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Abstract

Shotgun proteomics is a method widely used to identify proteins present in biological
samples. This is essential to understand how cells work, the mechanisms of certain
diseases, etc. During shotgun proteomics experiments, a large number of spectra
are generated. Their analysis, typically using database search, identifies many
proteins present in the samples. However, a large proportion of these spectra remain
unidentified. Previous works have shown that clustering the spectra can help to
identify new proteins. However, the increasing amount of data requires efficient
clustering algorithms. This work focuses on Falcon, a clustering software recently
released. First, we analyze its algorithms, and we study its scalability. Then, we
use it to cluster a large dataset, and we examine whether useful information can
be extracted from the clusters. Finally, we discuss several areas of improvement for
Falcon.
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Notation

Description

Order of magnitude

S The input space of spectra |S| = 20 * 10°

s={P, P, ...} | A spectrum -

P, = (m/z,I;) | A peak of intensity I at position m/z -

X The space of vectors corresponding to | X| =S|
spectra

v(s) : S — X% | The vectorization function d ~ 30000

X A vector belonging to X -

x; The component ¢ of vector x -

¢(x) : X — X’ | The dimensionality reduction function -

X’ The space of spectra of reduced dimen- | X' = |95]
sion

x’ A vector of reduced dimension, x' = -
o(x)

d'(x) The number of components of x’ d" =800

h(j) The non-cryptographic function used -
for the dimensionality reduction

p-(s) The precursor charge for spectrum s p. € {1,2..7}

Py () The precursor m/z ratio for spectrum Pm/> € [200,1500]
s

Pm($) The precursor mass for spectrum s P = Dz * P/

B,y =D A bucket containing the spectra | B| = 20000
{s € Sp:(s) = 2, pm(s) € [a, b}

B A set of buckets -

n The number of spectra (all charges) n = 20 * 10°

n, The number of spectra s s.t. p,(s) = z Na—o ~ 10 x 10°

ng The number of spectra in a bucket B 1 <ng < 25000

tol?™ The tolerance for the mass constraint 0.02 Da

dist(x1,X2) A distance function -

0(x1,X2) The angle separating x; and x5 6 € [0,180°]

distg(x1, X2) The cosine distance (= 1 — disty € [0, 2]
cos(0(x1,%2)))

Dr=xn= The distance matrix for spectra of -
charge z

k The number of centroids used by k- -
means

C A set of clusters of spectra -

C; The cluster i, C; € C -

h(C) The homogeneity metric 0,1]

c(C) The completeness metric ce 0,1

Table 1: Common notations used in this document.




Chapter 1

Introduction

This work aims at clustering data obtained during shotgun proteomics experiments.
By detecting similar elements in a dataset (which is the goal of clustering), valuable
results can be produced. In this chapter, we first introduce the utility of shotgun
proteomics. Then, we present a survey of previous works aiming at clustering mass
spectrometry data. Finally, we present the objectives pursued in this work.

1.1 Proteomics

Proteomics is the science that studies proteins, large molecules that are essential for
the cells. Proteins participate in the metabolism; they ensure the tissues structure,
are involved in the immune system, etc. In the human organism, the nucleus of each
cell contains several DNA molecules carrying the entire genome, which contains the
information to produce all the proteins needed by the cells. In practice, a cell only
needs a subset of these proteins, among others depending on its type: a nerve cell
will not express the same set of proteins as an endothelial cell.

1.1.1 Proteomics vs Genomics

The complete sequence of the human genome is known since the early 2000s,
thanks to the efforts of the Human Proteome Project [1]. It consists of a 2.91-billion
base pairs consensus sequence of the DNA contained in the human cells (each cell
contains the entire genome). The knowledge of the human genome allowed the
scientists to intensively study and map the genes (subsequences of the genome).

The knowledge of the human genome is of paramount importance for biologists
because the DNA contains the information needed to synthesize all the proteins
that could potentially be expressed. However, not all the protein-coding genes are
expressed at the same time, in the same cells, even though all the cells contain the
whole genome. The proteome of a cell is the set of proteins expressed by the cell at
a given time. Contrary to the genome, the proteome is dynamic and can vary from
one cell to another, depending notably on the tissue.

Moreover, only studying the genome would be very simplistic because several
protein isoforms (variants) can be produced from most genes, by mechanisms
including alternative splicing (different messenger RNA’s can be produced from the



same gene) and posttranslational modifications (PTMs) of the protein. The human
genome contains around 20 000 genes, but many more proteins can be produced
(there is currently no precise estimation of the human proteome size, which could be
comprised between several tens of thousand and several billion of protein isoforms

2]).

1.1.2 Shotgun Proteomics

A shotgun proteomics experiment is one of the methods widely used to study the
proteome (see Figure 1.1). It aims at identifying and quantifying the proteins present
in a cell lysate, which is a solution containing the proteins of interest, obtained by
lysing the cell membranes. The cell lysate, which can contain thousands of proteins,
undergoes several stages [3]. First, a particular protein is used to digest (cut) the
proteins present in the mixture in several smaller fragments, referred to as peptides.
Secondly, the mixture is processed in a chromatography column, which separates the
peptides according to the charge. Thirdly, the peptides are ionized before entering in
a mass spectrometer, which will select some of these ionized peptides, based on their
ratio mass over charge (m/z), to access to the second round of selection that will
generate a spectrum corresponding to the peptide [4]. The ionized peptide from
which the spectrum is generated is called the precursor.

Spectra

At the end of the experiment, the researcher gets the spectra and the associated
metadata such as the m/z ratio of the precursor (p,,/.) and its charge (p.), the
retention time (the time needed by the peptide to pass through the chromatography
column), etc. A spectrum consists in a set of pairs (m/z, I), called the peaks (an
example is shown in Figure 1.2). The m/z value defines the peak position, and I is
the peak intensity (visually, the peak height). The distance separating the peaks
(their difference of m/z) identifies the amino acids® and thus the peptide sequence.
In other words, a spectrum is a fingerprint of a peptide.

When enough peptides generated from the same protein are identified, it is
usually possible to identify the corresponding protein. However, when identifying
several peptides fails, a protein can remain unidentified, which can be problematic
for understanding many biological processes.

Identification

Researchers use two main methods to identify a peptide sequence based on its
spectrum [3]. On the one hand, de novo sequencing aims at "manually” retrieving
the amino acid masses based on the distance of successive peaks. On the other
hand, the database search is a more automated way that retrieves the sequence
by matching the spectrum to the theoretical spectra of known sequences (i.e., the
software predicts what the spectrum of a given sequence will look like).

!The amino acids are the building blocks of peptides and proteins.
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Figure 1.1: Each human cell contains the same genome (carried by DNA molecules).
In each cell, a subset of the genome is transcripted in messenger RNA, which is
translated into proteins. This subset varies depending notably on the cell type.
Proteomics aims at studying which proteins are expressed in the cells. During
shotgun proteomics experiments, the proteins are extracted from the cells, digested,
and processed by a mass spectrometer which generates spectra. Query engines can
identify, based on the spectra, the amino acid sequences of many peptides and the
corresponding proteins. The values indicated in the lower rectangle are associated to
the Draft of the Human Proteome, the dataset presented in Chapter 2: it contains
25M spectra. Performing a database search on these spectra made possible to
identify around 1M peptides variants (including peptides with posttranslational
modifications), originating from 18 000 human proteins.




Visual representation of a spectrum
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Figure 1.2: Visual representation of the peaks (m/z,I) of a spectrum s. The
metadata associated with this spectrum includes the precursor charge p.(s) = 42,
and the precursor m/z (pm/.(s) = 626.7679). The query engine identified the peptide
sequence corresponding to this spectrum as "'VDGETASDSESR’, where each letter
corresponds to one of the 20 amino acids (V = valine, D = aspartic acid, etc.).

Limitations

Ideally, each spectrum would correspond to a peptide, and it would be possible to
identify its sequence (label) without ambiguity. In practice, this is not the case. A
large proportion of spectra (typically 75% according to Griss et al. [5]) cannot be
identified with high confidence when analyzing spectra using database search. Some
of these spectra are of poor quality, making it difficult to distinguish the signal peaks
from the noise [6]. Others are high-quality spectra corresponding to peptides having
PTMs (Post Translational Modifications) or amino acids variants not contained in
the database used for the search [7].

PostTranslational Modifications

PTMs are changes made to the proteins after they were synthesized. They can alter
the protein function (e.g., activate/deactivate a protein and the downstream signaling
cascades). PTMs can be detected by mass-spectrometry, because the spectrum of
a peptide is modified depending on the modifications the peptide undergoes (i.e.,
the spectrum acquired from the peptide with a particular PTM is not the same as
the spectrum acquired from the same peptide without the PTM). However, when
using database search to identify spectra, it is impracticable to search for all the
existing types of PTMs (e.g., phosphorylation, acetylation) on a large spectra dataset:
given that a peptide could have several PTMs, and a theoretical spectrum has to be
generated during the search for each combination, the search space would increase
exponentially in the number of accounted PTMs. Thus, researchers usually only
specify the PTMs they expect to find in their samples.
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1.2 Motivation for Clustering

Since 2000, a dozen studies (see next section) have focused on the clustering of
data obtained from tandem mass spectrometry. These studies have shown several
purposes for clustering, including:

1. Speeding up the database search for identification: when several spectra are
identical, only one of them needs to be submitted for identification;

2. Increasing the number of identified peptides and proteins.

o In some cases, it is possible to combine several low-quality spectra in one
spectrum with an improved signal-to-noise ratio, which can lead to the
identification of the spectrum;

 Clusters containing very similar spectra (see Figure 1.3) tend to indicate
that the spectra correspond to the same peptide. In some cases, no
spectrum in the cluster could be identified with the "basic' database
search, but applying more advanced methods makes it possible to identify
the spectrum sequences.

3. Controlling the quality of identifications. The determination of the sequence is
based on a confidence level and can be wrong in some cases. Very similar spectra
should logically be associated to the same sequence, since the identification is
supposed to be deterministic.

The next section focuses on previous work related to the clustering of tandem
mass spectrometry data.

Mirror plot of two spectra

100% -

50% A
0% - ¥ [ 0
50% A

100% -

Intensity

T T T T T T
0 100 200 300 400 500 600 700
m/z

Figure 1.3: Mirror plot of two very similar spectra: they share most of their peaks and

the peak intensities tend to be proportional. These spectra are likely to correspond
to peptides having the same sequence.
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1.3 A survey

Since 2003, many different clustering software and algorithms have been released.
Most of them are briefly presented in this section, as well as interesting results
obtained by the authors when applying them on proteomics datasets of spectra.

1.3.1 NoDupe

In 2003, Tabb et al. [8] observe that "duplicated" spectra are acquired during
proteomic experiments, even though the control software of the spectrometers is
programmed to avoid capturing several times the same peptide. Given that the time
needed to identify a peptide is a bottleneck during the processing of the acquired
spectra, they want to remove duplicated spectra to save time.

To measure the similarity between two spectra, they use the cosine similarity,
which measures the proportionality of the spectra: the spectra are represented as
vectors in a space with as many dimensions as m/z values corresponding to peaks
in the two spectra. The component for each dimension corresponds to the peak
intensity I. Two spectra are very similar if the angle formed by the corresponding
vectors is small, and vice-versa. For each spectrum, they count how many other
spectra are similar, and they remove the "duplicated spectra’.

Tabb et al. conclude that up to 28% of the spectra are duplicated (highly similar
to at least one other spectrum). By removing the duplicated spectra, they can speed
up the identification process (fewer spectra have to be submitted to the query engine)
but at the cost of losing some peptide identifications (around 4%). For further work,
they propose to combine the spectra of the same cluster to improve the accuracy of
the identification of the peptides.

1.3.2 Pep-Miner

In 2004, Beer et al. [9] propose a slightly different approach. As in the previous
study, they use the cosine similarity to assess the similarity between two spectra, but
their approach differs in two ways. First, they use a more sophisticated clustering
algorithm, designed by Ben-Dor et al. [10], which represents the clustered data as a
graph to identify the cliques and form the clusters. Secondly, they do not simply
remove the duplicated spectra. Instead, they build a consensus spectrum based
on all the spectra belonging to a cluster by summing and averaging them.

Beer et al. concluded that clustering could improve the identification of the
peptides. By building a consensus spectrum from spectra belonging to the same
cluster, the signal-to-noise ratio can be improved, and the score (related to the
statistical significance) of the identification can be increased.

1.3.3 MS2Grouper

In 2005, Tabb et al. [11] use the same approach as in the Pep-Miner algorithm:
they use the cosine similarity and build a consensus spectrum for each cluster. The
main difference in their approach is that they use a different clustering algorithm:
they build a graph where the vertices represent spectra, and the edges represent a
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high similarity. Using the Bron-Kerbosch algorithm [12], they identify the maximal
cliques of the graph, which are used to form the clusters. Finally, the clusters are
extended by adding the highly similar spectra to all but one spectrum belonging to
a cluster.

By replacing the spectra belonging to the same cluster by a consensus spectrum,
they reduce by up to 20% the number of identifications to perform. The total number
of peptides identified is lower when MS2Grouper is used (compared to individual
identification of each spectrum), but some peptides are only identified when the
clustering is performed.

1.3.4 PepMerger

In 2007, Flikka et al. [13] release a software able to cluster spectra. It proposes
several similarity measures, clustering options, etc. When testing their software
on experimental data, their results show that more peptides are identified without
clustering, but as in the previous algorithm (MS2Grouper), many peptides are only
identified when the clustering is performed to build a consensus spectrum for each
cluster.

1.3.5 MS-Clustering

In 2008, another software is released by Frank et al. [14]. The cosine similarity is used
to measure the likeness of two spectra, and an incremental hierarchical algorithm
clusters the spectra. Some heuristics are used to reduce the number of comparisons
to perform: for example, two spectra are compared only if they share at least one of
their five strongest peaks, which avoids around 95% of the spectra comparisons.

