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Abstract

Cells are constantly sensing and adapting to changes in conditions. Protein post-translational
regulation is one of the fastest mechanism used by cells to relay signals from sensors to
effectors during such adaptations. Mass spectrometry allows for the study of posttranslational
modif cations on a very large scale and has been extensively applied to study protein phospho-
rylation. On the order of 75% of human proteins have been estimated to be phosphorylated
and approximately 160,000 human phosphosites are listed in public repositories. This wealth
of knowledge, remains mostly uncharacterized with around 5% of human phosphosites
having an annotated regulatory role or known regulatory kinase. Devising ways to study
the functional importance of phosphosites is therefore a crucial research question. The
recognition of target sites by a kinase is thought to be determined by a short contiguous
sequence motif around the target phosphosite. It has been reported that kinases can, in some
cases, recognize a 3D epitope instead of a linear peptide sequence. However, the extent by
which 3D epitopes are important for kinase recognition is unknown.

To study the usage of 3D kinase recognition motifs, I f rstly examined if known in vitro
and in vivo human kinase targets can be explained by 3D epitopes. For this I devised a
computational pipeline mapping known kinase target phosphosites to structural models.
Using these I identif ed potential cases where the important specif city determinant residues
are not observed in contiguous sequences in the targets but may exist as a 3D epitope, and
performed docking simulations to examine the possible kinase interactions. The 3D epitope
examples were found to be rather exceptions than a rule, and the analysis conf rms the general
rule of linear motif recognition by kinases.

To better predict phosphorylation of high functional relevance I analysed phosphosites
that are highly conserved across species within protein domains families. These regions
of conserved phosphorylation, def ned as phosphorylation hotspots, were determined us-
ing phosphosite data for a total of 40 eukaryotic species. A total of 241 domain regions
were identif ed as hotspots within 162 domain families that were then mapped to proteins
structures. These regions were shown to predict known regulatory sites and overlap with
important structural features (i.e. protein interfaces and residues near or at catalytic sites). To
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further study the regulatory regions of protein domains I searched for regions of conserved
ubiquitination and/or a high degree of recurrent mutations found in cancer. Of 68 domains
that had enough data for analysis of all 3 types of hotspots I present the analysis of interesting
cases and domains containing overlapping PTM and/or mutational hotspots.
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Chapter 1

Introduction

1.1 Proteome

The complete sequencing of the human genome, defined as a the full content of all chromo-
some related information, was a hallmark of large-scale biology. Although it took immense
effort and series of related and sometimes unintended innovations, the definition of entire
genome is relatively well established. Human genome project revealed 20,300 protein
coding genes, in contrast to the estimated 100,000 (Pruitt et al. [229]). This unexpected
finding led to the recognition that the protein variation might be mostly responsible for the
complexity of the biological organisms rather than a high number of distinct genes (Schlüter
et al. [247]). A term ’proteoform’ has been introduced to better refer to a product of a
single gene (Smith et al. [266]) that is a protein but also encapsulates changes due to genetic
variations, alternatively spliced RNA transcripts and post-translational modifications. The
proteome, unlike the genome, has a non-linear character with a highly dynamic range and
differences over time and space of proteins. In the case of proteomics, the definition of
a complete, reference proteome presents a new, more complicated challenge. Character-
ization of all the possible isoforms and modification states of all expressed proteins may
be impossible to experimentally discover, because of the astronomical number of possible
combinations (Cox and Mann [51]). The limited view that comprahensive proteome can
be defined as all the proteins identifiable by a state of art mass spectrometric methodology
(Beck et al. [12]) has its practical aspect. Alternatively, the Chromosome-Centric Human
Proteome Project identifies one or more protein representatives from all the protein coding
genes in an organism (Paik et al. [215]). The most pragmatic and easiest, yet still very
laborious definition to achieve, is the identification and quantification of at least one protein
form from every genomic locus that is expressed in a given biological system. Such an



2 Introduction

achievement would provide a very rich source even for the low abundant proteins and all
the isoforms. So far, only partial information about the proteome and phosphoproteome are
available in standardised databases. Efforts from OpenProt (Brunet et al. [31]) and UniProt
(UniProt Consortium [290]) address the needs of the field and provide the most popular and
extensive databases. The first description of a complete model proteome (de Godoy et al.
[59]) along with the identification of proteins in human cell lines (Beck et al. [12], Nagaraj
et al. [202]) took several months, and required immense effort to obtain. Improvements
to mass spectrometers and sample preparation have enhanced the sensitivity and speed of
such experiments, and nowadays, the same research requires only a fraction of the original
time. Easier standard sample preparation and shorter time required for the MS machines,
combined with straightforward bioinformatic analysis, has greatly improved the overall state
of knowledge. However, only some specialised laboratories have well established robust
pipelines.

1.2 PTMs and Phosphorylation

Posttranslational modifications and their structural and functional annotations present an
analysis problem on their own, with arduous data gathering processes and individual func-
tion assignment. Over 300 different types of PTMs are known, ranging from single atom
modifications (oxide) to small protein modifiers (ubiquitin) (Walsh et al. [296]). Protein
phosphorylation is likely to be the most extensive and most well characterized PTM. On
the order of 75% of the human proteome has been suggested to be phosphorylated and
over 100,000 phosphosites have been discovered for these proteins (Sharma et al. [256]).
Phosphorylation is catalysed by kinases and constitutes the transfer of the terminal phosphate
group from ATP to the hydroxyl group of amino-acids. The transfer to serine (S), threonine
(T), tyrosine (Y), histidine (H) and aspartic acid (D) residues is possible, however due to
their prevalence in eukaryotic species and technical limitations, most studies have focused
on S,T,Y phosphorylation (Mann et al. [179], Thomason and Kay [280]). The reverse mech-
anism (dephosphorylation) is catalyzed by phosphatases (Figure 1.1), the cooperation of
both processes control actions such as molecular association, protein degradation, enzymatic
activation, intracellular localization, etc (Hunter [116]).
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Fig. 1.1 There are 518 protein kinases in human genome, that are capable of phosphorylating
substrate on Serine/Threonine/Tyrosine residues. Around 120 human phosphatases are
responsible for phosphorylation removal.

1.3 Protein kinases and kinase specificity

1.3.1 Protein kinases classification

Eukaryotic protein kinases are structurally distinct from many other kinases found in prokary-
otes. In prokaryotes, phosphorylation can be maintained by different molecular systems. In
bacteria the two-component system is responsible for phosphate-based signal transduction, in
which the sensor kinase first autophosphorylates on a Histidine residue and then transfers a
phosphate to an Aspartate residue of a response regulator (Robinson et al. [239]). Prokaryotes
also control the phosphorylation networks by proteins that are both kinases and phosphatases
(e.g. isocitrate dehydrogenase kinase/phosphatase enzyme (Laporte et al. [160])) or function
in distinct phosphotransferase systems (Kotrba et al. [152]). Eukaryotic-Like Kinases (ELKs)
are evolutionary related to Eukaryotic Protein Kinases and phosphorylate small metabolites
(Oruganty et al. [214]). ELKs also widely exist in eukaryotes, sharing the common kinase
fold with eukaryotic protein kinases, and small sequence similarity (Figure 2). Eukaryotic
protein kinases (ePKs) are the main type of kinases phosphorylating substrates in eukaryotic
organisms. Integrative sequential and structural analysis of the ePKs and ELKs suggests that
the ePKs diverged from the ELKs early during evolution (Oruganty et al. 2016). Eukaryotic
kinases phosphorylating Histidines or other residues, do not share a common fold with those
phosphorylating S/T/Y (ePKs).

