTR, we expect that it could
also help in the process of establishing new standards and
guidelines.

Variations in STR profiles obtained from the same cell line
are an important issue when interpreting data from CLASTR
searches. These variations arise due to biological and technical
factors. Many cell lines were established from malignant tis-
sue, which is inherently heterogeneous. Clonal populations are
present that evolve as the culture is passaged and when deriv-
atives are established. Laboratories with expertise in cell line
authentication have developed match criteria for interpreta-
tion of variable STR profiles, which are discussed
elsewhere."”™'7** However, it is important to minimize such
variation by “banking” cell lines at early passage. This is an
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important part of good cell culture practice for all laboratories,
along with the need to perform authentication testing before
further work commences.”* Technical factors may also arise,
due to variations in STR profiling procedures and data inter-
pretation. All laboratories that perform STR profiling must do
so using a standardized approach. Standards have been devel-
oped for authentication of human and nonhuman cell lines
that set out consensus requirements.® Adherence to these
technical standards, and the use of early passage material for
testing, will ensure that published STR profiles are fit for use
in CLASTR searches.

In its initial testing phase, CLASTR received an over-
whelmingly positive response from beta-testers with expertise
in cell lines and STR profiling; it was significantly improved
thanks to their feedback. CLASTR was made publicly available
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CHAPTER 2. CELL LINE AUTHENTICATION USING STR

2.2. Concluding Remarks

CLASTR received an overwhelmingly positive reception from experts in cell authen-
tication and users. Since it was made available on the SIB ExPASy server [116]
exactly a year ago in March 2019, it accumulated a total of about 12,000 unique
page views. It is also directly referenced in the ”Cell line authentication and my-
coplasma testing” section of the author guidelines from the International Journal
of Cancer.

The project is open-source (GPL-3.0 license) and hosted on the GitHub platform.
Thus, it can be adapted with little effort to other STR profile databases while ben-
efiting from all the features implemented in the tool. The code meets high-quality
criteria having good test coverage and being well documented. The code was pur-
posefully written to be easily maintained and extended. This was imperative as the
implementation of new features may be required in the future. Since the version
presented in the article (1.3.0), the tool was already adapted to support the simi-
larity search of STR profiles from mouse and dog cell lines, which is a feature no
other existing STR similarity search tool currently offers.
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CHAPTER 3

STR ProriLING SEARCH PARAMETERS

3.1. Overview

Several search parameters can influence the computed similarity between two STR
profiles under comparison. In most of the tools performing STR similarity searches,
the large majority of these parameters are fixed to an internal default that was pre-
selected by the developers. In CLASTR, we opted to let researchers choose from a
wide range of available search options. Our aim was not to exclude anyone who
would have different work habits concerning STR profiling, as CLASTR is the only
existing application allowing searching the wealth of STR profiles stored in the Cel-
losaurus. However, this diversity of options can make users confused about which
parameter combination to pick, and whether the different options can significantly
affect the resulting cell line identifications. In this study, we provide a detailed
analysis assessing the precise effect of each parameter choice on the STR similarity
scores based on the processing of a large data set. This endeavor provides guide-
lines regarding the optimal search parameter options to pick while justifying their
selection with data evidence.
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Abstract—Cell line misidentification and cross-contamination
constitute a major source of erroneous experimental results in
biomedical research. Consequently, researchers working with cell
lines are expected to ensure their authenticity. Different genomic
testing approaches are available for cell line authentication, but
only STR profiling was subject to a standard. In this method,
several search parameters can affect the computed similarity
between STR profiles, including the scoring algorithm, the count
of homozygous loci as one or two alleles, the inclusion of the
amelogenin marker, and the number of STR loci constituting the
profiles. There is currently a lack of recommendations concerning
which parameter choices should be selected to uniquely identify
cell lines. The effects of these parameters were analyzed using a
large STR profile data set consisting of 2,284 cell lines extracted
from the Cellosaurus knowledge resource. The STR profiles of
all cell lines were searched against each other using the different
parameter options and the resulting scores were analyzed based
on the cell line pair relationships. The results presented here
show a clear advantage to increasing the number of loci reported
in STR profiles from 8 to 13. The Tanabe algorithm presents
the best overall performance, while the inclusion of amelogenin
in the scoring decreases the power to discriminate related from
unrelated cell lines. Counting homozygous loci as two alleles does
decrease, on average, the scores of unrelated cell lines, but it
makes incorrect biological assumptions about their ploidy.

Abbreviations—ANSI: American National Standards Institute; ATCC
SDO: American Tissue Culture Collection Standards Development Organi-
zation; CODIS: Combined DNA Index System; LOH: Loss of Heterozygosity;
MMR: Mismatch Repair; MSI: Microsatellite Instability; MSS: Microsatellite
Stability; PCR: Polymerase Chain Reaction; SNP: Single Nucleotide Polymor-
phism; STR: Short Tandem Repeat; WGS: Whole Genome Sequencing.

INTRODUCTION

HE use of misidentified and contaminated cell lines have

been widely reported for many years as being the source
of spurious experimental results [1-3]. Despite the call for
action by members of the research community [4, 5] and
the establishment of stricter submission guidelines in journals
[6], it still remains a major concern in biomedical research.
Regular cell line authentication represents the best solution
to detect the emergence of such cases and curb the spread
of unreliable results in the literature [7]. Several genomic
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approaches are available to evaluate the authenticity of a
cell line, such as short tandem repeat (STR) profiling, single
nucleotide polymorphism (SNP) profiling, and whole genome
sequencing (WGS). STR profiling was however selected as the
preferred technique as it had been extensively used in forensic
and paternity applications, in addition to having a relatively
low cost and high discrimination power. In 2011, an American
National Standards Institute standard (ANSI/ATCC ASN-0002-
2011) for the authentication of human cell lines through
STR profiling was established by the American Tissue Cul-
ture Collection (ATCC) Standards Development Organization
(SDO) workgroup [8]. ANSI/ATCC ASN-0002-2011 [9, 10]
thoroughly describes the materials and methods required for the
generation of an STR profile and its subsequent interpretation,
and recommends the use of a minimum of eight core STR
loci (CSF1PO, D5S818, D7S820, D13S317, D16S539, THO1,
TPOX, and vWA) to uniquely identify human cell lines.
Nonetheless, several additional factors should be taken into
account when performing STR similarity searches.

There are four main search parameters than can influence
the computed similarity between two STR profiles under inves-
tigation: (i) the search algorithm; (ii) the count of homozygous
loci as one or two alleles; (iii) the inclusion of amelogenin
in the scoring (when testing human cell lines); and (iv) the
number of STR loci compared. A good set of parameters
is expected to give high similarity scores to cell lines that
are related, enabling the confident identification of such cell
samples and the detection of potential cross-contamination and
misidentification cases, where a cell line culture has been taken
over by a different cell line. This diversity of options can
however make the interpretation of STR profiles confusing
for researchers with little experience in STR profiling. As
cell line authentication is increasingly being mandated, it is
consequently essential that clear instructions and recommen-
dations are available. Few studies focusing on analyzing the
precise effect of each parameter on STR similarity scores can
be found in the literature, and the ANSI/ATCC ASN-0002-
2011 standard did not cover these specific issues in detail.
In this work, we have analysed a large test set of cell line
STR profiles to study the impact of each parameter on STR
matching, thereby identifying the optimal parameter settings.

MATERIALS AND METHODS

Test Data Set

The test data set is composed of a total of 2,284 human cell
lines extracted from the Cellosaurus database [11] (version
33, 19th of December 2019), whose STR profiles all share
a minimum of the 13 commonly used STR loci (CSF1PO,
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D3S1358, D5S818, D7S820, D8S1179, D13S317, D16S539,
D18S51, D21S11, FGA, THO1, TPOX, vWA, plus amelogenin,
which is used for gender determination). They represent the
13 core loci that were originally selected for the CODIS
(Combined DNA Index System) database by the Federal Bureau
of Investigation (FBI) to be used in forensic applications. In
addition, for 1,196 of these cell lines we also possess the
values for the Penta D and Penta E loci (total of 15 STR
markers), and for a further 532 cell lines the values for the
D2S1338 and D19S433 loci (total of 17 STR markers). Among
the 2,284 cell lines, 453 have discordant allele data (i.e.,
different allele values and/or different numbers of alleles) for
at least one STR locus resulting from the various sources that
have performed the STR profiling. Based on the annotation
information stored in the Cellosaurus, a given pair of cell lines
was labeled either as “related” when they had parent-child
(original cell line or patient sample versus a subline derived
from the original sample), sister (two different sublines), or
autologous (i.e., originating from the same donor) relationships,
or as “unrelated” when it was not the case. This distinction is
important since it is used to determine whether the STR profiles
of two given cell lines are expected to have high similarity.
The complete list of selected cell lines and their corre-
sponding information (Cellosaurus accession number, name,
category, etc.) is available in supplementary material Table S1.

Methodology

Each of the 2,284 cell lines had its STR profile searched
against that of all others for every set of search parameters
studied. The STR similarity scores were computed once per
pairwise comparison. A given cell line was also never tested
against itself to avoid introducing bias into the results. As
some cell lines had discordant allele data from distinct sources,
they consequently had more than one distinct STR profile.
In order to not give too much weight to these cell lines,
only the highest STR similarity score was reported for a
given pair under comparison when one of the two cell lines
had more than one STR profile. In total, each run for a set
of parameters is composed of 2,607,186 ((2,284-1)x2,284/2)
pairwise comparisons, comprised of 799 related and 2,606,387
unrelated cell line pairs. The results were subsequently plotted
to show the influence of each parameter on the STR similarity
score distributions based on the cell line relationships. In each
plot, one parameter was evaluated for both 8 and 13 STR
markers while the other parameters were set to their default
in CLASTR (Tanabe algorithm, amelogenin not included,
homozygous loci counted as one). These default parameters
were originally selected based on feedback from experts in
cell line authentication. In order to additionally provide more
additional specific examples, each presented plot also features
subsets of the global results for the M14 (CVCL_1395) and
Jurkat (CVCL_0065) cancer cell lines. These filtered results
for each of the two cell lines are thus composed of 2,283
pairwise comparisons, as they were each tested once against
all others. The two cell lines were selected on the basis
that they differ in terms of microsatellite stability, besides
having many relatives in the test data set (8 for M14 and
9 for Jurkat). Based on their respective annotations from the
Cellosaurus, M14 is microsatellite stable (MSS) while Jurkat
presents microsatellite instability (MSI-high). This enabled us

to observe in detail whether this stability criterion leads to
different observations and conclusions concerning the choice
of the evaluated parameters.

Software

All the STR similarity score computations were performed on
a local machine using CLASTR [12], the Cellosaurus STR
similarity search tool. The different parameter choices under
evaluation were already implemented in the tool, with the
exception of counting homozygous alleles as more than one.
This functionality was not part of the original design and had
to be consequently implemented specifically for the purpose of
this study.

The source code of CLASTR, including all the code
used to generate the results of this study, is pub-
licly available on GitHub (https://github.com/calipho-sib/
cellosaurus-STR-similarity-search-tool/) under the GPL-3.0 li-
cense. The whole analysis workflow can be launched with a
single command line using Docker so as to easily regenerate
the result files.

REsuLTs AND DIscUSSION

The plots were generated using the R programming language
and the ggplot2 library (https://ggplot2.tidyverse.org). The
results are presented as violin plots, which corresponds to box
plots (in white) surrounded by kernel density plots (colored
based on the cell line pair relationship). As per the library
default options, the box plot whiskers are placed on the most
extreme data points that are within 1.5 times the interquartile
range (IQR; defined as the difference between the 3rd and
Ist quantile, which corresponds to the length of the box and
contains 50% of the values). A cell line pair score is thus
considered as an outlier (represented as a black dot) when it
is located outside of the whiskers. Additionally, the bold black
bar inside the box plots represents the median (2nd quantile),
while the colored square represents the mean.The main result
values (mean, median, and outliers) presented in each plot are
summarized in Table 1. A black dashed line is also placed on
the plots at 80% STR similarity, representing the recommended
score threshold used to discriminate related from unrelated cell
lines [13]. The outlier values that exceed this limit, either by
being smaller or equal to it for related cell line pairs or greater
or equal to it for unrelated cell line pairs, are considered as
spurious. The possible origin of such cases is addressed in
Table 2.

Search Algorithms

The purpose of search algorithms is to score the similarity
between two STR profiles under comparison. The resulting
score allows determining if the corresponding cell lines are
related by applying a determined similarity threshold. Different
search algorithms with varying levels of complexity were
developed over the years, but only two are commonly used
in cell line authentication: the Masters [14] and Tanabe [15]
algorithms. The Masters algorithm is defined as the number
of alleles in common divided by the total number of query
alleles (or reference alleles in its modified reverse version)
at shared loci. It has been historically used as the default
algorithm to authenticate cell lines, and it is notably described
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Influence of the Algorithm on Score Distributions
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Figure 1: Influence of the algorithm on the score distributions of related and unrelated cell line pairs. The main results are presented on
the first row (A), while the second (B) and third (C) rows present the specific cases of the M14 (MSS) and Jurkat (MSI-high) cell lines
respectively.
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Parameters Related Cell Lines Unrelated Cell Lines
Homo- Amelo- . .
STR Algorithm zygote genin Mean Median Lov.ver Spur'lous Mean Median Upper Spur} ous
markers . outliers outliers outliers outliers
counts included
Tanabe as one no 96.00 100.00 73 40 36.47 36.36 11096 373
Masters as one no 96.03 100.00 57 49 36.65 36.36 11463 2307
8 ST
Masters as one no 96.23 100.00 52 45 37.03 36.36 13378 2851
(Reverse)
Tanabe as two no 94.8 100.00 92 50 31.96 31.25 28992 173
Tanabe as one yes 96.20 100.00 63 36 41.00 41.38 9576 540
Tanabe as one no 94.81 100.00 67 60 32.39 32.56 7264 43
Masters as one no 94.89 100.00 111 66 32.46 31.82 17132 90
13 asters
Masters as one no 95.01 100.00 107 61 32.88 3333 18813 83
(Reverse)
Tanabe as two no 93.69 100.00 92 71 28.41 26.92 13447 41
Tanabe as one yes 95.00 100.00 67 56 35.51 35.56 6930 47

Table 1: Summary of the effect of search parameters on the STR similarity scores. In addition to the mean and median values for related
and unrelated cell line pairs, the number of outliers values is also indicated. Of note, only the lower outliers (smaller than the lower whisker)
and upper outliers (greater than the upper whisker) are respectively indicated for related and unrelated cell line pairs. The spurious outliers
represent either the number of outliers that are smaller or equal to 80% for related pairs or the number of outliers that are greater or equal to
80% for unrelated pairs. They constitute the spurious cases that have unexpected similarities based on their described relationship. The causes
of these spurious results are addressed in the Spurious Outlier Cases subsection.

in the ANSI/ATCC ASN-0002-2011 standard. The Tanabe al-
gorithm (also known as Sgrensen—Dice coefficient or Sgrensen
similarity index) is defined as twice the number of alleles in
common divided by the number of query and reference alleles
at shared loci. Both of the algorithms were shown in a previous
study [13] to be capable of discriminating between related
and unrelated cell lines using an 80% score threshold. The
main distinction between them is that the Masters algorithm is
asymmetrical, which can lead to different scores for a given cell
line pair based on which STR profile is used as the denominator
in the scoring equation (query or reference profile).

As illustrated in Figure 1, the two search algorithms present
overall similar performances, the mean and median scores of
related and unrelated cell line pairs being almost identical for
a given number of STR markers (see Table 1). One major
difference that can be noted is that the two versions of the
Masters algorithm produce more spurious outliers (greater or
equal to the 80% score threshold) for unrelated cell lines in
comparison to the Tanabe algorithm (373 for Tanabe versus
2,307 and 2,851 for Masters and its reverse version respectively
with 8 STR markers, and 43 for Tanabe versus 90 and 83
for Masters and its reverse version respectively with 13 STR
markers). This is also observed with the M14 and Jurkat cell
lines with both having additional spurious outliers (greater
than 80% cut-off) when using either version of the Masters
algorithm. However, these spurious cases disappear when the
number of compared STR markers is increased to 13.

The differences in the number of outliers between algorithms
can be partially explained by the fact that using the Masters
algorithm, additional allele values in the reference profile (or
query profile in the reversed version) would not decrease
the computed score, because they are not included in the
denominator. In contrast, any change to the allele data of one
of the two STR profiles under comparison will modify the
final score using the Tanabe algorithm. Another shortcoming
of the Masters algorithm consists in its asymmetry, leading

to the two possible implementations. This can prove confusing
for researchers to determine which algorithm version to choose
and that a given pair of STR profiles can produce two distinct
STR similarity scores depending on which one is considered
as the query. Consequently, we recommended using the Tanabe
algorithm for cell line authentication by STR profiling and will
use only it for the other analyses below.

Homozygous Locus Counts

A given STR locus can be either homozygous or hemizygous
(only one distinct allele), or heterozygous (more than one
distinct allele). As the search algorithms are based on allele
counts to compute an STR similarity score, it is important
to define how these homozygous loci are counted. The two
conventional methods in use are to either count homozygous
loci as one or as two alleles. The first approach is based on
only counting the unique set of allelic possibilities that are
detected by STR profiling, while the second is based on the
assumption that the cells are diploid and contain two copies
of a given homozygous allele.

Although expecting the cell lines to be diploid is valid
for normal human cells in forensic applications and paternity
testing, most immortalized human cell lines are aneuploid
(tumor cells, transformed cells, etc.) and can exhibit a large
number of chromosomal rearrangements and copy number
variations [16]. Interestingly, the two SKY karyotypes of the
human glioblastoma U-251MG cell line in this publication
shows only a single copy of chromosome 10, i.e, it is haploid
for this chromosome. For example, KBM-7 (CVCL_A426)
from the test data set is haploid for all chromosomes except
chromosome 8 and this is manifested in its STR profile where
all STR loci are haploid except STR D8S1179 which has
two alleles [17, 18]. SK-OV-3 (CVCL_0532) [19] and ML14
(CVCL_DIS0) [20] from the test data set are polyploid from
both their karyotype and their STR profiles. It can thus be
biologically incorrect to assume an arbitrary chromosomal
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Influence of the Homozygous Locus Counts on Score Distributions
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Figure 2: Influence of counting homozygous loci as one or two on the score distributions of related and unrelated cell line pairs. The main
results are presented on the first row (A), while the second (B) and third (C) rows present the specific cases of the M14 (MSS) and Jurkat
(MSI-high) cell lines respectively.
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Influence of the Homozygous Locus Counts on Unrelated Scores
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Figure 3: Influence of counting homozygous loci as one or two on the scores of unrelated cell line pairs. The numbers in the right graph (e.g.,
5/16) indicate the matches divided by the total number of 16 possible alleles. Note the sharper discretization of the distribution of Tanabe
match scores when counting single STR peaks twice, versus only once, which appear as wavy violin plots in Figure 2.

number when cell lines can be aneuploid. Furthermore, most
cell lines are populations of cells with varying chromosome
numbers per cell, that show aneuploidy [21].

As shown in Figure 2, counting homozygous loci as two
alleles strongly decreases the scores of unrelated cell lines
(mean decrease of 4.51% and 3.98% for 8 and 13 STR markers
respectively) in contrast to a smaller decrease for related
cell lines of 1.20% and 1.19% for 8 and 13 STR markers,
respectively (Table 1). In contrast, the number of upper outlier
pairs of unrelated cell lines (i.e., those with scores above 80%)
is increase by factors of 2.61 for 8 STR loci and 1.85 for 13
STR loci (Table 1).

Moreover, counting single alleles twice significantly alters
the shape of their score distributions, which can be explained
by the fact that the total number of alleles of an STR profile
will most of the time be twice the number of STR markers. As
a result, the denominator part of the search algorithm equation
is fixed (to either 16 or 26 alleles for 8 vs 13 STR markers,
respectively), and only the numerator varies and influences
the final scores. As reflected in Figure 3, this leads to a
discretization of the results (i.e., visible as wavy violin plots in
Figure 2) due to the more restrictive possibilities. An exception
to this rule occurs when a given heterozygous locus has more
than two unique allele values, producing the smaller peaks that
can be observed.

Although the counting of single alleles twice seems to
increase the differences between the overall mean scores of
STR profiles between related vs unrelated cell lines, the
distributions of the scores show increased overlap (compare
all cell lines panel in Figure 2). This latter effect could be
due to the addition of an allele that was not in the original
sample being considered as a mismatch and thus reducing the
percent match score. Overall, we recommend counting single
peak (i.e., homozygous or hemizygous) alleles once rather than
twice and not assume a specific number of chromosomes.

Inclusion of the Amelogenin Sex Typing Marker

Amelogenin is a human protein involved in the formation of
dental enamel, which is encoded by genes on the X (AMELX)
and Y (AMELY) chromosomes [22]. The sequence of these two
versions of the amelogenin gene differ in sequence and overall
length. The standard amelogenin allele test is based on a 6 base
pair (bp) deletion in exon 3 of AMELX in a region conserved
between the two genes [23]. PCR amplification of this region
produces two amplicons that differ by 6 bp if the sample is from
a male derived cell line and has both AMELX and AMELY
intact. PCR from a female-derived cell line will only produce
the shorter amplicon. Liang-Chu er al. [24] showed that as
high as 45% of male-derived cell lines have lost the AMELY
allele and are scored as female cell lines. Amelogenin testing
has been extensively used in forensic applications, and the
AMELX and AMELY genes are frequently co-amplified with
STR markers by multiplex PCR in STR profiling. Despite not
being an STR marker in itself, amelogenin has historically been
included in the score computation of STR similarity searches.

Since amelogenin is not an STR marker, it does not possess
the same allelic diversity as STR alleles. Amelogenin is thus
limited to the X and Y alleles only, the presence of the Y allele
indicating a male sample. Apart from some rare potential cases
of X chromosome losses (two in the test data set, VMRC-
RCW (CVCL_1790) and NCI-H810 (CVCL_1590)), the cell
lines always share the X allele even when they have nothing
else in common. As shown in Figure 4, the inclusion of
the amelogenin allele data increases the mean Tanabe STR
similarity scores for unrelated pairs by 4.53% and 3.12% for
8 and 13 STR markers, respectively. In contrast, the mean
Tanabe scores for related pairs increased by only 0.2% for
both 8 and 13 STR loci. As a consequence, the power to
discriminate between cell lines is reduced (Table 1). This is
further confirmed with the emergence of one spurious unrelated
outlier (greater or equal to the 80% score threshold) for the
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Figure 4: Influence of the inclusion of amelogenin on the score distributions of related and unrelated cell line pairs. The main results are
presented on the first row (A), while the second (B) and third (C) rows present the specific cases of the M14 (MSS) and Jurkat (MSI-high)
cell lines respectively.
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Probable Causes of Spurious Cell Line Pairs Number of Cell Line Pairs
Low Scoring Related | High Scoring Unrelated

1 Misidentified origin of cell line in Cellosaurus as related but are unrelated 10

2 | Misidentified origin of cell line in Cellosaurus as unrelated but are related

2a | Incorrectly described as unrelated 3

2b | Cell lines established from identical monozygotic twins 1

2¢ | Cell lines established from sister cells of a blastocyst, i.e., identical genotype 1

2d | Cell lines established from same patient at different times or tissues 3

2e | Other error in Cellosaurus database 1

3 | Defect in DNA mismatch repair causing MSI 40

4 | Genetic drift not due to MSI 1

5a | Cross-contamination of a member of the cell line pairs 3 22

5b | Probable cross-contamination of a member of the cell line pairs 4

6 | Cell fusion due to EBV transfection 1 2

7 | Probable error in STR analysis 5

8 | Awaiting clarification from originators of cell lines 6
Total Cell Line Pairs 60 43

Table 2: Possible causes of spurious outliers. Possible causes of Related cell line pairs with spurious Tanabe match scores of 80% or less
and Unrelated cell line pairs with spurious Tanabe match scores of 80% or greater using STR profiles with 13 loci.

M14 cell line and three for the Jurkat cell line when using 8
STR loci when amelogenin is included in the scoring. As seen
in the comparison of the different search algorithms (Figure
1), these spurious cases disappear when using 13 STR loci.

The influence of amelogenin inclusion is stronger with only
8 than with 13 STR markers as the contribution of a single
allele to the global STR similarity score is greater when there
are fewer loci. The Y chromosome does vary between cell
lines, but it only indicates whether they share the same gender
and provides little information concerning their relatedness.
Interestingly, most of the score increase seems to be linked
to the X allele, as the results of including solely the Y allele
leads to results closer to the exclusion of amelogenin (mean
for unrelated pairs with 8 STR markers of 36.5% when not
including amelogenin, 37.7% when only counting the Y allele
and 41.0% when counting both alleles ; data not shown). This
lack of effect may reflect that many male-derived cell lines
tend to lose the AMELY allele often [24].

Overall, we recommend not to include amelogenin results in
the score computation of STR similarity searches, but rather
to use it as a separate indicator of cell line provenance.
For example, a cell line purportedly derived from a female
donor, but which has an AMELY allele is an indication that
the cell line is misidentified, possibly by a mix-up or cross-
contamination. In contrast, the absence of AMELY allele for
a purportedly male-derived cell line is not informative on the
gender origin because of the frequent loss of this allele.

Number of STR Markers

Historically, STR profiles were composed of very few (four or
six) STR markers when STR profiling was first introduced to
cell line authentication [14]. This number was subsequently
increased to eight (CSF1PO, D5S818, D7S820, D13S317,
D16S539, THO1, TPOX, and vWA) following the recom-
mendations of the ANSI/ATCC ASN-0002-2011 standard [8]
and the analysis of Capes-Davis er al. [13]. However, recent

studies [18, 25] reported that this number was still insufficient
to reliably authenticate some cell lines having similar STR
profiles. The revision of the ASN-0002 proposes that the
number of STR loci in such profiles be further increased
to the 13 core CODIS STR markers (addition of D3S1358,
D8S1179, D18S51, D21S11, and FGA) to improve the power
of discrimination. Also, the addition of these loci allowed
comparisons between older results using kits with different
sets of loci, some of which are shared. For example, Promega
Powerplex 1.2 and Applied Biosystems Profiler Plus only
shared four of the 13 core CODIS STR loci.

As illustrated in Figures 1, 2, and 4, increasing the number of
markers in STR profiles from 8 to 13 systematically decreases
the similarity scores and the ranges of scores of unrelated cell
line pairs. The number of spurious outlier values (greater or
equal to the 80% score threshold) for unrelated cell line pairs
is also significantly reduced in all cases (see Table 1). As a
consequence, using profiles with 13 STR loci, makes it much
easier to distinguish between related and unrelated cell lines
and it reduces the number of incorrectly categorized cell lines
as related or unrelated. This is reflected when the number of
STR markers was increased; the number of unrelated suspicious
outliers decreased from 373 to 43 (Table 1).

Interestingly, some related cell line pairs can undergo a
slight similarity score decrease when expanding the number
of CODIS STR markers to 13. This is probably due to the fact
that with an increased number of STR markers slight variations
between two given STR profiles emerge. This is specifically the
case for cell lines presenting MSI, such as the MSI-high Jurkat
cell line whose plots highlight a consistent mean and median
similarity score decrease when compared to its relatives from
the test data set. Overall, our data supports the recommendation
to increase the number of STR markers to a minimum of 13
to improve cell line authentication accuracy and reliability.
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Spurious Outlier Cases

Table 2 summarizes the possible causes for spurious match
scores for related and unrelated cell line pairs. The history,
relationships, and STR data of the 58 cell lines in the 60
spurious related cell line pairings were reexamined and where
possible the originators of the cell lines were contacted for
clarification about these cell lines. The majority of these
spurious cases (Cause 3, 40 pairs) are associated with both
cell lines in the pair being defective in DNA mismatch repair
(MMR), which manifests as microsatellite instability (MSI).
Such cell lines tend to present more than two unique alleles
at several loci, which can significantly decrease the computed
similarity scores. Indeed, the supplementary alleles raise the
total allelic count of the corresponding STR profiles, while
not necessarily providing more alleles in common.

Ten purportedly related cell line pairs gave low scores
because two of the lines in these 10 pairings were in fact
not related to the others and therefore belong to the unrelated
category (Cause 1). Extensive loss of heterozygosity (LOH)
could also be involved, reducing the number of common alleles
between two STR profiles, one such example is the cell line
pair that showed genetic drift that did not present as being
caused by MSI (Cause 4). Three pairs of lines appeared to be
mixtures of two cell lines (Cause 5). One pair of cell lines were
obtained from a EBV associated Burkitt lymphoma patient and
probably arose through EBV-mediated cell fusion in vivo. EBV
is often used to immoralize lymphocytes and to fuse cells into
hybrids (Cause 6). In the case of five pairs of cell lines from the
same lab showed consistent differences in allele calling with
profiles of these same lines from other sources, suggesting an
error in the calibration of the allele calling software (Cause 7).

As shown in Table 1, 373 unrelated cell line pairs had scores
greater or equal to 80% using only 8 STR loci. This number
decreased to 43 pairs of 71 cell lines after raising the number
of STR loci to 13. In contrast to the erroneous annotations
mentioned for related cell lines, lacking annotations tended
by nature to be much more frequent among the purportedly
unrelated cell lines. Thus, some unrelated cell line pairs could
actually be related, explaining the high similarity of their STR
profiles. The cross-contamination of a cell line strain by another
would also lead to high STR similarity scores for cell lines
being annotated as unrelated. Moreover, if a cell line is mixed
or has MSI, the supplementary alleles could match by chance
with an unrelated cell line and increase the computed similarity
in their STR profiles.

We examined the descriptions of these 71 cell lines in
Cellosaurus, their descriptions in the literature, and contacted
the originators of the cell lines where possible to determine
the potential causes of these purportedly unrelated cell line
pairs showing Tanabe scores reater or equal to 80%. In Table
2, the majority (22/43, Cause 5a) of the originally unrelated
cell line pairings were found to actually be related because of
cross-contamination of one of the members of each of the 22
cell line pairs. Four additional pairs are suspected to be cross-
contaminated cell cultures, but we have insufficient additional
genetic data to support that conclusion (Cause 5b). Nine of
these “unrelated” cell line pairings were found actually to be
related; e.g., they were established from monozygotic twins,
sister cells in a blastocyst, or different tissues of the same

patient, or some other labeling error (Causes 2 a-e). Two cell
line pairs were probably due to EBV mediated cell fusion with
HeLa cells (Cause 6). Finally, we were not able to explain
why 6 pairs of purportedly unrelated cell lines showed Tanabe
scores greater than 80% using 15 STR loci (Cause 8).

CONCLUSIONS

The comparisons of the different match algorithms and the
influence of their parameters demonstrate the clear advantage
of using additional loci for the comparison between samples,
with a minimum of the 13 core CODIS STR loci. The Tanabe
match algorithm is recommended for the authentication of cell
lines because it is simple to use and produces consistent scores,
which are more consistent when 13 STR loci are used instead
of 8 loci. Inclusion of the amelogenin genotype degrades the
power of discriminating between related and unrelated pairs of
cell lines and should consequently be avoided.

Counting alleles from homozygous loci twice increases the
discrimination capabilities by lowering the mean scores of the
unrelated cell lines more than the scores of the related cell
lines, but the range of values is also increased with increased
overlap of scores (Figure 2). Furthermore, it makes biological
assumptions about the ploidy of cell lines that are more often
than not incorrect. Counting single alleles twice also causes
confusion about which alleles might be present at a locus in
the original patient sample and biases matches. For example, if
a patient sample showed alleles A and B at a locus, but the cell
line had only allele A or B at this locus and was scored as A
A or B B, then this discordancy would reduce the match score
to the original patient sample with the genotype A B. Also, the
argument for counting single peaks twice is that it supposedly
reflects a minimum genotype; however, as discussed,above cell
lines are anueploid with the number of chromosomes being as
few as one. For these reasons, we recommend against counting
single alleles twice. The use of 13 STR markers represents a
sufficient improvement by itself to recommend the counting of
homozygous alleles as one. It is also less confusing to compile
sets of data that consist of only what is seen and not what is
assumed but not known.

The identification of the causes of the spurious match
scores for related and unrelated cell line pairings illustrates
the strength of the Tanabe scoring algorithm. If match scores
exceed 80% match with 13 STR loci, then it is very likely
that the two samples are related. If purportedly related cell
lines show match scores that are less than 80%, then their
provenance should be investigated to ascertain the causes for
the low scores as was summarized in Table 2. It should be
noted that a pair of cell lines having a high match score
greater than 810%, or even a score of 100%, does not mean
that the two lines are genetically identical. Kleensang et al.
[26] compared two identical samples of MCF7 (CVCL_0031)
grown under identical conditions with identical 8-loci STR
profiles and found that two samples of the cell line that differed
by only 3 passages behaved very differently. Ben-David et al.
[27] delved into this problem much more extensively, finding
that MCF7, an MSI-stable breast cancer cell line, evolves in
culture much more than previously anticipated. Such changes
can adversely affect the reproducibility between experiments
within a laboratory and between laboratories.
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The issue of patient confidentiality arises as more STR
loci are analyzed. To address this issue, institutions (e.g., MD
Anderson Cancer Center) and some countries (e.g., Japan)
limit the publication of STR data to only 8 STR loci, such
as those of the Promega PowerPlex 1.2 kit. The new General
Data Protection Regulation of the European Union does not
specifically address this issue, only requiring that the genetic
data be “pseudonymized” to protect patient privacy and the
extent to which this applied is at the discretion of individual
EU members [28]. As a compromise, using 13 CODIS STR
loci seems to be optimal for cell line identification, while min-
imizing exposure of patient confidentiality. However, different
countries, journals, and research organizations may need to
modify this in accordance with local regulations.

In summary, from this examination the effects of different
STR profiling search parameters on cell line authentication
based on the STR profiles of 2,284 cell lines, we drew the
following conclusions for consistent authentication results and
best discrimination between related and unrelated cell lines.
First, the Tanabe algorithm was better than either version
of Masters algorithms for this purpose. For optimal results,
using 13 STR loci was better than only 8 STR loci. Including
the amelogenin alleles did not improve distinguishing between
related and unrelated lines. Counting single alleles twice did
not improve this process, but may complicate the analyses and
result in false negative and positive matches. Finally, it is im-
portant to confirm the provenance of both query and reference
STR profiles to avoid spurious results and obtain consistent
and reliable identification of cell lines when comparing STR
profiles of cell lines. This analytical approach undoubtedly
applies not only to the analysis of human samples, but also
to other organisms for which there are STR data.
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CHAPTER 3. STR PROFILING SEARCH PARAMETERS

3.2. Concluding Remarks

This study provides an answer to the option choice for each parameter available
in STR similarity searches. Except for the count of homozygous and hemizygous
loci as one allele being more based on biological rationale, the other selected search
parameter options have shown to have an important influence on the results of the
similarity search in terms of distinguishing related from unrelated cell lines. They
thus provide regulating guidelines for the authentication of cell samples through
the interpretation of STR profiles. As such, the arguments and conclusions of this
analysis can be used as evidence for the planned revision of the original ATCC/ANSI
ASN-0002 standard. It will also be used as a basis to inform CLASTR users of the
recommended search parameters and their justification.