Frank et al. conclude that the benefit of their algorithm for peptide identification
depends on the size of the dataset. For large datasets (> 10 million spectra), the
clustering can lead to a tenfold reduction of the number of spectra to submit to the
query engine for identification, and it tends to improve the number of peptides and
proteins identification. For smaller datasets, clustering can lead to the loss of some
peptides identifications.

1.3.6 CAMS-RS

In 2012, Saeed et al. [15] [16] propose a clustering algorithm using a novel similarity
metric. Based on the fact that spectra generated from the same peptide tend to
have peaks at the same m/z values, they decompose each spectrum into sets of
consecutive peaks. Then, they compare all the subsets from the first spectrum to
all the subsets of the second spectrum. The scoring function is increased each time
the peaks of the two subsets being compared are at the same position (the same
m/z). In short, instead of simultaneously comparing all the peaks of the two spectra,
CAMS-RS compares subsets of the two spectra.

13



1.3.7 PRIDE Cluster

In 2013, Griss et al. [17] use a clustering algorithm based on MS-Clustering [14] to
cluster the large amount of spectra (several tens of million) available in the PRIDE
Archive [18]. They create a new resource publicly available, PRIDE Cluster?, that
contains the result of the clustering.

1.3.8 MaRaCluster

In 2016, The et al. [19] develop MaRaCluster, a new clustering software using a
fragment rarity metric to assess the similarity of the spectra. First, the background
distribution is calculated, i.e., the probability of having a peak at a given m/z value in
a spectrum. The similarity is evaluated based on the fact that spectra sharing peaks
at an m/z value with low frequency are likely to correspond to the same peptide.
Hierarchical clustering with complete linkage is used to group similar spectra.

1.3.9 Locality Sensitive Hashing

In 2006, Dutta et al. [20] propose to apply the principle of the LSH, Locality Sensitive
Hashing, to speed up the MS/MS database search. The idea is to compute a hash
of the spectra to compare. In theory, similar spectra should have the same hash.
Therefore, all spectra having different hashes do not need to be compared, which
results in better performances. They propose to use the LSH for clustering.

In 2018, Wang et al. [21] develop msCRUSH, a clustering algorithm using the
LSH to reduce the number of comparisons between spectra. They conclude that
using their algorithm results in a 10-fold decrease of the time needed to perform the
clustering, compared to the PRIDE cluster algorithm [17]. Moreover, they notice
that the number of peptide identifications is increased by a few percent (1% to 3%).

1.3.10 Spectra-cluster

The PRIDE Cluster algorithm [17] briefly presented earlier was used in 2013 by Griss
et al. to cluster all the spectra available in the PRIDE Archive and make the result
available in a new resource, PRIDE Cluster. Because new spectra are added to the
PRIDE Archive continuously, the clustering must be redone periodically to keep the
resource up-to-date.

Faced with the fact that the amount of data tends to grow exponentially, Griss
et al. decide to design an improved version of the PRIDE Cluster algorithm, which
can be executed on a cluster of computers (to decrease the time needed for the
clustering). In 2016, Griss et al. use their improved version of PRIDE Cluster, called
Spectra-cluster, to cluster all the spectra present in the PRIDE Archive (256 million
of spectra at the moment of the study) [5] [22]. Around 75% of these spectra are
unidentified. This very large quantity of spectra was clustered in parallel on a cluster
of computers..

The new Spectra-cluster algorithm of Griss et al. has two main differences
compared to its ancestor. First, the distance between spectra is not anymore

’https://www.ebi.ac.uk/pride/cluster/
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computed with the cosine similarity. Instead, a probabilistic scoring function evaluates
the chances that the number of matched peaks in the two spectra occurs randomly.
Secondly, the algorithm is adapted for the MapReduce programming model, which
is well suited for cloud computing: the clustering of the PRIDE Archive spectra
described in the paper [5] is performed on a cluster of 30 nodes with the Apache
Hadoop framework.

The motivations of Griss et al. for the clustering are the following:

o Identify wrongly annotated spectra. When a cluster contains spectra with
different identifications, some are wrongly clustered or wrongly annotated.

e Infer the annotation of an unidentified spectrum from the other members of
the cluster.

o Analyze clusters containing only unidentified spectra.

By paying particular attention to the unidentified clusters, the authors identified
20% of the spectra belonging to unidentified clusters. To achieve that, they use
several methods: de novo identification, open modification searches®, etc. Applying
these methods to the entire set of spectra would have been too costly and would have
resulted in many false positives. However, by isolating some consistent unidentified
clusters, it becomes possible to make further analysis.

1.4 Discussion

All the works presented in the previous section have shown benefits to cluster data
obtained during shotgun proteomics experiments, either by reducing the time required
for the identification, by identifying new peptides thanks to consensus spectra or by
making possible to perform further analysis on clusters of interest. Unfortunately,
little attention has been paid to the analysis of the clustering algorithms (e.g., their
time complexity).

The ever-increasing amount of data requires the development of high-performance
algorithms with good time complexities. At the same time, it remains obviously
essential to produce a quality clustering, which tends to group the spectra corre-
sponding to the same peptides in the same clusters (otherwise, clustering would not
make it possible to obtain useful results).

1.5 Objectives

In this work, we analyze FALCON [23], a clustering software whose authors claim
it presents good scalability, better time performance than many of its predecessors
while producing larger (but very pure) clusters.

In Chapter 2, we present the dataset we aim to cluster, the Draft of the Human
Proteome. We see that its large size justifies the need to use efficient algorithms. In
Chapter 3, we analyze the algorithms used in FALCON. This allows us to determine

3A database search with parameters such that PTMs can be detected.
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its time complexity. In Chapter 4, we apply FALCON to the Draft of the Human
Proteome dataset, and we analyze the results. In particular, we can identify the
peptide sequences corresponding to clusters containing previously unidentified spectra.
Finally, in Chapter 5, we explore several areas of improvement for FALCON.
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Chapter 2

Data set

This works aims at clustering a dataset obtained during a large-scale shotgun
proteomics experiment. In this chapter, we briefly present this dataset, the Draft of
the Human Proteome!. The large size of the Draft of the Human Proteome notably
justifies the use of an efficient clustering algorithm, which is presented in Chapter 3.

2.1 The Draft of the Human Proteome

In 2014, a "draft" of the human proteome obtained by two research groups is
published [24] [25]: they took samples from several individuals, and they used mass
spectrometry (according to the method briefly described in the introduction) to
acquire the spectra. As shown in Table 2.1, the samples were taken either from
adults or fetuses. Except for samples from blood tissue, all samples were taken
during an autopsy on several individuals. Many tissues are represented (17 adult
tissues and 7 fetal tissues, shown in Table 2.1): the esophagus, retina, heart, etc.
Moreover, 6 samples are composed of primary hematopoietic cells (monocytes, B
cells...) obtained by routine plateletpheresis (extracted from the blood of several
individuals). All donors were presumed healthy (they had no known disease), and
the solid tissues were histologically normal. By covering a wide range of human
tissues, Kim et al. and Whilhelm et al. drew a (non-exhaustive) map of the human
proteome: by submitting the spectra they acquired to query engines, it becomes
possible to identify more than 440 000 peptides, which can be remapped to more
than 18 000 proteins expressed in human cells.

2.2 The spectra

Kim et al. [24] released the spectra and their metadata openly, including the
identifications (the "labels", corresponding to the peptide sequence associated with a
spectrum in the case it could be determined).

IThis is the same dataset used by the Bittremieux et al. [23] to benchmark their clustering tool,
which is presented in Chapter 3. We also used the same identification data (i.e., the spectra labels).

17



2.2.1 Metadata

The data set contains nearly 25 million spectra. Each spectrum is associated with
the following metadata: the precursor charge p., the precursor m/z py,,., the label
(or NA if the peptide sequence could not be identified with high confidence), the
mass spectrometer used to acquire the spectra, and the sample it comes from. All
the spectra from the same sample share common metadata:

» The tissue the sample comes from (e.g., liver, heart);

o The stage of the development of the individual the sample comes from (adult
or fetal).

2.2.2 Precursor charge

Figure 2.1 shows the distribution of precursor charges among the spectra. The
majority of the spectra have a precursor charge equal to 2. The precursor charge
comprises between 1 and 15, but the number of spectra for precursor charges larger
than 7 tends to be low (less than 10 000 spectra per charge) and cannot be observed
in the figure.

1e7 Number of spectra for each precursor charge

B Unlabelled
Labelled

Number of spectra
o o o = = =
£ o fe0] o N S
L L L L

o
N]

6 8 10 12 14 16
Precursor charge

Figure 2.1: The number of spectra per precursor charge is not distributed uniformly:.
A label is available for less than half of the spectra.

2.2.3 Labels

We used the identification data from the MassIVE reanalysis (RMSV000000091.3)
of the Draft of the Human Proteome. This reanalysis was performed with the
MS-GF+ query engine [26]. In Figure 2.1, it can be observed that less than half
of the spectra have labels. These labels, also called sequences or identifications,
correspond to the peptide sequence in amino acids. For example, a peptide with
sequence DMYQIMDEIK would consist of the following amino acids: aspartic acide
(D), methionine (M), tyrosine (Y), etc. Ideally, submitting a spectrum to a search
engine allows the sequence of the associated peptide to be identified (the sequence

18



is the label of the spectrum). When a spectrum is submitted to the query engine,
it is compared to the theoretical spectrum generated from a list of known peptide
sequences. When the similarity between the submitted spectrum and a theoretical
spectrum is sufficient, it is a "match", and the peptide sequence used to generate the
theoretical spectrum is returned: this sequence is the spectrum label.

To get reliable identifications, the authors performed the identification against a
decoy database generated from random permutations of the known peptide sequences
(a widely used method to ensure identification reliability). The permuted sequences
do not correspond to any existing peptide while retaining the characteristics of a
typical human peptide sequence. Thus, identifying a spectrum against the decoy
database should not result in a match (otherwise, it is a false positive). In practice,
it is impossible to avoid all the false positives. Still, it is possible to bound their
number: the identification is made with respect to a FDR (False Discovery Rate) of
1%. Tt means that at most 1% of the spectra identified against the decoy database
will result in a match. This FDR ensures reliable identifications but does not exclude
the possibility to get a controlled proportion of false-positive hits?.

2.2.4 Precursor m/z

For each precursor charge, it is also interesting to look at the distribution of the
precursor m/z’s (Figure 2.2), since it will determine the time complexity of the
clustering algorithm presented in the next chapter. Each bin of the histogram covers
a 1 m/z interval. For precursor charges equal to 2, 3, and 4, the precursor m/z’s
tend to follow a distribution with a "maximum" approximately between 500 and
750 m/z. For the other charges, the number of spectra is insufficient to observe the
precursor m/z’s distribution clearly. However, it should be noted that the number of
spectra can vary a lot from one bin to another, as is the case for precursor charge 6.

2False positive hits must be avoided as much as possible since they lead the researcher to think
a peptide is present in the sample when it is not.
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Distribution of the spectra precursor mz for each charge
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Figure 2.2: The precursor m/z’s are not uniformly distributed for each charge.
Note that the y-axis is not common to all the subplots, it had to be adapted for
each precursor charge subplot because the number of spectra can vary significantly
depending on the precursor charge.
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Stade of

develop- | Type of tissue | Tissue/cells | # sp./tot | % sp. labelled

ment

Beells 3.98 % 36.30 %

CD4™ T cells 2.82 % 48.08 %

Blood CD8* T cells 4.26 % 49.19 %

Monocytes 2.65 % 45.33 %

NK cells 4.73 % 33.18 %

Platelets 3.41 % 38.07 %

Adrenal gland 2.58 % 47.88 %

Colon 2.82 % 41.76 %

Esophagus 2.73 % 30.53 %

Frontal cortex 4.56 % 39.43 %

Gallbladder 3.10 % 38.59 %

Adult Heart 5.72 % 34.07 %

Kidney 2.81 % 41.53 %

Liver 4.37 % 38.72 %

Lung 2.79 % 38.79 %

Ovary 2.86 % 55.46 %

Pancreas 2.05 % 45.88 %

Solid tissue Prostate 3.28 % 38.07 %

Rectum 2.74 % 43.89 %

Retina 3.54 % 47.55 %

Spinal cord 2.91 % 41.14 %

Testis 2.76 % 54.57 %

Urinary bladder | 4.72 % 37.97 %

Brain 2.31 % 42.04 %

Gut 4.42 % 33.32 %

Heart 4.44 % 52.25 %

Fetal Liver 3.95 % 46.32 %

Ovary 2.56 % 55.31 %

Placenta 1.95 % 36.31 %

Testis 2.19 % 45.38 %

Table 2.1: Many different samples from different tissues were used to generate the
draft of the human proteome. The fourth column indicates the proportion of spectra
acquired with the tissue/cells (for the total number of spectra, 25 M), and the last
column indicates the proportion of spectra that could be identified (they have a

label).
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Chapter 3

Falcon : Algorithmic description

Clustering large datasets requires efficient algorithms. FALCON is a recently released
software that uses advanced algorithmic solutions to cluster in reasonable time
large datasets of spectra acquired by tandem mass spectrometry (MS/MS). It was
developped by Bittremieux et al. [23]. To be efficient, it uses dimensionality reduction,
fast nearest neighbors searching, and takes advantage of the background knowledge
available about the use of the MS/MS for peptides identification (several constraints
presented below can be used to decrease the search space). The central clustering
algorithm used by FALCON is DBSCAN.

This chapter is structured as follows. In Section 3.1, we explain the constraints
used in FALCON. In Section 3.2, we describe the different algorithms used by FALCON,
with their pseudocodes. The actual Python implementation (which libraries are used)
of FALCON is shortly presented in Section 3.3. The time complexity of FALCON is
analyzed in Section 3.4. The reasons why this algorithm seems to be a good choice
for our dataset are detailed in Section 3.5.

3.1 Problem statement and constraints

The authors of FALCON have designed it to solve a constrained clustering problem
with two constraints:

1. Spectra with precursors of different charges should not be compared: if the
same peptide is ionized and captured with different (precursor) charges, the
peaks will not be at the same positions. Thus, it makes sense only to compare
spectra having the same precursor charge. This constraint is the precursor
charge constraint : if p,(s1) # p.(s2), s1 and se cannot be in the same
cluster.