The standard eukaryotic protein kinase classification scheme considers their evolutionary
history, function, and structure (Manning et al. [181]). This scheme classifies kinases into 9
groups, 134 families and 196 subfamilies and covers human, yeast, worm and the fly kinome.
The classification has been based on the previous research that included only 5 kinase groups
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Fig. 1.2 Structural comparison of three different, human kinases. A. Serine/Threonine specific
Aurora kinase (pdb: 1mq4), B. Tyrosine specific Kinase Hck (pdb: 2hck), C. Small molecule
kinase - Choline Kinase alpha 2 (pdb: 2cko). Despite different specificities, all three kinases
share the same kinase fold.

(Hanks and Hunter [96]). Most eukaryotic kinases from each group share a common catalytic
domain, however sequence analysis shows major variations between the groups, with distinct
and ancient functions. To map all groups of kinases across large evolutionary distances, each
group can contain multiple families, which can contain multiple subfamilies. The process of
classifying eukaryotic protein kinases includes clustering by: sequence similarity within the
kinase domain, additional information from other domains within the kinase, evolutionary
conservation, and known function. Besides the TK group which phosphorylates Tyrosine,
all other groups phosphorylate S/T residues. This very practical, hybrid classification is still
under development (especially the subfamilies) while new kinomes are being sequenced. In
the list below all 9 groups of protein kinases are briefly described along with the Atypical
and Other groups.

• AGC group is named after the Protein Kinase A, G and C families (PKA, PKG and
PKC). Kinases within this group are mostly core intracellular signaling enzymes,
modulated by cyclic nucleotides, phospholipids and calcium.

• CMGC group includes families CDK, MAPK, GSK3 and CLK, hence the name.
The diversity of functions within the group includes cycle control, MAPK signalling,
splicing and other.
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• CAMK group includes Calmodulin/Calcium regulated kinases, split into CAMK1 and
CAMK2 families. There are several families of non-calcium regulated kinases within
this group.

• CK1 is a small, ancient family with the name originating from Cell kinase 1. Members
of this group are conserved from yeast to human.

• STE group contains 3 families that include homologs of the yeast STE7, STE11 and
STE20. These kinases sequentially activate each other in a MAPK cascade in order to
activate MAPK family.

• TK group stands for Tyrosine Kinase, which almost exclusively phosphorylates tyro-
sine residues. The evolutionary analysis indicates TK as the youngest group with the
biggest number of distinct families.

• TKL are Tyrosine Kinase-Like kinases, that are mostly similar to TKs, but they are
phosphorylating S/T substrates instead. More than half of plant kinomes include
TKL kinases, such as receptor kinases and possible tyrosine-specific kinases in other
lineages.

• RGC is a small group containing Receptor Guanylate Cyclases with an active guanylate
cyclase domain and a catalytically inactive kinase domain.

• PKL contains several diverse families, sharing a Protein Kinase-Like fold and catalytic
mechanism with other ePKs, like, lipid, sugar and other small-molecule kinases.

• aPK — the Atypical protein kinases in this group are shown experimentally to have
protein kinase activity, but do not have structural similarity to ePKs.

• Other group includes several families, of which kinases clearly contain kinase domain,
but do not fit into the remaining groups. The group includes e.g. Aurora Family, CAM
kinase kinase (which activates CAMK1), PLK family and several more.

1.3.2 Phosphatases

While the main focus of the thesis is on kinase recognition and phosphosite function it
is relevant to note the importance of phosphatases in phosphorylation signaling. Protein
Phosphatases (PPs) are capable of dephosphorylating amino acids that has been previously
phosphorylated by a kinase. Phosphatase uses water molecules to cleave a phosphoric acid



6 Introduction

monoester into a phosphate ion and an alcohol. Hence they are classified as a subcategory of
hydrolases because of their capability of hydrolysing their substrate. Protein phosphatases
can be grouped into three main classes based on sequence, structure and catalytic function.
Subdivision of phosphatases based upon their substrate specificity can be distinguished as:

• Tyrosine-specific phosphatases

• Serine-/threonine- specific phosphatases

• Dual specificity phosphatases (serine/threonine or tyrosine)

• Histidine phosphatase

The human genome encodes around 200 PPs, with ~40 Ser/Thr specific, ~100 Tyrosine
specific and ~50 of dual specificity (Moorhead et al. [198]). Specificity of phosphatases
appears to manifest mostly through the association of phosphatase catalytic domains with
particular regulatory subunits (Ubersax and Ferrell [289]). The specificity of the phosphatases
and the so called “phosphatase code” are still important research tasks that are not yet fully
understood. Despite the impression of recognizing multiple substrates in vitro, in in vivo

experiments protein phosphatases remained extremely specific (Sacco et al. [243]).

1.3.3 Protein kinase domain

The catalytic unit of a S/T kinase is a structurally conserved protein domain, classified in
Pfam as PF00069. Similarly Tyrosine specific kinases are depicted in Pfam as PF007714,
however the structural differences between these catalytic domains are mostly related to
the substrate binding pocket. The domain is constructed from ca. 300 amino acids, with a
catalytic pocket of 10 residues (Hanks and Hunter [96], Manning et al. [181], Kannan and
Neuwald [134]). Other structural domains that a kinase can contain are usually identified
as regulatory or targeting modules (Scott and Pawson [250]) and are often the origin of the
kinase name (e.g. Polo kinase contains a Polo domain along with the ePK domain). There
are 9546 architectures of kinase domain containing genes reported in Pfam. Such variety
of architectures means that the kinase domain may have a lot of other domains (SH2, SH3,
WD40, PH, Death etc) in close proximity, connected by linkers, that all together create a
functioning protein. In Figure 1.3 a structural representation of a kinase domain is shown
with a highlighted N-lobe (consisting mostly of beta sheets) and a larger, helical C-lobe.
ATP binds in the cleft between the lobes, where the adenine group of ATP intercalates with
hydrophobic residues of the pocket (Figure 1.3) (Hu et al. [108], Nolen et al. [208]).
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Fig. 1.3 Structural representation of the kinase. A. Catalytic pocket is located in the cavity
between catalytic loop, P-loop and A-loop. Peptide binding inside the pocket can easily
access the ATP for phosphoryl transfer. The structure used for presentation is that of CyclinB
(pdb: 1qmz). B. The rainbow coloring allows to see the numbering of the helices in the
C-lobe.
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Shown in Figure 1.3 the N-lobe is constructed of five β sheets (β1-β5) with a Gly-rich
loop (called P-loop) between β1 and β2 sheets. This flexible P-loop contains an important
hydrophobic residue that contributes to the coordination and positioning of the phosphates
of ATP, folding over the nucleotide (Cowan-Jacob [48]). A single helix within the N-lobe
is called the C-helix (αC). The C-helix plays an important role facilitating the catalysis
— rotating the N-terminus into C-helix-out position (suboptimal for catalysis) results in
inactivation of the kinase, and provides contacts for other motifs (Cowan-Jacob [48], Kannan
et al. [135], Fabbro et al. [74]). The helical C-lobe includes helices D, E, EF, F, G, H, I and J,
and from two to four β sheets (β6-β9). These β sheets transform into loops quite easily —
some of the crystalised structures (like the CyclinB presented in Figure 1.2) contain only some
of the β sheets, eg. β6 and β7. Strand β9 is usually contained within the activation loop, and
the catalytic loop includes β6 and β7. The DFG-motif (Aspartate-Glycine-Phenylalanine) is
located between β8 and β9, and its Aspartate recognizes one of the Mg2+ ions. Also in the
DFG-motif the Phe makes hydrophobic contacts with the C-helix facilitating the Lys-Glu
salt bridge.