Additionally, this study features the use of Docker to run the whole analysis work-
flow. It thus enables anyone to regenerate in a single command line all the raw
data, tables and figures we presented. This demonstrates how this technology can
contribute to improving the state of reproducibility in scientific research. It notably
enforces researchers to explicitly describe all the processing steps and avoid manual
data manipulation, which is known to impede the reproduction of results. Please
refer to the Discussion Section for a more in-depth presentation of the use of Docker

in science.
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CHAPTER 4

ReEanavLysis oF HELLA ProTEOMICS DATA

4.1. Overview

Through the establishment of guidelines and corresponding data formats, proteo-
mics data sharing and interoperability greatly improved in recent years. Nowadays,
a wealth of standardized data is available to the proteomics community in special-
ized databases and repositories. Despite this increased accessibility in published
data, few studies are based on the reanalysis of mass spectra. In this study, we
selected for reanalysis 40 data sets from the PRIDE database, which all contained
protein identification results from experiments carried out on the HeLa cell line.
Our main goal was to identify single nucleotide variants from sequencing data at
the protein level while trying to assess their impact on levels of protein expres-
sion. In the scope of the Human Proteome Project, we applied strict FDR levels and
paid special attention to the identification of peptides from so-called missing pro-
teins. Additionally, we also targeted new phosphorylation and acetylation sites, as
we suspected that they were overlooked in most of the original experiments. This
study was partially made possible thanks to the development of the MzVar tool,
which I wrote at the beginning of this thesis. This proteogenomics software en-
ables the compilation of customized variant protein and peptide databases from
sequence variants and transcript sequences.

Unfortunately, it came to our attention that some of the mass spectra that we rean-
alyzed were not originating from the HeLa cell line. The error occurred early when
retrieving the raw data files from the PRIDE database, as a consequence of a faulty
command line. Of note, the metadata annotations on PRIDE were correct and were
not the source of the problem. As only 27 files out of a total of 1,233 were concerned,
we could reapply the complete workflow on the files that were containing genuine
HeLa data sets and reinterpret the results. The identifications were only slightly
affected, and the initial biological conclusions remained unchanged. The new anal-
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ysis was released as an erratum, which is located just after the original publication
in this thesis.
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ABSTRACT: The practice of data sharing in the proteomics

field took off and quickly spread in recent years as a result of Missing
collective effort. Nowadays, most journal editors mandate the Proteins
submission of the original raw mass spectra to one of the data-

bases of the ProteomeXchange consortium. With the excep- +
tion of large institutional initiatives such as PeptideAtlas or the .
GPMDB, %ew new studies are however based gn the reanalysis variants
of mass spectrometry data. A wealth of information is thus left +
unexploited in public databases and repositories. Here, we

present the large-scale reanalysis of 41 publicly available data PTM Sites
sets corresponding to experiments carried out on the HeLa

cancer cell line using a custom workflow. In addition to the
search of new post-translational modification sites and “missing
proteins”, our main goal is to identify single amino acid variants and evaluate their impact on protein expression and stability
through the spectral counting quantification approach. The X!Tandem software was selected to perform the search of a total of
56 363 701 tandem mass spectra against a customized variant protein database, compiled by the application of the in-house MzVar
tool on HeLa-specific somatic and genomic variants retrieved from the COSMIC cell line project. After filtering the resulting
identifications with a 1% FDR threshold computed at the protein level, 49 466 unique peptides were identified in 7266 protein
entries, allowing the validation of 5576 protein entries in accordance with the HPP guidelines version 2.1. A new “missing protein”
was observed (FRAT2, NX 075474, chromosome 10), and 189 new phosphorylation and 392 new protein N-terminal acetylation
sites could be identified. Twenty-four variant peptides were also identified, corresponding to 21 variants in 21 proteins. For
three of the nine heterozygous cases where both the variant peptide and its wild-type counterpart were detected, the application
of a two-tailed sign test showed a significant difference in the abundance of the two peptide versions.

KEYWORDS: data reanalysis, proteomics, mass spectrometry, HeLa cell line, variants, identification, spectral counting,
phosphorylation, N-acetylation, bioinformatics

B INTRODUCTION to decipher the complexity of protein biology.” For instance,
assessing protein abundance from mRNA quantification data
remains a challenging task, as many factors such as protein
degradation and heterogeneous synthesis rates can alter the
correlation.” A DREAM computational proteogenomics chal-
lenge focusing on this particular issue was launched by NCI-
CPTAC last year and won by Yuanfang Guan and Hongyang Li
(University of Michigan) using machine learning methods.

Omics-based cancer research has flourished in recent years
through the increased availability and refinement of next-
generation sequencing methods.”” With the multiplication of
whole genome, exome and transcriptome sequencing studies,
numerous structural and sequence variants have been identified,
and their involvement in the oncogenic process was assessed.’
While these variants are well described at the gene and transcript
level, there is a lack of knowledge about their effective impact on
protein function, expression and stability. The interpretation of
genomic data thus tends to lag behind its massive production. Received: May 30, 2018

It is also known that genetic information alone is not sufficient Published: September 3, 2018
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These limitations contributed to the emergence of proteo-
genomics, a field of research located at the intersection of
genomics and proteomics. Its original purpose was to take
advantage of mass spectrometry-based proteomics technolo-
gies to annotate protein-coding genes.’ The term evolved since
and is nowadays commonly used to describe any application
using a proteogenomic approach to interpret mass spectrom-
etry proteomics data.” This method usually consists of the
database search of a customized protein database compiled
from genomic/transcriptomic sequencing data.® As solely the
sequences present in the database can be identified, the
genomic information enables the detection of sample specific
sequence variation in proteomics data.

Many tools were developed over the years to %enerate such
custom databases, including PGA,” customProDB," sapFinder,11
Galaxy-P'> and QUILTS.” They all rely on the same core
principle, but implementations differ with respect to the types of
variants supported and the content of the generated database.
Although these tools all handle single amino acid substitutions,
some specialized in more complex variants such as large
insertions/deletions, frameshifts or splice variants. Recent
efforts have also focused on the establishment of workflows
and guidelines for the detection of variants in mass spectrom-
etry data.'®"> While the protocols for validating the presence
of genomic variants in proteomics data are nowadays well-
defined, a lot of work remains to be done regarding their influ-
ence on proteins. Furthermore, evaluating the direct impact of
variants on protein abundance is not straightforward, as they
may indirectly alter peptide detectability.

The production of mass spectrometry-based proteomics data
has grown exponentially in recent years mainly through the
improvement of instrumentation. Following the establishment
of the ProteomeXchange consortium,'® data sharing has
rapidly spread in the proteomics field, despite an initial period
of reluctance. A typical proteomics research project is now-
adays expected to make publicly available both the original raw
mass spectrometry data and the corresponding identifications,
enabling the validation of the results and the reanalysis of the
mass spectra by other research groups. Despite the wealth of
data that is now standardized, findable and accessible in online
databases and repositories, published proteomics data is
seldom reused.

In order to evaluate the impact of single amino acid variants
on protein abundance, we developed a new proteogenomics
workflow to perform the identification of peptides harboring
single amino acid variants and their relative quantification
compared to wild-type counterparts. MzVar, our in-house tool,
was used to compile a customized variant protein database.
The workflow was applied to a total of 41 HeLa cancer cell line
proteomics data sets from the PRIDE repository.'” The HeLa
choice was motivated by the fact that it is one of the most
studied human cell lines in research, with around 90 000
articles being listed in PubMed with the “HeLa cells” MeSH
term. In order to have enough sensitivity to perform the pep-
tide quantification and related statistical analyses, many prote-
omics data sets were required. According to the Cellosaurus
knowledgebase,'® HeLa is the human cancer cell line with the
highest number of proteomics data sets available, with S-fold
more data sets in PRIDE than for MCF-7. We also took
advantage of this large amount of data to look for new peptides
from proteins that had not been previously experimentally
validated, called “missing proteins” by the HUPO Human
Protein Project participants,'” and for new phosphorylation

4161

and protein N-terminal acetylation sites, as they were not
investigated or reported in most of the original experiments.

B MATERIAL AND METHODS

Retrieval and Filtering of Single Amino Acid Variants

As part of the COSMIC Cell Line Project, the HeLa cancer
cell line exome was sequenced (https://cancer.sanger.ac.uk/
cell lines/help/ desc). In this work, the single nucleotide
variants (SNVs) of HeLa were called against the GRCh37
human genome assembly using the CaVEMan algorithm and
made subsequently available on the COSMIC FTP server in
the form of files in the VCF format. The retrieved HeLa VCF
file contained 15 608 individual SNVs.

On the basis of CaVEMan flags contained in the filter
column of the VCF file, exclusion filters were applied in order
to discard low quality variants, corresponding to (i) variants in
which less than 1/3 of the mutant alleles were of high quality;
(ii) variants in which the mean mapping quality of the mutant
alleles was insufficient; (iii) variants in which most mutant
alleles were on one strand with insufficient base quality; (iv)
variants in which the coverage was below nine and no mutant
alleles were in the first 2/3 of the read; (v) variants in which
the mutant alleles were on the same strand on the second half
of the read containing the GGC[AT]G motif followed by an
insufficient mean base quality. As a result of the filtering steps,
the number of variants in the VCF file was reduced of about
66% to 6815 SNVs.

Retrieval and Filtering of Transcript Sequences

As the genomic coordinates of the VCF file retrieved from
COSMIC were based on the GRCh37 human assembly, the
corresponding transcripts were downloaded from the latest
Ensembl version that made use of this genome assembly (v75,
February 2014) using the BioMart online tool.”” The entries
corresponding to proteins predicted but not validated in
UniProtKB/Swiss-Prot were discarded. The transcripts were
retrieved in the form of ¢cDNA sequences in the FASTA
format. The headers were formatted to contain the chromo-
some name, strand, start/stop coordinates of the CDS, introns
and exons. In a further step, the transcripts corresponding to
proteins whose existence was annotated as uncertain (PES) in
neXtProt’' (release 2018.01.17) were filtered out.

Compilation of the Customized Variant Protein Database

The HeLa customized variant protein database was compiled
using the MzVar Java tool developed in-house (https://
bitbucket.org/sib-pig/mzvar-public). This software generates
variant protein and peptide databases in the FASTA format
using a VCF file as variant input and a FASTA file as transcript
input. To summarize briefly, all the individual variants are first
extracted from the VCF file and inserted in their corresponding
transcript sequences at the correct location using the indicated
chromosomes and base pair positions. Then, the whole set of
transcripts is translated into protein sequences. Finally, the
variants are described at the protein level by comparing the
amino acid sequences before and after the variant insertion
into the transcripts.

In this work, MzVar was run on both the filtered SNVs from
the HeLa VCF file and the GRCh37 transcript sequences
with the “Protein Database” mode enabled. Both the variant-
containing and nonvariant-containing protein sequences were
included in the database. To account for contaminant proteins
that are commonly introduced in proteomics experiments, the
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Figure 1. Distribution by instrument and submission date of the 41 selected HeLa data sets retrieved from the PRIDE database. All mass
spectrometers belong to the Thermo family, evenly divided between LTQ Orbitrap and Q Exactive instruments. Most of the data sets were
submitted between 2014 and 2016, while the oldest date back to 2011.

cRAP (The GPM, 2015.13.01) sequences were downloaded in
the FASTA format and merged to the compiled database.

Retrieval of Tandem Mass Spectra

According to the current HPP guidelines, only data deposited
in ProteomeXchange can be used. Querying “HeLa” with the
PRIDE search engine retrieved 112 unique data sets. After
manual verification, three data sets that were not performed on
HeLa cells were removed. In an attempt to control data set
heterogeneity, experiments performed with instruments not
belonging to the Thermo Orbitrap family were discarded
(Figure 1), reducing the number of data sets to 98. To further
limit the complexity of the subsequent database search step,
any data set that involved the introduction of a mass tag (e.g.,
SILAC, iTRAQ or TMT) for quantification analysis or the use
of the SWATH technology were not taken into account,
lowering the number of selected data sets to 54. Finally,
experiments performed on multiple cell lines in parallel with no
dedicated annotation of the HeLa cell result files or strictly
focused on specific proteins (e.g, histones) were not included
in the selection, resulting in a final number of 41 compatible
HeLa data sets. We limited our study to data sets available in
PRIDE in order to simplify the data set compilation. Of note,
MassIVE presently reports 64 data sets for HeLa cells. 33 of
them are also in PRIDE, and 8 were included in our selection
of 41 high quality data sets. Out of the 31 data sets that are not
in PRIDE, only five would match our quality criteria. IProX,
that joined the ProteomeXchange consortium in December
2017, and jPOST, that opened to public in March 2018,
respectively contain 2 and 14 additional HeLa data sets from
which 1 and 6 would match our quality criteria.

Most of the selected data sets were recently submitted to the
PRIDE database: 62% after 2015, while the oldest dated back
to 2011 (Figure 1). The Thermo mass spectrometers were
mainly divided into LTQ Orbitrap and Q Exactive instruments.
The HCD fragmentation method was used in almost half of
the data sets (20), while the rest (21) used CID. Most of the
HCD data sets were produced on Q Exactive instruments.

Studies carried out on HeLa cells rarely indicate which
derivative of the original cell line was used. Only five out of the
41 studies we reanalyzed did mention a HeLa subline (4 used
HeLa-Kyoto and 1 used HeLa-S3). This cell line heterogeneity
was not taken into account in our workflow as a filtering
criterion since the different HeLa cell lines (HeLa from ATCC
(CCL-2), HeLa-S3 and HeLa-Kyoto) were shown to have
minimal variability in terms of SNVs.”>**

For each of the 41 selected experiments, the Thermo binary
raw files were downloaded from the PRIDE FTP repository.
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In the few cases where the raw files were not accessible, the
tandem mass spectra were downloaded instead in the mzXML
or MGF format according to what was available. The 1233
acquired files were then converted into the mzML open format
using the msconvert tool of the ProteoWizard suite™* (version
3.0.10800, 2017.04.27). Only the MS2 scans were extracted
due to file size concerns.

Database Search

The database search was performed using the X!Tandem open
source search engine25 (version Vengeance, 2015.12.15.2).
Carbamidomethylation of cysteine (C) was set as fixed modifi-
cation while oxidation of methionine (M) and phosphorylation
of serine, threonine and tyrosine (STY) were set as variable
modifications in addition to the default ones (N-terminal acety-
lation of proteins, water and ammonia loss from N-terminal
glutamic acid (E) and glutamine (Q) respectively). Trypsin
was selected as digestion enzyme and up to two missed
cleavages were tolerated. The parent monoisotopic mass error
was set to +15 ppm and the fragment monoisotopic mass error
to 0.5 Da for the CID sets and +0.05 Da for the HCD sets.
All the computations were performed at the University of
Geneva on the Baobab cluster (https:// plone.unige.ch/distic/
pub/hpc/baobab_en).

Identification and Validation of Peptides and Proteins

The X!Tandem BIOML result files were processed using the
MzJava open source library”® to extract and validate the
reported identifications. All the identified peptides were filtered
based on their size to remove those having a length smaller
than seven amino acids. To verify their uniqueness in the
human proteome, the neXtProt peptide uniqueness checker
tool”” was run on protein sequences of the neXtProt database
(release 2018.01.17). The peptides that could be mapped to
more than one entry (without taking SNPs into account) were
discarded. In addition, any identification that could have been
explained by a peptide originating from a cRAP contaminant
was removed.

To control the amount of false positives in the identi-
fications, a false discovery rate (FDR) was calculated globally
for all data together following the target-decoy approach. Prior
to the X!Tandem database search, reversed decoy protein
sequences were concatenated to the customized protein
database. The FDR was estimated at the PSM, peptide and
protein levels using the X!Tandem hyperscore as the reference
score. The hyperscore threshold was adjusted so that the global
protein FDR would not be higher than 1%. At the peptide
level, the best PSM hyperscore was assigned to each peptide.
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At the protein level, the best peptide hyperscore was assigned
to each protein. To be considered as identified in accordance
with the HPP guidelines version 2.1,”* proteins were required
to have at least two non-nested unique peptides with a length
equal or superior to nine amino acids. In all cases, the FDR was
estimated using the following formula,” where Nigrgee and
Ngecoy are respectively the number of target and decoy hits:

2 % N,
FDR = decoy
N

target

+ Ndecoy

Identification and Validation of PTM Sites

The X!Tandem search engine does not provide any probability
score for PTMs. In the case of phosphorylations, multiple
potential sites are frequently found close to each other. The
exact location of a phosphorylation within a peptide can thus
be ambiguous, and distinct sites may have the same probability.
In order to determine with enough confidence which phosphor-
ylation sites can be considered as identified, the PTMProphet
tool of the Trans-Proteomic Pipeline® (TPP, version 5.1.0) was
applied on the X!Tandem BIOML result files after their
conversion into the pepXML format. Only the phosphorylation
sites that had the maximum probability score (1.000) were
subsequently taken into account.

Concerning the protein N-terminal acetylations, X!Tandem
takes into account the protein N-terminal methionine excision
that often occurs in eukaryotic organisms. The resulting new
N-terminal residue is frequently acetylated. By default, the
search engine removes this new N-terminal residue and searches
acetylation once again.

Quantification of Peptides

The peptide quantification was performed following the spec-
tral counting label-free approach. This method consists of
summing the total number of PSMs for a given peptide, with or
without modifications. This enables the comparison of the
abundance of variant peptides against their wild-type counter-
parts. If a difference in the spectral counts is observed, it may
provide insight into the variant impact on the protein abun-
dance. For this analysis, only the heterozygous variants were
taken into account, since both peptide versions need to be
observable for their respective intensities to be compared. The
cases where the wild-type peptide was not observed were also
excluded, as the proof of existence of both versions was
necessary for a fair comparison. To determine which peptide
pairs had a significant difference in their spectral counts, a two-
tailed sign test was independently applied on each variant. This
statistical test establishes if there is a consistent difference
between a pair of observed values throughout a set of repli-
cates. Under the null hypothesis (HO), there is no difference
between the observations, while there is a significant difference
under the alternative hypothesis (H1).

In this statistical test, the spectral counts of the variant and
wild-type peptides for a given variant are first separated
according to the experiments from which they originated. The
number of times where the variant peptide spectral count is
greater than that of the wild-type in a given experiment, and
conversely, are summed. The cases where the counts are equal
are ignored. Then, the p-value is estimated from a binomial
distribution where the number of successes is the smallest of
either sum, the number of trials is the number of cases where
there is a difference and the success probability is 0.5. Finally, if
the p-value is less than half of the a level of 5%, the null
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hypothesis is rejected and the alternative hypothesis is
accepted, meaning that there is a statistically significant dif-
ference between the spectral counts of the variant peptide and
the wild-type peptide.

Data Availability

41 HeLa PRIDE data sets were reanalyzed:
PRD000526, PRD000527, PXD000212,
PXD000396, PXD000589, PXD000759,
PXD000999, PXD001061, PXD001249,
PXD001333, PXD001374, PXD001381,
PXD001441, PXD001660, PXD002252,
PXD00239S, PXD00281S5, PXD002880,
PXD003209, PXD003370, PXD003530,
PXD003560, PXD003917, PXD004182, PXD004273,
PXD004613, PXD004900, PXD004940, PXDO005018,
PXD005181, PXD005366, PXD005509, PXD005712 and
PXDO006112. The Supporting Information contains a tab-
delimited table listing all the validated PSMs, an Excel table in
the xlsx format listing all the proteins, peptides, variant and
PTM site identifications, as well as the customized variant
protein database in the FASTA format.

The following
PRD000525,
PXD000243,
PXDO00089S5,
PXD001258,
PXD001426,
PXD002277,
PXD002987,

B RESULTS AND DISCUSSION

Identification of Proteins and Peptides

By applying our workflow (Figure 2) to the 1233 raw files
(56 363 701 tandem mass spectra), we identified 49 466 unique

Transcript
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Database
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ites.
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Variants
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Peptide
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X!Tandem
Result Files
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Eme @ neXtProt ‘Peptide/Protein
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Spectra

Ms/Ms
Spectra
Figure 2. Global overview of the custom workflow. A customized
variant protein database was first compiled using the MzVar tool on
single amino acid variants belonging to the HeLa cancer cell line
(a). The HeLa variants were retrieved in the form of a VCF file from
the COSMIC cell line project and inserted in transcript sequences
from Ensembl before their translation into proteins. Then, 41 distinct
MS proteomics data sets produced on HeLa cells were retrieved from
PRIDE and converted in the mzML open format using msconvert
(b). X!Tandem was subsequently used to search all the MS/MS
spectra against the database (c), and the resulting identifications were
processed using the MzJava library along with the neXtProt
uniqueness checker tool (d). Additionally, PTMProphet was used
for the validation of the identified phosphorylation sites (e).

peptides with 1225780 PSMs mapping to a total of 7266
protein entries. Notably, 355 peptides matched alternative splice
isoforms that were not recorded as canonical in neXtProt. Using
the stringent HPP criteria for protein validation,”® this led to the
identification of 5576 protein entries. These results were
obtained after the implementation of a strict FDR threshold
to prevent an unsatisfactory number of false positives among the
identifications. A hyperscore threshold of 60.4 was set so that
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the global FDR would be fixed to 1.0% at the protein level.
This corresponds to a global FDR of 0.0086% at the PSM level
and 0.14% at the peptide level. This means we can expect
1225675 true and 105 false positives for the PSMs, 49 397
true and 69 false positives for the peptides and 5520 true and
56 false positives for the proteins. However, it is important to
note that the FDR is only an estimate, which may fail to
correctly predict the correct amount of false positives. In many
cases, the actual FDR is significantly higher than the computed
one. The difference is partially explained by the shortcomings
of the target-decoy approach, which does not properly model
all the different error types that can occur. This emphasizes the
necessity to recognize that a protein passing the FDR threshold
does not mean that its identification is certain.

Identification of “Missing Proteins”

“Missing proteins” are defined as confidently predicted proteins
lacking evidence at the protein level in neXtProt (PE2—4). Among
the identified peptides in our data set, three originated from two
missing proteins (neXtProt release 2018.01.17) (Table 1):
FRAT2 (NX_075474) and ZCCHCI8 (NX_POCG32).
None of the three peptides mapped with an additional entry.
Both FRAT2 peptides were found in the same study’
(PXD005712). One had not been previously identified in
biological samples according to the PeptideAtlas and neXtProt
databases. Interestingly, spectra obtained with the correspond-
ing synthetic peptide are recorded in SRMAtlas. We aligned
the SRMAtlas consensus spectrum (Consensus Library Spec-
trum ID: 10693449) produced by Agilent 6530 QTOF instru-
ments with the spectrum produced in the PXD005712 experi-
ment by a Thermo Q Exactive instrument (Figure 3). We also
computed a spectral dot-product score (SDPscore)*” to assess
the strength of the spectral correlation. The SDPscore was
calculated using the intensities of the singly charged b and y
ions and a value of 0.971 was returned, indicating that the
fragmentation pattern of the two spectra is alike and increasing
the confidence in the identification of FRAT?2.

The second peptide for NX_ 075474 had been already
observed in other human samples and reported in PeptideAtlas
and neXtProt (PAp00759928). It was matched in our work-
flow by two doubly charged mass spectra. Since the corre-
sponding consensus mass spectrum from SRMAtlas (Con-
sensus Library Spectrum ID: 10696262) is triply charged, its
comparison against the two identified mass spectra showed a
weak correlation (SDPscores of 0.509 and 0.486). However,
performing the comparison against a doubly charged mass
spectrum obtained on kidney cancer’® and reported in
PeptideAtlas (mzspec:PXD006482::kidney 6 2:scan:5525:
AVAAVAATGPASAPGPGGGR/2) showed a good correla-
tion (Figure 4) (SDPscores of 0.789 and 0.782). These
correlation scores are actually higher than the one of the mass
spectrum of PeptideAtlas against the consensus spectrum from
SRMAtlas (SDPscore of 0.688).

The PXD005712 data set in which the two FRAT?2 peptides
were identified was published in 2017°' and will be part of
the PeptideAtlas 2019 build. Given the high quality of these
identifications, one can expect that they will be validated by
the PeptideAtlas pipeline, and subsequently integrated in
neXtProt (February 2019 release). The current rule applied by
neXtProt to validate a protein as PEl is, in accordance
with HPP guidelines, the presence of 2 non-nested peptides of
at least 9 aa. Since the peptide AVAAVAATGPASAPGP-
GGGR is already annotated in neXtProt, the integration of
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Table 1. List of Identified PSMs Mapping to “Missing Proteins”

reported in

date

HN_Shotaro Parl IP S277A HIS IP 17:scan:5448 28288130 2017

PMID

universal spectrum identifier

mzspec:PXD005712:20150123
mzspec:PXD005712:20152002
mzspec:PXD005712:20152002

score
6

neXtProt

PE

peptide
AVAAVAATGPASAPGPGGGR

gene

075474 FRAT2

protein

RG 150218 Saita Ctrl 3:scan:5748

1.6

PE2 Yes

28288130 2017

RG 150218 Saita Ctrl 3:scan:11606

61.7
66

PE2 Yes

AVAAVAATGPASAPGPGGGR

075474 FRAT2

28288130 2017

.9

PE2 No

ARPPAVPLLLPPASAETVGPAPSGALR

POCG32 ZCCHCI18 GRARPLDQVLVIDSPNNSGAQSLSTSGGSGYKNDGPGNIR PE3 No

075474 FRAT2

26560067 2015

mzspec:PXD002987:LFQ_Control_pass2_rep2:scan:33629

60.4
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ARPPAVPLLLPPASAETVGPAPSGALR, MH+ 2605.4824, m/z 869.1657
File: HSRMA_QTOF_BASE, Scan: 1, Exp. m/z: 869.166, Charge: 3
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ARPPAVPLLLPPASAETVGPAPSGALR, MH+ 2605.4824, m/z 869.1657
File: 20152002_RG_150218_Saita_Ctrl_3, Scan: 11606, Exp. m/z: 869.1677994270523, Charge: 3

Figure 3. Spectral alignment for the ARPPAVPLLLPPASAETVGPAPSGALR peptide from the NX_ 075474 PE2 “missing protein”. At the top
features the consensus spectrum from SRMAtlas produced by Agilent 6530 QTOF instruments. At the bottom features the spectrum identified by
our workflow in the PXD005712 data set, produced by a Thermo Q Exactive instrument. The two spectra show a strong spectral correlation with a

SDPscore of 0.971.

ARPPAVPLLLPPASAETVGPAPSGALR will trigger the mod-
ification of NX_0O75474 status as PE1l. FRAT2 is a poorly
characterized protein that may act in canonical and non-
canonical Wnt-signaling pathways involved in development,
tissue homeostasis and cancer.”* The peptide that was reported
previously was observed in stem cells,”® kidney cancer” and
MCF-7 breast cancer cells,*® suggesting that FRAT2 expres-
sion is not specific to HeLa cells or cancer, but might be
related to cell proliferation. This functional hypothesis could
be validated by targeted genome editing in HeLa cells.

For ZCCHC13, the only peptide observed in HeLa cells has
two miscleavages and the spectrum could not be validated due
to its absence in SRMAtlas. No additional peptide meeting the
HPP requirements for protein validation was reported in
neXtProt in any human biological sample. The reclassification of
the NX_POCG32 entry as PE1 will require further investigation.

Identification of PTM Sites

The identified N-terminal acetylation and phosphorylation sites
were searched in neXtProt (release 2018.01.17) to identify those
that were previously unknown. For phosphorylation, 189 pre-
viously unknown sites (120 serines (S), 57 threonines (T) and
12 tyrosines (Y)) were identified out a total of 4921 sites
representing 3511 modified peptides in 1779 proteins (Table 2).
For example, a new phosphorylation site (Tyr-7) was found in
the first a helix of profilin-1, and a new phosphorylation site
(Ser-44) was found in the RGS-like domain of ARHGEFI.
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Interestingly, no PTM had been reported on this domain, nor
in ARHGEF11 and ARHGEFI12, the two other ARHGEF
protein family members that contain such a domain. Further
studies would be needed to assess the biological roles of these
new phosphorylation sites. For N-terminal acetylation, 392
previously unknown sites were identified out a total of 1121
sites, representing 1320 modified peptides in 1086 proteins.
The percentage of novel N-terminal acetylation sites is higher
than that of phosphorylation, which can be explained by the
lesser effort invested in the annotation of N-terminal acety-
lation sites in recent years, despite the fact that up to 80% of
human proteins are potentially N-acetylated.”” The detailed list
of PTM identifications can be found in the Supporting
Information.

Moreover, about half (1697, 48.3%) of the 3511 peptides
harboring phosphorylations were also identified without. Since
phosphorylation is a reversible event, this might be due to the
different biological states or sample preparation protocols used
for the analyses. In contrast, only 74 of the 1320 N-terminal
acetylated peptides (5.61%) were additionally observed with-
out the modification.

Identification of Single Amino Acid Variants
We identified 24 variant peptides in 21 proteins corresponding
to a total of 21 variants (Table 3), representing 2.2% of the 948

nonsynonymous single amino acid variants originally contained
in the customized HeLa protein database. Among the 21
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AVAAVAATGPASAPGPGGGR, MH+ 1634.8609, m/z 817.9341
File: kidney_6_2.05525.05525.2, Scan: 5525, Exp. m/z: 817.93405396688, Charge: 2

b8

—bi1e

bSe

AVAAVAATGPASAPGPGGGR, MH+ 1634.8609, m/z 817.9341
File: 20150123_HN_Shotaro_Part_IP_S277A_HIS_IP_17, Scan: 5448, Exp. m/z: 817.935306101584, Charge: 2

Figure 4. Spectral alignment for the AVAAVAAT GPASAPGPGGGR peptide from the NX 075474 PE2 “missing protein”. At the top features the
spectrum from PeptideAtlas produced by an LTQ Orbitrap Velos instrument. At the bottom features one of the two spectra identified by our
workflow in the PXD005712 data set, produced by a Thermo Q Exactive instrument (mzspec:PXD005712:20150123_HN_ Shotaro_Parl IP_-
S277A_HIS_IP_17:scan:5448). The two spectra show a good spectral correlation with a SDPscore of 0.789.

Table 2. Summary of the PTM Site Identifications

number of number of number  percent
modified  modified number of novel of novel
PTM proteins peptides  of sites sites sites
phosphorylation 1779 3511 4921 189 3.84%
N-terminal 1086 1320 1121 392 35.0%
acetylation

variants, 16 were heterozygous and 5 homozygous. Although
the number of variant identifications may seem low, it is
essential to note that many factors challenge variant analysis.
First of all, not all of the 20 230 human proteins are expressed
at the same time in a given cell type. As seen within the results,
unique peptides mapping to 7266 protein entries were
detected, representing 35.9% of the total number of proteins.
Among the 774 proteins harboring at least one variant that
were present in the customized protein database, peptides
mapping to 285 could be identified by our workflow, repre-
senting a similar rate of 36.8%. This indicates that there is no
particular bias affecting the identification of variant proteins,
but also that almost two-thirds of the variants in the original
database had a very low probability to be observed. Moreover,
not all peptides for a given protein are identified in a mass
spectrometry experiment, even if it is highly expressed. Even if
the variant protein is observed, only the peptides carrying the
variant can bring evidence for its presence and justify further
analysis.
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When we compare our results to other studies using similar
proteogenomic approaches on different human cell lines, we
observe the same order of magnitude in term of variant identi-
fications. For example, in 2011, Li et al. applied a bioinfor-
matics workflow on three colorectal cancer cell lines (SW480,
RKO, and HCT-116) and identified 84 variants peptides.”® In
2016, Lobas et al. identified 112 genomics variants of the
HEK-293 human kidney cell line in shotgun proteomics data®
and Ruggles et al. reported in 2016 that around 10% of the
SNVs detected by both DNA and RNA sequencing were
identified at the peptide level in their analysis of breast-cancer-
patient-derived xenografts (PDX) tumors."> While our rate of
variant identification (2.2%) is slightly lower than expected
based on the results of similar studies, it should be stressed that
we used a high level of stringency on a very large search space.

Quantification of Single Amino Acid Variants

Nine of the identified variant peptides had their corresponding
wild-type peptides also identified (Table 3). The spectral
counts of both peptide versions were computed to compare
their relative abundance. The application of a sign test took
advantage of the large amount of data reanalyzed, as a dif-
ference in the spectral counts is expected to be more significant
if it is present consistently throughout the data sets. Applying
the two-tailed sign test on these variants, we obtained three
cases for which the p-value was smaller than 0.025, meaning
that the difference was statistically significant. In two cases
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Table 3. List of HeLa Variant Identifications”

Protein Gene Variant |Genotype PolyPhen Observed variant peptides Observed wild-type peptides sv a;(i;:\atl Wild-type Sign test p-
yp prediction pep ype pep! goum spectral count value
Q8NE71| ABCF1 p.S293P het d”a’;b:g'?% AANAAENDFSVSQAEMSPR AANAAENDFSVSQAEMSSR 2 142 0.0002594
TGSLKPNPASPLPASPYGGPTP
! TGCLKPNPASPLPASPYGGPTPASY |ASYTTASTPAGPAFPVQVK, TG 51 (incl. 2
Q15654 | TRIP6 | p.S135C | het benign | TASTPAGPAFPVQVK SLKPNPAS(p)PLPASPYGGPTP 35 Ibhosphorylated)|  0:003906
ASYTTASTPAGPAFPVQVK
possibly  |LADFGVLHRNELSGALTGLIR,
P26639 | TARS p.T453| het damaging INELSGALTGLIR LADFGVLHRNELSGALTGLTR 132 3 0.005859
P47755 | CAPZA2 | p.A225S het d‘;‘:::g’i'g’g DIQDSLTVSNEVQTSK DIQDSLTVSNEVQTAK 2 7 0.125
P53597 | SUCLG1 p.K81R het benign  |QGTFHSQQALEYGTR QGTFHSQQALEYGTK 35 26 0.2266
Q9C0C2| TNKS1BP1 | p.G1451S |  het Dossibly | CPARPPPSSSQGLLEEMLAASSSK [Sonr T SCSAGLLEEMLAAS 3 9 05
lamaging SSK
TPSNTPSAEADWSPGLELHPD 6 (incl. 2
Q9Y3z3| SAMHD1 p.P26L het benign  |TPSNTLSAEADWSPGLELHPDYK [YK, TPSNTPSAEADWS(p)PGLE 2 hoshaniated 05
LHPDYK phosphorylated)
) ERLEQDLQQMQAK,
P12270 TPR p.M1293| het benign  |ERLEQDLQQIQAK, LEQDLQQIQAK [FEas=iosid e 1 6 0.6875
) SPAMELQPPVSPQQSECNPVGALQ |SPPMELQPPVSPQQSECNPVG
Q15633 | TARBP2 p.P144A het benign ELVWQK ALQELVVQK 1 1 1
robably | GALPAVSSPPAPVSPS(p)SPTTHNR
043896 | KIF1C p.G421R het e |.GALPAVSSPPAPVSPSSPT(p)THN 2 0 NA
amaging |
075792 | RNASEH2A |  p.I1253T het benign  |EAEDVTWEDSASENQEGLR 2 0 NA
SASGESEAENLEAQPQSTVRPEEIP 12 (incl6
! PIPENR,S(p)AS(p) GESEAENLEAQP :
Q13427 PPIG p.S257G het benign QSTVRPEEIPPIPENR,SASGES(p)E phoszldw;arylat 0 NA
AENLEAQPQSTVRPEEIPPIPENR
probably
Q13505 |  MTX1 p.K190N het damaging | VHNISNPWQSPSGTLPALR 2 0 NA
Q5T9A4| ATAD3B | p.M619V het benign  |ICSWVGTGLCPGPLSPR 1 0 NA
Q96RL1| UIMC1 p.R536W het probably |\ yCNGLMEEDTVLTWR 4 0 NA
. damaging
probably  |SVYAVSSNHSAAYNGTNGLAPVEV
QINP74| PALMD | p.D232N het damaging |EELLR 8 0 NA
ossbly | RSSTSGDTEEEEEVEVVPFSSDEQ 3 (incl 1
015231 | 2ZNF185 | p.E164V | hom dp Y |K RSSTSGDT(p)EEEEEVEVVPFSS phosphorylat 0 NA
lamaging
DEQK ed)
possibly  |IVGPLGAAVPCK,IVGPLGAAVPCKY
P21333 |  FLNA p.81012L | hom damaging |EPGLGADNSWVR 44 0 NA
P52701 | MSH6 p.G39E hom benign  |AAAAPEASPSPGGDAAWSEAGPGP 2 0 NA
RPLAR
P78318 |  IGBP1 p.R275Q | hom benign  |VFGAGYPSLPTMTVSDWYEQHQK 13 0 NA
Q6W2J9| BCOR | p.G1140D | hom benign  |KVS(p)DDSSHTETTAEEVPEDPLLK 7 0 NA

“The identified variant and wild-type (phospho)peptides are reported along with their corresponding spectral counts. For variants where both
peptide versions were observed, a two-tailed sign-test with an a level of significance of 5% was applied. Three cases emerged as having a statistically

significant abundance difference, potentially induced by the variant insertion.