2. Two spectra are likely to correspond to the same peptide only if their precursors
have a very similar mass. Thus, we want to avoid grouping spectra having
dissimilar precursor masses in the same clusters. This constraint is referred
to as the precursor mass constraint. Two spectra s; and sy respect the
precursor mass constraint iff

|Pm (1) — Pm(s2)| < tolP™
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When constraint 1 is respected, which is always the case in FALCON, then the
precursor mass constraint can also be expressed with the spectra precursor
m/z because

Pm(8) = P=(5) * Pmy=(5)

so the precursor mass and the precursor m/z of the spectra are proportional
when the precursor charge is the same.

Potential neighbors When two spectra respect these two constraints, they are
said to be potential neighbors. It is necessary to compute the distance separating
them and compare it to the € threshold used in DBSCAN to determine whether
they are neighbors or not. By opposition, two spectra that violate at least one
of these constraints will not be considered as potential neighbors. In the distance
matrix, the distance separating spectra violating the constraint is deemed to be maxi-
mal (= 1 with the cosine distance used by FALCON) during the clustering by DBSCAN.

Also, note that constrained clustering is often referred to as "semi-supervised
clustering" [27].

3.2 Algorithm

In this section, we describe the FALCON algorithm. We ignore the implementation
(i.e., the external libraries used) to focus on the algorithms themselves.

3.2.1 Overview of the whole algorithm

Pseudocode 1 contains the main steps of FALCON. To keep it concise, it does not
contain a detailed description of all the algorithms used, which are available in the
following subsections.

In this pseudocode, we can see that FALCON makes sure that buckets only contain
spectra with precursor masses in the same interval. This is explained in the next
subsection.

3.2.2 Buckets creation

As it is illustrated in Pseudocode 2, the input spectra are assigned to several buckets.
Each bucket B, 45 contains spectra having the same precursor charge z, whose
precursor masses (and thus m/z)! belong to the same interval [a, b[>. By processing
the buckets separately, we will always respect the precursor charge constraint. By
grouping the spectra having precursor masses in the same mass interval, most of the

pairs of spectra respecting the precursor mass constraint will be put in the same
bucket if

1pm(5) = pm/z(s) * pz(s)
2By default, each bucket covers an interval of size 1 m/z (remember that the m/z is proportional
to the mass).
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Pseudocode 1 Main steps of FALCON. The highlighted lines represent the generic
steps of the clustering, that could be used for a different clustering application.

Input: S, a set of spectra

Input: k(ng), the functions used to determine the number of partitions used in a
bucket of size ng

Input: m, the number of partitions to explore during the ANN (approximate nearest
neighbors) search

Input: w,y, the number of ANN to find for each spectrum > Ignoring the p,,
constraint

Input: w, the number of ANN respecting the constraint to store in the distance
matrix

Input: ¢, the radius used by DBSCAN.
Input: ming, the density threshold used by DBSCAN.

1: B < A set of buckets B, |4 > A bucket is a set of spectra
2: for all spectra s € S do

3: s <— Process s

4: Assign s to a bucket from B based on its metadata (p. and py,,.)

5: end for

6: for all precursor charges p, do

7 B. < The set of buckets B, |44 of charge z = p,

8: D < Empty distance matrix > D is stored efficiently as a sparse matrix
9: for all buckets B € B, do

10: X < Convert the spectra in B to vectors

11: X’ < Reduce the dimension of X

12: Partition X’ in k(ng) Voronoi cells using k-means

13: for all X’ € B do

14: Find the w,; ANN’s of x’ by exploring the m nearest partitions

15: Remove the ANN’s violating the precursor mass constraint

16: Store the w smaller distances distyg(x’, ANN) in D

17: end for

18: end for

19: C < DBSCAN(D, €, min;) > C is a set of clusters
20: Split the clusters violating the precursor mass constraint
21: Export C
22: end for
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tol’™ < b —a

for spectra having similar precursor masses. Thus, we can restrict the search of
neighbors within each bucket at the cost of losing a small proportion of potential
neighbors (typically 1%). If a spectrum precursor mass is very close to the interval
limit, it could have potential neighbors in the adjacent bucket.

Pseudocode 2 Buckets creation
Input: S, a set of spectra and their associated metadata p, and p,,,.
B < A set of empty buckets B, o5 (= sets of spectra). > Fach bucket
contains spectra with the same precursor charge and with precursor masses in the
same interval [a,b]
for all spectra s € S do
s < Process the spectrum (peaks normalization, remove small peaks...)
if s does not satisfy some conditions then
continue
end if
B [ap < B jap U {s} s.t. z=p,(s) and a < pp(s) <b
end for
return B

Pseudocode 2 shows that some spectra are dropped if the peaks do not satisfy
some conditions. These conditions include:

o The minimum number of peaks that the spectrum must have (by default, 5).

e The minimum m/z range between the two most distant peaks (by default,
250/p.).

These spectra are considered as being of low quality, and FALCON removes them.
The preprocessing of the spectra includes the possibility to remove the small peaks
(which are likely to be noise) and to scale the peaks to "de-emphasize overly dominant
peaks' (for example, replace the intensity of each peak by its root square).

3.2.3 Conversion to vectors

Initially, each spectrum s; consists in a set of pairs {(m/z1, 1), (m/z2, I2),...} where
m/z is the peak "position" (according to the x-axis) and [ is the peak intensity
(the "height" of the peak, on the y-axis). All the peaks whose m/z is in the range
[/ Zstart, M/ Zena| are mapped to the vector components:

€Tr; = Z [j

fm/zy)=i

where f is a function that linearly maps the m/z of the peaks to the corresponding
component of the high dimensional vector x € X :

25



o The number of components is d (= 30 000 by default, such that maximum one
peak is assigned to each component);

m/zend - m/zstart .
7

o Each component x; covers an interval of length L =

For example, the first component of x is the sum of the intensities of all the peaks
(usually, maximum one peak) whose m/z are in the range [m/zsars, M/ Zstart + L.

3.2.4 Dimensionality reduction

The spectra can be represented as very high dimensional (HD) vectors (=30 000
dimensions by default in FALCON). This is too high for efficient similarity searching
during the pairwise distance matrix construction. The original vectors are converted
to vectors of lower dimension (LD), 800 dimensions by default.

To perform the dimensionality reduction, FALCON uses a method called the
hashing-trick described by Weinberger et al. [28]: the HD vectors are hashed to
get LD vectors. More precisely, each component z; of the LD vector x’ is the sum
of several components x; of the HD vector x. Contrary to what is generally done
during random projections, each component x; is mapped to one and only one z.
The correspondence between x components and x’ components is determined by a
non-cryptographic function A(j):

l‘; = Z .I‘j
J:h(j)=i

The dimensionality reduction algorithm is illustrated on Pseudocode 3. According
to the author, the method tends to conserve the Euclidean norm if d’, the number of
components of x’; is large enough: the Euclidean distance between two HD vectors
x; and x5 should be approximately equal to the Euclidean distance between the
corresponding LD vectors x'; and x’5. To also conserve the angles separating the
vectors (FALCON uses the cosine distance as distance function), the HD vectors are
normalized (such that their norm is equal to 1) before the conversion.

Pseudocode 3 Dimensionality reduction

Input: d’, the number of dimensions desired for the low dimension (LD) vector
Input: x =< x1,...z4 >, a high dimension (HD) vector with d’ < d
Input: h: N — {1,....,d'}, a non-cryptographic hash function
x < Normalize x
x’' < A null vector with m components
for all components z; of x do
i h(j)
T — x) + x;
end for
return x’, a LD vector with d’ components
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3.2.5 DBSCAN

DBSCAN (Density-Based Algorithm for Discovering Clusters) is a clustering algorithm
described in 1996 by Ester et al. [29]. This algorithm underlying idea is that clusters
are high-density regions of the space separated by low-density areas. Its goal is
to locate the core-points, i.e., points located inside the high-density areas, and to
use them to expand clusters. To fully understand this algorithm, we need these
definitions:

e-neighborhood The e-neighborhood, N, of a point x; is the set of points, in-
cluding itself, that are at a distance smaller than e, which is called the "radius". It is
not required for the distance measure to be Euclidean. More formally, if X is the
space of points,

Ne(x1) = {x € X | dist(x,x) < ¢}

Core point and border point The clusters are made of two types of points: the
core points are inside the cluster, and the border points are at the border of the
cluster. To be considered as a core point, a point must be surrounded by at least
mins other points (the density threshold) located at a distance smaller than e. It is
the core point condition:

X is a core point <= |N(x)| > minps

Density reachability If x; is a core point, and x5 belongs to the e-neighborhood
of x1, Xo is directly density reachable from x; (however, x; is not always directly
density reachable from x5, depending if x5 is a border point or not).

Xy is directly density reachable from x; <= x5 € N (x;)

If there exists a chain x1,...x,,_1, X, such that x;, is directly reachable from x;,
X, is said to be density reachable from x;.

Density connectivity Two point x; and x5 are density connected if they are both
density reachable from another point x3.

Clusters and noise By definition, all the points belonging to a cluster must be
density connected, and all the points density-connected must be in the same cluster.
Points that do not belong to any cluster are said to be noise.

Based on these definitions, it is easy to understand how to build DBSCAN clusters:
for each point p, we compute its e-neighborhood, which tells us if p is a core point. If
it is a core point, the e-neighborhood of p is put in the same cluster, and the cluster is
expanded by repeating the operation with the points belonging to the neighborhood.
Pseudocode 4 describes the implementation of DBSCAN used in FALCON. It differs
a bit from the original implementation because the e-neighborhoods of the points
are determined based on a distance matrix which is precomputed and provided to
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DBSCAN. DBSCAN is a deterministic algorithm, except in the case where a point is a
border point of two different clusters (the point is added in the first expanded cluster).

Since its publication, DBSCAN has been widely used for different applications.
Here are some of its properties:

o It does not need to have prior knowledge about the number of clusters.

o It only works well if the clusters have similar densities. If this is not the case,
the OPTICS algorithm can be used, a density-based algorithm that can detect
clusters of different densities by increasing progressively e [31].

e The algorithm supports any distance function, including the cosine distance.

Time complexity of DBSCAN The N, (e-neighborhood) of each point is com-
puted exactly once. The operation consisting of determining N, of a point is called a
range query. Thus, the complexity of applying DBSCAN for charge z (remember that
the spectra of different charges are clustered separately) is ©(n, x RQ), where n, is
the number of spectra with precursor charge z and RQ is the number of operations
required to get the e-neighborhood of a point (this operation is called a range query).
In FALCON, the distance matrix D"™**"= is precomputed and provided to DBSCAN.

If we store the distance matrix using a naive structure, making a range query
for spectrum x; consists in accessing to all the elements in row ¢ : it requires n,
operations (the size of the matrix is n, X n,). In FALCON, only the w closest
approximate neighbors of each vector are stored in the distance matrix. Thus, a
special implementation for sparse matrices is used. To retrieve the elements stored
in a row, it requires as many operations as there are elements in the row. Because
this number is bounded by w, the time complexity of FALCON is:

O(n, *w)

which is O(n,) if we consider w as being a constant parameter (for large n,’s, this
could lead to the loss of many close neighbors). Note that the spatial complexity
corresponding to the sparse distance matrix is also ©(n, * w).

3.2.6 Computation of the distance matrix

The efficiency of FALCON is based on the idea that an approximate pairwise distance
matrix can be built faster than the exact distance matrix. As we explained previously,
the spectra are assigned to buckets based on their precursor charge p, and their
precursor mass p,,. Most of the potential neighbors of a spectrum are located in the
same bucket. Thus, in FALCON, the distances are only computed between potential
neighbors that are in the same bucket. To avoid having to compute the distance of a
spectrum s; (represented by the vector x’;) with all the other spectra of the same
bucket B (which would be O(n%) without a specific structure such as an R-tree), the
set of vectors representing the spectra is partitioned using k-means and the distance
is only computed with vectors in partitions close to the partition of s;. Pseudocode 5
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Pseudocode 4 DBSCAN algorithm (adapted from Schubert et al. [30])

Input: D7}=*": the distance matrix for spectra of charge z > D; ; ~ dist(s;, s;)
Input: ¢, the DBSCAN radius
Input: ming, the DBSCAN density threshold

1:
2:

10:
11:

12:
13:
14:
15:
16:

17:

18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:

function DBSCAN(D,, €, min)
1 + {l; = undefined, ..., [,,, = undefined} > Default label for each spectrum
index
for i e {1,2..n.} do
if [; is undefined then
N(i)  The indexes j where D, ; < €
if |N(7)| < minys then > Not a core point
l; < noise
else
{; < unused label
Q « N\ {i}
EXPANDCLUSTER(Q, l;, D) > For each neighbor, expand the
cluster
end if
end if
end for
return 1= {l;,l5,....1,} > If [; = [; # noise, s; and s; are in the same cluster
end function

function EXPANDCLUSTER(Q, [, D) > [ is the label value of the expanded
cluster
for all 2 € () do
if [; = noise then
end if
if [; = undefined then
N(i)  The indexes j where D, ; < €
if |NV(7)| > min then > ¢ is a core point
Qi < Ne(i) \ {i}
EXPANDCLUSTER(Q;, [, D)
end if
end if
end for
end function
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contains the steps of the construction of the distance matrix. Note that a different
matrix is built for each precursor charge.

Distance function

The distance function used by FALCON is the cosine distance. For two vectors x;
and X», the cosine distance is defined as

dist(x1,x2) = distg(x1,X2) = 1 — cos(6(x1,X2))

where 6 is the angle between x; and x».