The DFG-motif extends into the A-loop, which ends at the beginning of the F-helix. The
A-loop is a very flexible region, which regulates the on and off state of the kinase by changing
its conformation and access to the pocket. The activation loop (A-loop) occurs in an open
(activated) or various closed conformations (inactivated) (Nolen et al. [208]). The platform
for the substrate binding is made by the activated A-loop together with the helices of the
C-lobe (Ubersax and Ferrell [289]). The GHI domain includes three helices (αG, αH and αI)
on the bottom of the C-lobe and is unique to ePKs. Many substrate and regulatory proteins
bind to the GHI domain. The activation of a protein kinase results in the re-orientation of
the A-loop and the C-helix. The Glu from the C-helix comes into proximity of the active
site Lys (from the AXK-motif) and the A-loop. In many kinases, the Phe from the DFG
motif also changes position upon activation - from the DFG-out (inactive) to DFG-in (active
conformation). The A-loop can be stabilized in the active conformation by phosphorylation
or other interactions with the additional regulatory proteins. The catalytic loop (β6/β7)
contains the Y/HRD-motif. Residues in the Y/HRD motif are conserved throughout all ePKs
and ELKs. Tyr/His from this motif serves as a central scaffold for binding of the Asp and
making a contact with the Phe from the DFG motif. Asp of the Y/HRD is responsible for the
correct orientation of the phosphosite hydroxyl acceptor group in the peptide substrate. The
catalytic loop does not change the conformation during the activation of the kinase.

The residue controlling the access into the deep pocket is called a gatekeeper and is
located within the Hinge (Figure 1.3). Mutation of the gatekeeper amino acid can cause
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resistance to the inhibitors (Cowan-Jacob [48], Taylor and Kornev [279], Moebitz and Fabbro
[196]). The resistance due to the gatekeeper mutation is usually causing a steric clash with
the inhibitor, or significant increase of the affinity towards ATP. The optimal structure of the
active kinase includes also the formation of the Regulatory spine (R-spine) and the Catalytic
spine (C-spine). The R-spine is built by four residues- one from the β4 sheet, one from the
C-helix, the Phe from the DFG motif in the N-lobe and the Y/H from the catalytic loop.
Hydrophobic interaction of these four residues supports the scaffold between the N- and
C-lobes that supports the optimal kinase activity. The assembly of the R-spine is a hallmark
of an active kinase. The C-spine contains the Val from the β2 sheet and the Ala from the β3
(from the AXK-motif) which are connected with adenine ring of ATP.

Although the sequences of many kinases vary, three sequence motifs within the kinase are
necessary for the catalysis. Firstly, placed in the β3 sheet, is the AXK-motif. The AXK-motif
contains the active site Lys that forms a salt bridge with the Glu from the C-helix. This
motif interacts with the phosphates of ATP to anchor and orient the ATP inside the pocket.
Secondly, the Y/HRD-motif inside the catalytic loop (β6/β7), in which the Asp functions as
the acceptor for the proton transfer. Lastly, the DFG-motif within the A-loop contains the
Asp that binds the Mg2+ ions. The Mg2+ ions coordinate the phosphates of ATP in the cleft
to position the ATP for the phosphate transfer.

1.3.4 Kinase-substrate recognition

Eukaryotic protein kinases are generally subdivided into S/T kinases, Y kinases, and dual-
specificity kinases, based on their favoured substrates. Kinase preferences are mostly deter-
mined by conserved features of the kinase catalytic pocket, which is unique to each class
of kinases. However, kinases target specific substrates through several types of physical
interactions, not only within the catalytic pocket (Manning et al. [181], Ubersax and Ferrell
[289]).

Efficient phosphorylation of a substrate requires a binding of a discrete peptide sequence
inside the catalytic pocket of the kinase. In crystal structures the substrate generally binds
inside the cleft in an extended conformation, however it might be due to the crystallization
techniques. Crystallized peptide makes β -sheet-like interactions with a part of the kinase
activation loop. As a consequence, residues flanking the phosphorylation site are recognised
within the cleft, however this interaction alone is insufficient to mediate selection of protein
substrates (Bose et al. [29], Goldsmith et al. [90]). Substrate specificity is usually enhanced by
docking interactions (examples presented in Figure 1.4). Distal to the phosphorylation, parts
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Fig. 1.4 Substrates interact with kinases through a combination of catalytic domain inter-
actions, and proximal or distal interactions to the active sites. Interactions involve short
linear sequence motifs recognition by protein modules, and indirect interactions mediated by
adaptor/scaffold proteins.

of the substrate bind to other pockets in the kinase surface and/or to its surrounding proteins
in order to improve substrate affinity and specificity. Similarly to phosphosite interactions,
docking interactions can involve short linear sequence motifs that can be recognised by
scaffold proteins interacting with the kinase. Adaptor and scaffold proteins can promote
phosphorylation through induced proximity, controlling kinase subcellular localisation,
changing the conformation of substrates and serving as hubs for substrate recruitment.
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Fig. 1.5 Three example sequential motifs for kinases. PKA, Protein kinase A requires two
arginies on positions -3 and -2, and a hydrophobic residue (X) on the position +1. CK1,
Casein kinase-1 requires already a phosphorylated Serine at position -3. CDK, Cyclin-
dependent kinase preferes peptides with Proline on +1 position and Arginine or Lysine on
the +3 position.

1.3.5 Kinase recognition Linear Motifs

The primary sequence of the substrate plays an essential role in kinase recognition. A
sequence motif usually consisting of up to five residues surrounding the phosphosite are
critical for efficient phosphorylation. Some examples of such kinase target motifs are shown
in Figure 1.5. Related kinases may have identical phosphorylation site motifs, emphasizing
the role of other ways of determining specificity such as cellular localization. The relevance
of individual determinants can greatly vary, both on the kinase and on the motif side. Some
of the residues within the motif can be more important than the others — an important
determinant at the canonical position can be replaced by the same residue in a nearby position.
Sequential motifs are usually described as “preferable”, while negative determinants can
also greatly influence correct phosphorylation. Negative determinants prohibit a kinase from
phosphorylating an otherwise preferential peptide. Often in case of a deleterious mutation,
a residue from the motif mutates into a negative determinant and hence compromises the
ability of the catalytic binding.