(ABCF1 and TRIP6), the variant peptide was significantly less
abundant than the wild-type peptide. In contrast, the p.T452I
variant peptide from TARS was more abundant.

The PolyPhen-2 predictor tool* was additionally applied on
each identified variant. This software, based on multiple pro-
tein sequence alignment and machine learning algorithms, pro-
vides a damage prediction score (benign, possibly damaging
and probably damaging) for a given protein variant. About half
of the 21 variants were predicted to be damaging to proteins.

While it is difficult to observe a direct correlation with so
limited data, it is noteworthy that the p.S293P variant, for
which the most significant difference in spectral counts was
observed, was also predicted to be probably damaging.
Another possible effect of an amino-acid substitution is to
remove a post-translational modification site that might be
important for protein function, stability, localization, or inter-
action with other proteins. TRIP6 is a nucleocytoplasmic pro-
tein of the zyxin family that has different functions depending
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Table 4. Results of the CONSeQuence Tool Applied on the Four Peptide Pairs for the Three Variants That Passed the Sign

Test”

. . . . . . Variant Wild-type Score
Protein Gene Variant Variant peptide Wild-type peptide score score difference
Q8NE71 ABCF1 p.S293P | AANAAENDFSVSQAEMSPR AANAAENDFSVSQAEMSSR 0.570 0.441 0.129

TGCLKPNPASPLPASPYGGPT TGSLKPNPASPLPASPYGGPT

Q15654 TRIPG p.S135C PASYTTASTPAGPAFPVQVK PASYTTASTPAGPAFPVQVK 0517 0516 0.001
P26639 TARS p.T453| NELSGALTGLIR NELSGALTGLTR 0.695 0.688 0.007
P26639 TARS p.T453| LADFGVLHRNELSGALTGLIR LADFGVLHRNELSGALTGLTR 0.292 0.318 -0.026

“The scores, representing the peptide detectability by mass spectrometry, were compared between the variant and wild-type peptides to assess
whether the presence of the variant alters the peptide ability to be observed.
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Figure 5. CONSeQuence score difference distribution. The histogram represents the distribution of the score difference for the 50 000 peptide
pairs that were randomly generated. The colored dots represent the actual value of the pairs of interest.

on the cellular context and its basal expression level.*' Ser-135
has been reported to be phosphorylated in hTERT-RPE1
cells*” and in stem cells,” but the function of this phosphor-
ylation is not known, in contrast to the well-established role of
phosphotyrosine 55.** One can speculate that replacing Ser-
135 by a cysteine might have structural and functional con-
sequences on TRIP6 protein.

Despite a significant difference in the spectral counts of
several variants, the interpretation of those results is chal-
lenging as many factors need to be taken into consideration.
The main concern is that the introduction of a variant inside a
peptide can modify its physicochemical properties, affecting
in turn its detectability. The CONSeQuence tool** was used
to test this hypothesis. It is based on the combination of
four different machine learning algorithms predicting the
peptides that are highly detectable by mass spectrometry. The
tool was applied on the variant and wild-type peptides that
passed the sign test with the “rank score” prediction type
(Table 4).

Assuming that a significant score difference between peptide
pairs indicates a bias potentially affecting the corresponding
spectral counts, we plotted the CONSeQuence score differ-
ence distribution (Figure 4). To generate the plot, 1000 tryptic
peptides with a randomized sequence 7 to 40 amino acid-long
were produced. For each peptide, S0 random nonsynonymous
single amino acid variants were independently inserted at
random positions, leading to a total of 50 000 variant peptides.
CONSeQuence was then applied on all the generated peptides,
and the score difference between each variant peptide and its
original version was plotted. The most extreme differences
tend to be due to the insertion or removal of a cleavage site, as
they produce a large variation in peptide sizes.

The score differences for the four peptide pairs were added
on the same plot (Figure S). All values were comprised in a
range of two standard deviation (0.143) from the average of
0.000. The largest difference is found in the peptide pair for the
p-S293P variant with a value of 0.129. However, this higher
value of the variant peptide that was predicted as more

4168 DOI: 10.1021/acs.jproteome.8b00392
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detectable by CONSeQuence had actually a lower spectral
count than its wild-type counterpart. Based on these results,
none of the three variants passing the sign test is predicted to
have a bias in its spectral count pairs through modification of
peptide detectability.

Variants may also modify the sensitivity of the protein to
trypsin cleavage. For example, TARS Thr-453 has been
reported to be phosphorylated in HeLa cells.* Since this site
is adjacent to the trypsin cleavage site, cleavage could be
impaired so that only the dephosphorylated form of the
peptide would be detectable. That would explain the very low
spectral count of the WT peptide compared to the p.T4531
variant peptide which is more responsive to trypsin.

B CONCLUSIONS

By reanalyzing 41 publicly available data sets obtained on the
HeLa cancer cell line, we identified 49 466 unique peptides in
7266 protein entries with a 1% FDR threshold computed at the
protein level and validated 5576 protein entries in accordance
with the HPP guidelines version 2.1. The identified proteins
included a new “missing protein”, for which two non-nested
peptides of length greater than nine amino acids were found.
Alternative explanations, such as the presence of a variant, were
taken into account to ensure that the identifications were not
ambiguous. 189 new phosphorylation and 392 new N-terminal
acetylation sites were also identified, highlighting the interest
of reanalyzing public data for new findings, as most experi-
ments generally focus on specific aims.

The spectral counting quantification approach was used to
evaluate the impact of single amino acid variants on protein
expression and stability. This required a large number of mass
spectra to reach a satisfactory level of statistical power. Finally, the
spectral counts of only three of the 21 identified variant peptides
were significantly different from those of their wild-type counter-
parts after the application of a two-tailed sign test. Although we
anticipated most of the common biases that may influence the
spectral counts in the variant analysis, it is important to note the
moderate accuracy of the spectral counting approach. A dedicated
SRM experiment could further validate these three cases with
higher precision. Currently, the HeLa cell line has by far the
highest number of associated data sets available in PRIDE (116).
In order to validate other missing proteins, find new PTM sites, or
the functional effects of other SNPs, the same protocol could be
applied to HEK293 (27 data sets), MCF-7 (23 data sets), Jurkat
(15 data sets), U20S (13 data sets), or HCT 116 (10 data sets),
for which exome sequencing data is available.
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B PROBLEM DESCRIPTION

While designing a new experiment, we realized that we had a
data handling problem in the results of our previous study
“Large-Scale Reanalysis of Publicly Available HeLa Cell
Proteomics Data in the Context of the Human Proteome
Project”. Out of the 1233 tandem mass spectrometry files that
were originally processed in that work, 27 turned out to be
associated with cell lines other than HeLa. The problematic
files come from two distinct data sets: PXD001426 (3/3 files,
originating from the HCT 116 cell line) and PXD002395 (24/
42 files, originating from the HepG2 and HEK293 cell lines).
The PXD001426 data set was not produced on HeLa cells and
was improperly selected to be analyzed by our workflow. Even
if HeLa was used in a subpart of this study, the actual raw files
available on PRIDE all belong to HCT 116. The PXD002395
data set was produced on a large panel of 11 distinct cell lines
including HeLa. Of note, the raw files were properly annotated
in the PRIDE database. Our oversight was a loose regular
expression “He*”, which caused the retrieval of files matching
cell line names starting with He and that we omitted to double-
check.

B REANALYSIS

The workflow previously described was reapplied on the 1206
files from the 40 data sets associated with the HeLa cell line
after the removal of the 27 incriminated files (representing a
loss of 1103531 tandem mass spectra, 2% of the total
amount). The methods detailed in the original article were
identically reapplied. The FDR threshold was recomputed at
the different levels, and the N-terminal acetylation and
phosphorylation sites were validated again. The variant and
“missing protein” identifications were also revalidated, and the
sign-test statistical analysis was rerun. The different tables from
the Supporting Information were rebuilt.

B RESULTS

The reanalysis of the 40 HeLa data sets led to the identification
of 48583 (—883) unique peptides in 7174 (—92) protein

Table 1. Summary of the PTM Site Identifications

number number

of of number  percent
modified modified number of novel of novel

PTM proteins  peptides  of sites sites sites
phosphorylation 1779 3511 4921 189 3.84%

N-terminal 1048 1246 1083 390 36.0%

acetylation
© 2019 American Chemical Society

VACS Publications

1926

entries, allowing the validation of $508 (—68) protein entries
in accordance with the HPP guidelines version 2.1. The X!
Tandem hyperscore threshold remained at 60.4 after
recomputation, ensuring that the global FDR would be set to
1.0% at the protein level. All of the missing protein
identifications were conserved. The validation of two N-
terminal acetylation sites was lost, reducing the number of
validated sites to 390, while no phosphorylation site validation
was lost (Table 1). The identification of the wild-type peptide
of the TARS p.T4531 variant was lost (Table 2), removing as a
consequence the variant from the sign-test and reducing the
number of heterozygous cases where a significant difference
was detected to two out of eight. Overall, the removal of the 27
files that did not belong to the HeLa cell line only slightly
alters our results and does not change the conclusions that we
drew in the original article.
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Table 2. List of HeLa Variant Identifications”

. : PolyPhen . : i . Variant spectral Wild-type Sign test
Protein Gene Variant | Genotype prediction Observed variant peptides | Observed wild-type peptides count spectral count | p-value
Q8NE71 | ABCF1 | p.5293P het dp;%t;zl?r'é AANAAENDFSVSQAEMSPR [AANAAENDFSVSQAEMSSR 2 140 0.0002594
Q15654 | TRIP6 | p.s135C | het benign $SESL$TP$:$TS;ALSSAS\$;\?§\? ng##zg?gﬁg;iég%sg%% 35 51(ncl.2 {4 993906

P 9 ¥ LKPNPAS(p)PLPASPYGGPTPA phosphorylated) | "
SYTTASTPAGPAFPVQVK
P47755 | CAPZA2 | p.A2258 het d‘;ﬁ:g’i:{g DIQDSLTVSNEVQTSK DIQDSLTVSNEVQTAK 2 7 0.125
P53597 | SUCLG1 | pKs1R het benign  |QGTFHSQQALEYGTR QGTFHSQQALEYGTK 35 26 0.2266
possibly  [CPARPPPSSSQGLLEEMLAA [CPARPPPSGSQGLLEEMLAASS
Q9COC2 [TNKS1BP1|p.G1451S het damaging |Sssk Sk 3 9 05
! ERLEQDLQQIQAK, ERLEQDLQQMQAK,
P12270 TPR | p.M1293I het benian [ o QQIGAK LEQDLOQMQAK 1 6 0.6875
! SPAMELQPPVSPQQSECNP |SPPMELQPPVSPQQSECNPVG
Q15633 TARBP2 | p.P144A het benign \VGALQELVVQK ALQELVVQK 1 1 1
TPSNTPSAEADWSPGLELHPDY )
! TPSNTLSAEADWSPGLELHP 4 (incl. 2
Q9Y3z3 | SAMHD1 | p.P26L het benign |k K, TPSNTPSAEADWS(p)PGLEL 2 phosphorylated) 1
HPDYK
robably |GALPAVSSPPAPVSPS(p)SP
043896 | KIF1C | p.G421R het oasy  [TTHNR GALPAVSSPPAPVSP 2 0 NA
99 1SSPT(p)THNR
075792 [RNASEH2A| p.1253T het benign  |EAEDVTWEDSASENQEGLR 2 0 NA
possibly  [LADFGVLHRNELSGALTGLIR,
P26639 | TARS | p.T453I het damaging |NELSGALTGLIR 132 0 NA
SASGESEAENLEAQPQSTVR
PEEIPPIPENR,S(p)AS(p)GES 12 (incl 6
Q13427 | PPIG | p.S257G het benign  |EAENLEAQPQSTVRPEEIPPI hosphoryiated) 0 NA
PENR,SASGES(p)EAENLEAQ phosphory
PQSTVRPEEIPPIPENR
probably
Q13505 [ MTX1 | p.K190N het Samaging |VHNISNPWQSPSGTLPALR 2 0 NA
Q5T9A4 | ATAD3B | p.Me19V het benign  [ICSWVGTGLCPGPLSPR 1 0 NA
bably
Q9eRL1 | uIMC1 R536W het probab 4 0 NA
P damaging  |HAMYCNGLMEEDTVLTWR
probably  |SVYAVSSNHSAAYNGTNGLA
QUNP74 | PALMD | p.D232N het damaging [PVEVEELLR 8 0 NA
. RSSTSGDTEEEEEVEVVPFS )
015231 | zNF185 | p.E164V |  hom Dossibly  |SDEQK RSSTSGDT(p)EEEEE A " 0 NA
99 lVEVVPFSSDEQK phosphory
possibly  [IVGPLGAAVPCK IVGPLGAA
P21333 FLNA |[p.st012L|  hom damaging |VPCKVEPGLGADNSVVR 44 0 NA
! AAAAPEASPSPGGDAAWSE
P52701 MSHé p.G39E hom benign AGPGPRPLAR 2 0 NA
p783ts | IGBP1 | pR275Q |  hom benign \é,F_I%’;GYPSLPTMTVSDWYE 13 0 NA
Qsw2J9 | BCOR |[p.G1140D|  hom benign  [SVS(PIDDSSHTETTAEEVPE 7 0 NA

“The identified variant and wild-type (phospho)peptides are reported along with their corresponding spectral counts. For variants where both
peptide versions were observed, a two-tailed sign-test with an « level of significance of 5% was applied. Two cases emerged as having a statistically
significant abundance difference, potentially induced by the variant insertion.
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CHAPTER 4. REANALYSIS OF HELA PROTEOMICS DATA

4.2. Concluding Remarks

This extensive analysis of publicly available proteomics data from the HeLa cell line
showcased the wealth of dormant information in online databases and repositories.
As proteomics experiments commonly have restricted aims, data sharing enables
the design of new studies with novel goals such as the investigation of specific pro-
teoforms. However, the large-scale reanalysis of proteomics data creates numerous
technical challenges. The metadata information provided in the PRIDE database is
for instance not curated nor standardized, making it difficult when searching data
sets that have specific criteria (e.g., species, tissue of origin or disease). It is thus
required to validate such information using either publications, which are not al-
ways referenced, or raw binary files when they are available. Nowadays proteomics
journals and editors enforce the deposition of all raw and identification data prior
to publication. The case of data reanalysis, especially when a large number of data
sets was processed, is however poorly supported in terms of infrastructure. Follow-
ing the ProteomeXchange guidelines, one cannot submit processed identification
data without submitting the corresponding raw mass spectra. In the case of our
study, it would have been impractical to resubmit so many raw data sets that were
already stored in the database and additionally would risk raising authorship is-
sues. Exceptionally, our article was exempted from the obligation of depositing the
data that we used since no practical solution to avoid the above-mentioned issues
existed at the time this study was carried out. There is consequently still room for
improvement in the reanalysis of publicly available data sets.
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CHAPTER 5

GLYConNEcT COMPOZITOR

5.1. Overview

In this chapter, we introduce the Glyconnect Compozitor web application allowing
visualizing, selecting, and exporting glycan compositions. The wealth of glycosyla-
tion information stored in the Glyconnect database is structured based on distinct
entities, such as taxonomy, biological source, cell line, protein, glycosylation site,
and disease. Although each corresponding entry page provides the known glycans
in the form of structures and compositions, it can be challenging to determine if
they are specific to this context or commonly found. Moreover, a growing propor-
tion of glycans lacks fully resolved structures when resulting from high-throughput
glycoproteomics experiments. To identify intact glycopeptides, a set of glycan com-
positions is a required input in glycoproteomics search engines in order to define
the search space. However, there is currently a lack of consensus between stud-
ies regarding the optimal choice of compositions. Glyconnect Compozitor enables
researchers to explore and compare the known relative glycomes of multiple bio-
logical entities and detect the compositions best fitted to their needs. They can
subsequently be exported in various formats to be used by other bioinformatics
tools.
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Examining and Fine-tuning the Selection of
Glycan Compositions with GlyConnect

Compozitor

Thibault Robin'234, Julien Mariethoz'?®, and Frédérique Lisace

A key point in achieving accurate intact glycopeptide iden-
tification is the definition of the glycan composition file that
is used to match experimental with theoretical masses by a
glycoproteomics search engine. At present, these files are
mainly built from searching the literature and/or querying
data sources focused on posttranslational modifications.
Most glycoproteomics search engines include a default
composition file that is readily used when processing MS
data. We introduce here a glycan composition visualizing
and comparative tool associated with the GlyConnect
database and called GlyConnect Compozitor. It offers a
web interface through which the database can be queried
to bring out contextual information relative to a set of
glycan compositions. The tool takes advantage of com-
positions being related to one another through shared
monosaccharide counts and outputs interactive graphs
summarizing information searched in the database.
These results provide a guide for selecting or deselecting
compositions in a file in order to reflect the context of a
study as closely as possible. They also confirm the con-
sistency of a set of compositions based on the content of
the GlyConnect database. As part of the tool collection of
the Glycomics@ExPASYy initiative, Compozitor is hosted
at https://glyconnect.expasy.org/compozitor/ where it
can be run as a web application. Itis also directly accessi-
ble from the GlyConnect database.

One of the most interesting current challenges in proteo-
mics research is estimating the extent of protein diversity as
recently summarized in (1). To encompass all molecular
forms of a protein following genetic variation, alternative
splicing and posttranslational processing, the term “proteo-
form” was recently proposed (2) and rapidly adopted by the
community. Yet, the array of posttranslational modifications
is not fully characterized and the particular case of glycosyla-
tion raises many technical issues that glycoproteomics has

K125

started to address on a large-scale basis only a few years ago.
Recent examples include cancer (3, 4) or mouse brain (5) N-
glycome profiling studies. These studies rely on proteomics
software adapted to identifying glycopeptides such as Mascot
(6) and ProteinProspector (7) or glycoproteomics dedicated
software developed in recent years as reviewed in (8).

A key point in achieving accurate glycopeptide identifica-
tion is the selection of a glycan composition file that will be
used to match experimental with theoretical masses as is
usually implemented in MS (MS) search engines. The defini-
tion of this composition file differs in the range of software
commonly used. It is generally selected to cover as many
monosaccharide combinations as possible and is seldom
customized to reflect the expectable constraints imposed on
glycan expression in a specific tissue or organism. For exam-
ple, in the very popular Byonic search engine (9), the default
list of N-glycan compositions is set to 309 items and usage
reported in publications more often than not shows a selec-
tion of default values when human samples are processed.
Nonetheless, the list can be customized and for example, the
mouse brain study (5) describes the selection of composi-
tions extracted from the literature with relevant criteria (e.g.
relevant species and tissue). At present, searching the litera-
ture and/or querying other data sources such as Unimod
(http://www.unimod.org) appear to be the most frequent
approach to customizing a composition file.

In 2017, the HUPO Human Glycoproteomics Initiative
launched an interlaboratory study to assess the performance
of glycoproteomics software for automated intact N- and
O-glycopeptide identification from high resolution MS/MS
data. Benchmark datasets were provided to participants
split as developers (write software) or users (use software
tool selected from the range of existing ones). Data were
analyzed and the results sent back to the challenge organ-
izers for evaluation. This revealed widespread variations
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GlyConnect Compozitor

TaBLE |
Common glycan composition residues and corresponding abbreviations

Residue Type Short Name GlyConnect Notation Byonic Notation Condensed Notation
Monosaccharide Hexose Hex Hex H
Monosaccharide N-Acetylhexosamine HexNAc HexNAc N
Monosaccharide Deoxyhexose dHex dHex F
Monosaccharide N-Acetylneuraminic acid NeuAc NeuAc S
Monosaccharide N-Glycolylneuraminic acid NeuGc NeuGc G
Monosaccharide Pentose Pent Pent P
Monosaccharide Hexuronic acid HexA HexA* A
Monosaccharide Ketodeoxyoctonic acid Kdn Kdn* K
Monosaccharide Ketodeoxynononic acid Kdo Kdn* O
Substituent Acetyl Ac Acetyl a
Substituent Methyl Me Me* m
Substituent Phosphate Ph Phospho P
Substituent Sulfate Su Sulfo s

“Based on the official documentation, these residues lacking from Byonic were replaced by those of the GlyConnect notation.

in the definition of composition files and the subsequent
variations in the quality and extent of glycopeptide
identification.

We describe here a web-based tool destined to assist glyco-
proteomics software users in selecting appropriate N- or O-
linked glycan compositions with respect to sample specifica-
tions encompassing species, tissue or cell line type and dis-
ease. This tool named Compozitor, relies on the data collected
in the GlyConnect resource (10), which includes glycomics and
glycoproteomics data. In fact, Compozitor reveals global glyco-
mic information associated with a species, a glycoprotein, a
cell or a tissue that cannot be captured when reading through
the corresponding GlyConnect entries. In particular, a glycome
is often provided as a list of glycan structures or a list of com-
positions or a mix thereof, as if the items were independent
when they obviously are not. The interface of GlyConnect
described in (10) was a first attempt to link and visualize glyco-
mic and proteomic data, e.g. addressing the question of which
glycan(s) is/are attached to which protein(s). Navigation in the
database did not support the comparative investigation of
structural data dependences, e.g. addressing the question of
detecting glycan compositional trends within and similarities
across protein(s) or tissues.

As part of the tool collection of the Glycomics@ExPASy ini-
tiative (11), Compozitor is hosted on the ExPASy server (12)
of the SIB Swiss Institute of Bioinformatics at https://
glyconnect.expasy.org/compozitor/ where it can be run as a
web application. It is also referenced in GlyConnect glyco-
protein, source, reference and disease pages to offer a new
view on the data. It appears in the cross-reference section of
these pages. The present article describes the tool and dem-
onstrates its use through a series of use cases arising from
the exploration of the GlyConnect database content. It also
tackles the comparison of composition files used in several
intact glycopeptide search engines and suggests options for
rationalizing a selection.

MATERIALS AND METHODS

GlyConnect Glycosylation Data—The GlyConnect database stores
curated data on glycosylation, glycans and glycoproteins extracted
from literature. It was built upon the wealth of information contained
in the GlycoSuiteDB database (13). GlyConnect was then enriched
with data and annotations provided by Nicki Packer’s group through
collaborative work (10, 11) and by the recent integration of selected
published work on high throughput MS experiments using a range of
identification software in various applications. The May 2020 release
of GlyConnect contains 246 species, 2662 proteins, 5675 glycosites,
1041 compositions, 3609 defined and 451 ambiguously defined
structures. There are twice as many N- than O-linked recorded in
general and as a reflection of the current bias in the recent literature,
53% of site-specific data corresponds to human N-linked glycans.
Note that 6% of the reported glycosylation is relative to released
glycans.

The data are provided to users through a web application. Two
types of representation are available. The application is either serving
HTML web pages for human readability or JSON (JavaScript Object
Notation) with a RESTful API (Application Programming Interface) for
software applications. The latter is used by GlyConnect Compozitor
to populate the menu options and return the results of the composi-
tion search query. The RESTfull API can also be used to convert dif-
ferent composition notation formats or return GlyConnect or GlyTou-
Can identifiers as well as monoisotopic masses.

Composition Notation—There is no single way of representing
glycan compositions and Compozitor currently implements three of
the most common notations, especially in mammalian studies. The
residue set is composed of monosaccharides and substituents (see
Table 1). In contrast to resolved glycan structures, the number of
monosaccharides in compositions is reduced to a smaller set of resi-
dues that have identical molecular masses (e.g.180Da for one hex-
ose that is valid for galactose and glucose).

The GlyConnect notation is inherited from one of the oldest soft-
ware tools managing compositional data known as GlycoMod (14). It
uses an abbreviated code for residues and a semicolon as a separa-
tor between this code and the corresponding number of monosac-
charides. Then each such pair is separated from the next by a space.
For example, the N-glycan core made of two N-acetylhexosamine
and three hexoses is represented as: Hex:3 HexNAc:2.

The Byonic notation is included to ease export from the interface
to a file directly importable in the analysis software for customizing
compositions. It uses an abbreviated code for residues like the
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GlyConnect Compozitor

GlyConnect notation, but the corresponding number of residues for
this code is between brackets and no space separates code-number
pairs. The N-glycan core is represented as: Hex(3)HexNAc(2).

Finally, the condensed format uses a one-letter code immediately
followed by the corresponding number of residues and does not use
separators for code-number pairs. The N-glycan core is represented
as: H3N2. In contrast to the two other formats, the condensed nota-
tion is case-sensitive with the monosaccharide using uppercase let-
ters and substituents using lowercase letters. Therefore, some resi-
dues may share the same letter with a different case (e.g. upper S
for N-acetylneuraminic acid and lower s for sulfate).

The order in which the residue is reported is consistent. It starts
with the hexoses, followed by N-acetylhexosamine, deoxyhexoses,
sialic acids, and substituents in all notations. Of note, this order is a
tacit consensus with no biological relevance attached to it.

In the rest of this article we shall refer to the GlyConnect, Byonic
and condensed notations to specify which format is being used in
which context.

Search Criteria— Search criteria correspond to expected sources of
variation in glycan expression such as species, tissue or disease, and
they also reflect the information stored in the GlyConnect database. The
interface of Compozitor offers six tabs labelled with search criteria,
namely: protein, source, cell line, disease, custom and advanced.

In the protein, source and disease tabs, a “species” drop-down
list can first be used to select the relevant species. This selection
step is skipped in the case of cell lines, as they represent only a
small number of entries. Once the species is chosen, the available
options for the corresponding biological entities are proposed in a
second drop-down list. In the case of the source tab, three distinct
drop-down lists are provided corresponding to the three biological
source categories available in GlyConnect: tissue, cell type and cell
component. Of note, several sources can be selected at the same
time when available. In a third step, a “glycan type” drop-down list
enables to filter the retrieved glycan compositions based on the type
of linkage (i.e. N-linked, O-linked or C-linked). In the protein tab spe-
cifically, an additional “sites” drop-down list is instantiated each time
a glycan type is selected, displaying all known glycosylation sites of
the corresponding protein. Compositions recorded on these sites are
all included by default yet, any site can be checked or unchecked by
the user. These four tabs all depend on the “glycosylations” public
route of the GlyConnect RESTful API to retrieve the corresponding
glycosylation information. Direct access to this route is provided via
the advanced tab, where specific queries can be input in the form of
URL parameters as detailed in the corresponding API help page:
https://glyconnect.expasy.org/api/docs.

To expand the usage of the tool beyond the content of the GlyCo-
nnect database, a custom tab was implemented. It allows inputting a
composition list in either of the three supported formats by copy-
pasting in the appropriate text field or uploading a text file. These
custom compositions are mapped to those contained in GlyConnect,
in order to provide basic information for each match, such as GlyCo-
nnect and GlyTouCan identifiers, molecular masses and known gly-
can structures. These conversion and mapping services can also be
used externally as described in the API help page.

In either of the selected tab, once the different search criteria have
been chosen, the query is activated by clicking on the “Add to selec-
tion” button. This selection is visually summarized as a combination
of search criteria (i.e. the species, biological entity, glycan type and
glycosylation sites for proteins), followed by the corresponding num-
ber of glycan compositions recorded in the GlyConnect database.
Each biological entity is cross-linked via an accession number to its
matching reference database/ontology as detailed in supplemental
Table S1. A given selection can be discarded at any time by clicking
on its cross-icon.

In the current version of Compozitor, up to three search results
can be simultaneously active. In other words, the respective known
glycomes of multiple combinations can be compared, such as, three
proteins or two proteins and a tissue, etc. Each search result is
assigned a label in the form of a block letter. The chronological order
of successive queries is matched with the alphabetical order of block
letter labels (A represents the first, B the second and C the third set
of results). The “Compute graph “button triggers the graphic display
of glycan compositions selected by queries and enables further
investigation of the results. Alternatively, users only interested in
downloading composition lists can use the “Export selection” option.

Graphical Result Display—Frequently enough, a glycan may be
fully contained in one or more other compositions. To account for
this dependence, the search results are displayed as a directed
graph in which each node is a composition and two nodes are con-
nected if they differ by one residue (as listed in Table I). The graph
generation is powered by D3.js (https://d3js.org), a flexible Java-
Script library providing data visualization for web applications. The
layout of the graph is based on the force-directed algorithm imple-
mented in D3.js. When queries yield a large number of unique com-
positions, all computations are performed in background threads
using web workers, i.e. protocols for web pages to execute tasks in
the background. This prevents the user interface from becoming
unresponsive when a graph contains hundreds of nodes.

Nodes—The graph nodes represent the unique set of glycan
compositions contained in one or several query results. A single set
of results is labelled A and shown with blue nodes. In the case of
multiple queries, each set of results is assigned a distinct color (blue
A, red B and green C). When a composition is shared between sev-
eral sets of results another color scheme is used (magenta AB, yel-
low AC, cyan BC and black ABC). A legend located on the upper left
side of the display keeps track of the search criteria, as well as the
color and label codes. The occurrence count of each specific color
node in the graph is shown in the legend as the number that labels
each colored node.

In the graph, each node is identifiable with a glycan composition in
the condensed notation. Other features reflect information stored in
the GlyConnect database. Each node is labelled inside with the num-
ber of glycan structures matching the corresponding composition in
the context of the search criteria. Node size varies based on the num-
ber of publications in which the composition was detected. Mousing
over a node label prompts a popup window containing finer details of
the composition: cross-links to GlyConnect and GlyTouCan (15), the
monoisotopic mass in Da, and related glycan structure cartoons in
the Symbol Nomenclature for Glycans (SNFG) format (16). A small
window offering a “zoom on” opens a drop-down list of all nodes of
the graph categorized as root, leaf, unconnected and other. It is
located on the top right of the main display to facilitate searching for
a particular composition in the graph especially when search criteria
generate a large and crowded graph in which specific nodes may be
difficult to find. Once a given composition is selected, the graph view
centers on the corresponding node.

One of the key features of Compozitor lies in the addition of grey
“virtual nodes” to increase the connectivity of a graph. These nodes
are computed by performing the systematic pairwise comparison of all
compositions in a graph. If two compositions differ from exactly two
residues, the two corresponding nodes are tentatively connected
through an intermediary node that is only one residue away from each.
Then, this tentative node is added only if it meets two conditions:

e [t does not already exist in the graph.

e None of its children has a non-virtual parent node (i.e., an alterna-
tive path is possible in the graph to connect two nodes differing
from exactly two residues).
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TasLE Il
Reported glycan properties by linkage type

Glycan Type Properties Rules
N-linked/O-linked  neutral does not contain any sialic acid (N-Acetylneuraminic acid (NeuAc) or N-Glycolylneuraminic acid
(NeuGc)) or sulfate (Su)
N-linked/O-linked  fucosylated contains at least one deoxyhexose (dHex)
N-linked/O-linked  sialylated contains at least one sialic acid (N-Acetylneuraminic acid (NeuAc) or N-Glycolylneuraminic acid

(NeuGc))

N-linked/O-linked  fuco-sialylated

contains at least one deoxyhexose (dHex) AND at least one sialic acid (N-Acetylneuraminic acid

(NeuAc) or N-Glycolylneuraminic acid (NeuGc))

N-linked oligomannose

contains at least 5 hexoses (Hex), no more than two N-Acetyl hexosamine (HexNAc) and no

more than one deoxyhexose (dHex)

O-linked sulfated

contains at least one sulfate (Su)

The second selective rule is implemented so as to avoid over-
crowding the graph with unnecessary nodes.

Paths—The edges of the graph are represented as grey unidirec-
tional arrows showing the addition of a residue. Similarly to nodes,
each edge is labelled with the letter of the condensed notation corre-
sponding to the added residue. To evoke the SNFG coloring scheme,
the addition of one fucose is displayed in SNFG red and that of one
sialic acid in SNFG purple. Although less strictly defined, SNFG blue
was assigned to the addition of one N-acetylhexosamine and SNFG
green to that of one hexose.

In an attempt to estimate the connectivity of the graph and the
consistency of relatedness between compositions, the reachability of
each node is also shown when mousing over it. Entering paths are
highlighted in cyan whereas exiting paths in orange. Each node can
be moved interactively by dragging it in the desired direction. It is
also possible to follow paths associated with the addition of a spe-
cific residue. Mousing over a path labelled with the monosaccharide
that is added will trigger the highlight of all paths labelled with that
particular monosaccharide addition. Finally, zoom buttons are avail-
able at the bottom of the page for magnifying or reducing the graph.

Glycan Properties—Glycans of the GlyConnect database are
associated with general properties commonly used to qualify or cate-
gorize them. In the current version of Compozitor, three of these
(neutral, fucosylated, sialylated) qualify compositions irrespective of
their type and are complemented with oligomannose as N-glycan
specific and sulfated as O-glycan specific. Then, five properties are
assigned to either type of glycan compositions according to rules
defined upon the advice of glycobiologists and detailed in Table II.

Glycan properties are directly inferred from the presence/absence
of specific monosaccharides in compositions except. The oligoman-
nose property that is deduced from monosaccharide counts and as
such, is not as reliably assigned as the others. Note that fucosylated
is assigned upon the presence of a deoxyhexose, but deoxyhexoses
may correspond to monosaccharides other than fucose (e.g. quino-
vose or rhamnose) in some nonmammal species. It is consequently
correct for most entries in the GlyConnect database, but can be erro-
neous in a few specific cases.