Bucket partitioning

Lloyd’s algorithm (k-means) is used to partition the spectra vectors contained in
the bucket. At the end of the partitioning, each vector belongs to a Voronoi cells.
Close vectors tend to be grouped in the same Voronoi cells. The time complexity
of k-means is O(np * k(ng) * imax * d), where ng is the number of points in the
bucket B, k(np) is the number of partitions (i.e. the number of centroids), iyax is
the number of iterations realized and d is the dimension of the space. In FALCON,
the space dimension is a constant, and the number of iterations is bounded (to 25).
Thus, the time complexity becomes

O(TLB * k(?’LB))

The number of partitions used for each bucket depends on the number ng of
vectors contained in the bucket: for each bucket, k = f(ng). However, f is not a
continuous function. It depends on the range np belongs to (see Table 3.1). Thus,
the time complexity of the partitioning step is expressed according to the considered
range: for one bucket, it will grow in O(ng) until the bucket contains 1000 spectra,
then it will grow in O(np * 21°%238 1) until 10° spectra (in the considered data set,
each bucket contains at most & 40 000 spectra, as it is shown in Figure 2.2).

Approximate nearest neighbors search

For each vector in the bucket, FALCON searches for the w,; approximate nearest
neighbors: the vector is compared to all the vectors of the same partition and those
of the m nearest partitions. Because the bucket is partitioned, this search is more
efficient (the nearest neighbors are searched only in a few partitions), but there is
no guarantee to find all the nearest neighbors; some of them can be lost. Thus,
the vectors returned after searching the specified number of partitions are called
approximate nearest neighbors (ANN).

Let’s determine the time complexity of the approximate nearest neighbors search.
Obviously, we need to make an assumption about the distribution of the vectors
among the partitions. If all the spectra are in the same partition, this is equivalent
to the situation where the bucket is not partitioned; the time complexity is O(n%)
(each vector is compared to all the vectors of the bucket). Thus, we assume that
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Pseudocode 5 Pairwise distance matrix construction for one precursor charge

Input: B,, the set of buckets containing spectra of charge z
Input: dist(x';,x’s), the distance function
Input: k(np), the number of partitions to use in bucket B (function of ng = |B])
Input: m, the number of neighboring partitions to explore
Input: w,y, the number of ANN’s to search for each spectrum
Input: w, the maximum number of ANN’s stored in the distance matrix for each
spectrum
Input: it,.., the maximal number of iterations of k-means
1. D72*" < A square matrix initialized to 1

2: for all buckets B, |, in B, do > k-means clustering

3: np < |Bz,[a,b[‘

4: Initialize k(np) centroids.

5: while solution has not converged and it, ., < 25 do

6: for all X' € B, [, do

7: Assign x’ to the closest centroid

8: end for

9: for all centroids do

10: Redefine the centroid as the center of mass of the vectors assigned to
it

11: end for

12: end while

13: for all x'; € B, [, do > Approximate nearest neighbors’ search

14: ¢+ c(x';) > The index of the centroid x’ is assigned to

15: P + The indices of the m nearest centroids to ¢; (including ¢;)

16: R+ {}

17: for all X'; <= ¢(x';) € P do

18: R =RU{(j,dist(x';,x';))}

19: end for

20: R + Keep the w,; tuples with smaller distances from R

21: R < Remove the tuples (j, dist) for which |p,,(x") — pm(x';)| > tol’™

22: R + Keep the w tuples with smaller distances

23: D, ; < Store the distances corresponding to tuples in R

24: end for

25: end for

26: return D,, the approximate distance matrix for the spectra in buckets of charge
z
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Range k k-means ANN search
np < 100 1 O(1) O(n%)
100 < ng < 10° | 2Uo2236] | O(ng « 2U0e236 1) | O(nZ, /2llee55])
10° < np < 10° 216 O(ngp) O(n%)
10° < np < 107 218 O(ng) O(n%)
ng > 107 220 O(ng) O(n%)

Table 3.1: The number of partitions to use in each bucket depends on the number
np of vectors contained in the bucket. Thus, a global time complexity cannot be
determined, because it has to be expressed with respect to the considered range. For
the Draft of the Human Proteome, a bucket covering an interval of 1 m/z contains at
most = 40 000 vectors (see Figure 2.2), which means that we are mainly interested
in by the two first ranges (ng < 100 and 100 < np < 10°). The number of partitions
and the corresponding ranges used by the FALCON authors come from the Faiss
documentation, Faiss being the library used to make the nearest neighbors search
(see Section 3.3).

the number of spectra in each partition is proportional to ng. When the number of
partitions increases, the number of spectra in each partition tends to decrease. For a
partition V', the number of spectra it contains tends to be proportional to

np
k (n B)
where ny is the number of vectors in partition V', and npg is the number of spectra
in the bucket. Assume we look for the approximate nearest neighbors of x, which

belongs to partition V. The number of comparisons cx to do is the sum of the number
of vectors in the m closest partitions:

np np
o g;v k(ng) | k(ng)

where Py is the set containing the m closest partitions to partition V. So, under
the assumption made above, the time complexity to find the approximate nearest
neighbors of one vector is O(ng/k(ng)), because m is a constant. If we consider
all the vectors in the bucket, the time complexity becomes O(n%/k(ng)). As for
k-means, the number of partitions k(ng) is a non-continuous function that depends
on the range the number of vectors belongs to. The time complexity for each range
is indicated in Table 3.1. The distances between x and the w approximate nearest
neighbors respecting the constraints are stored in the distance matrix D"8*"5,

ny ~

Approximate pairwise distance matrix

The approximate pairwise distance matrix can be seen as an approximation of the
exact distance matrix, which only contains the w smallest distances for each spectrum.
This matrix is computed with the vectors x’ of the space of reduced dimension X’.
It differs from the distance matrix that would have been computed from the original
space X for several reasons:
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1. The loss of precision caused by the conversion of high-dimension vectors x; to
vectors of lower dimension x/;.

2. The fact that only the w ANN of each spectrum are stored in D. If w is not
large enough and there are many close neighbors, many of them will be lost
because not enough partitions are explored.

3. A few potential neighbors can be in different buckets; they are not compared.

Suppose we assume the precursor masses of the spectra are more or less uniformly
distributed inside each bucket. In that case, only a tiny proportion of pairs of spectra
respect the precursor mass constraint. As we have seen previously, the distance
between two spectra not respecting this constraint is assumed to be 1, the maximal
distance. Thus, the distance matrix D contains a majority of entries equal to 1. It is
a sparse matrix (to be exact, we should say that I,,, — D, the similarity matrix, is a
sparse matrix such that the matrix contains a majority of 0’s).

3.2.7 Postprocessing

The approximate pairwise distance matrix only contains distances between potential
neighbors, i.e., spectra respecting the two constraints described above. However,
during the clustering by DBSCAN, it can happen that two spectra violating the
constraints are put in the same cluster by transitive closure. For example, s; is a
potential neighbor of ss, s5 is a potential neighbor of s3 but s; and s3 have a precursor
mass difference which is larger than the threshold, DBSCAN can potentially cluster
these points together. To respect the precursor mass constraint in each cluster, these
clusters need to be split. This is done by hierarchical bottom-up clustering with
complete linkage (the distance between two clusters is defined as the distance between
the two spectra having the most dissimilar precursor mass). The postprocessing is
illustrated in Pseudocode 6.

3.3 Implementation

Multithreading

Generally speaking, many parts of the program were designed to be run with several
threads to improve performance. For example, the Parallel function of the joblib
library is used several times to run as many threads as there are cores on the device
running the software.

3.3.1 Buckets creation

Original implementation The Pickle library is used to store the buckets on disk
to a) decrease the amount of main memory required b) be able to reuse the imported
spectra from one execution to another. Concretely, one .pk1 file is created for each

37 is the identity matrix.
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Pseudocode 6 Postprocessing of the clusters (hierarchical clustering)

Input: C, the clusters of spectra generated by DBSCAN
Input: tol’™, the difference of precursor mass allowed by the constraint
for all clusters C; in C do
if 351,80 € C; @ |pm(s1) — Pm(s2)| > tol’ then
Remove C; from C

N+ [] > An empty list of clusters
for all spectra s; € C; = {s1, $2, ..., 5.} do
Nj < {s;}, > Create one cluster per spectrum
Add N; to N
end for

while True do
Smallest distance <+ oo

Best pair <— ¢, the pair of clusters corresponding to the smallest distance
for all pairs of clusters (N,, N,), p # ¢ and N,, N, € N do

(Spa Sq) = arg max ([Pm(8a) = Pm(s6)])
$a€Np,55ENg,Np#£N,

dist(Np, Ng) < [Pm(sp) — Pm(sq)]
if dist(N,, N,) < smallest distance then
Smallest distance < dist(N,, N,)
Best pair < Store the pair (N,, N,)
end if
end for
(N7, N3) < Best pair
if dist(Vy, N2) > tol’™ then
Remove from N all the clusters containing only one spectrum >
Labeled as noise
C < Add the clusters that are in N

break > No more clusters can be merged without violating the
constraint
end if
Remove N; and Ny from N
Add Ny U Ny to N > Merge the clusters
end while
end if
end for

return C, the set of clusters respecting the precursor mass constraint
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bucket. When all input spectra are read, they are serialized and then assigned to the
corresponding bucket file. Then, the spectra of each bucket are ordered according to
their precursor mass. Note that when all the spectra were read, they are ordered
inside each bucket, which has a time complexity of O(ng * log(ng)) (in the average
case) with the quicksort algorithm.

Modification The spectra are written to the corresponding files only when all the
spectra were read. If the number of spectra is high, the main memory becomes a
bottleneck. To import more than a few million spectra, we had to modify the current
original implementation to write the spectra at the same time they are read (with a
consumer /producer implementation).

3.3.2 Spectra manipulation

To perform operations on the spectra (scaling, filtering the peaks...), the spec-
trum__utils Python package is used [32].

3.3.3 Fast neighbors search

The partitioning of the buckets followed by the nearest neighbors search is done
with the Faiss library, developed by the Facebook AI Research [33]. According
to its Github repository*, "Faiss is a library for efficient similarity search and
clustering of dense vectors. It contains algorithms that search in sets of vectors of
any size, up to ones that may not fit in RAM. It also contains supporting code for
evaluation and parameter tuning. Faiss is written in C++ with complete wrappers
for Python/NumPy. Some of the most useful algorithms are implemented on the
GPU". Based on this description, we can understand why Faiss is well suited for big
data.

More precisely, the IndexIVFFlat index is used to store the spectra vectors and
partition them. By default, when we require the n nearest neighbors of a spectrum,
it is compared to all the same partition spectra. However, it is possible to explore
more partitions by specifying the n_probe argument. The partitions with a centroid
located near to the centroid of the partition the spectrum belongs to are explored first.
Faiss supports the cosine distance since it supports the dot product and the cosine
distance is a dot product of normalized vectors. The Faiss library is implemented
such that it can use the GPU of the device the program is executed on to perform
similarity search for several spectra simultaneously.

The distance matrix is stored as a SciPy compressed sparse row matrix (see
Figure 3.1) to avoid extreme memory requirements for a matrix that will contain a
majority of entries equal to 1 (the maximum distance) corresponding to spectra that
do not respect the precursor mass tolerance.

‘https://github.com/facebookresearch/faiss
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= data[0]
row[0] = 1

nz B indptr[0] = 0
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0.2 1 1 1 0.2 indptr[2] = indptr[1] + 1 =3
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0.1 1 1 0.3 0.1 0.3 indptr{3] = indptr[2] + 2 =5
, \
1 1 0.3 1 ,’ 0.3 ‘\ indptr[4] = indptr[3] + 1 = 6
I' ‘\
’ \
- data[3] L dataf4]
row[3] = 0 row[4] =3
Sparse representation of D
row 0 row 1 row 2 row 3
indptr=[ 0 2, | 3, 5, | 6] By default, Djj= 0
data =[0.2, 0.1, /0.2, 0.1, 0.3,| 0.3]
row =[ 1, 2| 0, | 0 3| 2

Figure 3.1: To avoid having to store the entire distance matrix, which would be O(n?)
in space, a SciPy compressed sparse row matrix is used. It consists in three lists. The
values in row ¢ can be accessed as datalindptr[i]], datalindptr[i]+1], ...,
datalindptr[i+1]-2], datalindptr[i+1]-1]. The index of the row correspond-
ing to datal[indptr[i]] is stored in row[indptr[i]], etc. With this structure, the
spatial complexity to store the matrix depends on the number of values (# 1, which
is the maximal distance) stored in the distance matrix. The time required to access
all the elements in a row depends on the number of values (# 1) stored in the row.
Since in FALCON this value is bounded to the w nearest neighbors (64 by default),
the time complexity to access one row is O(w) = O(1).

3.3.4 DBSCAN

The DBSCAN implementation of the scikit-learn Python library is used [34]. Note
that instead of using the usual constructor, the preprocessing steps are done directly
in FALCON. An inner function of the DBSCAN implementation is called to generate
the clusters and "avoid unnecessary memory consumption", according to the author.

3.3.5 Postprocessing

The function used to generate the final clusters (respecting the precursor mass
constraint) is the fcluster function of the SciPy package. This function requires the
linkage matrix generated with the fastcluster function belonging to the package of
the same name. This "complete linkage" matrix is based on the precursor mass of
the spectra belonging to the cluster.

3.4 Time complexity of Falcon

The time complexity of FALCON determines its scalability. It is therefore essential to
analyze it. In their publication, Bittremieux et al. [23] have shown that the measured
execution time of FALCON is linear over the range n € [0;25 * 10°[. In this section,
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we analyze how the global complexity can be determined from the complexities of
the different parts of the FALCON algorithm presented above. Moreover, we predict
if its scalability will remain linear for larger datasets.

3.4.1 Preprocessing, DBSCAN and postprocessing

Exporting the spectra to their buckets is assumed to be O(n). Ordering the buckets
is O(np * log(np)). These two steps are only done once for a dataset because the
buckets are written on disk; they can be reused from one execution to another.

The time needed to run DBSCAN is assumed to be insignificant compared to
the time required to build the approximate distance matrix (this assumption is
confirmed in practice for our dataset size). Moreover, the time complexity of DBSCAN
is O(w *n,) = O(n,) if w, the number of nearest neighbors stored in the distance
matrix for each spectrum, is considered as a constant (note that this could lead to
an ever greater loss of near neighbors as the number of clustered spectra increases!).
The time required for the postprocessing step can also be neglected because only
a minority of clusters violate the precursor mass constraint, and the cluster sizes
tend to be insignificant compared to the whole data set (see Chapter 4). Thus, we
will that the execution time is dominated by the pairwise matrix’s construction: the
partitioning and the nearest neighbors search, in each bucket B.