Preferences of S/T kinases can be roughly divided into three categories. The first one
contains basophilic kinases, using as determinants basic residues (Arg and Lys) and often
hydrophobic residues (Ala, Gly and more). The second category contains proline-directed ki-
nases, preferring Proline and basic residues. The last category contains acidophilic/phosphate-
directed kinases, with carboxylic and previously phosphorylated residues (Pinna and Ruzzene
[224]). Although it has been widely recognized that the specific motifs can be a useful pre-
dictor of kinase preference (Kemp and Pearson [140], Miller et al. [194]), they do not have
enough resolving power alone to assign the substrates to a single kinase with high confi-
dence. Motifs often share many common phosphosites even between kinases from different
families — Needham and colleagues has shown that fewer than 18% of sites match a single
motif (Needham et al. [205]). In addition, kinases with well-defined motifs can also phos-
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phorylate atypical sites in certain circumstances. New structural mechanisms of achieving
kinase-substrate fidelity are still being discovered. In the study of Duarte and colleagues a
noncontiguous motif for the PKC kinase has been presented - PKC prefers a linear motif of a
basic amino acid at either P-3 or P-2 (on position -3/-2 from the P-site) (Duarte et al. [69]).
The study showed that a basic amino acid from a distal part of the protein is able to form a
structural noncontiguous motif recognized by the kinase. Although this has been shown for
one example, it is not yet known how often kinases can recognize targets via non-contiguous
motifs.

1.3.6 Methods of identifying kinase substrates

Measuring kinase activity and identifying its substrates is essential in discovering phos-
phorylation pathways. Regardless of the approach, defining substrates can be described as
showing that a particular target kinase phosphorylates the substrate more efficiently than any
other generic protein. Important proof of in-vivo relevance that should be supplied along
with the interaction information, is that of the presence of the kinase and substrate in the
same cellular compartment. Finally, it should also be demonstrated that the phosphorylated
residue is the same in-vivo as in in-vitro, and also what is the biological process regulated
by this phosphorylation. Amongst many available methods of establishing kinase-substrate
relationships, I am describing the most popular ones with their advantages and downsides.
These methods do not include a range of Mass Spectrometry based approaches that are
described in the Paragraph 1.4.

Genetic screening

Historically genetic screening has been often applied to identify protein substrates of kinases.
This approach has been often applied in model organisms such as yeast, worms or flies,
however, until recently, it has been difficult to use in mammalian species due to the bottleneck
of high throughput mutagenesis. The outcomes however can still be useful for human studies
by using homology and predictions of kinase substrates. Genetic screening methods include
the establishment of the phenotype for a mutated target kinase, to then screen the genes
that can either suppress the phenotype in mutants or mimic the kinase mutant phenotype in
wild-type. The high throughput genetic manipulation (recently including also siRNA and
CRISPR technology) can be performed on a genome-wide scale. Products of selected genes
are later tested as substrates of the kinase by various biochemical approaches (Leberer et al.
[163], Paradis and Ruvkun [217], Clark et al. [43], Sha et al. [253]). This method identifies
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relevant proteins directly, however the actual relationship between identified genes and the
kinase might be very diverse.

In vitro kinase assay

The most popular biochemical method to determine kinase activity towards the substrates is
the in vitro kinase assay. During the experiment the selected, purified kinase is incubated
with possible substrates and ATP. After the incubation period the phosphorylation of the
substrate can be assessed with a variety of methods, such as calorimetric, radioactive, chemi-
luminescence or fluorometric detection (Johnson and Hunter [131]). The main limitation of
this method is that the phosphorylation in vitro may be different to the phosphorylation that
takes place in the living cell. Often kinases may require additional scaffolding and binding
proteins, and not all of the substrates may be present in the same subcellular compartment as
the kinase. Due to these facts, elimination of false positives has to be performed in in vivo

studies (Delom and Chevet [61]). This combination of methods provides trustworthy results,
but is very laborious and low throughput. There are number of approaches that attempt to
screen potential kinase substrates in a high throughput manner like microarrays and phage
display.

Protein and peptide microarrays

A peptide microarray (also called peptide chip or peptide epitope microarray) is a surface-
based collection of peptides, usually displayed on a glass or plastic chip. They are used to
study binding properties and kinetics of protein-protein interactions. Microarrays can be
used to profile an enzyme (a selected kinase) to find key residues for protein binding. When a
chip containing the human proteome has been created the high throughput analysis of kinase
target has become widely available (Jeong et al. [128]). The array technique usually requires
small amounts of the purified kinase and other reagents, while providing a sensitive and
rapid assay. Since a typical peptide microarray consists of hundreds of peptides derived from
a specific organism, kinase primary sequence preferences can be easily established. The
phosphorylated peptides, obtained after incubating the chip with the kinase can be analysed
with autoradiography, fluorescence, or immunoblotting (Buss et al. [32], Lesaicherre et al.
[167]). Although the microarrays do not highlight actual kinase-substrate relationship, they
provide valuable information of kinase sequence preferences. General concerns of microarray
efficiency has been mentioned in cases where a third adaptor protein is necessary or a peptide
happens to be in the incorrect conformation (Huang et al. [113]).
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Phage display

Phage display is a popular approach for studying protein-peptide and protein-ligand interac-
tion (Fukunaga and Hunter [87]). In the case of identifying kinase targets, a custom cDNA
library is cloned into phage expression vectors. Proteins coded by individual cDNA clones are
massively expressed after adding phage plaque on lawns of Escherichia coli. The expressed
proteins are subsequently immobilized on the solid phase and then phosphorylated by the
kinase of interest in the presence of ATP. The phosphorylated substrates can be enriched by
panning over phospho-selective antibodies and identified by sequencing the phage plaques
(Dente et al. [62]). To improve the sensitivity, multiple cycles of selection can enrich the
positive phages with phosphorylation signals. After the selection, distinct substrate sequences
can be defined by phage cloning. This approach identifies the candidate substrate by isolating
the clone from the phosphorylation-positive plaque, however potential problems may arise
from the incorrect folding of cDNA-encoded proteins in bacteria expression system (Pillay
[223]).

Protein interaction based screening

Discovering protein-protein interaction is a common path to screen potential kinase substrates.
The idea of coidentifying kinase-substrate pairs interacting is very tempting (Staudinger et al.
[271], Tien et al. [281], Amano et al. [6]), however phosphorylation is commonly considered
a transient protein-protein interaction. A single kinase is able to phosphorylate multiple
substrates in a very short time, thus such interactions are difficult to be trapped or identified.
Kinase-substrate complexes are hardly captured in affinity purification experiments and the
interaction does not trigger the reporter gene transcription in the yeast-two-hybrid system.
Because of these difficulties, few studies have identified kinase substrates by two–hybrid
(Yang et al. [311], Vadlamudi et al. [292]) or affinity purification (Daub et al. [57], Belozerov
et al. [14]). The biggest problem of such approaches is the number of false positives, because
a potential large number of other proteins, not only the substrates, interacts with the target
kinases physically (like adaptor or scaffold proteins). Confirmation of candidate substrates
by a secondary method is therefore necessary.