A global view of the compositions contained in the graph is cap-
tured in an interactive bar plot of the five-property counts, displayed
next to the graph on the bottom right. Mousing over any bar of the
bar plot highlights in orange all nodes contributing to the corre-
sponding frequency.

Custom Datasets—As mentioned earlier, the user is given the
option of inputting custom compositions. In that case, launching the
search involves a systematic comparison with the GlyConnect data-
base content irrespective of any selection criterion other than match-
ing the input compositions. Each item of the input list is searched in

the database composition entries and when a match is found, the cor-
responding information is kept to be mapped on the graph. In the end,
a graph is generated with nodes that are exactly those of the input list.
Their respective size reflects the number of recorded publications sup-
porting the corresponding composition and their label is the number of
solved structures stored in the database for the corresponding compo-
sition. In this way, the graph provides a rough estimate of how realistic
a composition set may be.

Export—The glycan compositions of each selected query can be
exported as a text file in all supported formats. As mentioned earlier
export can be launched before the generation of the graph to create
composition lists, but when it is launched after displaying the graph,
all compositions or composition subsets can be selected. More pre-
cisely, compositions that are common to several sets of results or
those that correspond to virtual nodes can be singled out, therefore
saved or discarded. In all cases, basic metadata information is added
in the form of a header at the beginning of the exported files. It
describes the tool version and GlyConnect release, date of genera-
tion, composition format, and selected queries. A shortcut copy icon
also allows a quick copy-paste in the clipboard. Additionally, the
graph may be exported as a vectorial image in the SVG format.

RESULTS AND DISCUSSION

Most of the results presented in this section were obtained
with human N-glycomes simply because the vast majority of
current glycoproteomics publications have this focus. Conse-
quently, sampling problems tend to be minimized in this
case.

Visualization and Interpretation of a Glycome Graph—The de-
scription of the tool in the Material and Method section
emphasizes the array of information that is displayed in the
Compozitor interface. In particular, the graph representation
of the glycome of a protein, a tissue or a cell line is more
amenable to capturing potential compositional biases. The
bar plot of N-glycan overall properties is the first summary
view. In absence of a reference for an expected distribution
depending on species or tissue, it is at best informative on its
own and mostly useful in the comparative mode.

Even though the output graphs tend to simplify the reality
of the underlying enzymatic network at work in synthesizing
glycans, this representation may reveal (dis)continuous paths
and provide clues regarding the likelihood of a structure in a
given context. Common sense would suggest that if a
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composition occurs in the graph, it will stem from composi-
tions that have one less monosaccharide. This is precisely
the information brought by the graph. In the end, connectivity
reflects the accessibility of a node via other nodes and
emphasizes the consistency of synthetic reactions. From a
formal point of view, node reachability provides a classical
estimate of the graph properties. For example, some GlyCo-
nnect protein records contain associated compositions that
produce scattered and poorly connected nodes whereas
others generate a fully connected graph. The introduction of
virtual nodes plays an important role in bridging the gaps.
Examples illustrating these variations are shown in Fig. 1.
Figs. 1A-1C show the N-glycome graphs of several well char-
acterized human glycoproteins: alpha-fetoprotein (P02771),
coagulation factor Xl (P03951) and interferon gamma (P01579).
These examples highlight both the variety of N-glycomes as
confirmed by the variability of property bar plots and their re-
spective consistency. Note that these examples mainly empha-
size that with a similar size (about 20 nodes) the introduction of
virtual nodes has distinct effects. No virtual node can enhance
the tightly connected graph of alpha-fetoprotein (H4N2F1
remains isolated because this composition is too distant from
all others). Only two virtual nodes are needed to join two clus-
ters of coagulation factor Xl, whereas four are needed to con-
nect the three clusters of interferon gamma.

The glycome size does not correlate with an increase in
virtual nodes. Supplemental Figs. S1A-S1B show the larger
N-glycomes of human thrombospondin-1 (P07996) and non-
recombinant erythropoietin (P01588). The 83 compositions
of thrombospondin-1 form an almost fully connected graph
leaving out two nodes: H3N2 and H12N2. The virtual node
completion integrates the former in the graph through con-
nections to initially missing H3N3 and H4N2. However,
H12N2 is three monosaccharides away from HION2, the ter-
minal node of the path adding hexoses to H3N2. The 58
compositions of erythropoietin form scattered clusters that
require 16 virtual nodes to transform the graph into an almost
complete one that only leaves out a sulfated as well as an
acetylated composition.

Computed graphs are interactive and can be scrutinized to
detect the potential pivotal role of some nodes. A composi-
tion can be central in one graph and a root or a terminal leaf
in another. This is illustrated in supplemental Fig. S2A, S2B
where HBN5F1S2 obviously plays a different role in the re-
spective N-glycome graphs of human (supplemental Fig.
S2A) erythropoietin (P01588) and (supplemental Fig. S2B)
decorin (P07585). The removal of HBN5F1S2 in (supplemen-
tal Fig. S2A) would break six connections in the erythropoie-
tin graph thereby disrupting a path between H7N6F1S2 and
HB6N5F1S1 (virtual nodes H7N5F1S2 and HGN6F1S2 would be
unjustified) and would create an isolated cluster with only
HBN5F1S3 and HBN5F1S3a1. In contrast, discarding HEN5F1S2
in (supplemental Fig. S2B) is of minimal consequence because all

paths are preserved and only HBN5F1S3 is left as an isolated
node.

Likewise, a node may be virtual in a graph and steadily
mapped in another. We interpret the oscillation of a node
between virtual and real in similar contexts as indicative of
the relevance of its role. In some cases, a missing composi-
tion may point at missing data and suggest a possible check
of experimental data where the composition may have been
below threshold in processed data results. An example is
given in supplemental Fig. S3A-S3B. H4N4F2 is virtual in
(supplemental Fig. S3A) the extracellular matrix (ECM) protein
decorin (P07585) and real in (supplemental Fig. S3B) throm-
bospondin-1 (P07996) also an ECM protein. Nonetheless, the
two nodes play a comparable role with a similar connectivity
in the graph. Ten cyan (outward) and 12 orange (inward) links
stem from H4N4F2 in the thrombospondin-1 graph whereas
in the decorin graph, H4N4F2 gives rise to nine cyan and 11
orange links. Furthermore, when virtual nodes are not included,
then H4N4F2 is not included in the N-glycome graph of human
decorin and H4N4F1 and H4N4F3 are remote as visible in sup-
plemental Fig. S3C. No path joins them and they are therefore
unreachable from one another. However, as shown in supple-
mental Fig. S3D, when H4N4F2 is introduced as one of the
seven virtual nodes, H4N4F1 and H4N4F3 are logically con-
nected through the H4N4F2 virtual node. In the end, not only is
H4N4F2 as virtual in one glycome, comparable to its real coun-
terpart in another glycome but when included as virtual, it con-
nects nodes that should be mutually reachable in the graph.
This suggests that H4N4F2 is likely to be real in the decorin gly-
come and may just have been below threshold in glycoproteo-
mics results.

Furthermore, path highlighting reveals the contribution of a
node to the graph. For example, some nodes bridge two
parts of the graph as H5N4F1 occurring in the graph of the
N-glycome of decorin shown again in supplemental Fig. S4A.
Three paths end on H5N4F1 and four start from it. This high-
lights that when multiple routes go through one node, the
impact of removing that node may substantially alter path-
ways. This information is often key to appraising the role of
the corresponding composition. In contrast, H5SN4F2S1 in
the same graph shown in supplemental Fig. S4B is manifestly
terminal. All paths end on that node and do not extend any
further. In that case, the role of the node is more difficult to
interpret yet it highlights the reality of node categories men-
tioned earlier, namely, central, root, or terminal.

Note that in many of the figures, we have used the flexible
interface to move a few nodes around to unpack dense
regions and improve readability.

Comparison of Entities
The GlyConnect database contains ~2600 protein records
and comparing their respective glycomes can be informative.
For example, several protein entries describe the glycosylation
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Fic. 2. N-glycomes of two individual and complexed integrin chains. GlyConnect protein entry ID 283 describes the glycosylation of the
alpha 5/beta 1 integrin complex whereas protein entries ID 1407 and ID 1414 separately report the individual glycosylation of integrin alpha 5 and
integrin beta 1 identified as intact glycopeptides. The N-glycome of each of the three entries were compared. A, The N-glycome properties of each
protein entry are plotted and display different distributions. B, The resulting graph with no virtual nodes displays many clusters and limited accessi-
bility of nodes, highlighted with the status of node H6N5 (arrow) only linking out to 14 nodes via orange paths. C, The connectivity of the resulting
graph with 24 virtual nodes is enhanced as highlighted with the status of HBN5 (arrow) accessible from two real and two virtual nodes (cyan paths)

and reaching out to 26 nodes via orange paths.

of integrins. In particular, as reported in the literature and tran-
scribed in the corresponding UniProtKB/Swiss-Prot entries
integrin alpha 5 (P08648) and integrin beta 1 (P05556) form a
complex (ITGA5:ITGB1) that acts as a receptor for fibronectin,
fibrinogen and fibrillin-1 among other recorded functions. The
glycosylation of the complex was studied (17) and the results
are reported in the corresponding GlyConnect entry (ID: 283).
High throughput glycoproteomics experiments also report the
identification of intact glycopeptides of integrin alpha 5

(ID:1407) and integrin beta 1 (ID: 1414) separately. We com-
pared the N-glycomes of the three GlyConnect entries to esti-
mate the overlap between these independent experiments.
The results are shown in Fig. 2. The bar plot in Fig. 2A empha-
sizes the distinct profiles of each N-glycome in respectively
integrin alpha 5 (21 compositions mostly sialylated), integrin
alpha 5/beta 1 (28 compositions) and integrin beta 1 (43 com-
positions mostly neutral and fucosylated). The legend of the
graph (top left) indicates poor overlap, which is to be expected

Fic. 1. Examples of protein N-glycomes and connecting role of virtual nodes. A, N-glycome of alpha-fetoprotein (P02771) where virtual
nodes are not needed to fully connect corresponding compositions, B, N-glycome of coagulation factor XI (P03951) where only two virtual nodes
are needed to fully connect corresponding compositions, C, N-glycome of interferon gamma (P01579) where four virtual nodes are needed to fully
connect corresponding compositions. In each case the bar plot of glycan properties is distinctive.
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GlyConnect Compozitor

between integrin alpha 5 and integrin beta 1 but less between
the complex and each participant. This trend is confirmed by
the high number of virtual nodes required to connect the clus-
ters visible in Fig. 2B into a larger graph shown in Fig. 2C. The
introduction of 24 grey/virtual nodes in Fig. 2C increases the
connectivity by 40%. As an example, the reachability of HGNS
is highlighted in both Fig. 2B and 2C. In Fig. 2B, H6N5 is
reaching out to 14 nodes (orange paths) but cannot be
reached from any other node. In Fig. 2C, HEN5 can be reached
in several steps from H5N2 (cyan paths) and links to 26 nonvir-
tual nodes (orange paths). In all cases, the peripheral role of
green nodes of integrin beta 1 is noticeable. In contrast, com-
positions shared between datasets play a central role.

Finer grain information of glycosylation can be visualized
through selecting one site at a time in the interface. Supple-
mental Fig. S5 shows the comparison of conserved Asn-72
in human alpha-1 acid glycoprotein 1 (P02763) and alpha-1
acid glycoprotein 2 (P19652) that are 89.5% identical in
amino acid sequence. The graph shows that the 19 composi-
tions reported on Asn-72 of alpha-1 acid glycoprotein 2 (ID:
14) are included in the 26 reported on Asn-72 of alpha-1 acid
glycoprotein 1 (ID: 718). The seven compositions unique to
alpha-1 acid glycoprotein 1 are either neutral or sialylated.
The latter tend to be terminal and the former add consistency
to the graph by providing a new root and multiple connecting
paths via virtual nodes.

Other combinations, such as mapping the glycome of pro-
tein with that of a specific tissue or a specific disease, can
be explored. The integration of Compozitor in GlyConnect
reference pages provides the display of results in each pub-
lished article stored in the database. Interestingly, the corre-
sponding graphs are often consistent and do not require the
addition of many virtual nodes (data not shown).

Consistency of Well-Characterized Glycomes—We have used
Compozitor to estimate both the extent and the consistency
of some of GlyConnect glycomes. We illustrate this approach
with two examples representative of glycome mapping, i.e.
the N-glycome of the CHO (Chinese Hamster Ovary) cell lines
and that of the human immunoglobulin gamma (IgG).

N-Glycome of CHO Cell Lines—The N-glycome of the generic
CHO (CVCL_0213) cell line included in GlyConnect is made of
79 N-glycan compositions summarizing the information ex-
tracted from 27 publications. These data are visualized in
Compozitor by querying “CHO” in the cell line tab. In the
resulting graph shown without virtual nodes in Fig. 3A maps
the 79 compositions in three clusters and a few isolated nodes.
Introducing virtual nodes generates an almost fully connected
graph except for the N1F1 disaccharide that remains several
monosaccharides away from other compositions/structures, as
shown in Fig. 3B. Sixteen virtual nodes are necessary to con-
nect 78 compositions in a single graph and among these, two
achieve a missing connection between H6N5 and H7N6. Two
alternative paths are suggested either via H6N6 or H7N5.
When another CHO cells data set is added for comparison, for

example, CHO-DG44 (CVCL_7180) a cell line in which the
dihydrofolate reductase (DHFR) gene locus was removed, nine
new compositions are introduced whereas 27 are common to
the first data set. HGNG is one of nine and the corresponding
node in the new graph is transformed from virtual to full. This
in turn cancels out the H7N5 alternative and keeps H6N6 as
the only path between H6N5 and H7N6. This example illus-
trates how the combination of two datasets stabilizes the
graph connectivity.

N-Glycome of Human Immunoglobulin Gamma (IgG)— Auto-
mated set-ups described by several groups (18-20) have
generated large datasets of the unique glycosite in peptide
EEQ[F/YINSTI[F/Y]R of the human IgG heavy chain (the amino
acid sequence is shown here as a tryptic peptide because it
appears this way in the vast majority of glycoproteomics
studies). We have compiled a collection of 82 potential com-
positions identified on this glycopeptide (see list in supple-
mental material) and also used reviews such as (21, 22) that
cite many relevant and useful references. Finally, additional
data could be found in a recently published collaborative
study (23). This data set was input in the custom tab of Com-
pozitor. The resulting graph is fully connected and does not
require the introduction of virtual nodes.

Glycosite data described in (24) along with an HTP serum
glycopeptide profiling method include results on IgG glycosy-
lation and are stored in GlyConnect. However, this reference
was not used in our compilation. The authors refer to 365 dif-
ferent N-glycan compositions that were entered in a custom-
ized glycan database for human serum. We did not consider
this large set but only the identified intact glycopeptides of
Igs reported in this article with a total of 81 compositions.
This information is directly accessible in GlyConnect: https://
glyconnect.expasy.org/browser/references/2857. Then, using
the protein tab of Compozitor to select data corresponding
to Ig gamma 1 and gamma 4, the graph generated with the
82 compositions of the compilation was enriched. Note that
we did not select Ig gamma 2 because it does not add fur-
ther information, nor gamma 3 that contains an additional
glycosite to the regular EEQ[F/Y]NST[F/Y]R.

The new graph resulting from combining these different
sources is composed of 93 nodes. The 11 (=93-82) additional
compositions are listed in Table lll. Interestingly, most of the
corresponding nodes in the new graph are terminal or pre-
terminal or they simply cause adding a single path (one arrow
in, one arrow out) in the graph. In other words, they extend
the graph as opposed to strengthening connectivity and as
such, their removal has very limited impact on the overall to-
pology of the graph. These nodes are circled in grey in Fig.
4. Information stored in the GlyConnect corresponding
records is summarized in the “comments” column of Table
Ill. Terminal or preterminal nodes are compositions that are
either seen in other species but human, generate ambiguity
with O-linked structures or were only seen in a single study.
The only exception is H4N6S1. A single structure (no
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Fic. 3. Comparison of N-glycomes of two CHO cell lines. Two N-glycome datasets of CHO cell lines are compared. Overall glycome proper-
ties are slightly different (bar plots). Common compositions are represented as magenta nodes and appear central in the graph. In relation to sup-
plemental Fig. S6 that shows graph differences arising from the introduction of virtual nodes in the N-glycome of the generic CHO cell line
(CVCL_0213), the role of HENG is highlighted. HBN6 does not exist in CHO (CVCL_0213) but is present in CHO-DG44 (CVCL_7180) and improves

connectivity.

GlyTouCan ID available) matching H4N6S1 was described
in (25) on Asn-69 of PSA (prostate specific antigen) and 32
human glycoprotein records linked to H4N6S1 originate
from large-scale glycoproteomics studies. At this stage,
these observations are inconclusive regarding the rele-
vance of including this composition in the human IgG
glycome.

Similar uncertainty applies to the first single path node.
H4N4S2 was observed as O-linked on human milk mucins
and N-linked on seven human glycoproteins from large-scale
glycoproteomics studies. H3N4S1 is possibly more interest-
ing. It is reported as N-linked in human hormones from low
throughput studies with two definite structures (GlyTouCan

ID: G33876UV, G53933HU) and in 20 human glycoprotein
records from large-scale glycoproteomics studies.

The last two additional nodes (HE6N4F2 and H6N4F2S1
circled in red in Fig. 4) have a stronger impact on the topol-
ogy of the graph and their records in GlyConnect show more
frequent occurrence. These combined features favor the
inclusion of these two compositions in the human IgG
glycome.

Tissue Typing of Human Unspecified Mucins—The GlyCo-
nnect database is populated with references that are spread
over the past five decades and some earlier work was per-
formed with limited knowledge of amino acid sequences. In
that respect, the case of mucins is challenging because of
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TasLE I
Status of new nodes in the IgG graph of combined data sets

Gamma1 GCID Node Status Comments Gamma4 GCID Node Status Comments
H3N4F2 138 pre-terminal N-linked in species otherthan ~ H3N4F2 138 pre-terminal N-linked in species other
human, otherwise O-linked than human, otherwise
O-linked
H3N4F2S1 925  terminal only in (24) H3N5F2 380 terminal mainly O-linked
H3N4S1 64 singlepath  related to 23 glycoproteins H4N6S1 483  pre-terminal related to 33 glycoproteins
H4N3F3 985 terminal only in (24) HB6N4F2 304 re-route related to 100 glycoproteins
H4N4S2 53  single path related to 8 glycoproteins and H6N4F2S1 944  re-route related to 41 glycoproteins
ambiguity with O-linked
H4N6 53 pre-terminal recorded in species other than
human
H4N7S1 931  terminal only in (24)
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Fic. 4. Comparison of N-glycomes of “theoretical” IgG N-glycome with two experimental datasets. Result of the combination of a custom
list of 82 compositions potentially found in immunoglobulin gamma with two individual datasets submitted to Compozitor. Only ten compositions
of the individual datasets are not covered by the custom list. Most of these are peripheral in the graph (circled in grey) and as such do not contribute
to reinforcing connectivity. Only HGN4F2 and HBN4F2S1 (circled in red) appear as relevant connectors.

the unusually large size and highly repetitive nature of these
proteins particularly so, prior to the spread of high through-
put DNA sequencing and the advent of genomics. As a
result, a significant number of studies focused on mucosa,

report glycan structures with a poor characterization of the
mucin carrier. In GlyConnect, corresponding data were har-
vested in 32 references published between 1980 and 2003
and are collected in a “unspecified mucin” page (GlyConnect

SASBMB Mol Cell Proteomics (2020) 19(10) 1602-1618 1611

0202 ‘2 Jq0190 uo 159n6 Ag B1oauljuodow mmm//:sdny wol) papeojumod



GlyConnect Compozitor

@ (A) Homo sapiens | Unspecified mucin | O-Linked | Undefined
@ (B) Homo sapiens | Colonic Mucosa | O-Linked

o (C) Homo sapiens | Pulmonary Mucosa | O-Linked @
e s,
0 v T
" instS™
(AQ) Q)i ~ .
w . *
O g o
@ (ABC) o NNNNNN

Virtual

ssssssssss

Inferred O-Linked Properties
N=116

Neutral [l
Fucosylated [l
sialylated [l
Fucosialylated [l
Sulfated

A B AB AC BC ABC
(n=102)n=33) (n=82) (n=19) (n=82) (n=14) (n=14)

Fic. 5. Comparison of unspecified mucin expression. Graphic result of 102 glycan compositions reported across 32 published articles involv-
ing the study of human mucosa and mucins compared with tissue information regarding mucosa as stored in the GlyConnect database. The graph
shows an overwhelming presence of glycans expressed in pulmonary mucosa (yellow nodes) as opposed to colonic mucosa (red and magenta
nodes). Fourteen black nodes represent compositions common to both but not highly specific of mucosa except for H2N2S2s1.

ID: 401), which contains 251 O-linked structures matched to
102 compositions. Not a single amino acid sequence is
specified, let alone a defined glycosite. Compozitor was used
to visualize tissue information associated with these compo-
sitions. The “unspecified mucin” was first selected in the
protein tab. Then, switching to the “source tab,” “colonic
mucosa” and “pulmonary mucosa” were successively se-
lected. The graph output of this combined query is shown in
Fig. 5. Both the graph and the bar plot show that most gly-
cans of “unspecified mucins” originate from pulmonary mu-
cosa where the domination of fucosylated glycans is obvious
and in contrast with the highly sialylated colonic mucosa gly-
cans. Admittedly, there are more compositions associated
with pulmonary (82) than colonic (33) mucosa. Nonetheless,
trends are observable.

Red and magenta nodes (colonic-specific) tend to cluster
together independently of yellow nodes (pulmonary-specific).
Fourteen black nodes represent the compositions common
to both tissues. All of these nodes have a strong outgoing
connectivity except for H2N2S2s1 that is terminal and exclu-
sive to pulmonary and colonic mucosa. Only one black node

is fucosylated (H2N4F1) whereas the majority is sialylated. To
confirm the consistency of that subset, the fourteen compo-
sitions were extracted via the Export function and pasted in
the custom tab. The resulting graph (not shown) intercon-
nects the thirteen nonfucosylated compositions with each
other and only requires a virtual node from H2N3 to include
H2N4F1. In the graph of Fig. 5, H2N4 connects H2N3 and
H2N4F1 but it appears in magenta as opposed to black,
therefore it is not seen in pulmonary mucosa. It could be
considered as a potential candidate to maintain consistency.

The annotation of the remaining fifteen blue nodes (non-
pulmonary and noncolonic) reveals that they are spread
between stomach and ovarian mucosa, milk/meconium and
amniotic fluid. As summarized in Table IV, all stomach and
ovarian mucosa compositions are fucosylated but not sialy-
lated whereas all milk, meconium and amniotic fluid compo-
sitions are sialylated. Milk compositions are all terminal or
pre-terminal. Note that N1 is the fifteenth node that is not
considered in this discussion as it lacks specificity.

With this example, we show how Compozitor provides
cues to refine the characterization of a tissue glycome. It also
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TABLE IV
Tissue expression of mucin glycans
Tissue Composition Number of structures Connectivity: outgoing/incoming links Node Status
Stomach mucosa H5N4F3 1 30/12 single path
H5N4F2 2 33/14 connects 2 clusters
H4N4F2 3 28/17 connects 2 clusters
H3N2F1 1 9/38 Uncharacteristic
H2N1F1 1 3/65 single path
Ovarian mucosa H4N4F2 1 28/17 connects 2 clusters
H3N2F2 1 12/27 single path
Amniotic fluid H3N3F2S2 1 50/0 Terminal
H3N3F182 1 39/1 Terminal
Milk H4N4S2 1 29/0 Terminal
H4N4S1 1 11/1 pre-terminal
H3N3F3S1 1 43/0 Terminal
H3N3F2S1 2 39/2 pre-terminal
Meconium H1N2F1S82 1 14/6 Uncharacteristic
H1N2F1S1s1 1 17/5 Uncharacteristic

demonstrates that data accumulation is key to identifying
characteristic features. Needless to say, Compozitor graphic
and interactive outputs need further interpretation and are
intended as early steps in building a more refined picture of
glycomes.

Comparison of High Throughput Datasets—One of the key
features of Compozitor is to allow for the assessment of vari-
ous composition datasets that are used in intact glycopep-
tide identification search engines. Compozitor compares the
content of these datasets with information recorded in Gly-
Connect so as to potentially rationalize their extension to
other compositions or their reduction to rationally designed
subsets. We collected three datasets: a default Byonic data
set of 305 N-glycan compositions (the default set of 309 was
nowhere to be found so we reconstituted the file from sup-
plemental material found in publications citing Byonic to
reach 305 and missing four compositions), a GPQuest data
set of 181 N-glycan compositions obtained from the authors
as used in (26, 27), which results are included in GlyConnect
and deciphered the composition file of N-glycan composi-
tions used with Mascot Distiller (where fucosylation is consid-
ered as a variable modification) in (3) the results of which are
also integrated in GlyConnect. In the latter case, we esti-
mated the number of possible glycan compositions to 205
given the granted possibility of accepting fucosylation as a
function of the number of HexNAcs. Each of these were sep-
arately input in the custom tab of the interface to visualize
the outline of the corresponding graphs and compare the re-
spective bar plots of overall properties. These results are
shown in Fig. 6 along with data extracted from GlyConnect.
Querying GlyConnect for all human N-glycan composi-
tions outputs 472 items visualized in Compozitor by input-
ting “taxonomy=homo sapiens&glycan_type=N-linked” in
the advanced tab of the interface. Note that about 60 of
the additional compositions found in GlyConnect contain
chemical groups such as sulfate, phosphate or acetyl that

are not usually included in lists processed by search
engines. Needless to say, the resulting graph is crowded
and difficult to interpret yet, the summary bar plot for
each case provides general information. In contrast with
both Byonic and GlyConnect datasets that share a similar
distribution of properties, the Mascot data set lacks sialy-
lated compositions along with the GPQuest data set in
which neutral compositions also seem slightly overrepre-
sented. T

Then, to get another type of snapshot view, we compared
the graph topologies of each search engine data set as well
as the effect of adding virtual nodes. To that end, we submit-
ted each composition file to Compozitor via the custom tab.
Supplemental Figs. S7-S9 show the outline of the respective
graphs that were generated without and with virtual nodes.
The 205 compositions in the Mascot file were manifestly pro-
duced by the systematic addition of monosaccharides to the
N-glycan core as seen in the regular shape and mesh-line
graph (supplemental Fig. S7A). As confirmed by the size and
labels of the nodes, the majority of the selected structures
are well documented in the GlyConnect database. Only three
virtual nodes are needed to merge the two clusters created
originally (supplemental Fig. S7B). In contrast, many clusters
characterize the GPQuest and Byonic outlines in the ab-
sence of virtual nodes (supplemental Fig. S8A and S9A)
and both display a strongly connected core with many
side extensions when virtual nodes are included (supple-
mental Fig. S8B and S9B). Some very large high mannose
(e.g. H12N2 in GPQuest) or hybrid (e.g. H11N11S1 in
Byonic) compositions remain unconnected to the main
graph.

We scrutinized virtual nodes in each search engine data
set and observed that the connectivity of a specific node in
different contexts is variable. Summary figures are provided
in Table V where numbers quoted above along with the
amount of compositions that are identified by the engines are
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FiG. 6. Bar plots showing properties of four selected composition files. Plotted glycan composition properties of four datasets: (1) the cur-
rent collection of human N-glycans in the GlyConnect database (472 in total) (2) the estimated data set of all possible N-glycan compositions proc-
essed by Mascot Distiller in (3) (205 in total) (3) the composition file used by GPQuest in (26, 27) as communicated by authors (181 in total) and iv)
the reconstituted default composition file for N-glycans in Byonic, missing 4 compositions (305 in total).

TaBLE V
Summary of composition file content in a selection of search engines
Initial Data set Identified Compositions Identified Proteins Virtual Nodes
Mascot 205 77in (3) 257in () 3
GPQuest 181 166 in (26), 64 in (27) 934 in (26), 244 in (27) 25
Byonic 305 225in (4), 78 in (28) 97in (4), 58 in (28) 35

shown. We extracted the information from GlyConnect in the
original publications cited as well as two additional where
GPQuest (27) and Byonic (28) were used. The ratio
between theoretical (i.e. composition file provided to the
search engine) and identified compositions is obviously
hyper variable (from 64 to 166 in two GPQuest related
articles and from 78 to 225 in two Byonic related articles)
and apparently not correlated on the number of identified
proteins. Further data integration is needed to appraise
these variations and we are heading in this direction by
planning an extensive inclusion of new data in 2020. The
percentage of virtual nodes is limited and their stability
may reveal relevant information on their meaning. Stability
is defined here as follows: if a virtual node matches a
composition already known in other contexts then this
node may not be virtual in another graph and is called
unstable. Conversely, if a virtual node matches a composi-
tion that never occurs in other contexts then it will remain
virtual. In this latter case, the missing composition may be
suggested as one to supplement a composition data set
upon the user’s judgment of its realism.

Fig. 7 shows the comparison of identified versus possible/
theoretical compositions used as input in a search engine.

The version of the graph with virtual nodes was selected for
that purpose. Fig. 7A illustrates the case with Mascot in (3)
and Fig. 7B with Byonic in (4, 28). Interestingly, in Fig. 7A all
of the 77 compositions identified with Mascot, as confirmed
by the associated bar plot, are either fucosylated or sialylated
and grouped in the upper left part of the graph. Mousing
over “neutral” listed in the bar plot highlights most of the blue
nodes that correspond to compositions of the input file not
identified in the study. This partition is likely to reflect the
unfavorable effect of titanium dioxide enrichment - described
in (3) - on neutral glycans and brings out the contrast
between the identified and unidentified glycans. In Fig. 7B,
51 compositions are common to both studies using Byonic
whereas 27 yellow nodes are specific to the endothelial cell
secretome and 124 magenta nodes to prostate cancer. The
bar plots indicate a steady presence of neutral compositions
and a slight decrease in fucosylation. Yet, the interpretation
of these results is made difficult by the gap in identification
between the two studies. The remaining 53 blue nodes repre-
senting compositions not seen in any of the two cited studies
are of interest if it is assumed that the reduction of the input
composition file may improve the accuracy of identification.
A new graph of 252 nodes was generated leaving out these
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53 compositions and in which a total of 25 virtual nodes
were necessary to maximize connectivity (see list in supple-
mental material). Five compositions were suggested as virtual
nodes and matched one of the 53 “unseen” Byonic compo-
sitions: H3NG6F1, H6N6, H7N7, H7N7F1S2 and H3N5F1G1.
This somehow confirms their relevance in the original data set.
In contrast, twenty-three out of 53 compositions contain NeuGc
and could possibly be discarded when analyzing human sam-
ples (note that 22/23 are fucosylated). Then, the 30 nonNeuGc
containing compositions are mostly fucosylated (20/30), have
either a small (<430 Da) or large (>2400 Da) molecular weight,
are seldom sialylated (5/30) or contain unusual counts of the
same monosaccharide (e.g. nine HexNAc or five dHex). These
very specific characteristics may explain why these composi-
tions are unmatched and deserve further attention in their
selection in the first place.

As mentioned earlier in this Results section, the connectiv-
ity and the graph location of a virtual node are criteria to be
considered for determining the relevance of selecting the cor-
responding composition in further analyses. We selected
examples in the graph of Fig. 7B. H7N7 is an illustration of a
potentially interesting case that questions the relevance of its
inclusion when processing human data. It is not in GlyCo-
nnect yet included in the Byonic initial data set. This means
that there is no evidence of a human glycopeptide carrying
H7N7 according to publications stored in GyConnect irre-
spective of which engine was used for identification. None-
theless, a structure is reported in GlyTouCan (ID: G85304RG)
and the composition is recorded as well (ID: G57748MK).
The GlyTouCan details of G85304RG reveal that information
is inherited from CarbBank (23) and two references support
the existence of the structure (1) in rat kidney and (2) in rat
brain and bovine plasma. Whether to keep H7N7 in the input
file remains an open question that may be context-depend-
ent. From another angle, H5N7 is a virtual node that substan-
tially modifies the connectivity of the graph. To illustrate this
point, differential connectivity depending on the introduction
of virtual nodes is highlighted in the comparative display of
excerpts of the graph in Fig. 7B and its counterpart without
virtual nodes (full graph not shown). In supplemental Fig. S10
specific edge count (outgoing in cyan and incoming in or-
ange) labels each displayed node. Supplemental Fig. S10A
(resp. supplemental Fig. S10B) is a close-up on the graph
without virtual nodes (resp. with virtual nodes). The increase
in edge count associated with yellow nodes (secretome data)
is particularly striking with the introduction of H5N7. H5N7S1

and H5N7S2 are hardly reachable in the absence of H5N7
whereas the whole path from H3N2 is established if H5N7
is accounted for. Interestingly, H5N7 is recorded in the
GlyConnect database (composition 1D:79) but only found in
chicken (29). These examples emphasize the benefit of
inspecting closely a virtual node neighborhood to determine
the relevance of its inclusion.