3.4.2 Approximate distance matrix construction

In Table 3.1, we have indicated the time complexity of the k-means partitioning,
and the ANN search, depending on the range ng, the number of spectra in bucket
B, belongs to. This time complexity is expressed for individual buckets. Since the
number of buckets is constant and does not depend on the number of input spectra,
the global time complexity of the distance matrix construction is determined by the
complexity of the individual buckets (i.e., if for each bucket, the time complexity is
O(n?), the global complexity is also O(n?)).

Less than 10° spectra per bucket

For the Draft of the Human Proteome, with the default interval of 1 m/z covered by
each bucket, the buckets size np € [0,40000[. In Figure 3.2, we plot the predicted
time complexity (see Table 3.1) and the measured execution time for the two steps
of the nearest neighbors search. A correlation can be observed between the predicted
complexity and the measured execution time. If we disregard the buckets containing
less than 100 elements (np < 100), for which the time required to perform an
exhaustive nearest neighbors search is assumed to be negligible, all the buckets
containing the spectra of the Draft of the Human Proteome dataset are in the range
100 < np < 10°: the number of Voronoi cells generated by k-means is determined
as k = 2llog238 ] ~ %5 . Suppose we disregard the function that rounds the exponent
downwards, which gives the complexity function a particular shape (similar to a
step function). In that case, we see that over the range of interest (ngp < 10°),
the k-means complexity tends to increase in O(n%) and the ANN search tends to
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follow a O(ng) (this can be seen by removing the "rounding" in the expression of the
complexity function, and by replacing & in the complexities determined previously).

k-means predicted complexity ANN search predicted complexity

1.0 q
o5
e}

0.0

20 k-means measured time ANN search measured time
151 | gg_
0 . it

0

T T T T T T T T T T T T
0 10000 20000 30000 40000 50000 0 10000 20000 30000 40000 50000
Bucket size Bucket size

Figure 3.2: The complexity function (see Table 3.1) for the two steps of the pairwise
distance matrix construction: the partitioning and the nearest neighbors’ search.
The characteristics of the device used for the time measurements are shown in
Appendix A.

The measured times in Figure 3.2 show that even if k-means has a worse time
complexity than the ANN search in theory, its execution time remains much lower in
practice for the considered range. Thus, the time complexity of FALCON is dominated
by the ANN search, which tends to grow linearly. These observations explain why the
FALCON execution time grows linearly in the considered interval 100 < np < 10°, as
long as the k-means execution time can be neglected compared to the ANN execution
time.

Larger datasets

A 20 million spectrum dataset is large, but one might be interested in clustering
even larger datasets. Thus, we can wonder if the time complexity will remain linear
for larger buckets.

Table 3.1 shows that for ng > 107, the number of Voronoi cells k remains constant
(k = 2%°). Thus, the k-means time complexity is O(ng), but the ANN complexity is
O(n%). Partitioning such a large dataset becomes very time consuming, but it is also
possible to perform k-means on a subset and extend the Voronoi cells to the whole
bucket. However, ng > 107 is more than two orders of magnitude larger compared
to the maximal bucket size we encounter in a large dataset such as the Draft of
the Human Proteome. Even though buckets of size ng > 107 could be found by
clustering hundreds of datasets together, we will now look at the last intervals we
have not yet considered, 10° < ng < 10° and 10° < ng < 107.

Since the number £ of Voronoi cells is constant in each of these intervals, we
expect k-means to be O(ng) and the ANN search O(n%) locally over these intervals.
The number of Voronoi cell used by k-means is increased from one interval to another
as np increases to keep a good ratio between the execution time of k-means and the
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ANN search (increasing k decreases the time required for the ANN search at the cost
of increasing the time required to partition the vectors). Thus, when considering
both k-means and the ANN search for the intervals where 10° < ng < 107, we
expect to observe a O(n%) complexity locally, but the execution time is "artificially"
attenuated by increasing the value of k as npg increases.

3.4.3 Comparison with MS-Clustering and Spectra-cluster

MS-Clustering [14] and Spectra-cluster [5] are two competitors of FALCON. They
both rely on the same clustering algorithm, presented as a greedy agglomerative
hierarchical clustering algorithm by the authors. In this section, we briefly present
this clustering algorithm and compare its time complexity to that of FALCON.
MS-Clustering and Spectra-cluster also cluster subsets of spectra (that we will call
buckets to keep the same terminology as in FALCON) independently by taking into
account the precursor m/z constraint and the precursor charge constraint. However,
we do not go into too many details, and we focus on the algorithm used to cluster
the different subsets, presented in Pseudocode 7. The clustering algorithm requires
several rounds, using decreasing distance thresholds. Note that the distance between
two clusters is measured as the distance between their respective consensus spectra
(a method to build such a consensus spectrum will be presented in Section 4.3.1),
which avoids having to compute the distances between all the pairs of spectra of two
clusters as it is usually the case with classical hierarchical clustering algorithms.

Pseudocode 7 Clustering algorithm used by MS-Clustering and Spectra-cluster

Input: B, the set containing the ng spectra to cluster
Input: [e1, €2, ..., €], the distance threshold allowed during each round > €; < €;44

1: C <+ [C,Cy, ..., Crpl > Assign each spectrum to a cluster and build a list
2: for all ¢; do > Start with the smallest €
3: for all C; € C do

4: forall C; € C, j<ido

5: if dist(consensus(C;),consensus(C})) < ¢ then

6: Add the spectra of C; in C}

7 Remove C}

8: break

9: end if

10: end for

11: end for

12: end for

13: return

Pseudocode 7 shows that during each round (the number of rounds is a parameter,
typically 5), each cluster is compared to all the clusters that precede it in the list C.
Thus, the number of comparisons realized during each round is determined by the
distance threshold ¢; and the distances between the spectra. We illustrate this by
two border cases.

1. All the pairs of spectra in the bucket are perfectly similar (or the distance
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threshold is maximal). In this case, during the first round, Cs is first merged
with C;. Then C}j is merged with C}, etc: all the clusters will progressively be
merged with C;. Each cluster is compared to exactly one cluster (C}). Thus,
for the particular case where each spectrum is near the other spectra, the time
complexity is O(n).

2. The distance between pairs of spectra is always larger than the threshold. In
this case, no clusters are merged. During a round, C5 is compared to C, but
the clusters are not merged since they are dissimilar. Then, C'3 is compared to
C1 and C5. In short, cluster C; is compared with the ¢ — 1 precedent clusters.
Thus, the total number of comparisons is

TLB—I

di=1+2+..+(np—1)=

i=1

(TLB — 1)713
2

and the time complexity is therefore O(n?).

We are between these two extreme cases for a particular dataset: the time
complexity of MS-Clustering and Spectra-cluster is O(n?).

3.5 Why does Falcon seem to be a good choice?

Time efficiency The authors of FALCON have shown that it is several times faster
than the widely used MS-Cluster and spectra-cluster (around 4x times faster for the
Draft of the Human Proteome, the dataset of 25 million spectra they used to bench-
mark their algorithm). Its time complexity explains this: for a dataset containing
less than 100 000 spectra per bucket, such as the Draft of the Human Proteome,
the time complexity of FALCON is O(n). In comparison, the time complexity of
MS-Clustering and Spectra-cluster is O(n?).

Memory requirements Thanks to its ability to assign the spectra to buckets
stored on disk and load the buckets one at a time during the construction of the
pairwise matrix, it is possible to run FALCON on a device with a limited amount of
main memory (the amount of main memory required is bounded by the size of the
bucket containing the most significant number of spectra and the size occupied by
the pairwise distance matrix, which grows linearly since the number of elements in
cach row is bounded).

Implementation The source code of FALCON is very clear and concise because it
uses many well-known external libraries such as scikit-learn for DBSCAN, Faiss to
build indexes and search nearest neighbors, etc. Consequently, it is a lot easier to
make modifications to the FALCON than Spectra-cluster, for example.
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Chapter 4

Results

After describing the Draft of the Human Proteome in Chapter 2, and the clustering
tool we selected to cluster it in Chapter 3, it is now time to look at the results (i.e.,
the final clusters). In particular, we will see how we could identify many clusters
containing unidentified spectra.

4.1 Parameters selection
As it was described in Chapter 3, FALCON relies on many parameters used for:

o The dimension reduction (e.g., the number of components in the low-dimensional
space);

o The approximate neighbors search (the number of Voronoi cells to explore, the
number of ANN to search, etc.);

» The DBSCAN clustering (the radius € and the density threshold mins).

Moreover, several parameters are related to the mass spectrometry, such as the
m/z tolerance to consider different spectra peaks as "matching" and tol”~/= described
previously.

It would be impossible to perform a grid search with all the hyperparameters.
The number of possibilities would be too large. However, these parameters are
provided with default values, tuned by the authors of FALCON on the Draft of the
Human Proteome (we use the same data set) [23]. Thus, it can be assumed that
these parameters are well designed for the dataset, and we will only evaluate the
impact of € on the clustering. The clustering quality will be evaluated using two
complementary metrics relying on the known spectra labels, the homogeneity, and
the completeness.

4.1.1 Homogeneity, completeness and V-measure

Homogeneity and completeness are entropy-based metrics used to assess the quality
of a clustering when some labels are known [35]. More precisely, these metrics
can be used to evaluate if clusters tend to contain only points of the same class
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(homogeneity) and if all the elements of the same class tend to be in the same clusters
(completeness). Both metrics range from 0 to 1, where 1 is a desirable value.

These metrics are complementary. When homogeneity increases, completeness
decreases and vice-versa. For example, if each point is assigned to a singleton cluster,
the homogeneity will be maximal (equal to 1), and the completeness will be low. In
the opposite extreme, where all points are assigned to a single, large cluster, the
completeness will be maximal but not the homogeneity.

Homogeneity

The homogeneity is maximal (equal to 1) if each cluster contains points with the
same label. It is defined as:

1 _ HCIK) (4.1)

H(O) otherwise

- {1 if H(C|K) =0

where C'is the set of classes (the set of different labels), K is the set of clusters,
H(C|K) is the conditional entropy of the class distribution given the proposed
clustering, and H(C') is the maximum reduction in entropy the clustering could
provide (H(C|K) < H(C)). If N is the number of data points and a;; is the number
of elements of class ¢ being in the cluster j, the previous entropies are defined as
follows [35]:

K| (]

— Ack Ack
A(CIK) = 1}::1 cgl N logzgl ek
‘C‘ lei‘l Ack uill Ack
HC) =- z e log =5,

Completeness

The completeness is maximal (equal to 1) if all the points belonging to a same class
are systematically grouped in the same clusters. It is defined as:

| _ HEK[O) (4.2)

H(K)

. 1 it H(K|C) =10
N otherwise

where H(K|C) is the conditional entropy of the proposed clustering given the
class distribution, having a maximal value of H(K'). The definitions of H(K|C) and
H(K) are obtained similarly as for H(C|K) and H(C'), by permuting C' and K.

V-measure

To take into account both the homogeneity and the completeness at the same time,
Rosenberg et al. [35] propose to use the V-measure, which is the weighted harmonic
mean of the homogeneity and the completeness:

(1+p8)*xhxc

Vs = Bxh+c
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where 3 is the weight used to give more importance to the homogeneity (5 < 1),
more importance to the completeness (5 > 1) or equal importance to them (8 = 1).

4.1.2 Epsilon

Figure 4.1 shows the evolution of several metrics of the FALCON final clustering for
different value of € (0.01, 0.1, 0.2, 0.3, 0.4 and 0.5). The proportion of clustered
spectra and the average size of the clusters increase with e (for these measures, the
spectra marked as "noise" by DBSCAN are considered as "not being in clusters"). By
increasing €, we allow less similar spectra to be clustered together, and the probability
of finding at least one other similar spectrum in the data set increases. That leads
to larger clusters on average, even though we can observe that the median cluster
size remains constant (5 spectra per cluster).

We can observe that the homogeneity! decreases when e increases (more spectra
of different classes tend to be clustered together). Thus, a small homogeneity could
indicate that the e value used is too large. The completeness increases with e.
The "perfect clustering" (the clustering where all the spectra with the same label
would be in the same (homogeneous) cluster) would correspond to homogeneity and
completeness of 1. However, it can be observed in Figure 4.1 that this is impossible.

In previous studies [14] [17], it has been shown that it is often preferable to use
small distance thresholds (for DBSCAN, a small €. which favors homogeneity over
completeness). These studies performed further analysis on the clusters by generating
a consensus spectrum for each cluster, which is the average of the spectra in the
cluster (an algorithm used to generate the consensus spectra will be described in
Section 4.3.1). To obtain reliable results when submitting the consensus spectrum to
the query engine, all the spectra in the cluster must correspond to the same peptide,
which is more likely to occur if the homogeneity is high. If a small value of € is used
to have a high homogeneity, the risk is that homogeneous clusters will be split into
several smaller clusters. However, this is usually not a problem since these clusters
can be analyzed individually. In other words, for our application, homogeneity is
more important than completeness.

Based on Figure 4.1, we will choose € = 0.1 for the following reasons:
« The homogeneity is very close to 1 (h = 0.99);

o The completeness is high (¢ = 0.88);

o The proportion of clustered spectra (i.e., spectra not tagged as being noise) is
~ 0.5, which is significantly larger than for ¢ = 0.01;

Moreover, the V-measure is maximal for ¢ = 0.1 when using a small weight (e.g.
£ = 0.1, which favors the homogeneity over the completeness).

IThe points labeled as noise were assigned to singleton clusters when measuring homogeneity
and the completeness.
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Figure 4.1: When € increases, the proportion of clustered spectra increases as well
the average size of the clusters. As expected, the homogeneity decreases and the
completeness increases. The V-measure for 5 = 0.1 is maximal for e = 0.1.

4.2 Clusters overview
The clustering with the previously discussed parameters results in more than 1.2

million clusters containing on average 16.4 spectra.