Bioinformatics predictions

The central hypothesis of kinase substrate prediction is that the substrate consensus motif
plays a determining role in kinase recognition. Through the use of peptide library screening
and other advanced technologies, many kinases have been examined for their sequence
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preferences (Songyang et al. [269]). Once the quantitative kinase preference is established, it
can be used to examine any known phosphorylated protein sequence to predict which kinase
may account for the phosphorylation event. Although the prediction of the specificity or
the substrate itself is not a complete proof of phosphorylation, such predictions can supply
quick screening to narrow down the options for further biological testing. One of the first
developed bioinformatic tools that offers predictions of kinase motifs is Scansite (Obenauer
et al. [210]), where each sequence motif is represented as a position-specific scoring matrix
(PSSM). Scansite and other bioinformatic tools take great advantage of the massive biological
information that is still being developed to generate better predictions. Other matrix based
methods include PHOSITE and PhoScan, that assign weights to all 20 amino acids, rather
than representing only the most popular ones like Scansite (Koenig and Grabe [146], Li et al.
[168]). NetPhorest is a popular tool using artificial neural networks (Miller et al. [194]), to
model inter-positional dependencies for some of the kinases. KinomeXplorer (Horn et al.
[103]) is a platform integrating NetPhorest and NetworKIN (Linding et al. [169]) which
are computational approaches that combine consensus sequence motifs and protein–protein
interaction networks to supply better predictions. Like NetPhorest, the iGPS (Song et al.
[267]) approach also predicts kinase specific interactions using neural networks.

Predictors capable of including the structural information of the kinase use machine
learning methods (neural networks and support vector machines) (Trost and Kusalik [288]).
Incorporating many different features of the kinase and substrate into one method has been
achieved in NetPhos (Blom et al. [26]), Phos3D (Durek et al. [70]), and PhosK3D (Su and
Lee [277]). In Phos3D and PhosK3D kinase specificity is analysed as a radial pattern of
amino acids biases in the vicinity of the phosphosite rather than a sequence motif. Although
the structural information does not significantly improve the overall score of the predictions,
it is thought that larger numbers of kinase–substrate structural models will greatly improve
the existing methods (Durek et al. [70], Plewczynski et al. [226]).

Predictors using the sequence of the kinase of interest to predict substrate specificity rely
upon the homology of the query kinase to a set of kinases for which the specificity has been
already experimentally determined. The most popular methods in this category are Predikin
(Saunders et al. [244]) and KINspect (Creixell et al. [53]). These sequence based approaches
are very valuable in the analysis of the kinases for which no structure is known and those
with unknown substrates.
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1.4 Mass Spectrometry analysis of the proteome

Advances in mass spectrometry have significantly improved PTMs analysis within the last
years. High speed, high resolution and direct analysis have contributed to the MS dominance
in PTM identification and analysis technology. Compared to other aforementioned tech-
niques, like microarrays or phage display system, MS not only identifies phosphoproteins, but
also directly highlights the phosphosites. Nowadays, thanks to mass-spectrometric advances,
it is possible to perform large-scale analysis of whole proteomes of multiple organisms
at once. Mass-spectrometry has fundamentally improved the methods of analysing single
proteins as well as systematic measurements. Available techniques are able to quantify and
identify almost any expressed protein, localise and identify post translationally modified
amino acids, and provide insights into topology and composition of subunits in complexes.
Extreme sensitivity of the method provides inherent specificity of identification, however
in practice it is challenging to realise and truly use the full potential of existing techniques.
A comprehensive and reliable mass spectrometry based proteome map is a prerequisite for
mechanistic, hypothesis-driven investigations and for large-scale studies. There are two
main approaches to study proteins with mass spectrometry: top-down (Tran et al. [285]) and
bottom-up (Meissner et al. [189]) proteomics. In the top-down experiments proteins can be
studied as intact entities. The advantage of this method is that all modifications that occur
on the same molecule can be measured together, which enables direct identification of the
proteoform. Despite many advantages of the top-down approach, it is the bottom-up pro-
teomics that has proven to be more reliable and is the most widespread proteomic workflow.
In the bottom-up approach proteins are extracted from the source material and enzymatically
digested into peptides. Three main methods used within the bottom-up approach are: shot-
gun (discovery) proteomics, aimed at achieving unbiased coverage of the proteome, using
Data Dependent Acquisition (DDA); targeted proteomics using selected reaction monitoring,
aimed at acquisition of known peptides of interest; multiplexed fragmentation of all peptides,
aimed at generating comprehensive peptide libraries, using data-independent acquisition
(DIA) strategies that rely on information coming from high quality spectral libraries.

Because of such a rich choice of methodologies, there is no consistent protocol in obtain-
ing the data. Multiple attempts are showing different mass spectrometry-based strategies for
the kinase substrates exploration (Huang et al. [112], Amanchy et al. [5], Coba et al. [44]).
Different approaches are complementary and a full set of data can be compiled from multi-
ple sources. This comprehensive characterisation of the proteome could become the most
efficient way of obtaining whole proteome and is predicted to be soon a routine experiment



1.4 Mass Spectrometry analysis of the proteome 17

Fig. 1.6 The usual protocol for phosphoproteome analysis includes several obligatory steps.
Firstly, peptides are extracted from the provided sample, and prepared for the experiment
by phospho enrichment and/or labeled. Peptides are separated using a variety of techniques
usually involving chromatography and then forwarded into Tandem Mass Spectrometers.
Data analysis with multiple of bioinformatics tools allows for quantitation of spectra.

(Mann et al. [178]). Figure 1.6 is demonstrating the usual necessary steps included in most
of the protocols. Given the importance of MS derived phosphorylation information for this
thesis, I provide here a brief introduction to mass spectrometry and the steps required to
perform a phosphoproteomic experiment.

Mass Spectrometry

A mass spectrometer sorts ions into a spectrum, based on their mass-to-charge ratio. Besides
proteomics, MS techniques can be used in many different fields and can be applied to very
complex mixtures of ions as well as pure samples. The outcome of the experiment is a mass
spectrum, which is a plot of the ion signal as a function of the mass-to-charge ratio. In the
phosphoproteomic experiments the spectra are analysed to identify the peptides and localise
phosphorylations. General steps from MS protocol usually involve digestion of proteins into
peptides, which are separated by liquid chromatography and then ionised. These ions are
then separated typically by the use of electro-magnetic field (Figure 1.7). Ions of different
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Fig. 1.7 Basic components of a mass spectrometer. The ionizer converts the sample into ions.
The ions are then sorted according to their mass-to-charge ratio inside the electromagnetic
field and detected. The detector measures the value of an indicator quantity and provides
data for calculating the abundances of each ion present.

mass-to-charge ratios will undergo different amounts of deflection in the spectrometer. After
the deflection, charged particles can be detected with different tools, commonly with an
electron multiplier. Results are displayed as a function of the mass-to-charge ratio, and can
be analysed with widely accessible software. The peptides or molecules from the sample
can usually be identified by correlating known substrates with a characteristic fragmentation
pattern.