CONCLUSION

We have introduced Compozitor, a new software tool to visu-
alize and compare glycome data based on compositional infor-
mation. In the absence of a single representation of glycan
compositions, the tool processes various notations and can
easily accommodate new ones if necessary. Compozitor pro-
vides a range of usage through an interactive graphic interface.
To begin with, it offers a different view on the content of the
GlyConnect database and the option of comparing glycomes
whether defined at the level of a glycosite, a glycoprotein, a cell
line or a tissue. Second, it enables the customization of a com-
position file prior to using a search engine in a glycoproteomic
experiment. The content of an input file can be better rational-
ized from comparing glycomes. This comparison will improve
with time and the planned growth of the GlyConnect database.
The next major challenge is the inclusion of site-specific quanti-
tative data. The Compozitor interface was designed to step up
in that direction. Currently, the node size of a glycome graph
reflects the number of associated published articles supporting
the existence of a glycan composition. Once a critical mass of
quantitative studies will be published, it will be easy to change
this parameter and correlate the node size with the observed
expression of the corresponding glycan. As other tools released
as part of the Glycomics@ExPASy initiative, we also plan to
improve the tool from collected feedback of users.
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Category Reference URL
Protein UniProtKB/Swiss-Prot uniprot.org
DB

Tissue Uberon ontology uberon.org

Plant BRENDA ontology brenda-
Tissue enzymes.org/ontology.php?ontology_id=3

Cell Type Cell ontology cellontology.org

Cell Gene ontology geneontology.org
Component

Cell line Cellosaurus DB web.expasy.org/cellosaurus/

Disease Disease ontology disease-ontology.org

Supp Table 1: Controlled vocabularies and ontologies used in the GlyConnect database

List of 82 IgG potential compositions:

Hex:3 HexNAc:2, Hex:3 HexNAc:2 dHex:1, Hex:3 HexNAc:3, Hex:3 HexNAc:3 dHex:1, Hex:3
HexNAc:4, Hex:3 HexNAc:4 dHex:1, Hex:3 HexNAc:5, Hex:3 HexNAc:5 dHex:1, Hex:3 HexNAc:6,
Hex:4 HexNAc:2, Hex:4 HexNAc:2 dHex:1, Hex:4 HexNAc:3, Hex:4 HexNAc:3 dHex:1, Hex:4
HexNAc:3 dHex:1 NeuAc:1, Hex:4 HexNAc:3 dHex:2, Hex:4 HexNAc:3 NeuAc:1, Hex:4 HexNAc:4,
Hex:4 HexNAc:4 dHex:1, Hex:4 HexNAc:4 dHex:2, Hex:4 HexNAc:4 dHex:1 NeuAc:1, Hex:4
HexNAc:4 dHex:3, Hex:4 HexNAc:4 NeuAc:1, Hex:4 HexNAc:5, Hex:4 HexNAc:5 dHex:1, Hex:4
HexNAc:5 dHex:1 NeuAc:1, Hex:4 HexNAc:5 dHex:2, Hex:4 HexNAc:5 NeuAc:1, Hex:5 HexNAc:2,
Hex:5 HexNAc:3, Hex:5 HexNAc:3 dHex:1, Hex:5 HexNAc:3 dHex:1 NeuAc:1, Hex:5 HexNAc:3
NeuAc:1, Hex:5 HexNAc:4, Hex:5 HexNAc:4 dHex:1, Hex:5 HexNAc:4 dHex:1 NeuAc:1, Hex:5
HexNAc:4 dHex:1 NeuAc:2, Hex:5 HexNAc:4 dHex:2, Hex:5 HexNAc:4 dHex:2 NeuAc:1, Hex:5
HexNAc:4 dHex:3, Hex:5 HexNAc:4 NeuAc:1, Hex:5 HexNAc:4 NeuAc:2, Hex:5 HexNAc:5, Hex:5
HexNAc:5 dHex:1, Hex:5 HexNAc:5 dHex:1 NeuAc:1, Hex:5 HexNAc:5 dHex:1 NeuAc:2, Hex:5
HexNAc:5 dHex:2, Hex:5 HexNAc:5 dHex:3, Hex:5 HexNAc:5 NeuAc:1, Hex:5 HexNAc:5 NeuAc:2,
Hex:6 HexNAc:2, Hex:6 HexNAc:3, Hex:6 HexNAc:3 dHex:1, Hex:6 HexNAc:3 dHex:1 NeuAc:1,
Hex:6 HexNAc:3 NeuAc:1, Hex:6 HexNAc:4, Hex:6 HexNAc:4 dHex:1, Hex:6 HexNAc:4 dHex:1
NeuAc:1, Hex:6 HexNAc:4 NeuAc:1, Hex:6 HexNAc:4 NeuAc:2, Hex:6 HexNAc:5, Hex:6 HexNAc:5
dHex:1, Hex:6 HexNAc:5 dHex:1 NeuAc:1, Hex:6 HexNAc:5 dHex:1 NeuAc:2, Hex:6 HexNAc:5
dHex:2, Hex:6 HexNAc:5 NeuAc:1, Hex:6 HexNAc:5 NeuAc:2, Hex:6 HexNAc:5 NeuAc:3, Hex:6
HexNAc:6, Hex:6 HexNAc:6 dHex:1, Hex:6 HexNAc:6 dHex:1 NeuAc:2, Hex:7 HexNAc:2, Hex:7
HexNAc:3, Hex:7 HexNAc:3 dHex:1, Hex:7 HexNAc:4, Hex:7 HexNAc:4 dHex:1, Hex:7 HexNAc:5
dHex:1, Hex:7 HexNAc:6, Hex:7 HexNAc:6 NeuAc:1, Hex:7 HexNAc:7, Hex:8 HexNAc:2, Hex:9
HexNAc:2, Hex:10 HexNAc:2.
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Supplemental figure legends

Supp Figure 1: Examples of protein large N-glycomes and connecting role of virtual nodes

The glycome size does not correlate with an increase in virtual nodes. (A) The N-glycome of
human thrombospondin-1 is composed of 83 compositions but only two virtual nodes are
needed to fully connect corresponding compositions (P07996). (B) In contrast, the N-glycome
of non-recombinant erythropoietin (P01588) is composed of 58 compositions but sixteen
virtual nodes are needed to fully connect corresponding compositions.

Supp Figure 2: Differential connectivity of the same node in two N-glycomes

A composition node can be central in one graph and a terminal leaf in another. Its structuring
roleinthe graph is then different. (A) In the N-glycome graph of human erythropoietin (P01588)
H6N5F1S2 connects two regions of the graph. Its removal would cause the collapse of parts and
create two separate clusters. (B) In the N-glycome graph of human decorin (P07585) HGN5F1S2
is pre-terminal. Its removal would only result in isolating the leaf node HGN5F1S3.

Supp Figure 3: Differential roles of same node in two extracellular matrix (ECM) proteins

A composition node can be virtual in one graph and real in another. (A) H4AN4F2 is a virtual
node (9 cyan links and 11 orange links) in the N-glycome graph of human decorin (P07585) (B)
HAN4F2 is a regular node (10 cyan links and 12 orange links) in the N-glycome graph of human
thrombospondin-1 (P07996) (C) when virtual nodes are omitted in the N-glycome graph of
human decorin (P07585) HAN4F1 and H4N4F3 are remote (D) when virtual nodes are included
in the N-glycome graph of human decorin (P07585) then H4N4F2 occurs and it connects
logically H4N4F1 and HAN4F3.

Supp Figure 4: Connectivity in the graph of human decorin N-glycome

Path highlighting reveals the contribution of a node to a graph as seen in the N-glycome of
human decorin (P07585). (A)The H5N4F1 node is a connector between two areas of the graph
(17 cyan links and 12 orange links) (B) The H5N4F2S1 node is terminal (22 cyan links)

Supp Figure 5: Comparison of conserved glycosylated asparagine in two highly similar
human proteins

Asn-72 is a conserved glycosite in 89.5% similar alpha-1 acid glycoprotein 1 (P02763) and
alpha-1 acid glycoprotein 2 (P19652). However, the glycome comparison of the two respective
glycosites shows the total inclusion of the latter in the former (no red nodes). The
corresponding bar plots show differences mainly in proportions of neutral and sialylated
compositions.
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Supp Figure 6: CHO cell N-glycome with and without virtual nodes

The N-glycome of the generic CHO cell line (CVCL_0213) includes 79 compositions. They are
mapped in Compozitor with 16 virtual nodes in a single graph that only leaves N1F1 isolated
since this composition is particularly small, as shown in (A) and without virtual nodes creating
three clusters and leaving three nodes isolated, as shown in (B).

Supp Figure 7: Mascot composition file with and without virtual nodes as submitted in

Ref.3

A set of 205 potential compositions was estimated from details of (3) where Mascot was
used for intact glycopeptide identification. The mesh-like regular structure of the graph reflects
the systematic approach for generating compositions (A). This regularity is confirmed by the
very low number of virtual nodes needed to close the graph (B).

Supp Figure 8: GPQuest composition file with and without virtual nodes as submitted in
Ref 26 and 27

A file of 181 compositions was communicated by the authors of (26)(27) and input in
Compozitor. The outline of the graph almost closed with 27 virtual nodes (A) is similar to many
biological networks where several extensions stem from central nodes. A few clusters of large
compositions (#H >10) do not fit in. Node scattering is greater when virtual nodes are not
included (B).

Supp Figure 9: Byonic composition file with and without virtual nodes as submitted in Ref
4 and 28

305 of default 309 compositions provided with the Byonic search engine were input in
Compozitor. The outline of the graph almost closed with 35 virtual nodes (A) is similar to many
biological networks where several extensions stem from central nodes. A few clusters of large
compositions (#H >10) do not fit in. Node scattering is greater when virtual nodes are not
included (B).

Supp Figure 10: Comparison of node connectivity in Figure 6B graph with and without
virtual nodes

Neighbourhood of H6N7 in (A) an excerpt of the graph shown in Figure 6B and (B) its
counterpart with no virtual nodes. Each node is labelled with the number of outgoing (cyan)
and incoming (orange) paths connecting it to other nodes in the graph. Yellow nodes
corresponding to identified compositions in the secretome of endothelial cells are particularly
impacted by the introduction of virtual node H5N7.
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Supp Figure S3
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Supp Figure S5
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Supp Figure S7

@ »MascotcF

Virtual

Supp Figure S8

® wacPquestcr ® wcPquestcr
Virtual - o




GlyConnect Compozitor

Supp Figure S9
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5.2. CONCLUDING REMARKS

5.2. Concluding Remarks

The analyses showcased in this study demonstrate how data visualization software
such as GlyConnect Compozitor can add value to the content of a database. With-
out having to include additional data, such tool can highlight existing but hidden
or implicit information. In the case of Compozitor, the comparison of the respective
glycomes of distinct biological entities allows assessing their consistency and de-
tecting specific glycan composition differences that may potentially have biological
relevance. Nonetheless, visualization tools in bioinformatics are too often consid-
ered as an end. In our case, we have emphasized the ability to export any subset
of compositions to various formats. They can subsequently be used in glycopro-
teomics identification software, whose default sets show inconsistencies. GlyCon-
nect Compozitor is a significant contribution to untangling the complexity of glyco-

sylation.
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CHAPTER 6

DiscussioN

The four last chapters have covered all the bioinformatics tools and analyses that
were published or submitted to peer-reviewed scientific journals. In this chapter,
we start by discussing what has been achieved globally during this thesis, while
highlighting some of the difficulties specifically arising from the different fields
of application. Subsequently, we introduce a technical discussion showcasing the
core technical features of the software written to address the needs of the different

projects.

6.1. Achievements

This thesis encompasses some of the many facets of biological data analysis and
interpretation performed with the help of bioinformatics software. Through our
projects, we had the opportunity to both process data ourselves and develop data
processing tools for the scientific community. Thus, we could evaluate the different
challenges that arise throughout the life-cycle of biological data. In the following,
we discuss the different aspects of data handling in bioinformatics we had to put
into practice.

6.1.1 Data Annotation

As presented in Subsection 1.1.1, metadata represents a critical element for the
interpretation of any biological data. Without this information, it is impossible
to put data back in the context of its generation. Metadata provides essential at-
tributes describing both the biological sample and the methodology that was used
to produce the data. Metadata information can however be missing, incomplete, or
erroneous. As such, the use of standards, ontologies and controlled vocabularies

100



CHAPTER 6. DISCUSSION

is recommended to provide a regulatory framework for the disseminated metadata
information and its encoding. While it is relatively easy to control metadata for-
matting when using tools and workflows compliant to standard data formats, the
knowledge extracted from literature can be sub-optimal in terms of standardization.
For instance, the names and identifiers for biological entities can often contain is-
sues (e.g., spelling errors, duplications, or empty values) when they are manually
inputted in result tables. As a result, one or several steps of curation are often
required to validate and standardize the annotation of biological data. It was no-
tably the case for the GlyConnect database, which required significant refactoring
to improve some of its data annotations.

As a direct heritage of the GlycoSuiteDB database [115], the GlyConnect annota-
tions for biological sources were originally underwhelming. They consisted in up
to four terms describing the origin of glycans and glycoproteins. All of these terms
were labeled as tissues, even when they aimed to characterize cell types or cell
components. Additionally, they were not relying on any ontology or controlled vo-
cabulary, leading to numerous duplications and incoherent names. Many entries
originating from the same tissue also had inconsistencies in the level of detail of
their annotations. As GlyConnect Compozitor required precise biological source
annotations for its query system, substantial refactoring was needed before devel-
oping the tool. To this end, I manually reviewed and refactored the previous an-
notations based on reference biological ontologies. In the new system, the sources
consist in the combination of three distinct categories when known: tissues, which
are based on the Uberon [117] ontology (i); cell types, which are based on the Cell
Ontology [118] (ii); or cell components, which are based on the Gene Ontology [119]
(iii). Of note, the tissue annotations additionally use the BRENDA Tissue Ontol-
ogy (BTO) [120] in the case of plant organisms, as plant tissues are mostly lacking
from Uberon. A few sources, such as the royal jelly from honey bees, could how-
ever not be associated with any ontology. They were still retained as they contain
a wealth of information about glycosylation. Furthermore, the disease annotations
were refactored based on the Disease Ontology [121].

Like in any other omics field, numerous glycomics and glycoproteomics experiments
have been performed on cell lines. While the cell lines used can be found in the data
extracted from publications, the information was never exposed in the GlyConnect
database. Such information can however be of strong interest as cell lines repre-
sent valid model systems, while being responsible for the generation of unreliable
experimental results when they are misidentified or contaminated. After review-
ing the original data from the GlycoSuiteDB database, a total of 112 cell lines could
be added as a supplementary fourth category of biological sources (GlyConnect re-
lease of October 2019). For all cell lines, a cross-reference to their corresponding

101



6.1. ACHIEVEMENTS

Cellosaurus entry is now provided. The naming of cell lines is known to often be
problematic and can prevent correct identification, as several cell lines of distinct
origin can end up sharing the same name [53]. Thus, the cell line annotations in
GlyConnect were adapted to use the recommended names from the Cellosaurus.
Of note, this review and integration process enabled the creation of 14 new Cel-
losaurus entries. Among the total of 112 cell lines referenced in GlyConnect, 8 are
reported as problematic (2 misidentified and 6 contaminated, including 4 by the
HeLa cell line alone) by the Cellosaurus. These problematic cases are clearly la-
beled both in GlyConnect and its Compozitor tool in order to inform the user about
the potential issues of using the related data.

6.1.2 Data Standardization

Bioinformatics being a fundamentally data-based scientific field, the support of a
wide range of data formats is a crucial aspect to take into account when developing
computer software. When they exist, standard formats should always be preferred
so as to reliably propagate data and metadata information. Unfortunately, such
standards are not always available in some of the more niche research fields. An-
other issue is that some standard formats may be limited in their data compatibil-
ity, either by design or through a lack of update to adapt to newer methodology, in-
strumentation, or software. As a result, researchers encountering such limitations
can resort to develop new formats or extend existing ones to bypass the problem.
While this can temporarily and locally improve the situation, it results in the multi-
plication of available formats. These formats can differ both in terms of technology
and content, which can make the development of converter tools a challenge.

In comparison to other omics disciplines such as genomics, transcriptomics or pro-
teomics, glycomics is a newer field of investigation that only started to gain a wide-
spread interest in recent years. Thus, researchers in glycomics had a chance to fol-
low in the footsteps of the standardization efforts that have been previously achieved
in the other fields. This notably led to the inception of the MIRAGE (minimum in-
formation required for a glycomics experiment) initiative [122] in 2014, based on
the success of the other minimum information standards launched in the previous
years. This initiative provided a regulatory framework for glycomics experimental
data generated in a wide range of experimental approaches, such as mass spectrom-
etry (MS), chromatography and glycan arrays. Regrettably, the situation is more
complicated regarding the formats describing the glycans themselves, for which
standardization has been a long-lasting issue. A multitude of data formats encod-
ing glycan structures emerged over the years. In most cases, these glycan structure
formats were designed to answer the needs of a tool or database and did not origi-
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nate from a consensus. As a result, they mostly vary in terms of architecture and
technology, while containing the same core information. Converter tools play con-
sequently a major function in glycomics, despite rarely being comprehensive and
only supporting a limited subset of data formats.

The information complexity of glycan compositions is significantly reduced com-
pared to glycan structures. Consequently, much less effort has been invested in
the development of corresponding formats. The composition of a given glycan con-
sists in the enumeration of all its constituting residues (monosaccharides and sub-
stituents) along with their corresponding frequency counts and ignores linkage
information. As such, glycan composition formats represent essentially one-line
string notations that vary in their denomination of residues and in their separator
characters. Similarly to glycan structures, the existing notations for glycan compo-
sitions mostly emerged in parallel to the development of bioinformatics tools and
databases. Three distinct notations are currently implemented in the GlyConnect
Compozitor tool: the GlyConnect notation derived from the GlycoMod [123] tool (i);
the Byonic notation used in the Byonic [124] search engine (ii); and a condensed
notation that can be found in the scientific literature (iii).

Nevertheless, the three formats are not fully inter-compatible in terms of the com-
position residues they support. Some residues can thus be specific to a notation and
not be described in the others. These limitations represented a challenge for Gly-
Connect Compozitor, since the tool required to handled the different formats in a
cohesive manner. As an export function is supposed to provide the same core infor-
mation in the different data formats it proposes, excluding these problematic cases
was not a satisfactory solution. Instead, we opted for using the naming convention
in use in the GlyConnect notation for the missing Byonic residues. In addition, a
comment is provided next to the affected compositions to indicate that they may not
be supported by the Byonic search engine. Moreover, the condensed notation has
never been properly defined as a standard since it is mainly used to report concisely
compositions in publications. As such, we had to extend this notation for it to be
able to support all of the residues contained in the compositions stored in the Gly-
Connect database. This highlights the issues encountered in glycomics concerning
data standardization. While defining a standard for glycan compositions would be
the preferred approach, it would require to mobilize the glycomics community for
the achievement of this endeavor.

6.1.3 Data Reanalysis

Through collective efforts, the public sharing of omics data sets is nowadays consid-
ered a good scientific practice. The availability of biological data in the public do-
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main contributed to the improvement of the reproducibility of scientific research by
enabling the regeneration of experimental results. This consequently led to a dras-
tic increase in the amount of data stored in databases and repositories, requiring in
turn the establishment of standards and guidelines to ensure that the accumulated
information could remain manageable and easily reusable at all times. In addition
to the minimum information standards that were successively established in the
different omics fields, FAIR principles [125] were collaboratively elaborated in 2016
to regulate data and data resources. These guiding principles decree that any re-
search object should be Findable, Accessible, Interoperable and Reusable (FAIR) by
both individuals and computers. Fifteen principles were thus defined, recommend-
ing for instance the use of unique and persistent identifiers for data and metadata.
To further improve the findability and accessibility of biological data sets, several
aggregating resources such as OmicsDI [126] and DataMed [127] were put online in
the last years. They enable data discovery across multiple repositories by search-
ing for specific data sets meeting requested criteria (e.g., data type, instrument,
organism, tissue, or disease).

Data reanalysis can be performed either punctually by independent research groups
or as a routine process by online resources. For instance, the PeptideAtlas [128]
database systematically reprocesses the data sets newly submitted to the resources
part of the ProteomeXchange [74] consortium to extract novel protein and peptide
identifications. A recent study [129] estimated that a given omics data set is re-
analyzed 2.3 times on average. Interestingly, proteomics data sets were shown to
have a higher reanalysis rate (5.9) than genomics (1.26) or transcriptomics (1.31)
data sets. This can potentially be explained by the great complexity of proteomes.
A great variety of orthogonal studies can be designed upon existing proteomics data
sets, characterizing the many aspects of proteoforms.

Although the establishment of regulatory guidelines and standard data formats
widely democratized the reuse of published omics data sets, data reanalysis re-
mains a challenging task for individual researchers. As we experienced first hand
in our reanalysis of proteomics data (see Chapter 4), numerous issues can arise
throughout the reanalysis process. This is particularly true in the case of large-
scale studies, as the available computational resources can become a supplemen-
tary limitation. The reanalysis of a large amount of data often requires the use of
computer clusters to process it in a reasonable time span. We were privileged to run
our pipeline on the Baobab high-performance computing (HPC) cluster of the Uni-
versity of Geneva for our study in contrast with many researchers worldwide who
cannot even access such computational infrastructure. While online computational
services exist, they often represent a significant financial investment depending on
the number of CPU hours required. This also represents an issue for the repro-
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ducibility of scientific research. Even if a large-scale experiment is theoretically
reproducible through sharing all the raw data, methods, and computer scripts, in
practice reproduction may be difficult for many researchers that do not have access
to the computational resources. Setting up a workflow can also require advanced
technical skills and take a significant amount of time. The use of containerization
technologies (see the Docker Containerization Subsection) can greatly facilitate this
workflow setup process, but it does not resolve the computational issues.

Another problem that can be encountered when aiming to reanalyze omics data is
that the application of the newly established guidelines is not always retroactive.
Although converter tools are available, previously deposited data sets are not al-
ways converted to the more recent standard data formats. As we found out in our
reanalysis of HeLa proteomics data, numerous older data sets in the PRIDE [72]
repository are for instance only available as peak list files. As such, the files do not
contain any metadata information, forcing users to rely on the annotations provided
in the free text description of the experiment which is one of the components of a
PRIDE entry. Furthermore, these annotations are not manually curated and their
quality consequently depends on the goodwill of the submitter. For these cases, it
is therefore essential to go back to the original publication, if possible, to validate
the provided annotation information.
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6.2. Technical Discussion

Prior to starting this thesis, my programming experience was mostly restricted
to the Python language. As many students new to bioinformatics, I mainly used
Python as a scripting language to write simple data analysis scripts. These scripts
could however be combined to design larger workflows automating the analysis pro-
cess. Python became, alongside R, one of the most used programming languages
in bioinformatics. This popularity is mainly related to the availability of numerous
bioinformatics frameworks, such as Biopython [130] for Python and Bioconductor
[131] for R. As a high-level dynamically-typed language, Python can also be more
easily accessible for beginners.

Despite Python supporting, among others, the object-oriented programming (OOP)
paradigm, it is rarely taught in detail in courses and lectures targeting biologists.
Nonetheless, this paradigm procures substantial advantages over scripting when
developing complex applications. The modular nature of OOP enhances code reusa-
bility between projects while facilitating developers to spot and fix bugs in their
software. Under the condition that the code is properly documented, OOP promotes
code maintainability which is critical for large-scale projects. Additionally, Python
support for the OOP enables programmers used to other object-oriented languages,
such as C++ or Java, to adapt to Python more easily.

I switched early in the thesis from Python to Java, as most of the code base of the
SIB PIG group was written in this programming language. Despite Java being
less popular than Python or R for bioinformatics software development, numerous
libraries for omics data analysis and processing are available. Most of the tools
developed by the PIG group are based on the in-house MzdJava library [132]. This
open-source Java library provides functionalities and methods for the analysis of
mass spectrometry (MS) data generated in high-throughput proteomics and gly-
comics experiments. It was extensively used to process the MS identification data
from the analysis presented in Chapter 4. Although none of the tools presented
here directly use MzJava, they are all, at least in part, written in Java. In the
following, we present the core technical features of the tools developed during this
thesis.

6.2.1 From Desktop to Web Applications

Three main applications have been successively developed in the context of this
thesis: MzVar, CLASTR and GlyConnect Compozitor (Table 6.1). In addition to an-
swering distinct biological questions from their respective fields, the three tools dif-
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fer in terms of design and architecture. While MzVar was written as a Java desktop
application implementing a JavaFX graphical user interface (GUI), CLASTR and
GlyConnect Compozitor are web applications using a Java backend and a JavaScript
frontend. This transition from desktop to web applications has several advantages,
at the cost of greater technical investment. For instance, the configuration and in-
stallation of the application are not delegated to users. Under the condition that
it was properly developed, a web application can be accessed by any device, oper-
ating system and web browser combination with no time needed to set it up. This
is particularly relevant to bioinformatics, as the target audience is composed of
very distinct profiles: biologists, computer scientists, and bioinformaticians whose
skills, expectations and work habits differ significantly.

Tool Year Category Function Language
MzVar 2017 Desktop Application Database compiler Java

CLASTR 2019 Web Application Search engine Java, JavaScript
Compozitor 2020 Web Application Visualization tool Java, JavaScript

Table 6.1: Characteristics of the tools developed in this thesis.

Another important aspect of software user experience consists in graphical user in-
terfaces (GUIs). Web applications provide one by default but many bioinformatics
desktop applications are only operated using command lines in a terminal. It was
for instance the case of the first versions of MzVar, limited to few input files and pa-
rameters. As detailed in Chapter 4, the purpose of this tool is to compile customized
variant protein and peptide databases from transcript sequences and variant call
format (VCF) files. Despite being initially developed to answer the needs of one of
our own projects, it was also intended for usage by the scientific community. Many
biologists are however not comfortable with tools operating in a terminal window.
The addition of a GUI coded in JavaFX was a simple way to make the tool accessible
(Figure 6.1) and not requiring the redesign of the application structure. Further-
more, the same executable JAR file that launches the JavaFX application interface
can be executed as command lines. Thus, the application does not constrain us-
age in any way. Keeping the application executable in command lines can still be
advantageous, as it can be integrated into workflows or run on servers.

The CLASTR and GlyConnect Compozitor applications were successively developed
in a very short time interval. As a result, their global architecture and supporting
technologies are very similar. Furthermore, both tools directly rely on the data
stored in a database (Cellosaurus and GlyConnect respectively). In this respect, a
web application was an obvious choice. This enabled in both cases the addition of
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Figure 6.1: User interface of the tools developed in this thesis: MzVar (a); CLASTR (b);
and GlyConnect Compozitor (c).
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cross-reference URLs from the database entries to the tools, automatically loading
all the relevant information into the application input forms. A major difference
in the design lies in the way the database information is obtained. In the case
of Compozitor, the glycosylation data is retrieved through calls to the GlyConnect
RESTful API based on the queries the user is making. In CLASTR, the STR profile
information is preloaded and the application starts with parsing the XML version
of the Cellosaurus available on the ExPASy FTP server. In both applications, most
of the processing is performed by a backend written in Java. The backend is ex-
posed through the use of an Apache Tomcat application server and a RESTful API.
While the Compozitor API was developed to support the fronted and not initially
meant to be openly used, the CLASTR API was designed as a service. All core fea-
tures provided by the CLASTR web interface can be accessed through the API and
retrieved in various formats.

6.2.2 Modern Web Development

With the advent and popularization of web technologies such as JavaScript and its
numerous libraries, web development significantly evolved in recent years. Using
JavaScript to interact with the document object model (DOM), the content of an
HTML page can be altered with no need to refresh it or make server calls. This
enables the design of single-page applications (SPAs), in which the content of a
unique web page is dynamically updated based on user actions. The main advan-
tage of developing such applications is the overall enhanced user experience result-
ing from improved web page usability and performance. However, the most signif-
icant change in modern web development is arguably the wider use of JavaScript
frameworks to design web sites and applications. These frameworks (e.g. Angular
or React) facilitate development by providing pre-written web components while
ensuring that the user interface is synchronized with the inner state of the applica-
tion. Frameworks reveal their full potential when developing large-scale applica-
tions or SPAs with complex user interfaces. Writing code using a given framework
is however not straightforward, often requiring an initial time investment to un-
derstand modalities and nomenclatures. Additionally, they facilitate the design of
responsive applications, whose user interfaces adapt themselves in function of the
device viewport size. This aspect is however somewhat less relevant to scientific
software, as a large majority of researchers uses desktop computers in their work-
place and not smartphones or tablets.

To keep the CLASTR application simple, it was developed as a SPA without the
use of a JavaScript framework. The choice was further justified by also wanting
a simple user interface: a form to input the STR profile data and an HTML table
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to present the corresponding search results. Several libraries were however used,
including SheetJS and Papa Parse to parse the different input file formats, and
JQuery to perform AJAX requests to the backend. With this experience, the subse-
quent development of GlyConnect Compozitor was handled differently. The main
architectural distinction between the two applications is that GlyConnect Compoz-
itor heavily relies on the Bootstrap frontend framework to display its interface.
Bootstrap is notoriously lightweight and offers numerous functionalities that de-
crease development time. It enabled the design of a clean and functional interface
composed of multiple views in a very short span of time.

6.2.3 Docker Containerization

Docker is a free and open-source platform providing tools to automate and facilitate
the development, deployment, and execution of computer software. Using Docker,
applications are packaged into containers bundling all the required code, dependen-
cies and configuration files. This isolates the running processes from their environ-
ment, ensuring they will behave consistently regardless of where they are deployed.
Multiple containers can thus be launched in parallel on the same server without the
risk of having dependency or configuration conflicts. The deployment is performed
using a single command line without having to consider pre-installation require-
ments other than the Docker daemon itself. This simplified procedure allows easily
moving any application from a given computing environment to another, which can
prove to be particularly useful when deploying from test to production. The con-
tainers are created from Docker images, which are files representing snapshots of
the file system once all the necessary system libraries and tools have been installed.
The content of a Docker image is specified by a Dockerfile, which is a small script file
containing all the command instructions required to build the image. Containers
are built from images (as objects are instances of classes in the OOP), and multiple
containers can be launched using the same image. This enables to easily scale an
application by running more instances of the same container under the control of a
load balancer.

Docker is made possible by two features from the Linux kernel called namespacing
and cgroups, enabling respectively the isolation of resources per process and the
limitation of the amount of resources allocated per process. On Linux, Docker can
run without the use of virtual machines, making it lightweight in terms of hard-
ware resources required to function. On the Windows and Mac operating systems,
the Docker engine runs on a Linux virtual machine in order to access to the fea-
tures provided by the Linux kernel. Of note, Docker does not work on the home
version of Windows 10, as the Microsoft Hyper-V hypervisor handling virtual ma-
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chines is not availableon this platform. This however is not much of an issue as
most servers use Linux, and the Enterprise version of the Docker engine supports
Windows servers.

The use of Docker in the context of this thesis was prompted by the instability of
some applications that are part of the Glycomics@ExPASy initiative [133]. The
GlyConnect [114], SugarBind [134] and UniCarb-DB [135] databases all inherited
the same common architecture: they were developed using the Play framework,
which requires the installation of Scala and its SBT build tool in addition to a Java
runtime environment. Each of the three databases needs a specific combination of
version dependencies in order to be able to be compiled and launched. As all the
database applications were deployed on a single server, the different versions of the
same dependencies were seemingly causing conflicts that were making them peri-
odically crash. In order to resolve the issue, we ported the applications to Docker
by writing a specific Dockerfile for each of them. Using the Docker compose tool, we
made sure that the Docker daemon would automatically restart any container that
would shutdown unexpectedly in case they would still be unstable. With this newly
acquired experience, I additionally ported the CLASTR and GlyConnect Compozi-
tor tools to Docker. As they are fairly similar in design, the same Docker architec-
ture (Figure 6.2) was used to deploy them on the SIB ExPASy server [116].

ExPASYy server

Docker network

> NGINX > Tomcat

container container

Figure 6.2: Scheme of the Docker implementation shared by CLASTR and Glycon-
nect Compozitor, as deployed on the ExPASy server. The two blue boxes represent the
Docker containers: one for the NGINX web server handling the front end HTML/CSS and
JavaScript files; and another for the Tomcat application server handling the back end writ-
ten in Java. The two containers communicate by share the same network in bridge mode
as represented by the green box. Only the NGINX container is directly accessible from the

exterior.

The interest of Docker for bioinformatics, and more generally for research in science,
is twofold. In addition to the containerization of applications detailed above, Docker
can be used to run workflows and pipelines in containers. Thus, this technology can
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contribute to the improvement of the reproducibility of scientific research [136].
When an analysis workflow featured in a scientific publication uses Docker (or any
other containerization system, such as Singularity or OpenVZ), it enables other re-
searchers to easily reproduce the presented results. For instance, all the data and
plots presented in the study featured in Chapter 3 can be regenerated by anyone us-
ing a single Docker command in a console. All the tools and scripts that were used
to generate the results of an article are not always available in the corresponding
supplementary material. Additionally, setting up a whole analysis workflow can be
time-consuming and require computer skills that wet lab researchers may be lack-
ing. Dockerfiles being significantly smaller than Docker images, they represent
good candidates to be included in the supplementary information. One downside is
that Dockerfiles rely on the availability of dependencies to be able to build images.
There is no strict guarantee that a Dockerfile would work after a prolonged period
of time, even if it is unlikely when using trusted dependency providers (e.g., Google
APIs, Cloudflare or Apache Maven). As such, there is an interest to also provide the
corresponding image to ensure sustainability, despite them potentially weighting
several gigabytes as a result of being file system snapshots. In addition to the re-
production of experimental results, workflow containerization also enables to apply
the same implemented methodology on new data sets with little effort.
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CONCLUSION

In the previous chapters, we focused on the work achieved in the course of this
thesis. We discussed the problems that were encountered in the different biomolec-
ular disciplines we covered while detailing the computer software solutions that
were designed to overcome them. In this final chapter, we conclude by listing some
of the tasks that can still be undertaken to further improve what we accomplished,
as both omics and computer technologies are constantly evolving.

7.1. CLASTR

Since its public release on the SIB ExPASy server [116]in March 2019, the CLASTR
tool has been regularly updated to fix minor issues and implement new function-
alities. For example, the Microsoft Excel XLSX format was integrated as an ex-
port choice in both the web interface and RESTful API. While not being a standard
file format, it remains commonly used by researchers and allows keeping the same
color code and comments than the ones proposed in the application web interface.
As originally planned, the species support was additionally extended to mouse and
dog cell lines, which are the only species other than human for which STR markers
have been selected. Overall, CLASTR has been particularly stable and provides the
scientific community with a reliable service to perform STR similarity searches. As
aresult, there is little room for improvement in the current tool version (1.4.3). The
main possible enhancements are in the Cellosaurus data itself, with the integra-
tion of new STR profiles and the annotation of cell line entries when new cases of
misidentification or cross-contamination are reported.

Nonetheless, there is currently no standard data format for the exchange of STR
profiles between the different stakeholders, that is, the laboratories carrying out
STR profiling, the researchers, the journals and online resources such as the Cel-
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losaurus. The existence of such a standard would strongly benefit and promote the
sharing of STR profiles between data producers and consumers. The implementa-
tion of standardized file formats to report experimental results has been success-
fully achieved in numerous omics disciplines [137] and invitroomics [138] would
benefit from such a development. This new standard format should be designed to
enable storing and regulating metadata information that is relevant to the gener-
ation of an STR profile. It could notably contain annotation information about the
data producer identity, the cell line characteristics and culture conditions, the pro-
filing methodology, and the dates of submission and analysis. The data core would
consist of one or more STR profiles, indicating the STR loci and corresponding al-
leles. In terms of architecture, the file format could be either text or XML based
as commonly the case in bioinformatics. One advantage of the XML format is the
ability to validate that a file is compliant with the standard through the use of XSD
files describing the schema. Once the standard specifications have been defined,
the file parser of CLASTR would have to be extended to support the extraction of
STR profile information from the file and its loading into the input form.

7.2. MzVar

In comparison to other software solutions proposed in this thesis, MzVar has a sim-
pler design and architecture due to its more limited scope. Additionally, numer-
ous tools proposing similar functionalities emerged around the time frame of its
development, such as PGA [139] or QUILTS [140]. MzVar in its present state is
complete in terms of core features. Nonetheless, an interesting addition would be
the integration of the recently developed PEFF format [87]. MzVar already uses
FASTA headers to annotate sequence variants introduced in the protein or peptide
sequences. Thus there would be a strong incentive to use a standardized format
to regulate such information. This could improve the compatibility of MzVar with
existing tools and workflows while ensuring the variant annotation is reliably en-

coded.