4.2.1 Classification

Analyzing all the generated clusters would take a very long time. Instead, we can
already make a first classification of the clusters according to the labels of the spectra
they contain (Figure 4.2). This classification is partially inspired by [5]. We define
four types of clusters:

o Unidentified clusters contain only unlabeled spectra;

o Identified clusters contain more than 70% of spectra sharing the same label;

44



All the spectra
are unlabeled

Among all spectra,
> 70 % spectra
with same label

Unidentified cluster Yes No

Among labeled spectra,
> 70 % spectra with same label
Identified cluster

The cluster label is the
most frequent label

Coherent cluster

Incoherent cluster

Clustering or labels are wrong

Figure 4.2: For convenience, we define several types of clusters, based on the labels
of the spectra they contain.

o Coherent clusters can contain many unlabeled spectra, but the identified spectra
tend to share the same label (more than 70 % of the identified spectra have
the same label);

e Incoherent clusters tend to contain spectra with different labels.

These categories were defined for convenience to take a deeper look at the content
of the clusters in the next section, but no further conclusions should be drawn at
this stage. For example, a large cluster tagged as a "coherent cluster" could only
contain one labeled spectrum for which the identification is wrong. Alternatively,
an "identified cluster' could contain 80% of labeled spectra corresponding to one
peptide and 20 % of spectra corresponding to another.

4.2.2 Clusters in the draft of the human proteome

Figure 4.3 shows the cluster sizes and cluster types distribution (left) and the
proportion of each type of cluster (right). The following observations can be done.
Cluster sizes

The most represented cluster size is 2, and the majority of the clusters contain less
than ten spectra. Most of the clusters contain less than 20 spectra (but note that
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Figure 4.3: The most represented type of cluster is "unidentified", which means that
no spectrum in the cluster has a label. The "incoherent" clusters only represent
around 3% of the clusters. Even if the maximum cluster size is 16570, most clusters
contain less than 20 spectra.

the largest cluster contains 16570 elements?). For clusters containing less than five
spectra, the predominant cluster type is "unidentified" but for larger clusters (10
elements or more), the most represented type is "identified".

Cluster types

More than 47% of the spectra are "unidentified" (no spectrum in the cluster could be
identified). More than 40% of the spectra are of type "identified", which means that
more than 70% of the spectra have the same label. The "coherent" clusters represent
around 10% of the clusters. Finally, the "incoherent" clusters (which contain many
spectra with different labels) only represent around 3% of the clusters. This was
expected because of the high value of the homogeneity for the parameters used in
this clustering.

4.3 Unidentified clusters reanalysis

In the following, we will focus on the "unidentified" clusters. They represent almost
half of the clusters (572104 clusters). Previous studies, such as Griss et al. [5],
have shown that some of these clusters can correspond to peptides with PTMs
(posttranslational modifications). Thus, we will reanalyze these clusters and ask
the query engine to include more PTMs in the search. That leads to significantly
longer search times, which is one reason why it would be impracticable to do a
search including common PTMs for all the spectra. Another reason why common
PTMs are usually not searched systematically is that very few peptides will typically

2For example, this particular cluster is "identified" and has the label "VATVSLPR’, which is
a subsequence of the trypsin protein. Since the trypsin was used to digest the samples before
processing them in the mass spectrometer, it seems logical to find many spectra corresponding to
trypsin peptides.
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present the PTM, which makes it unlikely to be found during the shotgun proteomics
experiment.

4.3.1 Methodology

This section explains how we reanalyzed some of the unidentified clusters.

Consensus spectra

Instead of submitting all the spectra in the selected clusters, we decided to generate a
consensus spectrum for each cluster. The same approach was used in many previous
works, as briefly presented in the Chapter 1. The algorithm we used to build the
consensus spectra is based on the method shown in the Supplementary information
of Frank et al. [14]. It consists of grouping all peaks of all the spectra belonging to
the same cluster and then merging the peaks with a similar m/z. The algorithm we
used to generate the consensus spectra is described in Pseudocode 8. Note that it
relies on the original representation of the spectra, not the vectors.

Database search

We analyzed the consensus spectra using MS-GF+ [26], at a 1% FDR. The PTMs
we searched for can be classified into two categories. On the one hand, there are
modifications which are not naturally present in cells and which are introduced
(intentionally or not) during sample preparation:

o Carboxymethylation. This PTM is voluntarily introduced by biologists on
the cysteine amino acid (using iodoacetamide before the protein digestion)
to prevent the amino acid from forming disulfide bonds from one protein to
another;

o Oxidation of the methionine amino acid. The oxidation is frequently uninten-
tionally introduced during samples preprocessing;

On the other hand, these PTMs can happen naturally in the cells:

o Methylation of the lysine amino acid. This PTM can notably be used to
promote/inhibit protein-protein interaction.

o Deamidation of asparagine and glutamine, which can modify the protein
structure;

o N-terminal cyclization (glutamic acid — pyro-glutamic acid, and glycine —
pyro-glutamic acid), which also can affect the protein structure.

It is important to note that not all of these posttranslational modifications
present a deep biological interest. Since the first category of changes does not take
place naturally in cells, it does not teach us anything about biological processes.
However, not searching for these PTM would make it impossible to identify the spectra
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corresponding to peptides presenting the PTM. Other PTMs, such as phosphorylation,
are very interesting because they play a significant role in many biological processes.

Several PTMs can be present on the same peptide. This is the reason why
searching for many modifications can lead to an exponential increase in the search
duration: all the combinations have to be tested.

Cluster selection

Performing an open search with these PTMs on the consensus spectra of all these
clusters would still be impracticable. For example, reanalyzing a hundred spectra
can take approximately one hour on a typical computer®. Thus, we will focus on a
subset of the "unidentified" clusters. Of course, that does not mean that no valuable
information could be extracted from the other types of clusters (e.g., the incoherent
clusters). However, for simplicity, we restrict our analysis to the unidentified clusters.

Since the number of "unidentified" clusters remains very high (47.2% of the 1.2M
clusters), we decided to only select clusters in which all the spectra were acquired
from the same tissue. That makes possible to identify some clusters containing
spectra corresponding to peptides only present in some cellular types; which makes
the biological interpretation of the consensus spectra reanalysis easier.

In short, we restrict our analysis to "unidentified" clusters containing only spectra
generated from the same tissue. Thus, the results presented below cannot be
generalized to all the unidentified clusters without further work.

Cluster sizes

Previously, Figure 4.3 showed that for the selected parameters, FALCON generates a
majority of small clusters (containing 2 to 4 spectra), but also many larger clusters.
Intuitively, we could wonder that larger clusters are more "reliable" than smaller
clusters; the fact that many similar spectra were acquired during the experiment
could indicate that this spectrum effectively corresponds to a given peptide. However,
some large clusters could also contain spectra corresponding to different peptides
(since we only analyze unidentified clusters, we cannot rely on labels to identify non
homogeneous clusters). In that case, studying the consensus spectra generated for
"mixed" clusters will not provide reliable results.

To evaluate the influence of the cluster size on the "reliability" of the consensus
spectra (i.e., the sequence associated to the consensus spectrum can or cannot be
identified by the query engine), we decided to analyze the consensus spectra for
different sizes of clusters separately. We generated three consensus spectra batches:

1. Batch 1: 5001 consensus spectra, corresponding to clusters of size 2, 3, or 4.

2. Batch 2: 5001 consensus spectra, corresponding to clusters with sizes between
5 and 19.

3. Batch 3: 1121 consensus spectra, corresponding to all the clusters of size larger
or equal to 20 respecting the criteria specified above.

3Dell Precision, 8 cores, 32 GB RAM.
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4.3.2 Overview of the open search identifications

The proportion of consensus spectra that could be identified for each batch at a
1% FDR is shown in Table 4.1. It shows that consensus spectra corresponding to
larger clusters are more likely to be identified during the open search. It seems
coherent with the observations of Griss et al. [17], which reported that search engines
identified consensus spectra of large clusters more reliably.

Batch | Cluster sizes | # consensus | # identified sp. | % identified sp.
1 2,5] 5001 2 0.04%
2 [5,20] 5001 43 0.86%
3 > 20 1121 45 4.01%

Table 4.1: For the batch 1, containing the smaller clusters, only two spectra could
be identified at a 1% FDR. The proportion of identified spectra is larger for batch 3
than for batch 2. These results could indicate that the consensus spectra of larger
unidentified clusters are more likely to be identified.

Influence of the cluster size

Several factors can explain that the consensus spectra are more likely to be identified
when the size of the cluster is larger.

Noise Not all the spectra generated by a mass spectrometer correspond to a single
peptide. For example, chimeric spectra can contain peaks of different peptides. These
spectra, the proportion of which is difficult to assess, are not very likely to be present
in many copies in the dataset. However, as the number of clustered spectra increases,
it becomes likely that two similar spectra are present in the dataset due to chance,
even if they do not correspond to a single peptide. Thus, as the dataset size increases,
a possibility could be to ignore the smallest clusters.

Consensus spectrum quality Previous studies [14] [5] have shown that using
a consensus spectrum can improve the spectra identification, notably because it
improves the signal-to-noise ratio. We can assume that this improvement is better
for larger clusters than for clusters containing only two spectra. Thus, the fact that
more spectra are used to generate the consensus spectrum can also explain that the
consensus spectra of larger clusters can be more reliably identified.

4.3.3 Proteins and tissues

Since all the clusters we have selected contain spectra generated from the same
tissues, it can be expected that some of the clusters correspond to proteins only
present in that tissue. For many identifications (see examples in Table 4.2), it is the
case. For example, finding a protein related to myelination in the spinal cord* or a
protein binding to pulmonary surfactant in the lungs is not surprising.

4The myelin is a substance used to insulate nerve cells
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Many other identified proteins are not specific to one tissue or one cellular type.
For example, a consensus spectrum is identified as a sequence from the "histone
H2B'". Since histones are present in (almost) all cells to "pack" the DNA, they can
be found in all tissues. In that case, we could wonder why the cluster is formed
only by spectra acquired from one tissue: it would be logical to find spectra from
many different tissues. An explanation could be that by favoring homogeneity over
completeness when choosing €, we "split" a larger cluster into several small clusters,
some of them containing only spectra from the same tissue due to chance. If the
open search identified PTMs on the peptide, we could also hypothesize that the
PTM is specific to one particular tissue, which would have a biological interest.

4.3.4 PostTranslational modifications

The occurrences of the PTMs are shown in Table 4.3. Note that several PTMs can be
identified on the same sequence. Not all these PTMs have the same biological interest.
For example, carbamidomethylations are introduced experimentally. Including this
PTM in the open search is essential since it makes it possible to identify the sequences
of the peptides presenting the PTM. Still, it does not provide any information
about processes happening "naturally" in the cells. Note also that oxidations and
carbamidomethylation were already included in the database search used to obtain
the spectra labels.

Given their interest, many PTMs (such as phosphorylations and acetylations)
are widely studied and referenced. Here, we investigate if the acetylations and
phosphorylations identified during the open search are referenced in UniProt [36], a
widely used collection of databases. We assume the identifications made during the
open search are correct.

Batch 2

Among the four acetylations reported, three of them concern histones. It is interesting
because it is known for a long time that the (de)acetylation of histones is used to
regulate the transcription of the DNA [37]. Two of these acetylations are referenced
on UniProt [36].

The last acetylation is identified on a sequence corresponding to the "serine
hydroxymethyltransferase". It is not referenced on UniProt. Either the identification
is a false positive (the database search identified the spectrum wrongly), or the PTM
is not (yet) referenced on UniProt. A manual analysis of the spectrum would be
required to decide if the identification could be a false positive.

The only phosphorylation reported in this batch concerns the "microtubule-
associated protein tau" (UniProt: P10636). It is reported on UniProt (on the 498th
amino acid).

Batch 3

The first acetylation concerns the nucleophosmin protein (UniProt: P06748). It
is not reported on UniProt. The second concerns the thymosin beta-10 protein
(UniProt: P63313), for which the PTM is referenced on UniProt (4th amino acid).
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Phosphorylations were identified from five consensus spectra. Two of these
spectra correspond to the same peptide (SQEESEEGEEDATSEVDK) from the
secretogranin-1 protein. The first one only has one phosphorylation on the first
serine (S). The second one has two phosphorylations, on the first and the second
serine. Thus, it is expected (and intended) that the spectra corresponding to these
peptides are not in the same cluster since the additional phosphorylation shifts some
of the spectrum peaks.

All of the phosphorylations are known on UniProt, with one exception. For
the titin protein, a key component of striated muscles, two phosphorylations were
identified. One of them (33247th amino acid) is referenced on UniProt, but not the
other one, located on the 33241th amino acid.

4.3.5 Discussion
Newly identified clusters

The open search on consensus spectra of unidentified clusters makes it possible
to identify peptides associated with many clusters. Since the identifications were
obtained at a 1% FDR, they can be considered as being reliable. An interesting
result is that almost no cluster containing less than five spectra could be identified.
It can be expected that the more spectra are clustered, the more (small) clusters
will appear due to chance. The proportion of identified consensus spectra seems to
be positively correlated to the size of the clusters, but more detailed results should
be produced to confirm this observation.

The consensus spectra identified during this reanalysis can be put in three
categories:

e Some clusters can correspond to peptides presenting PTMs that were not
searched during the individual analysis of the spectra.

o Other clusters could correspond to spectra identified during the individual
analysis, but for which the confidence level was not sufficient (i.e., the FDR
should have been relaxed to use the identification). It can be assumed that
using consensus spectra, sometimes of better quality than individual spectra,
played a role in being able to identify these spectra with sufficient confidence.

o Many clusters correspond to peptides without PTMs or with common PTMs
that were already searched during the individual analysis of the spectra but
could not be identified. For these spectra, it can also be assumed that generating
a consensus spectrum increased the "quality" such that it could now be identified.