A mass spectrometer consists of three main components: an ion source, mass analyzer,
and a detector. The two mainly used methods for ionization of protein samples are elec-
trospray (ESI) and matrix-assisted laser desorption/ionization (MALDI). The oldest and
still used technique is electron bombardment ionization (EI). Electrospray is the most del-
icate technique of ionization, which allows even fragile molecules to remain intact. In
MALDI samples are embedded with a solid matrix, and the ions are created by pulses of
laser light. The chosen method of ionization may influence the experiment, for example,
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electrospray produces more multiply-charged ions than MALDI, however they are more
likely affected by contaminants, buffers and additives. Recently, hybrid electron-transfer and
high-energy collision dissociation (EthcD) fragmentation (Frese et al. [85]) and ultraviolet
photodissociation (UVPD) (Fort et al. [82], Robinson et al. [238]) became very popular in
large-scale phosphopeptide identification. Mass analyzers commonly used in proteomics
include time-of-flight (TOF) or Fourier transform ion cyclotron resonance (FT-ICR). These
two methods are usually preferred because of their wide mass range. Detectors record the
charge induced by the deflected ion or the current it has produced. Usually some type of an
electron multiplier is used as a detector, although Faraday cups or ion-to-photon detectors
are also popular. The choice of the detector might be correlated with the choice of the mass
analyzer. In proteomics the multipliers are often necessary because of the small masses of
peptides.

Tandem Spectrometry

Tandem Mass Spectrometry known as MS/MS, also symbolised as MS2, is a spectrometry
method providing high speed and accuracy. In tandem mass spectrometer ions of a particular
mass-to-charge ratio are separated in the first stage of mass spectrometry (MS1). The
precursor ions that are selected from MS1 are fragmented for the second time and then
detected in the second stage of mass spectrometry MS2 (Figure 1.8)

Tandem mass spectrometry experiment can be performed in space or in time. In the
first approach, during the selection of ions for MS2, the separation elements are physically
separated and distinct. This means between MS1 and MS2 ions are going through sectors,
transmission quadrupole, or are divided by the time-of-flight method. In the second in time
approach, separation is accomplished by a quadrupole ion trap or Fourier transform ion
cyclotron resonance (FTICR). The separation is accomplished with ions trapped in the same
place, with multiple steps taking place over time.

Sample preparation

Depending on the sample origins, the preparation for MS experiment can include unique steps.
Lysis protocols for cells and tissues usually include inhibition of endogenous phosphatases
(Lundby et al. [171]). Because of the lability of phosphate groups, pH and temperature
must be highly controlled during the preparation. Due to the low stoichiometric amount
of phosphoproteins in the proteome and low ionization efficiency of negatively charged
phosphate groups, many approaches have been developed to enrich the samples prior to
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Fig. 1.8 Schematic representation of Tandem Mass spectrometry. The ionized sample is
separated at the first stage of mass spectrometry (MS1). Ions of a particular mass-to-charge
ratio (i.e. specific peptides) are further fragmented to be analysed in a second stage of mass
spectrometry (MS2).

MS analysis (Lemeer and Heck [166]). Historically, the enrichment specificity has been a
serious, limiting problem in phosphoproteomic profiling. Nowadays, a variety of enrichment
strategies are available to improve the ease and accuracy of measuring changes in protein
phosphorylation. Methods of enrichment for detecting phosphosites include immobilized
metal ion affinity chromatography (IMAC), metal oxide affinity chromatography (MOAC),
polymer-based metal ion affinity capture (PolyMAC), and tyrosine peptide enrichment.
IMAC (Andersson and Porath [8], Posewitz and Tempst [227], Zhou et al. [321]) captures
phosphorylated peptides using the electrostatic interactions between them and the metal
ions (Fe3+), Ga3+, Ti4+, Zr4+, etc.) that are immobilized on the surface of solid supporters.
MOAC (Larsen et al. [162], Wolschin et al. [301], Kweon and Håkansson [155]) uses the
affinity of metal oxide particles (TiO2, ZrO2, Fe3O4, etc.) to retain the phosphoryl groups on
the solid matrices. Non-phosphopeptides, mostly acidic, have been found to bind both to
IMAC and MOAC matrices. To prevent such nonspecific bindings, many protocols include
additional steps prior to enrichment that eliminate the unwanted peptides. PolyMAC strategy
immobilizes the metal ions not on the solid surface, but on the water-soluble dendrimer
(Iliuk et al. [122]). Identification and enrichment of phosphotyrosine sites is still challenging
because of their significantly lower abundance (comparing to that of pS/pT). A common
method of pY enrichment includes immunoprecipitation (Palma et al. [216], Mijn et al.
[193]), however better tyrosine phosphatase inhibitors are still required.

Approaches that allow for the quantification of changes in the phosphoproteome across
states (e.g. stimulated vs. unperturbed) can be divided into two categories: containing
isotopic labels or label-free (Figure 1.9). In the labeling category, metabolic, chemical
or isobaric labels can be distinguished. Isotope labeling methods have an advantage of
diminishing the sample preparation bias, because the samples can be combined early within
the experiment. Metabolic labels (Figure 1.9.B) usually involve an organism’s own cellular
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Fig. 1.9 Variety of popular quantification methods that can be used to compare phosphoryla-
tions changes across different states in LC-MS/MS.

processes to incorporate isotope labeled amino acids into its proteins through enriched
media/diet by 15N isotope (Conrads et al. [47], McClatchy et al. [187]) or in a stable isotope
labeling by amino acids in cell culture (SILAC) (Ong et al. [213]). SILAC has been proven
very successful in multiple research projects (Rigbolt et al. [235], Iesmantavicius et al.
[121], Matic et al. [184]). Chemical labeling (Figure 1.9.A) produces isotopic variants
through reductive dimethylation (Boersema et al. [28]) or proteolytic digestion in 18O
enriched water (Yao et al. [313]). This type of labeling may be available for more sample
types than metabolic and can be already distinguished at the MS1 level. Isobaric labeled
peptides (Figure 1.9.C) cannot be distinguished in the MS1 level as they have the same
chromatographic behaviour. The peptides release the reporter ions after the MS1 phase that
provide quantitative information (Rauniyar et al. [232]). Commercially available isobaric
tags include iTRAQ (Ross et al. [241]) and TMT (Dayon [58]). To analyze the changes in
phosphorylations of the sample, a half of it is usually labeled by one of isotopic methods and
mixed together with the other half into one sample. Labeled peptides are slowly reaching
the MS1 (due to slower chromatography process), which allows the quantification and
identification in the spectra. Label-free approach (Figure 1.9.D) analyses two samples
separately in order to find differences between spectras. Data analysis tools for label-free
samples include MaxQuant MaxLFQ (Cox et al. [49]), Skyline (Schilling et al. [246]) and
OpenMS (Röst et al. [242]), among others, that are capable of aligning and normalizing MS
data from two different samples.
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Peptide Chromatographic separations

Despite the high speed of MS experiments, the depth of phosphoproteome available in a
single shot analysis is still limited. The coverage of the phosphoproteome can be extended by
separation of peptides into batches of similar masses, and hence performing multiple scans
of derived groups. Multidimensional chromatographies have been coupled with MS/MS
to analyze low abundand phosphopeptides. Simplification of the complex samples can be
achieved with multiple methods, that can be generally divided into two types: HPLC column-
based format, and StageTip-based format. In High Performance Liquid Chromatography
(HPLC) format, the beads are packed into a column that uses linear mobile gradients. The
column format requires HPLC equipment, which might be a limiting step in some laboratories.
StageTip (Rappsilber et al. [231]) is constructed with an extraction membrane packed into a
loading tip and does not require any additional equipment. It has become popular recently,
due to the low cost, high throughput and no need for HPLC equipment.