7.3. GlyConnect Compozitor

Through the implementation of multiple search criteria, GlyConnect Compozitor
enables researchers to visually explore most of the content stored in the GlyConnect
database. A notable exception lies in the glycopeptides that were observed in MS-
based experiments, which were the last data type to be integrated into the database.
As a consensus regarding validation criteria has yet to be reached, the quality of an-
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notation is difficult to define. In comparison to traditional proteomics approaches,
the validation of identified glycopeptides presents additional challenges [141], such
as the usually low amount of glycopeptides identified per run and the complex
fragmentation patterns they produce with the different fragmentation methods.
Nonetheless, some GlyConnect peptide entries contain essential information about
genetic variation (with cross-references to the dbSNP database [142] and UniProt-
KB/Swiss-Prot [85] variant pages when available) in relation to glycosylation sites.
In some cases, a variant can create a new glycosylation site, by either changing the
amino acid directly anchoring the glycan or other amino acids involved in the gly-
cosylation pattern. For instance, the Beta-2-glycoprotein 1 (P02749) is annotated
in GlyConnect as having a substitution from a serine (Ser) to an asparagine (Asn)
residue at position 107 (dbSNP:rs1801692). As a result, a new glycosylation site
was created at this position, for which three distinct compositions were detected
in a recent glycoproteomics experiment [143]. However, such glycosylation sites
are not yet indicated as variants in the site category of GlyConnect. They could
have a strong biological relevance by their potential involvement in the develop-
ment of genetic-based diseases such as cancer. Exposing this information would
enable Compozitor to highlight the related glycan compositions, allowing the in-
vestigation of some specific glycans associated with these novel sites.

Much work remains to be done regarding the annotation of cell lines in online bioin-
formatics resources, particularly when they were deemed as misidentified or con-
taminated. For instance, the HEK (CVCL_M624) cell line was originally described
as being derived from a human embryonic kidney. As such, the glycan structures
and compositions that were identified on this cell line are annotated as originat-
ing from kidney in GlyConnect. As reported in the Cellosaurus, HEK was however
contaminated by the HeLa human cervical cancer cell line. As a result, the tissue
annotation of any results generated through the experimental use of this cell line
should be corrected to cervix. In addition, a disease annotation should be included
to specify they were generated from an adenocarcinoma sample. While it is an im-
portant step in the right direction, settling for cross-referencing the Cellosaurus
is thus insufficient for databases and resources handling cell line data. Moreover,
numerous databases still only use the cell line name to refer to it, which was shown
to be highly unreliable [53]. As achieved for GlyConnect and the Compozitor tool,
it is additionally important to inform users when the cell line is problematic. As
future work, the systematic correction of tissue annotations of contaminated cell
lines will have to be performed in the GlyConnect database. The Cellosaurus has
planned to refine the tissue sources of cell lines using the Uberon ontology [117].
Once this is completed, the tissue annotations in GlyConnect could thus be reliably
corrected. Additional efforts will have to be carried out to revise the disease and
cell type annotations.
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7.4. Final Thoughts

To conclude, the development of the GlyConnect Compozitor and CLASTR web ap-
plications brought significant value to their respective databases. With Compoz-
itor, the glycan compositions stored in GlyConnect can now be accessed in a new
manner that allows their context dependent comparison and subsequent export.
With CLASTR, the STR profiles listed in the Cellosaurus can be easily searched by
researchers in need of authenticating the cell lines they are working with. It con-
stitutes an important contribution in preventing the publication of more unreliable
experimental results in the literature. This also directly affects the reproducibil-
ity of experimental results, which requires above all the provision of all material,
methods, and software that were used. Although the deposition of experimental
data in public repositories is nowadays a common and well-accepted practice in all
omics fields, the quality of its annotation can still hinder accessibility and reusabil-
ity. Initiatives such as OmicsDI [126] and ProteomeXchange [74] allow searching
for specific data sets across multiple online resources, but they rely on metadata
annotations that are not always standardized or can even be missing. As we expe-
rienced first-hand during our reprocessing of proteomics data from the HeLa cell
line, the lack of data set metadata standardization in repositories such as PRIDE
can be a significant obstacle to data reanalysis and reproducibility. We thus hope
that significant regulation and curation efforts will be undertaken to tackle this is-
sue, while inviting researchers to be cautious and more rigorous about annotations
when submitting their data sets to public resources.
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OTHER PuBLICATIONS

A.1. Proteomics Data Representation and Databases

This chapter of the Elsevier Encyclopedia of Bioinformatics and Computational Bi-
ology reviews the main standard data formats and databases commonly used in
MS-based proteomics research.
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Introduction

Proteomics distinguishes itself from other life sciences by the variety and the complexity of the data generated. Compared to
genomics, many biological events such as post-translational modifications, protein isoforms, and protein degradation add chal-
lenges to data analysis and interpretation (Altelaar et al., 2012). Furthermore, proteins rarely act independently but rather interact
with each other in large intricate, dynamic and plastic networks (Baker, 2012; Altelaar et al., 2012).

In recent years, significant breakthroughs were achieved in proteomics technologies (Altelaar et al., 2012). Mass spectrometry
(MS) in particular has emerged as the reference approach for the high-throughput identification of peptides and proteins. This
progress was made possible through improvements in sample preparation, instrumentation and computational tools (Altelaar
et al., 2012). The widespread adoption of next-generation mass spectrometers by the proteomics community yielded to a massive
increase in the amount of data generated, raising concerns about their storage and sharing policies. Despite some initial reluctance,
the need for open access data in proteomics is nowadays fully embraced by the community. Although data sharing was introduced
a long time ago in other omics fields, it was not effortless in proteomics and required a collective input over the years to convince
both researchers and instrument manufacturers (Prince et al., 2004; Verheggen and Martens, 2015; Deutsch et al., 2017).

To meet the demand, a large panel of databases with their respective underlying purpose and content specificities was
developed over time. Despite the undeniable biological value provided, the resulting diversity can prove to be troublesome for
users who have to grasp the extent of the various data formats for both input and output files. Another consequence of such
fragmented information is that long-term database maintenance is not guaranteed. Some databases may be financially impacted
when the only source of income lies in research grants and donations. A recent setback was the successive discontinuation of the
Peptidome (2011) (Slotta et al., 2009; Csordas et al., 2013) and Tranche (2013) (Smith et al., 2011; Science Signaling, 2013)
databases due to the lack of funding, resulting in the partial loss of each dataset (Deutsch et al., 2017). These incidents led the
ProteomeXchange consortium to make data sustainability one of its priorities (Deutsch et al., 2017).

This article will describe the proteomics field in regard to the available databases and the data they contain. First, the principal
data types are presented along with the corresponding standard formats that were established through the years. Next, the main
categories of databases are detailed and illustrated, with representative examples that have the greatest impact on the field today.
Then, the ProteomeXchange consortium is detailed to present the significant contribution it brought to the proteomics field.
Finally, the prospects of proteomics data and databases are examined.

Data Types and Standard Formats

The data generated in most MS-based protemics experiments can be divided into two main categories depending on their origin:
raw data and processed data. Metadata is a separate though significant category, present throughout the analysis process. Its
purpose is to store and track a wide range of technical and biological information, essential to proper data handling and
interpretation. Metadata information is especially essential in the proteomics field, since a broad range of approaches and
technologies are being used (Table 1).

Raw Data

In its primal form, proteomics raw data is mass spectra. A mass spectrum consists at its core in a collection of mass-to-charge ratios
(m/z) plotted against their corresponding intensities (Aebersold and Mann, 2003). Supplementary information is usually pro-
vided, such as the precursor ion m/z value and charge along with the retention time when a chromatographic separation step was
performed.

Proprietary formats

Mass spectrometers usually produce raw data in the form of proprietary binary files presenting various levels of compression
(Martens et al.,, 2005b). Most of the time, the exact specifications of the format encoding-schemes are not publicly available.
Proprietary binary files cannot consequently be accessed by users without software supplied by the instrument vendor. Likewise,
third-party software, such as MSConvert from the ProteoWizard suite (Kessner et al., 2008), will require the implementation of
specific proprietary libraries to decode the information contained in the data files. The data formats also change drastically from
one vendor to another, or even sometimes between instruments, raising important standardization concerns. Despite all the
restrictions, proprietary formats contain the greatest amount of information and present overall good performances when being
processed by compatible software.
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Table 1 Summary of the main open data formats in the proteomics field

Name Supported Data Organization URL

mzData Raw mass spectra Proteomics Standards Initiative, Human http://www.psidev.info/mzdata
Proteome Organization

mzXML Raw mass spectra Seattle Proteome Center, Institute for http://tools.proteomecenter.org/wiki/
Systems Biology index.php?title=Formats:mzXML

mzML Raw mass spectra Proteomics Standards Initiative, Human http://www.psidev.info/mzml
Proteome Organization

mz5 Raw mass spectra Proteomics Center, Boston Children’s http://software.steenlab.org/mz5
Hospital

TraML SRM ftransition lists Proteomics Standards Initiative, Human http://www.psidev.info/traml
Proteome Organization

mzldentML Identification data Proteomics Standards Initiative, Human http://www.psidev.info/mzidentml
Proteome Organization

mzQuantML Quantification data Proteomics Standards Initiative, Human http://www.psidev.info/mzquantml
Proteome Organization

pepXML Identification and quantification Seattle Proteome Center, Institute for http://tools.proteomecenter.org/wiki/

data Systems Biology index.php?title=Formats:pepXML
protXML Identification and quantification Seattle Proteome Center, Institute for http://tools.proteomecenter.org/wiki/
data Systems Biology index.php?title=Formats:protXML
mzTab Identification and quantification Proteomics Standards Initiative, Human http://www.psidev.info/mztab

data

Proteome Organization

Peak list formats
The limitations of the proprietary formats favored the common practice of extracting the mass spectra from the binary files as peak
lists stored in text files at the cost of an overall reduced amount of information. In addition to the almost complete loss of
metadata information, the mass spectra usually go through denoising, deisotoping, centroiding and charge deconvolution steps
during the format conversion (Martens et al., 2005b). The resulting peak list files are therefore significantly more compact while
becoming easily manageable for users. The lack of metadata represents the main shortcoming of this format, making it poorly
adapted to data storing and sharing.

Many peak list formats were developed through the years, such as the Mascot generic format (MGF), the Micromass peak lists
(PKL) and the SEQUEST files (DTA). Despite slight variations in the amount of information they contain, these formats are easily
inter-convertible without significant data loss using publicly available software (Martens et al., 2005b).

mzData and mzXML formats

In order to determine a middle solution between proprietary binary files and basic peak lists, new open data formats were
proposed at the beginning of the 2000s owing to the expansion of XML (Extensible Markup Language) in bioinformatics. For
several years, the mzData (HUPO-PSI, 2006) and mzXML (Pedrioli et al., 2004) formats used to be the most common open data
formats to store and share raw data information (Martens et al., 2011). Although sharing the same XML architecture, the two
formats mainly differed in regard to their ontology policies (Martens et al., 2011).

On the one hand, the mzData format was developed by the HUPO Proteomics Standards Initiative (PSI) as an open format
standard to share and archive data. Its metadata annotation was based on a controlled vocabulary that could be regularly updated
(Martens et al., 2011). On the other hand, the mzXML format was developed at the Institute for Systems Biology (ISB) as an open
data format accompanied by a suite of tools (Pedrioli et al., 2004). Its metadata annotation was based on a fixed schema that
required modification along with the corresponding software to incorporate new annotations (Martens et al., 2011). Although
nowadays deprecated, the mzData and mzXML formats are still compatible with most current software and are being used at a
smaller scale by the proteomics community.

mzML format

With the purpose of format unification, the mzML format was developed as part of a collective effort under the guidance of the
HUPO-PSI to replace both the mzData and mzXML formats (Martens et al, 2011). The coexistence of two open formats having
similar functionality was perceived at the time as confusing for users. The goal was then to design a unique XML-based format
supporting all past features while providing a consensus way to encode the information (Martens et al, 2011). In addition to
instrument support improvement, the mzML format features notably metadata annotation following a flexible controlled vocabulary
that allows the inclusion of custom new terms by users without requiring the modification of the XML schema (Martens et al., 2011).
The mzML format quickly became compatible with most tools available in proteomics, strengthening its format unification goal.

mz5 format
More recently, the mz5 open data format was developed at the Proteomics Center of the Boston Children’s Hospital with the aim
of providing a more speedy and storage efficient alternative to mzML while preserving the same ontology (Wilhelm et al., 2012).



78 Proteomics Data Representation and Databases

Distinguishing itself from its predecessors, the mz5 format is designed based on the Hierarchical Data Format (HDF5) instead of
the traditional XML architecture. Despite the partial base-64 encoding being used in mzML, XML was designed to remain easily
manipulable by users and consequently struggles to handle massive data files. With data benchmarks, the mz5 format was shown
to increase 3-4 times read and write performances while halving data file size in comparison to its XML-based counterparts
(Wilhelm et al., 2012). Despite its obvious benefits, the low amount of compatible software prevented the widespread adoption of
the mz5 format by the proteomics community.

Processed Data

In most high-throughput proteomics experiments, peptide and protein identification is achieved through the database search
approach (Nesvizhskii, 2006). In this method, the experimental spectra are aligned against theoretical spectra inferred from the
fragmentation patterns of the peptides contained in a reference protein sequence database. The tools performing the search,
referred to as search engines, additionally provide numerous statistical scores assessing the quality of the resulting peptide-
spectrum matches (PSMs), allowing to rank the peptides matching a given experimental spectrum (Nesvizhskii, 2006). In a further
step, the identified peptides are used to determine the proteins from which they originated. Protein inference can however prove to
be challenging, especially in eukaryote species, because peptides can belong to several distinct proteins and multiple protein
isoforms may coexist (Nesvizhskii, 2005). The notion of proteotypic peptide was then introduced to single out those peptides that
are unique to a protein.

Protein identification is the main task in most MS data processing workflows. Nonetheless, protein quantification is also
frequently performed. Quantification experiments usually have the aim of comparing protein expression across multiple samples
prepared in distinct conditions, although absolute quantification of proteins can also be achieved. Two mutually exclusive
strategies have been established through time for quantification in proteomics: stable isotope labeling and label-free quantification
(Bantscheff et al., 2007). In stable isotope labeling approaches such as SILAC (Ong et al., 2002), a mass tag is inserted in proteins
through a wide range of experimental protocols. The induced mass shift between the light and heavy forms of peptides is
detectable by mass spectrometers, leading to the relative quantification of the proteins of interest through the comparison of the
signal intensities (Bantscheff et al., 2007). The label-free approaches expanded more recently with the emergence of more accurate
instruments. Being usually based either on spectral counting or on precursor ion intensity, label-free approaches do not include
any isotope-tagging step and consequently reduce the sample preparation complexity (Bantscheff et al., 2007).

PepXML and protXML formats

The pepXML and protXML formats (Keller et al., 2005) were originally developed with the purpose of improving and facilitating
data transfer between the various tools being part of the Trans-Proteomic Pipeline (TPP) (Keller et al., 2005). The pepXML format
stores and shares peptide identification and quantification data while the protXML format focuses solely on the corresponding
protein data (Deutsch et al,, 2015). Some search engines can directly output their results into files in the pepXML format to
be further processed by the TPP. Converter tools are also available in the TPP for the other formats. Although the pepXML and
protXML formats were not defined with the underlying aim of becoming official standard formats, many tools outside the TPP
adopted them over the years (Deutsch et al., 2015).

mzldentML and mzQuantML formats

To provide a reliable open standard format for the distribution of peptide and protein identification data, mzIdentML was
developed by the HUPO-PSI alongside with a suite of converters for most open and proprietary formats available (Jones et al.,
2012). As in the case of pepXML and protXML, search engines that evolve over the years offer the option to export directly their
results in the mzIdentML format (Jones et al., 2012).

Based on the success of mzldentML, the mzQuantML format was launched shortly thereafter under the direction of the HUPO-
PSI as a quantitative-focused counterpart (Walzer et al., 2013). It was developed to answer the pressing need for a standard format
in quantitative proteomics, especially since the techniques and approaches may diverge significantly between individual experi-
ments (Walzer et al., 2013). The mzQuantML format notably features the ability to cross-reference other XML-based open formats
such as mzML and mzIldentML. These cross-links help to keep track of the numerous data and metadata produced throughout
the analysis workflow (Walzer et al., 2013). Both formats are based on the same controlled vocabulary that was introduced by the
HUPO-PSI for mzML (Jones et al., 2012; Walzer et al., 2013), thus providing a robust yet flexible way to annotate metadata
information.

mzTab format

The mzTab format was recently launched by the HUPO-PSI as a complement to both the mzIdentML and mzQuantML formats
(Griss et al., 2014). The underlying purpose was to design a simple tabular format summarizing identification and quantification
data from proteomics and metabolomics experiments. As the strength of the format resides in the easy report of experimental
results, it usually contains an overall lower amount of information compared to most XML-based formats (Griss et al., 2014). Files
in the mzTab format do not require specific parsing software since no special encoding is involved, which significantly simplifies
their handling by users.
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TraML format

Through the years, more specialized open formats also made their apparition in the proteomics field. The TraML (Deutsch et al.,
2012) standard format developed by the HUPO-PSI is such an example, capturing solely the transition lists resulting from selected
reaction monitoring (SRM) experiments. In SRM approaches, a transition represents the pair of m/z values of the targeted peptide
precursor ion and of one of its corresponding fragment ions. TraML is designed around the same principles that were established
for the mzML and mzIdentML formats, using an XML-based architecture along with a controlled vocabulary encoding the
metadata information (Deutsch et al., 2012).

Databases and Repositories

Databases in the proteomics field differ strongly in terms of both their purpose and the data they contain. While some solely serve
as repositories for the dissemination of experimental datasets, others have been developed with more advanced functions such as
sequence annotation or targeted research goals.

Proteomics databases and repositories are still under substantial development in comparison to other life science fields. This
delay can partially be explained by the initial skepticism of a part of the proteomics community in regard to sharing publicly
experimental data due to data submission imposed by publishers. One of the common concerns was the possible third-party
reanalysis of datasets prior to result release in a publication of the original submitter. To address this issue, most databases feature
nowadays the ability to keep dataset submission private for the duration of the reviewing process (Vizcaino et al., 2014).

Needless to say, UniProt (The UniProt Consortium, 2017) remains arguably the most popular and internationally renowned
resource for proteins, playing a central role in the proteomics database landscape as the ever-present reference for protein
annotation. As UniProt is however a knowledge database that contains almost to no MS data, it will not be presented in details
here (Table 2). Likewise, the species-specific resources will also not be discussed in this article.

GPMdb

The Global Proteome Machine database (Craig et al., 2004) (GPMdb) was initially designed by Beavis Informatics for the purpose
of storing the reprocessed data produced by the GPM data analysis servers. In this automated pipeline, the MS raw data submitted
by users or contained in other databases are reanalyzed using the online version of the X!Tandem (Craig and Beavis, 2004) search
engine. The input files submitted to the GPMdb have to be formatted either as peak list (DTA, PKL or MGF) or in a compatible
open standard format (mzXML or mzData). In addition to a large panel of search parameters, the users can choose prior to the
database search if they authorize the inclusion of the dataset to the GPMdb. With the accumulation of a large amount of data over
the years, the GPMdb has diversified its functions and is today commonly used by researchers to compile spectral libraries and
develop related search tools. This notably led to the inception of the X!Hunter (Craig et al., 2006) online search engine, which can
perform the search of experimental mass spectra against consensus spectral libraries built from the GPMdb.

PeptideAtlas

The PeptideAtlas database (Desiere et al., 2006) was originally developed in 2004 at the Institute for Systems Biology (ISB) as a
resource providing genome annotations from the automatic reprocessing of MS raw data by the TPP pipeline. PeptideAtlas
presents the peculiarity of being composed of distinct builds according to the organism or tissue of interest (Deutsch et al., 2008).
Another noteworthy feature of PeptideAtlas consists in the computation of an observability score for each proteotypic peptide
represented in the database (Deutsch et al., 2008). This offers the option of determining the peptides that are the most likely to be
detected in a MS experiment for a given protein. As in the case of the GPMdb, the PeptideAtlas database surpassed its initial
annotation purpose and is nowadays frequently used as a research database for the compilation of spectral libraries.

Table 2 Summary of the main public databases and repositories in the proteomics field

Name Supported Data Organization URL

PRIDE Archive Raw and processed data European Molecular Biology Laboratory, https://www.ebi.ac.uk/pride/archive
European Bioinformatics Institute

MassIVE Raw and processed data Center for Computational Mass Spectrometry, https://massive.ucsd.edu
University of California San Diego

jPOSTrepo Raw and processed data National Bioscience Data Center, Japan Science http://jpostdb.org
and Technology Agency

PASSEL SRM raw data Seattle Proteome Center, Institute for Systems http://www.peptideatlas.org/passel
Biology

GPMdb Processed data Beavis Informatics http://gpmdb.thegpm.org

PeptideAtlas Processed data Seattle Proteome Center, Institute for Systems http://www.peptideatlas.org

Biology




80 Proteomics Data Representation and Databases

PASSEL

The PeptideAtlas SRM Experiment Library (PASSEL) was developed in the framework of the PeptideAtlas project (Farrah et al.,
2012). It was designed as a receiving repository for data produced in SRM experiments. In addition, the raw data submitted to
PASSEL are automatically reprocessed by specific tools such as mQuest from the mProphet suite (Reiter et al., 2011). The results of
this workflow are stored in a separate database that can be accessed through the PASSEL web interface. Among all the obtained
transitions, those considered to be the best based on quality metrics are included in the SRMAtlas database (Picotti et al., 2008).

PRIDE/PRIDE Archive

The Proteomics Identifications (PRIDE) database (Martens et al., 2005a) was established in 2004 at the European Bioinformatics
Institute (EBI) as a structured repository designed to propagate experimental proteomics data. The underlying intent was to
provide a resource that would keep the submitted data intact, preserving it from any kind of control or alteration. PRIDE contains
both the raw MS data and the resulting peptide and protein identifications, along with the corresponding biological and
experimental metadata (Martens et al., 2005a). As of 2014, the PRIDE database was entirely redesigned and replaced by PRIDE
Archive (Vizcaino et al., 2016). The most significant structural changes brought by PRIDE Archive lie in a new data storage
architecture and submission system along with a reworked web interface (Vizcaino et al., 2016).

The Peptidome database (Slotta et al., 2009) was a public data repository developed in 2009 at the National Center for
Biotechnology Information (NCBI) that aimed to allow the exchange of experimental proteomics data. Peptidome was thus
closely related to PRIDE in terms of both its aim and features. After the discontinuation of Peptidome in 2011 due to lack of funds,
a coordinated effort of both teams led to transfer most of its content to the PRIDE repository (Csordas et al., 2013).

MassIVE

The Mass spectrometry Interactive Virtual Environment (MassIVE) repository was developed at the Center for Computational Mass Spec-
trometry (CCMS) as a public data repository for datasets produced in MS-based proteomics experiments. Compared to other repositories,
MassIVE aims to enhance the interactivity of its content. A noteworthy feature is the ability to add comments and reanalyzes for a given
submitted dataset. MassIVE also provides the possibility to directly reprocess the raw data that were submitted using several online workflows.

Tranche (Smith et al., 2011) was a public data repository developed in 2005 as part of the Proteome Commons network that
aimed to transfer proteomics raw datasets at a large scale. Since the repository had to handle a high data traffic in relation with the
large file size, a special effort was made in the design of an efficient peer-to-peer infrastructure coupled with a reliable client-server
architecture (Smith et al., 2011). After the funding shortfall that led to the discontinuation of Proteome Commons and Tranche in
2013 (Science Signaling, 2013), as many data sets as possible were recovered and transferred to MassIVE (Deutsch et al., 2017).

jPOST

The Japan Proteome Standard (jPOST) is an emerging resource that ultimately aims to provide both a repository and a database for the
worldwide proteomics community. On the one hand, the jPOST repository (jJPOSTrepo) (Okuda et al., 2017) was launched at the National
Bioscience Data Center (NBDC) in 2015 as a platform for the global exchange of datasets produced in MS-based proteomics experiments. The
underlying aim was to offer an alternative for the Asia and Oceania regions to the existing proteomics repositories. Indeed, most public MS data
resources are either hosted in Europe (PRIDE Archive) or in the United States (PASSEL, MassIVE). This can prove to be problematic in terms of
data transfer speed for researchers who agree to share their experimental datasets but are located far away from these regions. A special effort was
thus additionally undertaken to deploy an effidient file upload system, further facilitating data exchange (Okuda et al., 2017).

On the other hand, the jPOST database (jPOSTdDb) is still under development and has not been made publicly available yet.
Eventually, jPOSTdb will include the automatic reprocessing of the MS raw data submitted to jPOSTrepo through a customized
workflow using a combination of several search engines.

ProteomeXchange Consortium

The ProteomeXchange (PX) consortium (Vizcaino et al., 2014) was originally formed in 2006 and officially launched in 2011 as a
collective effort to coordinate data exchange and submission between MS-based proteomics databases and repositories. Since the
partner resources had been developed independently at distinct research institutions, it resulted in limited coordination in regard
to their respective data submission guidelines and policies (Vizcaino et al., 2014). This proved to be troublesome for researchers
willing to share their experimental data, struggling to determine where and in which form datasets should be submitted. Likewise,
data comparison through the use of several sources could turn out to be challenging. The purpose of the PX consortium was to
remove these obstacles by providing a regulated infrastructure and framework (Vizcaino et al., 2014). Such an initiative had
already been successfully implemented in other omics fields, as for instance with the development in genomics of the International
Nucleotide Sequence Database Collaboration (INSDC) (Cochrane et al, 2016) to regulate the dissemination of DNA
sequencing data.
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In its first inception, the PX consortium had only two core members: PRIDE and PeptideAtlas (along with its PASSEL resource)
(Vizcaino et al., 2014). PRIDE was used at the time as the unique entry point for data produced in shotgun proteomics experi-
ments, whereas SRM data were redirected to PASSEL. In the pursuit of its unification role, more receiving repositories progressively
joined the PX consortium in recent years. This led notably to the inclusion of the MassIVE repository in 2014, followed shortly
by the addition of jPOST in 2016 (Deutsch et al., 2017). More emerging resources are also expected to become members of the PX
consortium in the future, further improving the state of data sharing in the proteomics field.

Data submission in the PX consortium can be subdivided in two distinct workflows: complete and partial (Deutsch et al.,
2017). In a complete submission, the format of all the submitted files can be recognized and parsed by the receiving repository. It
is the recommended submission process in most cases, as it allows searching directly through the results with precise queries.
A partial submission contains files that are in a non-compatible format, thus preventing the receiving repository to read them. As
with the complete submissions, the files can however still be searched using the associated submission metadata. Despite its
limitations, the partial submission process remains essential to support the inclusion of datasets coming from a broad range of
proteomics experiments, including marginal or emerging techniques (Deutsch et al., 2017).

Both complete and partial workflows require the submission of the raw data, the processed data and the corresponding
biological and technical metadata information. The latter is encoded in an XML format that was specifically developed for the PX
consortium (PX XML) (Vizcaino et al., 2014). After submission, each dataset is assigned a unique PX identifier. A receiving
repository specific identifier is additionally assigned, except for PRIDE (Deutsch et al., 2017). If a dataset was submitted as
complete, a digital object identifier (DOI) is also created to allow proper referencing in case of reanalysis in another project
(Vizcaino et al., 2014). Since data reuse is also one of the main focuses of the PX consortium, distinct identifiers are specifically
generated to track reprocessed datasets and store corresponding results (Deutsch et al., 2017).

The publicly available datasets stored in the resources of the PX consortium are accessed and queried through the Proteo-
meCentral online portal, which was deployed from the first version. ProteomeCentral notably features the ability to filter the
datasets using metadata keywords, which can be for instance used to retrieve solely the set of results matching a given organism,
tissue or MS instrument (Deutsch et al., 2017). A RSS feed was also set up to push updates about new publicly available datasets
that are released in the PX consortium, providing links to both the ProteomeCentral entry and the corresponding PX XML file
storing the submission metadata (Vizcaino et al., 2014).

Despite the essential contribution brought by PX consortium to the proteomics field, there is still room for improvement. Some
work remains for example to be done regarding the compatibly of complete submission with data produced by increasingly
popular experimental approaches, such as the data independent acquisition, top-down proteomics or MS-based imaging tech-
niques (Deutsch et al., 2017). The MassIVE repository already started this process by becoming compatible with some DIA-based
workflows (Deutsch et al., 2017). The PX consortium is arguably the most impactful initiative that occurred in recent years for
databases and repositories in proteomics, bringing together the different resources in the field and standardizing data submission,
processing and dissemination.

Conclusion and Prospects

The successful outcome of collective efforts such as the ProteomeXchange initiative has significantly boosted data sharing in the
proteomics field. An obvious consequence is the increasing number of journal editors who nowadays mandate the deposition of
the original raw datasets to enhance the publication of scientific articles and allow for evidence checks. Further into the future,
more integration of the different omics fields is to be expected. Progress has already been made in this direction with the recent
development of the Omics Discovery Index (OmicsDI) portal (Perez-Riverol et al., 2016). OmicsDI aims to provide an online
platform for the dissemination and access of datasets from genomics, transcriptomics, metabolomics and proteomics resources.
Tighter collaboration between proteomics and metabolomics is also likely, based in particular on the fact that both fields rely
predominantly on MS-based approaches and techniques to produce their data. Some open standard formats such as mzTab have
already started to become compatible with metabolomics workflows.
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APPENDIX A. OTHER PUBLICATIONS

A.2. Looking for Missing Proteins in the Proteome of

Human Spermatozoa: An Update

This article published in the Journal of Proteome Research presents an extensive
analysis aiming to detect missing proteins in the human sperm proteome, as part
of the Chromosome-Centric Human Proteome Project (C-HPP). In the scope of this
work, I performed some supplementary analyses using the MzMod open modifica-
tion search engine [144] to identify PTMs in the human sperm proteome that were
overlooked in the original search. As in most studies based on the database search
approach, only the oxidation of methionines and acetylation of protein N-termini
were selected as variable modifications. Thus, the rationale was that the peptides
of some missing proteins could potentially be missed if they were not searched in all
their modified forms. The new analysis found out that many peptides had deam-
inated asparagine (Asn) residues (and less frequently glutamine (Gln) residues),
but no additional missing protein could be identified with this strategy.
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ABSTRACT: The Chromosome-Centric Human Proteome Project (C-HPP) aims to identify
“missing” proteins in the neXtProt knowledgebase. We present an in-depth proteomics analysis
of the human sperm proteome to identify testis-enriched missing proteins. Using protein
extraction procedures and LC—MS/MS analysis, we detected 235 proteins (PE2—PE4) for
which no previous evidence of protein expression was annotated. Through LC—MS/MS and
LC—PRM analysis, data mining, and immunohistochemistry, we confirmed the expression of 206
missing proteins (PE2—PE4) in line with current HPP guidelines (version 2.0). Parallel reaction
monitoring acquisition and sythetic heavy labeled peptides targeted 36 <one-hit wonder>>
candidates selected based on prior peptide spectrum match assessment. 24 were validated with
additional predicted and specifically targeted peptides. Evidence was found for 16 more missing
proteins using immunohistochemistry on human testis sections. The expression pattern for some
of these proteins was specific to the testis, and they could possibly be valuable markers with
fertility assessment applications. Strong evidence was also found of four “uncertain” proteins
(PES); their status should be re-examined. We show how using a range of sample preparation
techniques combined with MS-based analysis, expert knowledge, and complementary antibody-based techniques can produce
data of interest to the community. All MS/MS data are available via ProteomeXchange under identifier PXD003947. In addition
to contributing to the C-HPP, we hope these data will stimulate continued exploration of the sperm proteome.

KEYWORDS: human proteome project, spermatozoon, missing proteins, mass spectrometry proteomics, immunohistochemistry,
bioinformatics, data mining, cilia

Bl INTRODUCTION

The Chromosome-Centric Human Proteome Project (C-HPP)
aims to catalogue the protein gene products encoded by the Received: May 3, 2016
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project, neXProt” has been confirmed as the reference
knowledgebase for human protein annotation.” Numerous
initiatives were launched worldwide to search for so-called
missing proteins - proteins predicted by genomic or tran-
scriptomic analysis but not yet validated experimentally by
mass-spectrometry or antibody-based techniques. These
proteins are annotated with a “Protein Existence” (PE) score
of 2 when they are predicted by transcriptomics analysis, 3
when they are predicted by genomic analysis and have
homologues in distant species, and 4 when they are only
predicted by genomic analysis in human or other mammals.
The most recent neXtProt release (2016-01-11) contains 2949
such missin§ proteins. It was suggested by Lane and
collaborators™ that proteins that have been systematically
missed might be expressed only in a few organs or cell types.
The very high number of testis-specific genes that have been
described’ supports the hypothesis that the testis is a promising
organ in which to search for elements of the missing
proteome.”” The testis’ main function is well known to
produce male gametes, known as spermatozoa (commonly
called sperm). Human spermatozoa are produced at a rate of
~1000 cells/s® by a complex, intricate, tightly controlled and
specialized process known as spermatogenesis.”'’ Spermio-
genesis is the final stage of spermatogenesis, which sees the
maturation of spermatids into mature, motile spermatozoa. The
fact that the number of couples consulting for difficulties
related to conceiving has increased in recent years and that
sperm quality has been shown to be altered in one in seven
men, for example, with abnormal motility or morphology,ll
makes further study of these cells even more topically relevant.

Large numbers of spermatozoa can be recovered in highly
pure preparation through noninvasive procedures, making it
possible to access the final proteome of the germ cell lineage
and providing access to a large number of germ cell-specific
proteins. Thus, MS-based proteomics studies of spermatozoa
have generated highly relevant data.'” Knowledge of the mature
sperm proteome will significantly contribute to sperm biology
and help us to better understand fertility issues.

In a recent study,'” the Proteomics French Infrastructure
(ProFl; www.profiproteomics.fr) described a step-by-step
strategy combining bioinformatics and MS-based experiments
to identify and validate missing proteins based on database
search results from a compendium of MS/MS data sets. The
data sets used were generated using 40 human cell line/tissue
type/body fluid samples. In addition to the peptide- and
protein-level false discovery rate (FDR), supplementary MS-
based criteria were used for validation, such as peptide
spectrum match (PSM) quality as assessed by an expert eye,
spectral dot-product - calculated based on the fragment
intensities of the native spectrum (endogenous peptide) and
a reference spectrum (synthetic peptide) - and LC-SRM assays
that were specifically developed to target proteotypic peptides.

Some of these criteria were also used in a concomitant
study'* involving trans-chromosome-based data analysis on a
high-quality mass spectrometry data set to catalogue missing
proteins in total protein extracts from isolated human
spermatozoa. This analysis validated 89 missing proteins
based on version 1.0 of the HPP guidelines (http://www.
thehpp.org/guidelines/). The distribution of two interesting
candidates (C20rfS7 and TEX37) was further studied by
immunohistochemistry in the adult testis, and their expression
was confirmed in postmeiotic germ cells. Finally, on the basis of
analyses of transcript abundance during human spermato-
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genesis, we concluded that it would be possible to characterize
additional missing proteins in ejaculated spermatozoa.