We observed that for many cluster, a direct link could be established between
the identified protein and the tissue. Moreover, the majority of the PTMs reported
where referenced in UniProt [36]. That makes us confident about the reliability of
the identifications reported by the database search.
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Clusters remaining unidentified

The proportion of identified consensus spectra can seem relatively low, even for
batch 3 (4% of the consensus spectra). However, applying the reanalysis described
in this Section to the entire set of unidentified clusters could lead to many new
identifications (even if only clusters of minimum size are considered). Assigning
sequences to unidentified spectra remains an open question, that Chick et al. [7]
called the unassigned-spectra enigma that is so pervasive in shotgun proteomics data
sets. They put several explanations forward.

First, in typical shotgun proteomics experiments, most unidentified spectra
are of good quality. They are very likely to correspond to a peptide (this can
be determined based on the peak pattern). Secondly, a large proportion of the
unidentified spectra would originate from modified peptides (these include not only
peptides with uncommon PTMs but also amino acid variants). By definition, database
search can only identify sequences already known. Even by doing an open search,
the peptides with amino acid variants will remain unidentified. To identify these
spectra, one possibility would be to abandon the database search and use de novo
sequencing to determine the spectrum sequence based on the peak pattern. Another
possibility would be to include known variants in the database used for the database
search. However, this would significantly increase the search space and could lead to
more false positives, which would impact negatively the level of confidence in the
identifications. Moreover, not all the protein variants are known.
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Pseudocode 8 Consensus spectrum construction. Remember that each peak is
defined by its m/z value and its intensity I, P = (m/z,I).

Input: C = {81 = {Pl,h PLQ, }, So = {Pg’l, PQ’Q}’ } > A cluster
Input: tol,,/., the m/z tolerance to consider spectra peaks as matching

Input: maxp, the maximal number of peaks to keep in one spectrum

L Scons = {} > Initialize the consensus spectrum
2: for all s; € C' do

3: s; < Remove peaks having a low intensity

4: s; <— Only keep the maxp most intense peaks

5: for all P,; € s; do

6: w(P;;) =1 > Initialize the peak weight
7 S(P;) = {si} > Remember the spectrum the peak comes from
8: Scons € Scons U {Pi,j}

9: end for
10: end for

11: while True do

12: {P., B} ={(m/za, 1,),(m/ 2, I;))} < Find the pair of spectra that minimizes
m/zp — m/z]

13: if |m/z —m/z,| > tol,,/, then

14: break

15: end if

16: M/ Znew w(Pa)tuT?l{-’j;qugllj:))*m/ Zb > Define a new peak
17: Lhew < 1, + I

18: Poew < (m/ Znew, Inew)

19: Remove P, and P, from S¢ops

20: W( Prew) < w(P,) + w(P)

21: S(Poew < S(P,) US(Fy)

22: Scons < Scons J Poew > Add the new peak to the consensus spectrum
23: end while

24: for all P = (m/z,1) € Seons do

25: prob <« % > The probability associated to the peak
26: [+ I%(0.95+ 0.05x (1 + prob)®) > Emphasize the intensity of peaks
present in many spectra

27: end for
28: return S.gs
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Prot ID | Tissue Protein UniProt description
name

P25189 | Spinal cord Myelin pro- | Is an adhesion molecule necessary for
tein PO normal myelination in the peripheral

nervous system. |...]

P12883 | Heart Myosin-7 [...] together with actin thin filaments,
constitute the fundamental contractile
unit of skeletal and cardiac muscle.

Q99962 | Frontal cortex | Endophilin- | Implicated in synaptic® vesicle endo-
Al cytosis. [...]

Q9UPAS5 | Frontal cortex | Protein bas- | Scaffold protein of the presynaptic cy-
soon tomatrix at the active zone (CAZ)

which is the place in the synapse where
neurotransmitter is released. |...|

Q8WZ42 | Heart Titin Key component in the assembly and

functioning of vertebrate striated
muscles. |...]

Q8IWL2 | Lung Pulmonary | [...] contributes to lower the surface
surfactant- | tension at the air-liquid interface in
associated the alveoli of the mammalian lung
protein Al and is essential for normal respiration.

P12271 | Retina Retinaldehyde-Soluble retinoid carrier essential the
binding proper function of both rod and cone
protein 1 photoreceptors. [..]

P08100 | Retina Rhodopsin Photoreceptor required for image-

forming vision at low light intensity.

Table 4.2: The consensus spectra analysis of the selected unidentified clusters could
identify many peptide sequences, and the corresponding proteins. Thistable shows
several examples for which the link between the identified protein and the tissue
used to generate the spectra is obvious.
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Batch 1 | Batch 2 | Batch 3
Oxidation 1 26 33
Glu ->pyro-Glu 7 3
Gln ->pyro-Glu 3 3
Deamidation 4 2
Acetylation 4 2
Carbamidomethylation 1 8
Methylation 1 4
Phosphorylation 1 )
No PTM 1 5 1

Table 4.3: Occurrences of the PTMs among the identifications of the consensus
spectra. The values represent the number of consensus spectra in which the PTM
was detected at least once. For example, in batch 2, at least one acetylation was
detected on four spectra.
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Chapter 5

Areas for improvement

In Chapter 3, we presented the algorithms used in FALCON. We explained why
FALCON shows a (desired) linear time complexity. Then, in Chapter 4, we clustered
a large dataset. We were able to identify the sequences of many unidentified clusters.
This chapter presents and analyzes several areas for improvement to determine if
they seem to be effective and how they affect performances.

5.1 Dimension reduction

In this section, we compare the dimension reduction method used by FALCON, the
hashing trick [28] (see Chapter 3), with two other linear dimension reduction methods:
PCA, which uses singular value decomposition of the data, and Gaussian random
projection which consists in projecting the high dimensional vectors on a matrix
whose components are generated from a Gaussian distribution [38]. For each method,
we reduced the high dimensional data to 800 components, the parameter used by
default in FALCON. Then, we computed the cosine distance between pairs of high
dimensional vectors x (corresponding to 5000 spectra taken in the same bucket),
and between the same pairs of low dimensional vectors. Ideally, this distance should
be preserved as much as possible. Figure 5.1 shows the results (disty(x1,X2) versus
distg(x],x5)). All these methods tend to better preserve the distances between close
pairs of vectors than distant spectra. For this number of components, the Gaussian
projection offers the best precision: the mean squared error (MSE) between the high
dimensional cosine distances and the corresponding low dimensional distances is
the smallest. However, the average execution time for the hashing trick is 0.48s on
average, while the execution time for the Gaussian random projection is 3.53s on
average. PCA offers both the worst MSE and the longest execution time (41.45s on
average).

Now, we investigate how the MSE evolves when reducing the number of com-
ponents (Table 5.1). An interesting result is that Gaussian random projection can
achieve a better dimension reduction (200 to 400 components versus 800 for the
hashing trick) for a similar MSE. For 200 components, the Gaussian random pro-
jection requires on average 1.10s, which is about two times more than the hashing
trick for 800 components. However, reducing the number of features from 800 to
200 should improve the speed of the nearest neighbors search used in FALCON. In
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Figure 5.1: Comparison of three-dimension reduction methods. Ideally, the distances
should be preserved, and the points plotted on these figures should be as close as
possible to the diagonal. Note that for PCA and the Gaussian random projection,
distances between pairs of spectra can become larger than 1: the cosine between the
vector can become negative because negative components can appear, which was not
the case with the hashing trick.

conclusion, the use of Gaussian random projection instead of the hashing trick should
be considered and tested in further work, given that it achieves more significant
dimension reduction for similar precision.

# components | Hashing trick | PCA | Gaussian
800 0.0032 0.0138 | 0.0013
400 0.0069 0.0147 | 0.0024
200 0.0163 0.0169 | 0.0045
100 0.0379 0.022 0.0090
50 0.092 0.033 0.019

Table 5.1: Mean squared errors of the three dimensionality methods for different
numbers of components.

5.2 DBSCAN concurrents

Since FALCON provides a way to convert spectra to vectors of reasonable dimension,
any clustering algorithm could be used to cluster them. In this section, we compare
three well-known algorithms on a subset of 10 000 spectra, to observe if DBSCAN
offers the best results in terms of clustering quality.

5.2.1 Algorithms

We compare the following clustering algorithms:

« DBSCAN. This algorithm (used in FALCON) was presented in Pseudocode 4.
Here, we computed the distance matrix exhaustively (to avoid the potential
error that an approximate distance matrix, such as the one used in FALCON,
could introduce).
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e k-means, with centroids initialized on input vectors selected randomly. This
algorithm has already been presented in Chapter 3. The number of centroids
(which corresponds to the number of clusters) is the main parameter. The
clustering ends when the solution has converged or the maximal number of
iterations has been reached (at most, 300 iterations are allowed).

o Agglomerative (hierarchical) clustering. Initially, each spectrum is assigned
to one cluster (there are as many clusters as spectra). At each iteration, the pair
of clusters separated by the smallest distance is merged. The user can specify
a distance threshold dyp,, to determine when to stop the algorithm (when all
pairs of clusters are separated by a distance larger than dy,,). Several methods
exist to compute the distance between two clusters. We use average-linkage:
the distance between two clusters C'4 and Cp is defined as the average of the
distances between all the different pairs of clusters.

We use the implementations provided by the sklearn Python library.

5.2.2 Methodology

The three clustering algorithms are very different. To compare them fairly, we used
the following method.

Vectors

We used the hashing trick, the method provided in FALCON and described in
Chapter 3, to convert the spectra to vectors of size 800, as is the case in FALCON.
Not using the dimension reduction would have resulted in much longer execution
times. As we have seen previously, this dimension reduction method preserves pretty
well the distances for relatively close pairs of vectors.

Distance function

FALCON uses the cosine distance as a distance function. DBSCAN and agglomerative
clustering can be used with any distance metric. However, k-means is typically used
with euclidean distances (since for this metric, it can be mathematically proven the
objective clustering function will converge to a minimum!). This is not a problem as
long as the vectors are normed: in this case, the relation between the cosine and the
Euclidean distances simplifies to

diSteuCl (Xl, Xz) = diStg (Xl, Xz)

It implies that the relation disteyc(x1,X2) < diSteuc(X3,X4) = disty(xq,X2) <
diste(x3,x4) is always respected. Thus, it is not a problem to use the cosine distance
for DBSCAN and the agglomerative hierarchical clustering, and euclidean distance for
k-means.

1Tt can be a local minimum.
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Constraints

The precursor charge constraint can easily be taken into account by only clustering
spectra of the same charge (as it is the case in FALCON). Clustering a subset of
spectra that respect the precursor mass constraint turns out to be more complicated
since the number of spectra would typically be a few thousand or less. During the
experiments, we observed that such a size of subset is not sufficient to produce results
that can be generalized to larger datasets.

For bBSCAN and the agglomerative hierarchical clustering, we could have taken
into account the constraint similarly as in FALCON, by setting the distance between
pairs of spectra violating the constraint to the maximal value (=1). For k-means, it
is more complicated. Adaptations of k-means able to take into account must-link
and cannot-link constraints have been released [39].

However, to keep the comparison as simple as possible, we decided to relax the
precursor mass constraint for the comparison for the three algorithms. Indeed, the
goal of the precursor mass constraint is mainly to reduce the search space. We expect
this constraint to be naturally respected (at least, when the clustering parameters are
chosen such that dissimilar spectra can be clustered separately), because close pairs
of spectra tend to have close precursor m/z? (because they are likely to correspond
to the same peptide).

Subset selection

Since we have relaxed the precursor mass constraint, the size of the search space has
considerably increased. Thus, it is necessary to limit the number of compared spectra
to make the clustering in a reasonable time. However, the number of clustered
spectra needs to be large enough such that the results obtained on the subset
can be generalized. When selecting subsets of 10 000 spectra or more, the results
(presented below) tend to become very similar from one bucket to another. Thus,
we used a subset of this size (the first 10 000 spectra of the bucket of charge 2 and
Pm/> € [600,601[ of the Draft of the Human Proteome). Note that it is crucial to
select spectra having a similar precursor m/z (e.g., spectra in the same bucket). By
choosing a small subset of spectra randomly over the whole dataset, the probability
of selecting several spectra corresponding to the same peptide (and having a similar
precursor m/z) would be very low, and the chosen spectra would appear dissimilar
to each other.

Noise and singleton clusters

The three algorithms compared are very different. DBSCAN does not put all the
spectra in clusters: some points are tagged as noise (the number of which depends
notably on the radius € used as a parameter). They do not correspond to any cluster.
By opposition, agglomerative hierarchical clustering and k-means assign all the points
to clusters. It can be considered that the equivalent of noise points in DBSCAN are
the points in clusters of size one in k-means and agglomerative clustering. Thus,

2More than 99% of the pairs of spectra at a cosine distance smaller than 0.1 respect the precursor
mass constraint of 20 ppm.
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we reassigned all the noise points of DBSCAN to singleton clusters (such that the
completeness is penalized when DBSCAN only cluster a very small proportion of
spectra).

Clusters visualization

Homogeneity and completeness are very useful metrics to assess if a clustering is
coherent with the labels we have for part of the spectra. However, it can always
be useful to visualize the data. To plot visualize the spatial distribution of the
vectors in two dimensions, we used Barnes Hut t-SNE to perform the neighbor
embedding and get 2-dimensional data. Prior to applying t-SNE, we used PCA to
reduce the high-dimensional vectors (=~ 30 000) to vectors of 50 dimensions. We
used the implementation available in sklearn, with the parameters n_components =
2, perplexity = 30, n_iter = 1000 and learning rate = 200.

5.2.3 Comparison

The homogeneity and the completeness of the three clustering algorithms, as a
function of their respective main parameter, are shown in Figure 5.2. For DBSCAN,
the parameter ¢ = 0.1 previously used for the clustering of the whole Draft of
the Human Proteome provides a good trade off between a homogeneity close to
one (h = 0.97) and a relatively good completeness (¢ = 0.82). Since a very good
homogeneity is critical when clustering mass-spectrometry data (as discussed in
Chapter 4), we compare the three algorithms at a similar homogeneity score. For
k-means, it requires using a very large number of clusters (2500, for the 10 000
clustered spectra) to get a similar homogeneity to DBSCAN (h = 0.97), which leads
to a decrease of the completeness to ¢ = 0.71. For the agglomerative hierarchical
clustering, we use dy,, = 0.25, which results in a homogeneity h = 0.97 and a
completeness ¢ = 0.85 (slightly better but comparable to DBSCAN).