Spectra Analysis

Peptides can be identified within the spectra by two approaches: peptide mass fingerprint-
ing and de novo peptide sequencing. In the peptide mass fingerprinting method (protein
fingerprinting) the peptide masses are compared with the database of the known protein
sequences masses in order to identify the origin of the peptide. The advantage of this method
is that it requires only the mass of the peptide to define the protein of origin. Similarly the
downgrade is that peptides originating from unknown proteins will not be matched with any
proteins from the database. De novo peptide sequencing analysis involves more time and
effort but is capable of describing any analysed peptides. It is typically performed without
any prior knowledge about the origin of the peptide, and its sequence is usually determined
from tandem mass spectrometry. Peptide sequencing assigns fragment ions from a mass
spectrum to particular amino acids. There are multiple algorithms that accommodate the
spectra identification and they usually try to find the best fitting peptide to the spectrum. This
can be achieved by subsequencing (Biemann et al. [23]) or different graph theory algorithms
(Fernández-de Cossio et al. [77], Taylor and Johnson [278]). In order to identify phosphopep-
tides similar, computational approaches have been developed. Most popular site localization
tools include MaxQuant PTM score (Cox and Mann [50]), Mascot Delta score (Savitski
et al. [245]), and PhosphoRS localization probability (Dorfer et al. [67]). These tools match
the spectra with an internal protein sequence database and probabilistic models to predict
potential phosphorylation sites. Because it is difficult to certify the matching results, a large



1.4 Mass Spectrometry analysis of the proteome 23

library of phosphopeptides with known phosphorylation sites (Marx et al. [183]) is a popular
resource to further examine and improve the accuracy of localization algorithms. In order
to re-estimate and reanalyze the spectra from different experiments, public databases are
available for deposition of raw data from MS-based phosphoproteomics studies. The most
popular one is ProteomeXchange database (Vizcaíno et al. [293]).

1.4.1 Kinase substrates identification with use of Mass Spectrometry

Mass spectrometry experiments largely replaced metabolic labeling with radioisotopes and
Edman sequencing to identify endogenous phosphoproteins and phosphorylation sites (Cañas
et al. [34]). A variety of methods and protocols for LC-MS/MS setup have been successfully
employed to discover and quantify various PTMs, especially phosphorylations (Witze et al.
[300]). Kinase-substrate analysis benefits from all the technological progress and numerous
applications of mass spectrometry (Kosako and Nagano [150]). Mass Spectrometry can
be also used in the final step of almost any other biochemical analysis to identify the
phosphosites. Below I am introducing the most popular methods used for kinase specificity
discoveries.

Phosphoproteome profiling

In phosphoproteome profiling, protocols of identification of kinase substrates usually involve
three major steps. First, the target kinase in samples is inactivated, using pharmacological
inhibition, antibody injection, knockout technology or RNA interference. Because of this step,
effective and highly specific technique of inactivation is required, which is a major limitation
in this strategy. The second step involves measurement of the phosphorylation change due to
the kinase perturbation. Unlike in the in vitro methods, it is difficult to determine whether a
phosphorylation change is due to the target kinase inhibition, or because it is a consequence
of inhibition of a kinase upstream in the cascade. In the third step, phosphorylation events
are tracked and matched to its kinase targets using bioinformatics tools (Kettenbach et al.
[141]). The main disadvantage of phosphoproteome profiling is that it typically does not
reveal a precise relationship between the kinase and the substrate, however it narrows down
the list of proteins for further explorations (Manning and Cantley [180]).

Synthetic peptide library screening

Mass spectrometry drastically improved accuracy and scanning speed of peptide library
screening (Songyang et al. [268], Mah et al. [175]). Solution-phase peptide library screening
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is the most popular method to study kinase substrate specificity. The general idea of this
method is that the peptide library includes peptides where one fixed position of S/T/Y
(designated phosphorylation) is surrounded by random amino acids. Because of exponentially
growing combinatorial possibilities of the surrounding amino acid sequences, the detection
and analysis of such libraries can be efficiently done using MS experiments. Another
technique involves a polymer-bound peptide library, that is pre-constructed on a resin bead
and connected by a photolabile linker (PLL). The use of peptide libraries also contributed to
the discovery of “anti-motifs”, the combination of residues that kinase strongly discriminates
(Hutti et al. [119]).

In vitro kinase assay

Instead of using artificial sequence libraries, it is possible to take advantage of natural
sequence diversity in a cell lysate. Enzymatically digested peptidome from cell extracts can
indicate kinase preferences in the same way as the peptide library. The direct utilization
of protein extracts from cells assures natural folding and preexisting post-translational
modification in the possible substrate candidates. Combined with the high throughput
identification by MS, the cost and labor of such experiments is significantly lower than array-
based assays. Similarly to other methods, the challenge remains in distinguishing the direct
kinase that caused the phosphorylation of the substrate. Some optimized procedures involve
high concentration of purified kinase (Knebel et al. [144], Cohen and Knebel [45]), pulse
heating to inactivate endogenous kinase activities (Troiani et al. [287]), and quantification
(Kettenbach et al. [141]). To overcome difficulties that each of those enhancements might
bring, a technology called Analogue-Sensitive Kinase Allele (ASKA) was developed (Shah
et al. [254]). In this elegant approach, ATP is replaced by bulky analoges, that can only
be accepted by the mutant kinase of interest. Other kinases are not able to use the ATP
analogues, hence cannot transfer the phosphate. This method, successfully eliminates some
false positives and has been used to identify novel substrates of some kinases (Habelhah
et al. [94]). The main disadvantage of this method is that it requires the generation of the
analogue sensitive mutant kinase by mutation and not all kinases can accommodate the
required mutation(s) without a loss in activity.
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1.5 Current knowledge of the human phosphoproteome