The study presented in this paper originated with the
Franco—Swiss contribution to the C-HPP initiative to map
chromosomes 14 (France) and 2 (Switzerland) by identifying
additional missing proteins. Here we combine the search for
proteins that are currently classed as “missing” with an
extensive examination of the sperm proteome. A single pool
of human spermatozoa was treated by a range of approaches,
and the most recent version of the guidelines for the
identification of missing proteins was followed (Deutsch et
al, submitted; http://www.thehpp.org/guidelines/ ). We thus
performed an in-depth analysis of human sperm using different
fractionation/separation protocols along with different protein
extraction procedures. Through MS/MS analysis, 4727 distinct
protein groups were identified that passed the 1% PSM-,
peptide-, and protein-level FDR thresholds. Mapping of unique
peptides against the most recent neXtProt release (2016-01-11)
revealed 235 proteins (201 PE2, 22 PE3, 12 PE4) that are still
considered missing by the C-HPP and 9 proteins annotated
with a PES (uncertain) status in neXtProt. Additional MS-
based strategies (spectral comparison and parallel reaction
monitoring (PRM) assays) were applied to validate some of
these missing proteins. Data mining was also applied to
determine which proteins would be selected for validation by
immunohistochemistry on human testes sections.

B MATERIALS AND METHODS

Ethics and Donor Consent

The study protocol “Study of Normal and Pathological Human
Spermatogenesis” was approved by the local ethics committee.
The protocol was then registered as No. PFS09-015 at the
French Biomedicine Agency. Informed consent was obtained
from donors where appropriate.

Sample Collection and Preparation

Human semen samples were collected from five healthy donors
of unproven fertility at Nantes University Hospital (France).
The donors gave informed consent for the use of their semen
for research purposes, and samples were anonymized. Semen
samples were all obtained on-site by masturbation following 2
to 7 days of sexual abstinence. After 30 min of liquefaction at
room temperature under gentle agitation, 1 mL of each sample
was taken. Aliquots were pooled and a protease inhibitor mix
(protease inhibitor cocktail tablets, complete mini EDTA-free,
Roche, Meylan, France) was added according to the
manufacturer’s instructions. To separate sperm cells from
seminal plasma and round cells, we loaded the pooled sperm
sample onto 1 mL of a 50% suspension of silica particles
(SupraSperm, Origio, Malov, Denmark) diluted in Sperm
Washing medium (Origio, Malov, Denmark). The sample was
centrifuged at 400g for 15 min at room temperature. The sperm
pellet was then washed once by resuspension in 3 mL of
phosphate-buffered saline (PBS) and centrifuged again at 400g
for 5 min at room temperature. The supernatant was removed,
and the cell pellet was flash-frozen in liquid nitrogen.

Protein Extraction, Digestion, and Liquid
Chromatography—Tandem Mass Spectrometry
(LC—MS/MS) Analyses

MS/MS analysis of pooled sperm was performed using four
different protocols based on a range of protein extraction
procedures: (i) total cell lysate followed by a 1D SDS-PAGE

DOI: 10.1021/acs jproteome.6b00400
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separation (23 gel slices); (ii) separation of Triton X-100
soluble and insoluble fractions followed by a 1D SDS-PAGE
separation (20 gel slices per fraction); (iii) total cell lysate, in-
gel digestion, and peptides analyzed by nano-LC with long
gradient runs; and (iv) total cell lysate, in-gel digestion, and
peptides fractionated by high-pH reversed-phase (Hp-RP)
chromatography. For all protocols, tryptic peptides were
analyzed by high-resolution MS instruments (Q-Exactive).
These experiments were performed by the three proteomics
platforms making up ProFI (Grenoble, Strasbourg, and
Toulouse). A detailed description of the protein fractionation
using Triton X-100, protein extraction and digestion, and liquid
chromatography-tandem mass spectrometry (LC—MS/MS)
analyses performed in this study can be found in the
Supporting Information.

MS/MS Data Analysis

Peak lists were generated from the original LC—MS/MS raw
data using the Mascot Distiller tool (version 2.5.1, Matrix
Science). The Mascot search engine (version 2.5.1, Matrix
Science) was used to search all MS/MS spectra against a
database composed of Homo sapiens protein entries from
UniProtKB/SwissProt (release 2015-10-30, 84 362 protein
coding genes sequences (canonical and isoforms)) and a list
of contaminants frequently observed in proteomics analyses
(the protein fasta file for these contaminants is available at
ftp://ftp.thegpm.org/fasta/cRAP; it consists of 118 sequences).
The following search parameters were applied: carbamidome-
thylation of cysteines was set as a fixed modification and
oxidation of methionines and protein N-terminal acetylation
were set as variable modifications. Specificity of trypsin
digestion was set for cleavage after K or R, and one missed
trypsin cleavage site was allowed. The mass tolerances for
protein identification on MS and MS/MS peaks were S ppm
and 25 mmu, respectively. The FDR was calculated by
performing the search in concatenated target and decoy
databases in Mascot. Peptides identified were validated by
applying the target-decoy approach, using Proline software
(http://proline.profiproteomics.fr/), by adjusting the FDR to
1%, at PSM and protein levels. At peptide level, only the PSM
with the best Mascot score was retained for each peptide
sequence. Spectra identifying peptides in both target and decoy
database searches were first assembled to allow competition
between target and decoy peptides for each MS/MS query.
Finally, the total number of validated hits was computed as
Ntarget+Ndecoy, the number of false-positive hits was
estimated as 2XNdecoy, and the FDR was then computed as
2XNdecoy/(Ntarget + Ndecoy). Proline software automatically
determined a threshold Mascot e-value to filter peptides and
computed the FDR as described so as to automatically adjust it
to 1%. At protein level, a composite score was computed for
each protein group based on the MudPIT scoring method
implemented in Mascot: For each nonduplicate peptide
identifying a protein group, the difference between its Mascot
score and its homology threshold was computed, and these
“score offsets” were then summed before adding them to the
average homology (or identity) thresholds for the peptide.
Therefore, less significant peptide matches contributed less to
the total protein score. Protein groups were filtered by applying
a threshold to this MudPIT protein score to obtain a final
protein-level FDR of 1%. To optimize discrimination between
true-positive and true-negative protein hits, the software applies
a selection scheme approach by adjusting the FDR separately

4000

for the subset of proteins identified by more than one validated
peptide and then for the single-peptide hits. In accordance with
version 2.0.1 of the HPP data interpretation guidelines
(Deutsch et al., submitted; http://www.thehpp.org/
guidelines/ ), individual result files from each of the five MS/
MS data sets were combined, and a procedure to produce a
protein-level FDR threshold of 1% was reapplied. This
combination of result files created a single identification data
set from a set of identification results and was performed as
follows: All PSMs identified and validated at 1% were merged
to create a unique combination of amino acid sequences and a
list of PTMs located on that sequence that were aggregated in a
single “representative” PSM. The newly created PSMs were
then grouped into proteins and protein families.*' The resulting
data set therefore provides a nonredundant view of the
identified proteins present in the original sample.

Detection of Missing Proteins

The sequence of each peptide identified was searched in all
splicing isoform sequences present in neXtProt release 2016-
01-11 using the pepx program developed in-house (https:/ /
github.com/calipho-sib/ pepx). The method is based on a 6-mer
amino acid index that is regenerated at each release; the 6 aa
length was chosen because it significantly speeds up the
mapping process. Leucine and isoleucine were considered
equivalent. A peptide is considered to match an isoform
sequence when all the 6-mers covering the peptide return the
same sequence. Peptides were subsequently checked against the
retrieved isoform sequence(s) to ensure an exact string match.
All matches to splicing isoforms derived from a single entry
were considered relevant for the identification of the entry.
To further validate the identification of missing proteins, we
performed a second round of peptide-to-protein mapping,
taking into account the 2.5 million variants described in
neXtProt (SNPs and disease mutations). Currently, pepx only
considers a single amino acid substitution or deletion in the 6-
mer; substitutions and deletions more than 1 aa in length, as
well as insertions, are not taken into account. Consequently,
pepx returns a match if single amino acid variations in the
isoform sequence are spaced at least five amino acids apart.
Peptides matching more than one entry when variants were
taken into account were excluded as they are potentially not

proteotypic.
Data Availability

All MS proteomics data, including reference files (readme,
search database, .dat files), form a complete submission with
the ProteomeXchange Consortium.'® Data were submitted via
the PRIDE partner repository under data set identifiers
PXD003947 and 10.6019/PXD003947.

Additional MS-Based Validation (MS/MS Analysis of
Synthetic Peptides, Comparison of Reference/Endogenous
Fragmentation Spectra and LC—PRM Analysis)

Synthetic heavy labeled peptides were purchased (crude
PEPotec, Thermo Fisher Scientific) for 36 “one-hit wonder”
candidates selected based on visual inspection of PSMs. The 36
peptides initially identified were synthesized along with two
additional predicted proteotypic peptides per protein when
possible. Thus, a total of 100 peptides were synthesized
(Supplementary Table 4). The labeled peptides corresponding
to the 36 peptides initially identified were mixed together and
analyzed by LC—MS/MS (Q_ Exactive Plus, Thermo Fisher
Scientific) to acquire higher energy collisional dissociation
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Figure 1. Flowchart illustrating the strategies used to identify and validate missing proteins detected in the human sperm proteome.

(HCD) fragmentation spectra for comparison with the initial
spectra in the closest possible conditions. All MS/MS spectrum
pairs are shown in Supplementary Figure 1. Following this step,
targeted assays using a PRM acquisition approach were
developed on the same LC—MS/MS platform to target all
100 peptides, first in a total protein fraction prepared in
stacking gel bands and subsequently in gel bands obtained from
1D SDS-PAGE separation of the Triton X-100 insoluble
proteins fraction. See the Supporting Information for details of
MS experiments.

Data Mining to Select Missing Proteins for Further
Characterization

For each protein identified by MS, the tissue expression profile
based on RNA sequencing analysis was retrieved from the
Human Protein Atlas (HPA) portal (version 14) (www.
proteinatlas.org/). The evolutionary conservation profile was
determined by a BLAST analysis using UniProtKB “Reference
Proteomes” as target. In addition, homologues were systemati-
cally searched for in a number of ciliated organisms from
distant groups including Choanoflagellida (Salpingoeca, Mono-
siga), Chlorophyta (Micromonas, Volvox, Chlamydomonas),
Ciliophora (Paramecium, Oxytricha, Stylonychia, Tetrahymena,
Ichthyophthirius), Trypanosomatidae (Trypanosoma, Phytomo-
nas, Leishmania, Angomonas, Leptomonas), Cryptophyta (Guil-
lardia), Naegleria gruberi, and Flagellated protozoan (Bodo
saltans). For each protein and all its orthologs, all existing
names, synonyms, and identifiers were collected from
appropriate model organism databases. These names were
used to query PubMed and Google. Proteins to be further

validated by immunohistochemistry were selected based on a
combination of criteria including antibody quality, available
immunohistochemistry data in Protein Atlas (version 14),
phenotype of mutant organisms, predicted or experimental
biological function, tissue localization, interacting partners, and
phylogenetic profile. Uncharacterized proteins that are
selectively expressed in testis or ciliated tissues and well-
conserved in ciliated organisms interact with testis or cilia-
related proteins, for which knockout model organisms show a
reproduction phenotype and for which high-quality antibodies
from the HPA were available were considered the best
candidates for further validation.

Immunohistochemistry

To confirm the germline expression of proteins of interest, we
performed immunohistochemistry experiments on human
testes fixed in 4% paraformaldehyde and embedded in paraffin,
as described.'® Normal human testes were collected at autopsy
at Rennes University Hospital from HIV-1-negative cadavers.
Paraflin-embedded tissues were cut into 4 pum thick slices,
mounted on slides, and dried at 58 °C for 60 min.
Immunohistochemical staining, using the Ventana DABMap
and OMNIMap detection kit (Ventana Medical Systems,
Tucson, USA), was performed on a Discovery Automated
IHC stainer. Antigen retrieval was performed using proprietary
Ventana Tris-based buffer solution, CC1, at 95 to 100 °C for 48
min. Tissue sections were then saturated for 1 h with 5% BSA
in TBS, and endogenous peroxidase was blocked with
Inhibitor-D, 3% H,0,, (Ventana) for 8 min at 37 °C. After
rinsing in TBS, slides were incubated at 37 °C for 60 min with

4001 DOI: 10.1021/acs jproteome.6b00400
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Figure 2. Contribution of the different fractionation protocols to identification of spermatozoa proteins. Upper part: Venn diagram created with the
jvenn web application™ illustrating overlap between the five fractionation protocols. WL 1D gel: total cell lysate followed by a 1D SDS-PAGE
separation of proteins (23 gel slices), WL LR: total cell lysate, in-gel digestion of proteins, and total peptide analysis by nanoLC with long gradient
runs, HpH-RP: total cell lysate, in-gel digestion of proteins, and peptide fractionation by high-pH reversed-phase (HpH-RP) chromatography,
Soluble and Insoluble: fractionation of proteins into Triton X-100-soluble and -insoluble fractions, followed by a 1D SDS-PAGE separation of
proteins (20 gel slices per fraction). Lower part: bar chart representing the total number of proteins identified in each MS/MS data set.

polyclonal rabbit antibodies specific for the selected missing
proteins (Atlas Antibodies) diluted in TBS containing 0.2%
Tween 20 (v/v) and 3% BSA (TBST-BSA). The antibody
dilutions used are listed in Supplementary Table 6. Non-
immune rabbit serum (1:1000) was used as a negative control.
After several washes in TBS, sections were incubated for 16 min
with a biotinylated goat antirabbit antibody (Roche) at a final
dilution of 1:500 in TBST-BSA. Signal was enhanced using the
Ventana DABMap Kit or Ventana OMNIMap kit. Sections
were then counterstained for 16 min with hematoxylin
(commercial solution, Microm) and for 4 min with bluing
reagent (commercial solution, Microm) before rinsing with
Milli-Q_water. After removal from the instrument, slides were
manually dehydrated and mounted in Eukitt (Labnord,
Villeneuve d’Ascq, France). Finally, immunohistology images
were obtained using NDP.Scan acquisition software (v2.5,
Hamamatsu) and visualized with NDP.View2 software
(Hamamatsu). Representative images are shown.

H RESULTS AND DISCUSSION
Overall Workflow

The overall workflow for the detection and validation of
missing proteins is illustrated in Figure 1 and described in the
Material and Methods, with full details of sample preparation in
the Supporting Information. By applying this workflow, we
produced a list of 235 “candidate missing protein” entries
(PE2—4) and 9 PES entries. This list was divided into two
distinct subsets in line with version 2.0.1 of the HPP data
interpretation guidelines (Deutsch et al, submitted; http://
www.thehpp.org/guidelines/): those validated by two or more
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distinct uniquely mapping peptide sequences of length >9
amino acids and those detected based on only one unique
peptide of length >9 amino acids. Each PSM from the latter
subset was then examined to seek additional MS-based
evidence (PSM quality as assessed by an expert, comparison
between endogenous and reference (synthetic peptide)
fragmentation spectra and LC—PRM assays). In parallel, the
full list of missing or uncertain protein entries (PE2—5) was
mined by gathering additional information from public
resources, bioinformatics analysis, and the literature. This
information was used to select a subset of high-priority proteins
for further immunohistochemistry analysis on human testes
sections.

Analysis of the Human Sperm Proteome

Because the workflow involved a range of enrichment strategies
and separation protocols, including peptide prefractionation
protocols based on high pH reverse phase (HpH-RP)
chromatography that have been shown to be orthogonal to
subsequent online reverse-phase nano-LC separation of
peptides,'” sensitivity was high and coverage extensive. This
type of “cover all bases” approach has been shown to be
particularli?r efficient for improving the detection of missing
proteins.'® Validation was subsequently performed for each
results file (.dat) through the target-decoy approach,'” using the
in-house developed Proline software (http://proline.
profiproteomics.fr/), by adjusting the FDR to 1%, at PSM-
and protein-level. In a second step, individual results files were
combined for each data set, and a 1% protein-level FDR was
applied to comply with the HPP data interpretation guidelines,
version 2.0.1 (http://www.thehpp.org/guidelines/, guideline

DOI: 10.1021/acs jproteome.6b00400
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Table 1. Description of Missing Proteins (PE2—PE4) Detected in This Study

missing proteins with at least

two unique, non-nested
peptides >9AA

188

total number of missing proteins (PE2—PE4)
235

missing proteins with
only one unique peptide

missing proteins with no
annotated function in
Uniprot

180

missing proteins with at
least one transmembrane
domain

56

>9AA
47

#9) (see Materials and Methods). Supplementary Table 1 lists
PSM-, peptide-, and protein-level FDR values along with the
total number of true-positives and false-positives at each level
for the five sperm sample preparation methods (individual
results files for each fraction and after combination). After MS/
MS data processing and filtering, a total of 4727 distinct protein
groups passed the 1% PSM-, peptide-, and protein-level criteria.
Detailed information on the proteins identified from the five
MS data sets is reported in Supplementary Table 2. Protein
identification and their distribution across the five MS data sets
were then compared to assess their contribution to total human
sperm proteome data sets (Figure 2). The Venn diagram shows
that 1526 proteins detected were present in all five data sets. In
addition, each fractionation/separation method used in this
study provided a significant added-value in terms of proteome
coverage. Thus, Triton X-100 insoluble and soluble fractions,
whole cell lysate analyzed by 1D SDS-PAGE, high-pH reverse
phase peptide fractionation and long gradient runs allowed
gains of 8.3, 6.7, 6.7, 3.8 and 0.8%, respectively. These results
clearly emphasize the complementarity of the different
enrichment techniques when seeking to obtain exhaustive (or
as exhaustive as possible) proteome coverage.

In 2014, Amaral et al’® published a sperm proteome
comprising 6198 proteins identified by combined MS-based
analysis based on 30 LC—MS/MS proteomics studies. Crossing
identifier lists between their data and the sperm proteome
produced here revealed that our analysis yielded 1140
additional proteins. However, further investigation will be
necessary to ensure a fair assessment as Amaral et al. applied
different validation criteria to ours (e.g, identification of at least
two peptides with a protein-level FDR < 5%).

Focusing on Missing Proteins Identified from the Sperm
Proteome

Missing proteins were detected as described in Materials and
Methods using the most recent neXtProt release (2016-01-11).
The first step in this detection took all possible splice isoforms
and I/L ambiguities into account but no single amino-acid
variants. This produced a list of 235 missing proteins (PE2—4)
and 9 uncertain proteins (PES). Among the PE2—4 protein
entries, 188 were identified and validated (<1% FDR) by at
least two or more distinct uniquely mapping peptide sequences
of length >9 amino acids, while the remaining 47 were
associated with only one unique peptide >9 amino acids (Table
1). We named this subset of missing proteins “one-hit wonders”
and considered it separately for further MS-based analysis (see
the next section). In fact, five of these protein entries were
identified with two (A2RUU4, QSGH77, Q8NG3S,
Q8WTQ4) or three (Q6PI97) unique peptides, but because
only one of these had a length equal to or greater than nine
amino acids (Table 2), these entries were nevertheless
considered to be “one-hit wonders”. Among the full set of
235 proteins considered to be missing by neXtProt (PE2—4),
180 have no annotated function, while 56 are predicted to have
at least one transmembrane helix (TMH). Full details
(description, number of unique peptides, chromosome
location, etc.) on the missing proteins are reported in Table

4003

2 and Supplementary Table 3. The Venn diagram illustrated in
Figure 3A shows how each fractionation protocol contributed
to the identification of the whole set of missing proteins (PES
included). Thirty-three proteins were detected in all five data
sets, whereas 63 were specifically detected in a given data set
(30 in “insoluble fraction-1D gel”, 9 in “soluble fraction-1D gel”
gel, 17 in “whole lysate-1D gel”, 6 in “peptide HpH-RP”, and 1
in “whole lysate-long runs”).

We noticed that among the 30 proteins only detected in the
insoluble fraction, around one-third (9 proteins) were
annotated with at least one TMH (see Supplementary Table
3), illustrating the benefit of preliminary subcellular fractiona-
tion for the identification of hydrophobic proteins. Unsurpris-
ingly, only a small number of proteins (8) with at least one
TMH were detected in all five sperm data sets, and an even
smaller number of them were specifically detected when
protocols starting with the soluble fraction or a whole cell lysate
were applied (S in “soluble fraction-1D gel”, 3 in “whole lysate-
1D gel”, 2 in “peptide HpH-RP”, and none in “whole lysate-
long runs”). The missing proteins identified in sperm were
found to be distributed across all chromosomes, except
chromosome Y and chromosome 21, with the highest number
(21 proteins) coded by genes present on chromosome 1
(Figure 3B). In terms of coverage of missing proteins (PES
included), around 80% were supported by two or more distinct
uniquely mapping peptide sequences of length >9 amino acids,
with some proteins very well covered (up to 78 peptides). The
other 20% of missing proteins (52 proteins) were identified by
only one unique peptide sequence of length >9 amino acids
(Figure 3C).

To comply with recent C-HPP guidelines (version 2.0.1;
http://www.thehpp.org/guidelines/ ), we also considered alter-
native mappings of all peptides of length >9 amino acids
mapping to PE2—S proteins by taking the 2.5 million single
amino acid variants available in neXtProt into account. This
analysis indicated that 13 peptides mapping to 12 missing
(PE2—4) proteins could correspond to an alternative peptide
sequence. Peptide “TKMGLYYSYFK” maps uniquely to
DPY19L2P1 (Q6NXN4), but if reported SNPs are considered,
it could also map to the PE1 proteins DPY19L2 (Q6NUT2)
and DPY19L1 (Q2PZI1). Peptide “TPPYQGDVPLGIR” maps
uniquely to the PE2 protein SPAG11A (Q6PDA7), but if
reported SNPs are considered, it could also map to the paralog
SPAG11B (Q08648), which was also identified in this study
with two other unique peptides. Likewise, the PE2 protein
LRRC37A (A6NMS?7) was identified by two peptides “NAF-
EENDFMENTNMPEGTISENTNYNHPPEADSAGTAFN-
LGPTVK” and “SKDLTHAISILESAK”. If reported SNPs are
considered, these peptides could also map to the PE2 protein
LRRC37A2 (A6NM11) and the PE1 protein LRRC37A3
(060309), respectively. Therefore, DPY19L2P1, SPAGLI1A,
and LRRC37A will need further investigation to validate their
existence at protein level. Peptides “QNVQQNEDASQYEES-
ILTK” and “QNVQQNEDATQYEESILTK” were both vali-
dated by PRM (see below) but only differ by one residue (S or
T) and map to two close paralogs, RSPH10B2 (B2RC8S) and
RSPH10B (POC881), respectively. An S71T variant has been
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Table 2. List of Missing Proteins (PE2—PE4) Identified in the Five MS/MS Datasets”

entry
AOAVI2

AIA4V9
AIL453
A2RUU4
A4DIF6
A4D256
A4QMS7
ASDSW1
ASPLK6
AGHSZ2

A6NCJ1
A6NCL2

A6NCM1
A6NCN8
A6NEO01

A6NES2

A6NEN9
A6NF34

A6NFUO
A6NFZ4
A6NGBO
A6NGY3

A6NI87
A6NIV6
A6NJI9

A6NLX4
A6NM11

A6NMS7

A6NN90
A6NNE9

A6NNW6

A6NNX1
A7E2U8

ASMTLO

ASMTZ7
ASMV24
ASMYZS
A8MZ26
BIAJZ9

B1ANS9
B2RC85

B2RV13

FERI1LS

CCDC189 Cl60rfo3
PRSS38 MPN2
CLPSL1 Cé6orf127
LRRD1

CDC14C CDC14B2
CSorf49

CFAP69 C7orf63
RGSL1 RGSL RGSL2
FAM221B C9orf128

C19orf71
LRCOL1

IQCAIL IQCAIPI

FAMI186A
WDRY97 KIAA187S

CXorf65
ANTXRL
FAM187A
FAM24A
TMEM191C
CSorf52

CBY3
LRRIQ4 LRRC64
LRRC72

TMEM210
LRRC37A2

LRRC37A LRRC37A1

C2orf81
MARCHI11

ENO4 C10o0rf134

RIIAD1 Clorf230
C4orf47 Chr4_1746

IQCFS

Cl12orf71

C170rf98

IQCF6

EFCAB9

FHAD1 KIAA1937

WDR64
RSPH10B2

C170rf105

gene names

4004

no. of unique
peptide

1

10

2

2

13

11

N o= s 0o b

14

12

[ I I N

35

chromosome

2q112
16p11.2
1q42.13
6p21.31
79212
7p12.3
Sp15.31
7q21.13
1253
9p13.3

19p13.3
12q24.33

7q36.1
12p13.33
12q13.12

8q24.3

Xql3.1
10q11.22
17q21.31
10q26.13
22q1121
5¢33.3

5935.3
3q26.2
7p21.1

9934.3
17q21.31

17q21.31

2p13.1
Spls.1

10925.3

1q21.3
4q35.1

3p212

12p11.23
17q12
3p21.2
5935.1
1p36.21

1943
7p22.1

17q21.31

neXtProt PE level
evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

predicted

evidence at transcript
level

inferred from homology
predicted

evidence at transcript
level

evidence at transcript
level

predicted

inferred from homology
inferred from homology
inferred from homology
inferred from homology

evidence at transcript
level

inferred from homology
inferred from homology

evidence at transcript
level

inferred from homology

evidence at transcript
level

evidence at transcript
level

inferred from homology

evidence at transcript
level

evidence at transcript
level

predicted

evidence at transcript
level

evidence at transcript
level

predicted
predicted
inferred from homology
inferred from homology

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

no. of
TMH

O = O = O

[=)

S © © © ©
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Table 2. continued

entry
B4DYI2

C9J6K1
D6REC4
H3BNLS
H3BTG2-2

095214
095473

P0C221
POCSZ0

POC7A2
PoC716
POC7M6

POC7X4
P0C874
POC875

POC881
POC8F1

POCW27
PODJG4

PODKV0

P49223
Q08648-4

QOP670
QOVAA2

Q14409
Q14507

QI7RSS
Q2TAAS
QWGJ8
Q32M84
Q3KNT9
Q3SY17
Q3ZCV2
Q4942
Q495T6
Q49973
Q4GONS

Q4G1C9

SPATA31C2 FAM75C2

C19orf81
CFAP99

C60rf229
Clorf234

LEPROTL1My047 UNQS77/PRO1139

SYNGR4

CCDC175 Cl14orf38

gene names

H2AFB2; H2AFB3 H2ABBD H2AFB

FAM153B
CCDC159
IQCF3

FTH1P19 FTHL19
SPATA31D3 FAM75D3
FAM228B

RSPH10B
PATE4

CCDC166
THEGL

SPATA31C1 FAM75C1

SPINT3

Cl70rf74

LRRC74A Cl40rf166B LRRC74

GK3P GKP3 GKTB

EDDM3A FAMI2A HE3A

FAM187B TMEM162

TSNAXIP1 TXI1

TMEM249 C8orfK29

BTBD16 Cl100rf87

TMEM95 UNQ9390/PRO34281

SLC25A52 MCART?2

LEXM LEM Clorfl77

CCDC37

MMELIMELLIMMEL2 NEP2

SLENL1

SLC9C1 SLC9A10

GLIPR1L2

4005

no. of unique
peptide

7

PR,

20

20

10

chromosome

9q22.1

19q13.33
4p16.3
6p22.3
1p36.12

8p12
19q13.33

14q23.1
Xq28

59352
19p132
3p21.2

Xp2l1.1
9q21.32
2p23.3

7p22.1
11q24.2

8q24.3
4q12

9q22.1

20q13.12
8p23.1

17p13.1
14q24.3

49323
14q11.2

19q13.12
16q22.1
8q24.3
10q26.13
17p13.1
18q12.1
1p32.3
3q213
1p36.32
1p34.2
3ql3.2

12q212

neXtProt PE level
evidence at transcript
level
predicted
inferred from homology
predicted

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

predicted

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

uncertain
uncertain

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

predicted

evidence at transcript
level

evidence at transcript
level

inferred from homology

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

uncertain

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

no. of
TMH

o © © O

16
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Table 2. continued

entry
Q4Z]14

Q502W6
Q502W7

QS37H7
QS3FE4

Q53827

QSSFE6
QSBJEL

QSGAN3
QSGH77
QSH913
QSHOT9Y
QSI0G3
QSJRCY
QsJU00
QsJU67
QSJWES
Q5SQss
Q5SY80
QSTOJ7
QST1AlL
QST1BO
QST7R7

QSTBE3
QSTEZS
QSTFGS

QSTGP6-2
QSVTH9

QSVZ72
QSVZQS

QSXX13

Q63HN1
Q68DN1

Q68G75
Q6ICGS
Q6IPT2-2

Q6NXN4

SLC9B1 NHEDC1

VWA3B

CCDC38

gene names

SPATA4S Clorf227 HSD-44 HSD44

C4orfl7

PRR30 C2o0rfS3

HSP90AB4P
CCDC178 Cl18orf34

RNASE13

XKR3 XRG3

ARL13A

FSCB Cl4orf155

MDHI1B

FAMA47A

TCTE1

C9orf117

ACTL10 C200rf134

C100rf120

Clorfl01

Tex35 Clorf49

DCST2

AXDNDI1 Clorfl125

Clorf185

C9orf153
Cé6orf163

ZC2HCIB C6orf94 FAM164B

MROH9 Clorfl29

WDR?78

I1ZUMO3 C9orf134
TEX36 C100rf122

FBXW10

FAM20SBP C9orfl44 C9orfl44A FAM20SB

C2orfl6

LEMD1

WBP2NL PAWP

FAM71E1

DPY19L2P1

4006

no. of unique
peptide

3

chromosome

4q24
2q11.2
12q23.1

1932.3
4q23

2p23.3

15q21.3
18q12.1

14q11.2
22ql1.1
Xq22.1
14q212
2q33.3
Xp2l.1
6p21.1
9q34.11
20q11.22
10926.13
1q44
19252
1921.3
1925.2
1p32.3
9q21.33
6q15
6q24.2
1q24.3
1p31.3

9p21.3
10926.13

17p11.2

9p13.3
2p23.3

1q32.1
22q132
19q13.33

7pl4.2

neXtProt PE level
evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

inferred from homology

evidence at transcript
level

evidence at transcript
level

uncertain

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

predicted
predicted

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

inferred from homology

evidence at transcript
level

evidence at transcript
level

uncertain

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

no. of
TMH

10
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Table 2. continued

entry
QO6NXP6

Q6P2C0
Q6P2D8
Q6PDA7-2
Q6P197
Q6PIYS
Q6UW60
QUWQS
QB6UXN7
Q6V702
Q6ZMY6
Q6ZNQ3
Q6ZRH7

Q6ZUBO
Q6ZUBIL

Q6ZUGS
Q6ZVS7

Q7RTY9
Q7Z2V1

QJZATS
QIZ4AW2
QZsJ8

Q7Z7B7
Q86TZ1-2

Q86UGH4
QS6VE3
Q86VS3
Q86WZ0
Q86X67

QS8IUBS
QSIVL8

QSIVU9
QSIWEF9
QSIXM7
QSIXWO

Q8IY)2

NOXREDI1 Cl4orf148

WDR93

XRRA1

SPAG11A EP2 HE2

Cllorf88

Clorf228 NCRNA00082

gene names

PCSK4 PC4 UNQ2757/PRO6496

LYZL1 LYC2 UNQ648/PRO1278

TOMM20L UNQ9438/PRO34772

C4orf22

WDRS8 PQWD
LRRC69

CATSPERG C19orf15

SPATA31D4 FAM75D4

SPATA31E1 C90rf79 FAM7SE1

FAMI183B

PRSS41 TESSP1
Cl6orf82

GALNTLS GALNT1S

LYZL2

ANKAR

DEFB132 DEFB32 UNQ827/PRO1754

TTC6

SLCO6A1 OATP6A1 SLC21A19

SATLI
IQCH
HEATR4

NUDT13

WEDC13 C200rf138 WAP13

CPO

C100rf107

CCDC83 HSD9

ODF3L1

LMNTD2 Cllorf3s

C100rf67

4007

no. of unique
peptide
2

6

15

12

10

chromosome

14q24.3
15q26.1
11q13.4
8p23.1
11g23.1
1p34.1
19p13.3
10p11.23
14q23.1
4q2121
19q13.11
8q21.3
19q13.2

9q21.32
9q22.1

3q21.3
7pl4.1

16p13.3
16pi2.1

7q36.1
10p11.23
2q32.2

20p13
14q21.1

5q21.1
Xq21.1
15q23
14q24.3
10q22.2

20q13.12
2q33.3

10q21.2
11q14.1
15q24.2
11p15.5

10p12.2

neXtProt PE level
evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

uncertain

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

uncertain

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

inferred from homology

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

inferred from homology

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

no. of
TMH
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Table 2. continued

entry
Q8IYMO

QSIYU4
QSIYW2
QSNOWS
Q8N309
Q8N456
Q8N4B4
Q8N4L4
Q8N4P6
Q8NsS1
Q8NisS3
Q8N5U0

QSN5SW8
Q8N68S8

Q8N6G2
QSN6KO
QSN6MS

Q8N6V4
QSN7B9

Q8N7C7
Q8N7X0
Q8N7X2-4
Q8N801
Q8N9W8
Q8N9Z9
Q8NASs6
Q8NAG6
Q8NAG9
Q8NCQ7

QSNCUI1
Q8NDO07

Q8ND61
QSNDH2
QSNE28
QSNEAS

QSNEES

FAMI186B Cl12orf25

UBQLNL

CFAP46 Cl100rf123 C100rf124 C100rf92 C100rfo3 TTC40

IQCK

LRRC43

gene names

LRRC18 UNQ9338/PRO34010

FBXO039 FBX39

SPEM1 Cl170rf83

LRRC71 Clorfo2

SLC25A41

C2orf73

Cllorf42

FAM24B

DEFB123 DEFB23 UNQ1963/PRO4485

TEX26 Cl13o0rf26
TEX29 C13o0rfl6
IQCF1

C100rf53
EFCAB3

RNF148

ADGB C60rf103 CAPN7L

C9orf173

C2orf61

FAM71D

LMNTDI1 IFLTD1

TTC29

CNBD1

C19orf4S

PROCA1

LINC00521

BBOF1 Cl4orf45 CCDC176

C3orf20

CCDC168 Cl30rf40

STKLD1 C9orf96 SGK071

C19o0rf18

TTC16

4008

no. of unique
peptide

15

34

10

10

15

20

32

chromosome

12q13.12
11p15.4
10926.3
16p12.3
12q24.31
10q11.23
17p13.1
17p13.1
1q23.1
19p13.3
2p162
11p15.4

10926.13
20q11.21

13q12.3
13934
3p212

10q11.23
17q23.2

7q31.32
6q24.3
9q34.3
2p21
14q23.3
12p12.1
4q31.22
8q21.3
19p13.2
17q11.2

14932.12
14q24.3

3p2S.1
13g933.1
9q34.2
19q13.43

9q34.11

neXtProt PE level
evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

inferred from homology

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

inferred from homology

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

uncertain

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

no. of
TMH
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Table 2. continued

entry
Q8NEX6
Q8NG35

QSNHS2
QSNHU2
QSNHX4
QSTBYS
QSTBZ9
Q8TD35
QSWTQ4
QSWVZ1
QSWVZ7
QSWWI8
QSWWF3
QSWXQ$
QU6E66
Q96KW9
Q96L03
Q96L1S
Q96LI9
QI6LMS
Q96LUS
Q96M20
Q96M60
QI6M69
Q96MS3
Q96M86
Q96N23
Q96PP4
QU6SF2
Q9BYW3

Q9BZ19
QIBZJ4

Q9GZN6
Q9HIM3

Q9HI1P6

gene names

WEDCI11 WAPI11
DEFB10SA BDS DEFB10S DEFBS; DEFB10SB

GOT1L1

CFAP61 C200rf26

SPATA3 TSARGI

PMFBP1

C7orf62

LKAAEARI1 C200rf201

Cl60rf78

ZDHHC19

RNF133

C170rf50

SSMEM1 C7orf45

CPAS

LRTOMT LRRCS1

SPACA7 C13o0rf28

SPATA17

ARTS UNQS75/PRO1137

CXorfS8

C4orfas

IMMP1L

CNBD2 C200rf152

FAM227B Cl5orf33

LRGUK

CCDC7 BIOT2

DNHDI1 Cllorf47 CCDC35 DHCD1 DNHDIL UNQS5781/
PRO12970

CFAPS54 C12o0rf55 C120rf63

TSGA13

CCT8L2 CESK1

DEFB126 C200rf8 DEFB26

ANKRD60 C200rf86
SLC25A39 CGI-69 PRO2163

SLC6A16 NTTS
DEFB129 C200rf87 DEFB29 UNQS5794/PRO19599

C200rf85

4009

no. of unique
peptide

1
2

6

33

78

chromosome

20q13.12
8p23.1

8p11.23
20p11.23
2q37.1
16q22.2
7q21.13
20q13.33
16q12.1
3q29
7q31.32
17q12
7q32.2
7q32.2
11q13.4
13q34
1941
11p15.4
Xp22.11
4q32.1
11p13
20q11.23
15q21.2
7q33
10p11.22
11p15.4
12q23.1
7q32.2
22q11.1
20p13

20q13.32
17q21.31

19q13.33
20p13

20q13.32

neXtProt PE level

inferred from homology

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

inferred from homology

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

evidence at transcript
level

no. of
TMH

[=]

[=)

12
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Table 2. continued

entry gene names
QI9H1U9 SLC25A51 MCART1
Q9H3IM9 ATXN3L ATX3L MJDL
Q9H3V2 MS4AS CD20L2 TETM4
Q9H3Z7 ABHD16B C200rf135
Q9HS79-2 MROHS8 C200rf131 C200rf132
QI9HSF2 Cllorfl
Q9H693 C160rf95
QOH7TO CATSPERB Cl4orfl61
QIHS8X9 ZDHHC11 ZNF399
Q9H943 C100rf68
QINUD7 C200rf96
QINZM6 PKD2L2
QIP1V8 SAMDI1S Cl4orfl74 FAMISA
Q9P179-2  CCDC180 C9orfl174 KIAA1529
Q9P2S6 ANKMY1 TSAL1 ZMYND13
QIUKJ8 ADAM21
Q9ULG3 KIAA12S57
QY238 DLECI1 DLC1
QIYs81 INSL6 RIF1
WSXKTS8 SPACA6 SPACA6P UNQ2487/PROS774

no. of unique no. of
peptide chromosome neXtProt PE level TMH

1 9p13.1 evidence at transcript 6
level

7 Xp22.2 uncertain 0

11q12.2 evidence at transcript 4
level

2 20q13.33 inferred from homology 0

18 20q11.23 evidence at transcript 0
level

S 11q23.1 evidence at transcript 0
level

1 16q24.2 evidence at transcript 0
level

22 14q32.12 evidence at transcript 4
level

2 Spl1S8.33 evidence at transcript 4
level

1 10p11.22 evidence at transcript 0
level

1 20p13 evidence at transcript 0
level

2 5q31.2 evidence at transcript 6
level

19 14924.3 evidence at transcript 0
level

22 9q22.33 evidence at transcript 1
level

19 2q37.3 evidence at transcript 0
level

3 14q24.2 evidence at transcript 1
level

1 3q21.3 evidence at transcript 0
level

22 3p22.2 evidence at transcript 0
level

2 9p24.1 evidence at transcript 0
level

2 19q13.41 evidence at transcript 1
level

“Accession numbers and number of transmembrane helices (no. TMH) were retrieved from UniprotKB; gene names and chromosome location are

as referenced in neXtProt.

reported, and thus the two paralogs cannot be distinguished
based on these peptides. Because RSPH10B2 and RSPH10B
differ by only three amino acids in total, it is very difficult to
find other suitable unique peptides for validation. However, the
identification of RSPH10B2 (B2RC85) was confirmed by PRM
using the additional peptide “EEEFNTWVNNTYVFFVNT-
LFHAYK”. The PE2 protein ZDHHCI11 (Q9H8X9) was
identified by two unique peptides, but one of them (“GVL-
QQGAGALGSSAQGVK”) could also map to its paralog
ZDHHCI11B if SNP was considered. The six other peptides
that lost their unicity when SNP was taken into account map to
proteins for which there were more than three peptides of
length >9 amino acids.