Now that we have selected suitable parameters for each algorithm, we can visualize
the corresponding clusterings on Figure 5.3.

Reference plot

All the subplots in Figure 5.3) shows the result of the neighbor embedding per-
formed by the Barnes Hut t-SNE, which defines the position of the vectors in the
2-dimensional space. In the top left subplot (that we will the reference plot), the
colors correspond to the labels. It shows there is a strong correlation between the
sequences (the colors) and the clusters of points visible on the figure. This indicates
that the selected parameters for t-SNE seem to give the expected result (close pairs of
high-dimensional vectors are close in the 2-dimensional space). Many clusters contain
no labeled spectrum (all the points are in grey). The clusters are well delimited
on the periphery. Still, the center of the plot seems to contain a poorly defined
cluster containing a majority of unlabeled spectra (grey points). This large cluster is
an artifact caused by t-SNE and containing points that have no or very few close
neighbors.
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Figure 5.2: Comparison of the homogeneity and completeness scores of the three
clustering algorithms (DBSCAN, k-means and agglomerative hierarchical clustering).
The vertical grey lines correspond to the parameter used to get a homogeneity h =
0.97, and the horizontal grey lines correspond to the homogeneity and completeness
scores of DBSCAN (for € = 0.1).

DBSCAN

In Figure 5.3, many similarities can be seen between the reference plot (top left)
and the clustering produced by DBSCAN. In other words, DBSCAN tends to assign
the spectra having the same label to the same clusters. The main particularity of
DBSCAN, compared to the other compared algorithms, is that it tags most of the
points belonging to the central cluster as noise, while the other algorithms tend to
cluster a larger proportion of these points.

k-means

To get the expected homogeneity, it is necessary to use a large number of clusters
k, which explains that the completeness of k-means is low compared to the other
algorithms: all the large clusters are split into several clusters. Thus, the homogeneity
is very low (visually, it can be observed in Figure 5.3 that contrary to the reference
plot, there are points with many different colors in each cluster generated by t-SNE).
Given that there is a large number of clusters, the average number of spectra per
cluster tends to be low, which is problematic (the results we got in Chapter 4 tend
to indicate that large clusters are more likely to be identified).

In Figure 5.2, it can be seen that k£ = 2500 does not provide the best trade-off
between homogeneity and completeness, even though it provides a high homogeneity
desired for the comparison. k-means is typically used with a number of centroids
k significantly smaller than the number of samples. The parameter & = 400 gives
a better overview of the k-means capabilities (see Figure 5.4). However, it still
splits many large clusters into several smaller clusters, including clusters in which all
spectra have the same label (this can be seen by comparing this plot to the reference
plot in Figure 5.3). Selecting k < 400 results in splitting fewer clusters, but it also
decreases the homogeneity.
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Figure 5.3: By using PCA to reduce the number of components of the high-
dimensional vectors to 50, and then Barnes Hut t-SNE for the neighbor embeddings,
it becomes possible to visualize the 10000 vectors and the clusters they form in
the 2-dimensional space. The four subplots show the 2-dimensional points obtained
with t-SNE. The top-left subplot shows the labels (one color per label, unlabeled
spectra in grey). It shows that each cluster resulting from the application of t-SNE
tends to contain spectra with the same label, which is expected (spectra having the
same label tend to be very similar). For the three subplots showing the result of the
clustering algorithms, each points is colored according to the cluster it was assigned
to. Grey points correspond to the noise (DBSCAN) and the clusters containing only
one element (k-means and agglomerative hierarchical clustering). Note that t-SNE
was only used for the visualization, the clustering was done on vectors generated by
the dimension reduction method used in FALCON. In the bottom-left corner of each
subplot are indicated the number of clusters containing at least one element ('k>17),
the homogeneity h and the completeness c.
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k-means, k=400

Figure 5.4: The parameter k£ = 400, even if it provides a lower homogeneity than
k = 2500, results in a better trade-off between homogeneity and completeness for
k-means.

Agglomerative hierarchical clustering

For the same homogeneity as DBSCAN (h = 0.97), hierarchical clustering provides a
marginally better completeness than DBSCAN (¢ = 0.85 versus 0.82) for this subset.
This is surprising, since hierarchical clustering results in many more clusters than
DBSCAN (see Table 5.2): intuitively, we could expect a lower completeness, since the
large number of clusters could indicate that clusters are split. As for DBSCAN, many
similarities can be observed with the reference plot.

DBSCAN | Aggl. hierarchical

h 0.97 0.97
c 0.82 0.85
# clusters > 1 538 915

Time (s) 0.97 £ 0.06 30.79 £ 0.22

Table 5.2: Comparison between DBSCAN and hierarchical clustering. '# clusters > 1’
corresponds to the number of clusters containing at least two spectra. The time
measures were repeated three times and are shown with the associated standard
deviation (the characteristics of the device used for the measurement are indicated
in Appendix A).

Visually (see Figure 5.3), the main difference with DBSCAN is that many more
points belonging to the central and poorly defined cluster tend to be grouped in small
clusters. Given that most of the spectra belonging to this cluster do not have a label,
the clusters they are assigned to does not influence the homogeneity and completeness
scores. Thus, we can hypothesize that the larger number of clusters compared to
DBSCAN is because hierarchical clustering forms many more small clusters containing

63



unlabeled spectra. Figure 5.5 confirms that the more important number of clusters
achieved by the hierarchical clustering is mainly due to small clusters of size smaller
than 20 (and particularly, smaller than 10).

700 1 Em DBSCAN
Aggl. hierarchical

Number of clusters

0 20 40 60 80 100
Cluster size

Figure 5.5: Agglomerative hierarchical clustering produces many more small clusters.

Even though hierarchical clustering achieves better completeness than DBSCAN,
its main drawback is its performance. At each iteration, it finds the best pair of
clusters (time complexity O(n?)). There are at most n iterations (where n is the
number of samples to cluster): the resulting time complexity is O(n?®) with a naive
implementation (by using a priority queue, it is possible to reduce the time complexity
to O(n? * log(n)) [40]). This complexity implies that hierarchical clustering is not
scalable for large datasets. Table 5.2 shows that for our subset of 10 000 spectra,
hierarchical clustering takes 30x more time than DBSCAN.

5.2.4 Discussion

This comparison between three widely used clustering algorithms made possible to
better assess their properties and their performances on a subset of spectra. Since our
application of clustering requires a high homogeneity, k-means is not a good candidate,
because achieving very high homogeneity requires sacrificing completeness: many
small clusters are formed. In this subset, for the same homogeneity score, hierarchical
clustering achieves better completeness than DBSCAN. However, the difference is
marginal and we cannot conclude that agglomerative hierarchical clustering offers a
better completeness without further work.

Even though hierarchical clustering achieves better completeness than DBSCAN
(at the same homogeneity score), its time complexity makes it intractable for large
datasets. In conclusion, among the three compared algorithms, DBSCAN seems to
present the best trade-off between the homogeneity and completeness scores and the
performances.

5.3 Avoiding the postprocessing step

In the original implementation of FALCON, a postprocessing step is required to split
the clusters violating the precursor mass constraint by transitive closure. That is
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not very elegant. Other versions of DBSCAN could take this constraint into account
directly. For example:

o C-DBSCAN, by Ruiz et al. [41], supports the use of cannot link constraints:
we could apply such constraints to all the pairs of spectra that do not respect
the precursor mass constraint.

o ST-DBSCAN, by Birant et al. [42], is based on DBSCAN but can cluster points
based on two distances, the spatial distance, and the non-spatial distance. One
¢ parameter has to be defined for each of these distances. If their algorithm was
used in FALCON, the precursor masses difference of two spectra could be used
as non-spatial distance (€pon_spatial X tol’™). No postprocessing step would be
required because all the clusters would respect the precursor mass constraint.
According to the authors, the time complexity of ST-DBSCAN is the same as
for DBSCAN.
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Chapter 6

Conclusion

First, we presented the interest in clustering datasets generated during shotgun
proteomics experiments in Chapter 1. We justified the need to make use of efficient
algorithms by the ever-increasing available data.

In Chapter 3, we presented FALCON, an efficient software for clustering tandem
mass spectra. We explained why in practice, the time complexity of FALCON depends
on the order of magnitude of the dataset size. For datasets of several tens of million
spectra, for which the number of spectra per bucket is inferior to 10°, the execution
time of FALCON grows linearly as the size of the dataset increases. For larger
datasets (e.g., hundreds/thousands of millions of spectra), we can predict that the
time complexity will be O(n?). However, this complexity is attenuated as the order
of magnitude of the dataset size increases by increasing the number of Voronoi cells
used for the approximate neighbors search.

In Chapter 4, we reanalyzed many unidentified clusters generated by FALCON
after clustering the Draft of the Human Proteome (presented in Chapter 2). We
were able to identify the sequences corresponding to many unidentified clusters. We
observed a link between many proteins and the tissue from which the spectra were
acquired. We observed that larger clusters were more likely to be identified.

Finally, we analyzed several areas of improvements for FALCON in Chapter 5. We
showed that Gaussian random projections could achieve further dimension reduction
of the vectors representing the spectra while preserving the distances. The comparison
between three clustering algorithms on a subset of spectra showed that DBSCAN
performs as well as or better than its competitors, and it is faster.

The interest in clustering data acquired during shotgun proteomics experiments is
not limited to the possibility of reanalyzing clusters generated from a single dataset.
The ability, provided by FALCON, to analyze datasets containing tens of millions of
spectra in reasonable time and without requiring a supercomputer or cloud computing
makes clustering of proteomics data much more accessible. Thus, we think that
opens the door to many new applications of clustering. For example, by clustering
the Draft of the Human Proteome with a dataset acquired from cancer cells and
then analyzing large clusters containing only spectra obtained from the cancer cells,
it could be possible to identify peptide variants only expressed in cancer cells, which
would have a significant biological interest.
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Appendix A

Reproductibility

A.1 Setup

Unless it is mentioned otherwise, the time measurements were made on an ASUS
UX410UQK laptop with 16 GB of RAM, an Intel Core i7-7500U (2.70 GHz) CPU,
and an NVIDIA GeForce 940MX graphic card. The OS is Ubuntu 20.04.2 LTS
(64-bit). The spectra’ buckets were stored on and read from an external HDD of 4
TB (ext4 partition, 5400 rpm) connected to a 3.0 USB port. Note that in order to
cluster the entire Draft of the Human Proteome dataset, we used a 64GB swapfile
stored on the SSD (256GB), because the main memory was not sufficient.

A.2 Draft of the Human Proteome

The files containg the spectra were downloaded from the PRIDE Archive [18]' (ID:
MSV000079514). Similarly to Bittremieux et al. [23], we used ThermoRawFileParser
[43] to convert the RAW files to MGF files that FALCON can handle. We also used
the same identification data, from the MassIVE Reanalysis platform?.

A.3 Source code

The code used to generate the results presented in this document is written in Python
and available in the Jupyter notebooks available in the notebooks folder of the following
repository https://github.com/KilianMaes/falcon/, which is a fork of the repos-
itory that stores the FALCON clustering tool (by Bittremieux et al. [23]). The version
of FALCON used for the algorithmic description (Chapter 3 and the clustering (Chap-
ter 4) corresponds to the commit 5b6acc5282856efa91b325ee6fabla3labaedf66
of FALCON (March 13, 2021).

As it is indicated in the file, bittremieux_utils.py reuses several function
of one notebook written by Wout Bittremieux and available on its repository
falcon_notebooks®.

"https://www.ebi.ac.uk/pride/archive/projects/PXD000561
’https://massive.ucsd.edu/ProteoSAFe
3ht'tps ://github.com/bittremieux/falcon_notebooks
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Other files available on the notebooks folder are:

« analyzePXD000561spectra.ipynb: generate the figures presented in Chapter 2
(the number of spectra, the precursor m/z distribution, etc).

o analyzeFalconAlgorithm.ipynb: generate the figures of the predicted and mea-
sured execution time for the construction of the distance matrix presented in
Chapter 3.

o analyzeFalconCluster.ipynb: used to compare the homogeneity and the com-
pleteness of FALCON for several € parameters (see Chapter 4).

o clusteridentification.ipynb: determine the number of identified cluster, uniden-
tified clusters, etc. This file was used to generate plots presented in Chapter 4.

» consensusReanalyze.ipynb: analyze the identification results of the consensus
spectra reanalysis, and fetch the protein descriptions from UniProt.

o compareClusteringAlgorithms_ v2.ipynb: make the comparison between several
clustering algorithms on a subset of spectra in Chapter 5. This file was also used
to make the comparison between the dimension reduction methods presented
in the same chapter.

Most of these files use "imports" of the FALCON source code (e.g., to read the
spectra in a particular file, we make an import of the corresponding function in
FALCON).

A.4 Parameters used for the clustering

To obtain the results presented in Chapter 4, FALCON was run with the following
configuration (extracted from config.py):

mz_interval = 1
charges, mzs = (2, 3, 4, 5), np.arange(50, 2501, mz_interval)

# Spectrum preprocessing.
min_peaks = 5

min_mz_range = 250.

min_mz, max_mz = 101., 1500.
remove_precursor_tolerance = 0.5
min_intensity = 0.01

max_peaks used = 50

scaling = None

# Spectrum to vector conversion.

fragment mz_tolerance = 0.05
hash_len = 800
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# Spectrum matching.
precursor_tol_mass, precursor_tol _mode = 20, ’ppm’

# NN index construction and querying.
n_neighbors, n_neighbors_ann = 64, 128
n_probe = 32

batch _size = 2%%x16

# DBSCAN clustering.
eps = 0.1
min_samples = 2

A.5 Libraries

The computations and other plots shown in this thesis were realized with Python
3.8.6, with the following libraries:

o Matplotlib 3.3.3
e Numpy 1.19.4

« Pandas 1.2.0

o Scikit-learn 0.24.0
e Scipy 1.5.3

e Spectrum_ utils 0.3.4
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