In the small group of nine proteins with a PES status
(uncertain), three were identified and validated (<1% FDR) by
at least two or more distinct uniquely mapping peptide
sequences of length >9 amino acids. ATXN3L (Q9H3M9) was
identified by six peptides, of which one would lose its unicity if
SNPs were considered. This protein has now been charac-
terized as a deubiquitinylase,”>~>* and its entry in UniProtKB/
Swiss-Prot is currently under revision by the curators.
HSP9OAB4P (QSSFF6) and GK3P (Ql4409), identified,
respectively, by two and three peptides >9 amino acids in
length, are annotated as pseudogenes in most protein databases.

4010

Their status should be revised based on the results presented
here.

The six others (PRSS41, LINC00521, FTHI1P19,
FAM20SBP, SPATA31D3, and SPATA31D4) were detected
with only one distinct uniquely mapping peptide of length >9
amino acids. PRSS41 (Q7RTY?9) is the ortholog of the recently
characterized testis-specific serine protease Prss41/Tessp-121
and should no longer be considered as a pseudogene; the PES
status of the entry is under revision by UniProtKB/Swiss-Prot
curators. The putative uncharacterized protein encoded by
LINC00521 (Q8NCU1) was detected by a 26-amino acid
peptide for which no other match in the human proteome was
found, even when possible variants were considered. The
identification of the putative pseudogene FTH1P19 (POC7X4)
is also plausible because the peptide identified could only match
the validated FTH1 protein (P02794) if both the rare D172N
variant and an unknown S164A variant were considered.
Nevertheless, according to the current HPP guidelines, the
identifications of PRSS41, LINCO00521, and FTHIP19 still
need to be confirmed using other peptides.

The three remaining identifications are more dubious.
Indeed, the peptide identifying FAM20SBP (Q63HN1) could
also match FAM20SA (Q6ZU69), a PE1 protein, if its very
common (30%) M499 V variant form was considered.
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Figure 3. Missing proteins detected in the sperm proteome. A. Venn diagram illustrating the overlap between the five different fractionation
protocols and the contribution of each fraction to the detection of missing proteins. Venn diagram was created with the jvenn web application.”” WL-
1D-gel: total cell lysate followed by a 1D SDS-PAGE separation of proteins (23 gel slices), WL-LGR: total cell lysate, in-gel digestion of proteins, and
total peptide analysis by nanoLC with long gradient runs, WL-HP-RP: total cell lysate, in-gel digestion of proteins, and peptide fractionation by high-
pH reversed-phase (HpH-RP) chromatography, Soluble and Insoluble: fractionation of proteins into Triton X-100-soluble and -insoluble fractions,
followed by a 1D SDS-PAGE separation of proteins (20 gel slices per fraction). Lower part: bar charts representing the number of missing proteins
identified in each MS/MS data set. Under the bar chart: information related to the number of missing proteins identified specifically in each (1) or
shared by 2, 3, 4 or all § data sets. B. Distribution of missing proteins according to the chromosomal location of their genes (retrieved from
neXtProt). C. Distribution of missing proteins according to the number of proteotypic peptides: numbers beside each portion of the pie indicate the
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Figure 3. continued

number of unique peptides that mapped onto missing proteins (max. number of unique peptides: 56; see Table 2 and Supplementary Table 3 for

details).
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Figure 4. MS validation of one-hit wonder missing protein, example of protein Q9H693 (C160rf9S). (A) Missing protein sequence with the unique
peptide identified highlighted in blue; MS/MS spectrum of the endogenous peptide correlated with the MS/MS spectrum of its labeled synthetic
counterpart and spectral correlation score calculated (SDPscore). (B) MS2 traces extracted from LC—PRM data from an unfractionated total protein
extract with dotp calculated for the endogenous and labeled peptides and rdotp calculated for light/heavy correlation. (C) MS2 traces extracted from
LC—PRM data from an unfractionated total protein extract. Analysis was targeted to detect an additional predicted peptide for protein Q9H693. The
dotp for the endogenous and labeled peptide and the rdotp for light/heavy correlation were calculated.

Likewise, as discussed in Jumeau et al,,'* the peptides mapping
to SPATA31D4 (Q6ZUBO) and SPATA31D3 (POC874) do
not confidently identify one protein or the other. This issue
cannot be resolved without access to data relative to the
genomic sequences of the donors, as both variants
SPATA31D3 R882G (dbSNP:rs815819) and SPATA31D4
G882R (dbSNP:rs138456481) may be present in the pooled
sample studied.

Investigating One-Hit Wonder Missing Proteins Using
MS-Based Criteria

Because one-hit wonder proteins could potentially correspond
to incorrect PSM assignment or false-positives that passed the
1% FDR threshold, the recent HPP guidelines recommend that
additional MS-based analyses be performed to provide further
proteomics evidence (Deutsch et al., submitted; http://www.
thehpp.org/guidelines/). We therefore investigated our subset
of one-hit wonder missing or uncertain proteins using
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additional MS-based criteria, as described in ref 13. The first
criterion relied on a blinded inspection of each MS/MS
spectrum for the 52 missing or uncertain proteins (47 PE2-
PE4; § PES), all of which were identified by a unique peptide
>9 amino acids in length.

The quality control of the PSMs corresponding to these
unique peptides was carried out by visual validation by at least
two mass spectrometry experts from each of the three sites of
the ProFI infrastructure (Grenoble, Strasbourg, Toulouse) and
from the Protim core facility (Rennes). PSM quality was classed
in two categories: low and high. A high classification was based
on the following spectral features: (i) the presence of y-ion and
b-ion series; (ii) peak intensities; and (jii) quality of the match
between the experimental and theoretical spectra. A subset of
18 peptides was assigned a “high”-quality tag by three out of the
four sites and was therefore preferentially selected for further
MS validation (data not shown). In addition to these 18

DOI: 10.1021/acs jproteome.6b00400
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candidates, other one-hit wonders were selected that were
awarded a majority rather than a consensual “high” quality
attribute. A supplementary filter was applied by retaining only
peptides that could be synthesized (i.e., peptides shorter than
25 amino acids). This filter was necessary as further validation
steps required the availability of a synthetic peptide for each
candidate to be validated. Thus, of the initial 52 “one-hit
wonders” we ended up with a final list of 36 peptides mapping
to 34 missing proteins (PE2—4) and 2 uncertain proteins
(PES) for further assessment (among the 18 that had a
unanimous high-quality vote, 17 peptides were selected; see
Supplementary Table 4). Synthetic labeled peptide versions of
all 36 peptides were ordered to allow systematic comparison of
identifications with a synthetic version of the peptide (i.e., same
charge, same instrument fragmentation conditions). The goal of
this step was to increase confidence in the identification of each
peptide. To allow readers to assess spectrum quality and peak
intensity patterns between the endogenous peptide and its
synthetic counterpart peptide for themselves, an example
spectrum for synthetic peptides is shown alongside the
naturally derived peptides for protein entry QOH693 in Figure
4A; likewise all other comparative spectra are presented in
Supplementary Figure 1. To objectively assess peptide
“VEAALPYWVPLSLRPR” (protein entry Q9H693; shown in
Figure 4A), we calculated the spectral dot-product score
(SDPscore)® that corresponds to the spectral correlation score
calculated for the intensities of all common singly charged b-
and y- ions of the reference spectrum and the native spectrum,
as in our previous studies.” An SDPscore of 0.954 was
obtained for this peptide, indicating that its MS/MS
fragmentation pattern is very similar to the pattern obtained
for the reference synthetic peptide.

Additional Experimental Validation Using Targeted
LC—PRM Assays

In a final MS-based validation attempt, targeted MS assays were
developed for the 36 candidate “one-hit wonder” proteins to try
to redetect their proteotypic peptide coeluting with its synthetic
labeled counterpart. Samples for these assays were prepared
independently. In addition to the original unique peptide
identified, two additional predicted proteotypic peptides were
selected when possible and synthesized for all 36 proteins
(Supplementary Table 4). A total of 100 labeled peptides were
synthesized. These peptides were mixed with protein digests,
and the heavy and light forms were targeted for analysis using
PRM scanning on a high-resolution Q-Orbitrap mass
spectrometer. In a first attempt, all proteotypic peptides were
targeted in an unfractionated total protein extract prepared in
stacking gel bands. This allowed us to unambiguously detect
perfectly coeluting specific light/heavy transition groups for 24
proteotypic peptides corresponding to 21 of the 36 proteins.
Examples of light/heavy transition group coelution are
presented for protein Q9H693 for its initial peptide (Figure
4B) and for one additional predicted peptide that was detected
thanks to the increased sensitivity of targeted assays (Figure
4C). Subsequently, to attempt to validate more candidates, the
remaining undetected peptides were targeted in the insoluble
proteins fraction after preliminary separation on 1D SDS-
PAGE. Samples were prepared as previously described for the
total proteome analysis (protocol ii). The insoluble fraction was
chosen for these targeted assays as a majority of the one-hit
wonders (18 out of the 36, Supplementary Table 4) were
identified in samples prepared by this protocol. Thus, our
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chances of validating peptides were greater with samples
prepared by this protocol. These final MS experiments
unambiguously validated 27 additional peptides belonging to
20 out of the 36 proteins, not all the same as the previously
validated 21 proteins. Thus, in total, 24 out of the 36 proteins
were validated with additional predicted and specifically
targeted peptides. This successful validation with additional
peptides confirms the utility of highly sensitive targeted assays
compared with nontargeted data-dependent LC—MS/MS
acquisitions and shows that this approach is suitable for
unambiguous validation of missing proteins. All of the results
obtained with targeted LC—PRM assays can be found in
Supplementary Table 4 and Supplementary Figure 1.

Bioanalysis of the Missing Proteins

For all missing proteins identified by MS-based analysis, the
chromosomal location, PE status, predicted number of TMH,
and functional annotation were retrieved from neXtProt (see
Table 2 and Supplementary Table 3 for details). Using a
previously described methoclology,14 we also extensively mined
publicly available transcriptome data, that is, the “Human testis
gene expression program” described by Chalmel and collabo-
rators” to check whether the missing and uncertain proteins
identified in the present study corresponded to genes carrying
the testis signature, related to the onset of human spermato-
genesis, or whether they corresponded to genes expressed only
at the very end of spermiogenesis.

Only 132 of the 235 missing proteins and 3 of the 9
uncertain proteins identified in this study corresponded to
genes referenced in the “Human testis gene expression program”,’
with an increasing expression in seminiferous tubules
containing postmeiotic germ cells (Johnsen score >7). Up to
76 (+2 uncertain) of these proteins corresponded to genes
specifically expressed in the testis (SET), 31 (+ 1 uncertain)
corresponded to genes preferentially expressed in the testis
(PET), and 25 corresponded to genes with intermediate (IE)
or ubiquitous (UE) expression in the testis (Supplemental
Table 3). This information was not used to select candidates for
validation, but it is important to help understand the results of
the immunohistochemistry experiments. Of note is that 26 and
2 proteins corresponding, respectively, to SET and PET genes
are present in the current list of 1057 testis-enriched proteins in
HPA, an update of the initial list from Djureinovic et al.* That
suggests the spermatozoon has great potential for the
identification of additional missing proteins. It also shows
that proteins that are not considered as highly enriched in the
testis might concentrate in germ cells during late spermio-
genesis and become accessible in the spermatozoa. However, it
is also important to note that a significant subset of missing
proteins identified in the present study corresponded to genes
that are testis-specific but do not belong to the “Human testis
gene expression program” as their expression is not enriched in
seminiferous tubules containing postmeiotic germ cells (data
not shown).

To date, up to 111 of the 244 PE2—S5 proteins identified have
been subjected to extensive data and literature mining
(Supplementary Table S). The information gleaned from this
data mining was used to establish priorities for further
antibody-based studies. The first selection criterion was based
on transcriptomics analysis. RNA sequencing results from the
HPA database indicated that 88 of these 111 proteins were
either specifically expressed in testis or were enriched in a small
group of tissues in which testis has one of the two highest
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Figure 5. (A) Antibody staining for orphan proteins CXorfS8 (Q96LI9), C190rf81 (C9J6K1), C170rfl05 (B2RV13), C200rf85 (Q9HIP6),
C100rf53 (Q8N6V4), Cl0orf67 (Q8IY]J2), FAM187B (Q17RSS), and SSMEM1 (Q8WWE3) in adult human testis. Proteins were detected in
transverse testis sections at stages IV to VI of the seminiferous epithelium* using polyclonal antibodies from the HPA specific for CXorf58
(HPA031543) (A), C190rf81 (HPA060238) (B), C170rfl05 (HPA053028) (C), C200rf85 (HPA058271) (D), C10orfS3 (HPA037951) (E),
Cl100rf67 (HPA038131) (F), FAM187B (HPA014687) (G), and SSMEM1 (HPA026877) (H). Nonimmune serum was used as a negative control
(data not shown). In all testis sections, a more or less intense antibody staining signal was visible in germ cells in all stages and for all proteins (A—
H). CXorfS8 immunoreactivity was very strong in the headpiece of late spermatids (A; arrow). C190rf81 presented strong staining in the cytoplasm
of spermatogonia (arrowhead) and of late spermatids (B; arrow). Intense C170rf105 staining was visible in the cytoplasm of late spermatids (C;
arrow). C200rf85 immunoreactivity displayed as an intense granular staining in pachytene spermatocytes (arrowhead) and concentrated with a very
strong signal in the acrosome of elongating spermatids (arrows) (D). C100rf53 immunoreactivity appeared concentrated in the cytoplasm of late
spermatids (E; arrows). A punctiform signal was visible for C10orf67 in the cytoplasm of elongating spermatids (F; arrows). FAM187B
immunoreactivity concentrated in the cytoplasm of elongating spermatids (G; arrows). SSMEMI1 displayed intense staining in pachytene
spermatocytes (arrowhead) and in elongating spermatids (arrows) (H). Scale bars = 20 ym. (B) Antibody staining for CCT8L2 (Q96SF2),
AXDNDI (QST1B0), WDR88 (Q6ZMY6), GOTI1L1 (Q8NHS2), CFAP46 (QS8IYW2), SAMD1S (Q9P1V8), WDR93 (Q6P2C0), and NOXRED1
(Q6NXP6) in adult human testis. Proteins were detected in transverse testis sections at stages IV to VI of the seminiferous epithelium40 using
polyclonal antibodies from the HPA specific for CCT8L2 (HPA039268) (A), AXDNDI1 (HPA071114) (B), WDR88 (HPA041916) (C), GOT1L1
(HPA028778) (D), CFAP46 (HPA038034) (E), SAMDI15 (HPA030673) (F), WDR93 (HPA048112) (G) and NOXRED1 (HPA055658) (H).
Nonimmune serum was used as a negative control (data not shown). In all testis sections, a more or less intense signal for all proteins was visible in
germ cells in all stages (A—H). CCT8L2 staining was clearly cytoplasmic in pachytene spermatocytes (arrowhead) and late spermatids (arrow) (A).
AXDNDI immunoreactivity was intense in the cytoplasm of late spermatids (arrow; B). WDR88 immunoreactivity concentrated with a very strong
signal in the cytoplasm of elongating spermatids (arrow; C). A very strong GOT1L1 immunostaining was observed in the cytoplasm of late
spermatids (D; arrow). CFAP46 immunoreactivity was very strong and ring-shaped in the headpiece of late spermatids (arrow; E). SAMD1S
immunoreactivity was intense in pachytene spermatocytes (arrow; F). A strong immunoreactivity was observed for WDR93 in the cytoplasm of
pachytene spermatocytes (arrowhead) and in the cytoplasm of elongating spermatids (arrow) (G). NOXRED1 immunoreactivity was exclusively
cytoplasmic and the signal increased from premeiotic germ cells to pachytene spermatocytes (arrowhead) and round spermatids (arrows) (H). Scale
bars = 20 um.

expression levels (column C). These proteins were assigned a that were shown either to be specifically expressed in organs
very high score (dark green). The eight proteins that were 543
enriched in a small group of tissues including testis, but for
which expression levels in testis were not among the two
highest ones, were assigned with a lower score (light green). In
contrast, a low (red) priority score was assigned to six proteins score (white).

other than testis or to be undetectable by RNA sequencing.
The remaining proteins are either ubiquitously expressed or

expressed at low levels in testis and were assigned a neutral
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The second selection criterion was based on phylogenetic
profiling. We sought and report (column D) on the presence of
homologues in S. cerevisiae and a number of ciliated organisms
from distant groups. The 18 proteins for which homologues
were present in at least three of the ciliated groups were
assigned with a very high priority score (dark green) because
we hypothesized that they could be involved in ciliogenesis.
The 17 having homologues in one or two of the ciliated groups
but not in yeast were assigned a high priority score (green). In
contrast, a low priority score (red) was assigned to the three
proteins that were found to be conserved in yeast because they
are not expected to play a specific role in ciliogenesis or human
reproduction.

The third selection criterion was based on the phenotypes
observed in knockout mice (column E). The four proteins for
which a deletion led to a reproduction phenotype were assigned
a very high priority score (dark green). The ten proteins whose
deletion had no effect on fertility were assigned a low priority
score (red).

The fourth selection criterion was based on information
retrieved from literature mining (gene expression regulation,
protein interactions, function). This information is summarized
in column F. Proteins for which published information
suggested a putative role in spermatogenesis, ciliogenesis, or
cilia function (85 proteins) were assigned a very high (dark
green, 28 proteins) or high (green, 56 proteins) priority score.
In the course of literature mining, we noticed that up to 76 of
these 111 proteins had already been detected by mass
spectrometry in human testis” or sperm.”**° However,
these identifications have not yet been curated by PeptideAtlas
or neXtProt; thus the existence of these proteins was not
considered validated at the time of writing.

The fifth selection criterion was based on immunohisto-
chemistry data retrieved from the HPA (column G). The nine
proteins that were specifically observed in germ cells or
associated with ciliary or cytoskeletal structures were assigned a
very high priority score (dark green). Twelve other proteins
observed in testis or ciliated cells were assigned a high priority
score (green). Conversely, four proteins that were not seen in
testis but were clearly seen in other tissues were assigned a low
priority score (red).

On the basis of the combination of all these criteria, each of
the 111 PE2—S proteins was assigned a score grading the
potential relevance of the protein in sperm and testis biology as
high/medium/low. Seven entries that were initially classed as of
high/medium interest were down-graded to low interest
proteins because their localization in human sperm cells had
already been published (column H). This left a total of 33 “high
interest” proteins. Among them, we selected the 26 for which a
HPA antibody was available that passed the Protein Arrays
(PA) test with a single peak, corresponding to interaction only
with its own antigen. We selected 12 additional proteins from
among the 42 scored as “medium interest” and one from
among the 36 scored as “low interest” (columns I and J).

Orthogonal Immunohistochemistry Evidence

Immunohistochemical studies were undertaken to provide non-
MS-based evidence of the expression of the 39 missing proteins
selected based on this data mining process. Specific
immunohistochemistry staining in human testes was obtained
for 16 missing proteins using antibodies from the HPA without
need for further technical improvement (see Supplemental
Table 6). Results from these experiments show that all 16
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selected proteins displayed immunoreactive signals at various
intensities in germ cells in all stages of their development
(Figures SAB). No staining above background levels was
visible in interstitial cells or somatic cells in the seminiferous
tubules for any of the antibodies (Figures SA,B). The staining
intensity for missing proteins increased significantly from
premeiotic and meiotic germ cells onward (for C19orf81,
C200rf85, SSMEM1, CCT8L2, WDR88, SAMD15, WDR93,
and NOXRED1) or postmeiotic germ cells onward (for
CXorf58, Cl70rfl05, Cl0o0rf53, ClOorf67, FAM187B,
AXDNDI1, GOTI1L1, and CFAP46). This profile was to be
expected, as all proteins, except ClOorf67, C19orf81, and
WDR93, corresponded to genes in the TGEP, and their
expression was expected to gradually increase in later stages of
sexual maturation® (Supplemental Tables 3 and 6). The
expression levels for genes coding for Cl0orf67, C190rf81,
and WDR93 may be below the threshold required to be part of
the TGEP, even though immunoreactivity was observed in the
germ cell lineage.

All 16 missing proteins whose expression was demonstrated
in situ deserve further study to determine their role in sperm
biology. However, because of their very specific expression
patterns, five of them call for an immediate focus. Indeed, based
on our immunohistochemistry data, staining for CXorfS8,
C200rf85, and CFAP46 was concentrated in late spermatids at
the level of the acrosome under formation, a sperm-specific
organelle essential for fertilization, with CFAP46 and CXorf58
displaying spectacular annular staining. Expression of
FAM187B and AXDNDI displayed a slightly different profile
in the adult testis, with immunoreactivity concentrated in the
cytoplasmic region of elongating and elongated spermatids
undergoing intense remodeling. This staining profile has
previously been shown to be associated with the expression
of proteins playing a role in sperm maturation.

CXorfS8 is an orphan protein with no curated functional
comments in UniProtKB/Swiss-Prot; TargetP and MitoProt
prediction programs predict a mitochondrial localization. Its
expression in sperm cells was confirmed by PRM based on
endogenous peptide “SFFDEAPAFSGGR”, detected only in
the insoluble fraction, and the additional peptide “DIS-
AQIIQR”. The staining pattern observed in our immunohis-
tochemistry experiment suggests that this protein is mainly
located at the lower part of the head and midpiece of
spermatids. This position is in favor of a link to mitochondria.
Interestingly, mitochondria are grouped in the midpiece of
mature spermatozoa, and numerous studies support the
proposal that these organelles are important for sperm function
and fertilization (for a review, see ref 31).

C200rf8S is also an orphan protein. It is expressed in the
epithelium of the airways,” with levels increasing sharply
during mucociliary differentiation. Its expression clusters with
that of genes involved in regulation of cytoskeletal organization
and intracellular transport.33 In the adult testis, C200rf85
immunoreactivity was very strongly concentrated in the
acrosome as it formed in elongating spermatids. The protein
might migrate further down to the midpiece or flagellum in
mature sperm. In yeast two-hybrid experiments, the murine
C2001f8S ortholog (1700021F07Rik) was shown to interact
with CCNB1IP], a putative ubiquitin E3 ligase that is essential
for chiasmata formation and hence fertility.* Together with
these observations, the altered expression of C200rf8S in
asthenozoospermic patients™ suggests a possible role in sperm
movement.
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Finally, CFAP46 is the ortholog of Chlamydomonas FAP46,
which is known to be part of the central apparatus of the cilium
axoneme and to play a role in cilium movement.”” In the adult
testis, immunostaining for CFAP46 was annular in late
spermatids, a pattern that is typical of migration that will
continue further down the midpiece or flagellum. Interestingly,
CFAP46 expression has been shown to be downregulated in
patients with primary ciliary dyskinesia.”® That, together with
our observations, is in favor of a central role in sperm
movement.

FAMI87B is an orphan protein with no curated comments in
UniProtKB/Swiss-Prot, except an indication that it is a
transmembrane protein.”® The very peculiar localization of
the immunohistochemistry staining for this protein, in the
cytoplasmic region of elongating spermatids, suggests that
FAM187B may play a role in cytoplasm displacement and
elimination that take place during spermiogenesis. Interestingly,
FMA187B mRNA expression in sperm has been proposed as a
valuable diagnostic indicator of sperm survival, fertility, and
capacity to promote early embryogenesis.”’

AXDNDI1 is an intracellular protein that is selectively
expressed in the nasopharynx, bronchus, testis and fallopian
tubes, according to HPA immunochemistry data. It is highly
conserved in vertebrates and in the choanoflagellate Salpingoeca
and contains an axonemal dynein light chain domain
(IPRO19347). Interestingly, the outer arm dynein complex is
the main propulsive force generator for ciliary/flagellar beating.
The staining pattern for the protein, positive in the cytoplasmic
region of elongating spermatids undergoing extensive remod-
elling, matches with a possible role for the protein in mobility
of the sperm flagellum.

B CONCLUSIONS

In this study, MS-based analysis of sperm samples detected 235
missing (PE2—4) and 9 uncertain (PES) proteins. Among
these, 206 missing and 4 uncertain proteins were validated with
at least two or more distinct peptide sequences with >9 amino
acids that mapped only to a single protein entry, even when
possible variants were considered. In line with version 2.0 of the
HPP Data Interpretation Guidelines, these 210 proteins can
therefore be considered as validated. Twenty-four of these
proteins were confirmed by LC—PRM assays and 16 by IHC
on human testis sections. IHC studies allowed us not only to
confirm the existence of the proteins in sperm but also to
hypothesize a biological role for some of them (ie., CXorfS8,
C200rf85, CEAP46, FAM187B, and AXDNDI1). The combi-
nation of LC—PRM and IHC was clearly instrumental in
validating two “one-hit wonders”: CXorf58 and C190rf81.

The importance of considering possible variants was
illustrated by the cases of eight proteins, including three PES,
identified with peptides that lost their proteotypicity when
possible variants were considered. These eight proteins
therefore cannot be considered validated with our data.

The remaining 26 proteins were detected with only one
unique peptide >9 amino acids. Six of these peptides were
confirmed by LC—PRM, and for three others, manual
inspection unanimously indicated high-quality LC—MS spectra.
Thus, these nine identifications are reported here with
confidence. However, the current HPP guidelines require
MS-based validation of additional peptides for these proteins or
antibody detection to definitively validate their existence. The
17 other peptides passed the FDR criterion, but visual
examination of their spectra indicated insufficient quality to
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warrant further study. Hence, the identification of these 17
proteins can only be considered dubious.

The Swiss—French collaborative project investigating the
human sperm proteome in the context of the C-HPP started 3
years ago. In our previous article,"* we reported the detection of
94 PE2—S proteins in sperm using an LTQ-Orbitrap XL mass
spectrometer, with at least one peptide of 9 aa. This data set
was submitted to proteomeXchange, reanalyzed by PeptideAt-
las, combined with other data sets, and used by neXtProt to
validate protein existence based on the stringent guidelines
established in 2016. Finally, 54 of these 94 proteins, including 3
PES, were validated and are now annotated PEl. It is
remarkable that all 94 of these proteins were identified in the
present study. Except for TMEM239 (Q8WW34), detected
with a single 24 amino acid peptide, all proteins were detected
with at least two peptides and often many more (Supple-
mentary Table 7). The coverage of each protein was
considerably improved by the use of cutting edge instruments
(i.e, Q-Exactive; Thermo Scientific) and sample fractionation.

We are confident that the present data can be used to
validate the existence of 210 missing or uncertain proteins and
are looking forward to integration of these validations in
neXtProt once they have been reanalyzed by PeptideAtlas and
combined with data from the other C-HPP teams interested in
the testis or sperm proteome. In the meantime, the
investigation of the human sperm proteome continues in our
laboratories together with extensive data mining on the
remaining set of missing proteins presented in this study.
The information gleaned will help to extend our knowledge on
the potential roles of these proteins in sperm function or
maturation. Indeed, some of the proteins identified here may
present a high clinical potential, and could also benefit the
Biology and Disease driven HPP (B/D-HPP) that aims to
explore the impact of proteomic technologies applied to a
focused area of life science and health.*®

B ASSOCIATED CONTENT
© Supporting Information

The Supporting Information is available free of charge on the
ACS Publications website at DOI: 10.1021/acs.jproteo-
me.6b00400.

Shotgun LC—MS/MS analyses. 2. LC—MS/MS analysis
of labeled synthetic peptides and comparison of
fragmentation spectra. 3. How targeted LC—PRM assays
were developed (details). (PDF)

Supplementary Figure 1: MS/MS spectra for the 36
endogenous peptides and their synthetic reference
counterparts combined with LC—PRM results for the
36 peptides, additional predicted proteotypic peptides,
and their labeled synthetic counterparts. (PDF)
Supplementary Table 1: PSM-, peptide-, and protein-
level FDR values along with the total number of expected
true- and false-positives at each level for each sperm
proteome data set and the combined data set (tab 1: total
cell lysate followed by a 1D SDS-PAGE separation of
proteins (23 gel slices), tab 2: total cell lysate, in-gel
digestion of proteins, and total peptide analysis by
nanoLC with long gradient runs, tab 3: total cell lysate,
in-gel digestion of proteins, and peptide fractionation by
high-pH reversed-phase (HpH-RP) chromatography;
tabs 4 and S: fractionation of proteins into Triton X-
100-soluble and -insoluble fractions, followed by 1D

DOI: 10.1021/acs.jproteome.6b00400
J. Proteome Res. 2016, 15, 3998—4019



Journal of Proteome Research

SDS-PAGE separation of proteins (20 gel slices per
fraction); tab 6: combined data set corresponding to the
combination of results for the five proteome data sets).
(XLSX)

Supplementary Table 2: List of proteins identified and
validated with a protein-level 1% FDR for each fraction
(detailed information): tab 1: total cell lysate followed by
a 1D SDS-PAGE separation of proteins (23 gel slices),
tab 2: total cell lysate, in-gel digestion of proteins, and
total peptide analysis by nanoLC with long gradient runs,
tab 3: total cell lysate, in-gel digestion of proteins, and
peptide fractionation by high-pH reversed-phase (HpH-
RP) chromatography; tabs 4 and S: fractionation of
proteins into Triton X-100-soluble and -insoluble
fractions, followed by 1D SDS-PAGE separation of
proteins (20 gel slices per fraction). (XLSX)
Supplementary Table 3: Missing (PE2—4) and uncertain
(PES) proteins detected in the sperm proteome: detailed
information. Accession numbers, entry description,
molecular weight (MW), protein length (length) number
of transmembrane domains (No. TMH), subcellular
location, and function (CC field) were retrieved from
UniprotKB; gene names and chromosome location are as
referenced in neXtProt. Coverage (protein coverage in
%) and number of unique peptides mapping to missing
proteins, proteins seen (yes)/not seen (not) in each of
the five MS/MS data sets acquired in this study are
reported. The expression annotations of the Human
testis gene expression program (TGEP®) were also
reported when available (SET: proteins produced by
genes specifically expressed in the testis; PET: proteins
produced by genes preferentially expressed in the testis;
IE: proteins produced by genes with intermediate
expression in the testis; UE: proteins produced by
genes with ubiquitous expression in the testis). The
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