Phosphoproteomics is a relatively new, rapidly growing field of science. Research on
discovering the phosphoproteome has started only within the last decade, hence it is not
yet fully complete (Ficarro et al. [79], Beausoleil et al. [11], Gruhler et al. [91], Ballif et al.
[9], Blagoev et al. [25]). There are few databases containing outcomes of large-scale MS
phosphoproteomics experiments. The largest of them is PhosphoSitePlus (Hornbeck et al.
[106]), currently containing 233,295 distinct human phosphorylation sites, along with other
PTMs. Only 29% of these phosphorylation sites have been identified in more than 1 MS
experiment (Needham et al. [205]). Because of the limited ways of studying kinase targets in
large scale only 20% of human kinases account for 87% of all currently annotated kinase
substrates (Edwards et al. [71]). The fact that around 80% of human kinases have fewer
than 20 assigned substrates, while around 30% have no known substrate (Needham et al.
[205]) underscores the scale of the knowledge gap. Main limitations in describing entire
human phosphoproteome are: lack of exact measurements of total count of phosphosites
within the proteome and lack of the estimates of how many phosphosites are statistically
possible, annotation of kinases and phosphatases substrates, and unknown functionality of
individual phosphosites. The estimates about the phosphorylation site occupancy and its
functionality has been presented in several research studies considering the stoichiometry of
phosphorylations (Sharma et al. [256], Olsen et al. [212], Wu et al. [303]). Considerations
of stoichiometry alone are not enough to estimate phosphorylation turn-over on the global
scale. Mathematical methods capable of modeling kinases and phosphatases activities,
and providing the energy demands of maintaining cellular balance are still necessary to
develop. Establishing kinase-substrate relations is a very important, laborious research task.
Knowledge of the cellular context of an active kinase — like presence of a specific stress or
reaction to growth factor or cytokine, provides vital information that can assist in follow up
experiments that connect phosphosites with their function. At the signal-processing level
it is still needed to explore the relationship between the kinases or phosphatases and their
substrates, in order to understand basic architecture and direction of information flow in
signalling networks. The functional outcomes as a consequence of a protein modification are
parts of higher level circuitry that yet have to be fully discovered. Only about 5% of all known
phosphosites have annotated function, and although there are around 500 human kinases,
90% of known kinase target sites are annotated to only 20% of the most popular kinases.
150 human kinases, up to this date, still do not have a single known substrate. Establishing
substrates of all the kinases is a serious and urging research task, as it provides the first
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step into other research problems. There are few reasons why the functionality might be so
poorly defined. Firstly, the dynamic changes in phosphoproteome successfully constrict each
experiment. Secondly, sample preparation is causing disturbance on its own — phosphatases
are usually inhibited, to preserve as many phosphorylations as possible, which might highlight
the phosphorylations that should be erased, and hence have no function. This state called
hyperphosphorylation may indicate a lot of sites that are not normally active even in a disease
state. Another, technical aspect, is the analysis of MS data. It is a recent policy, to always
supply the raw data of an experiment, which makes it available for other research groups for
reanalysis. Lastly, the scale and impact of non canonical phosphorylations (of eg. Histidine)
remains without conclusion. There are existing examples of mechanisms controlled by such
phosphorylations, however our understanding of breadth of these signalling pathways is
insignificant. Because of the sample preparation and peptide digestion we have no available
information about the ubiquitin chains structure when performing MS analysis.

1.5.1 Unknown phosphoproteome

The imbalance of the knowledge distribution about particular human proteins and kinases
is hard to ignore. The concept of the “dark phosphoproteome” has been proposed to raise
awareness to the fact that despite large phosphoproteomics datasets, we are still unable to
understand all the dependencies within signalling networks. Incompleteness of phosphodata
as well as the complexity of phosphosignals still prevents us from addressing upstream
kinases or downstream functions to most of the known phosphosites. However, even with the
very well-studied kinases new studies keep showing new important substrates and functions,
and the amount of newly discovered phosphosites grows every day. The depiction of
overwhelming quantity of knowledge we already obtained from the few kinases that have
been analysed for years can be dwarfed with the realisation that there are still fewer than
20 substrates assigned to around 400 remaining kinases. The opportunities of discovering
crucial knowledge within unknown pathways regulated by the “dark kinases” can reveal
major insights into cell function. This expectation is supported by the fact that the number of
known substrates does not correlate with the number of phenotypes reported for genomic
lesions of kinases (Hornbeck et al. [106], Koscielny et al. [151]).



1.6 Functional relevance of phosphorylation 27

Fig. 1.10 Phosphorylations can regulate protein activity through different mechanisms.
A. Phosphorylation can inhibit or enhance complex assembly and hence its activity.
B. Phosphorylation can induce allosteric changes in a domain that can cause an activation
C. Linear motifs regulating the activity can be created or enhanced by phosphorylations
D. Phosphorylation can alternate protein function by changing its overall charge.

1.6 Functional relevance of phosphorylation

Functional phosphorylation can be characterised by changing the activity of the protein
through different mechanisms. Common examples of such molecular switches can be de-
scribed as regulating interfaces of the protein, directly regulating protein activity, regulating
linear-motifs or regulating the bulk electrostatics of the protein. Regulation of the inter-
face of the protein can influence complex assembly by activating or inhibiting binding to
other protein, or regulating protein activity. Example presented in Figure 1.10.A shows
how phosphorylation enhances protein binding. Phosphorylation of a residue in isocitrate
dehydrogenase inactivates the enzyme by blocking the substrate binding (Hurley et al. [118]).
Activation of the kinase is achieved by phosphorylation within the activation loop which
changes its conformation (Figure 1.10.B). The other classic example is glycogen phosphory-
lase which when phosphorylated undergoes reorganization that allows access of the substrate
to the catalytic site (Barford et al. [10]). Phosphorylation can enhance or be a part of se-
quential motifs, e.g. the ones that regulate the nuclear localization (la Cour et al. [156])
(Figure 1.10.C). Phosphorylation can also change protein function without the conforma-
tional change, but through the bulk electrostatics (Strickfaden et al. [273]) (Figure 1.10.D).
One of such examples is MAPK cascade scaffold protein Ste5, which regulates the mating
pheromone responses in S. cerevisiae. Multisite phosphorylation of Ste5 near the polybasic
membrane-binding domain prevents binding to the inner leaflet of the plasma membrane.

A lot of phosphosites might not be sufficient on their own, but be a part of a logical gate —
multiple phosphorylations acting as an organised system (Ferrell and Ha [78], Deshaies and
Ferrell [63]). The cross-talk between different types of PTMs, can greatly disturb a simple
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signal analysis, which can produce outputs more complex than the sum of its ingredients
(Markevich et al. [182], Huang and Ferrell [110]). The fact that only a small percent (5%)
of all known phosphosites has an assigned function can be linked to few factors. Despite
the claim that a portion of phosphoproteome might be “silent”, there is enough premises to
assume that most of the phosphosites should be functional. If the phosphorylation causes any
evolutionary advantage (in protein’s function or interaction) then the phosphorylation will be
conserved along with the function.

Understanding the structural mechanisms that ensure sufficient specificity of the kinases
is essential for investigation of signal transduction integrity. Experimental evidence suggests
that despite all of the controlling mechanisms, kinases are to some degree nonspecific and
may phosphorylate substrates without a biological function (Landry et al. [159], Beltrao
et al. [15]). Given that some phosphosites may have no relevance to fitness, devising ways to
rank sites according to functional importance is a crucial research question (Needham et al.
[205]).

1.6.1 Functional annotations of phosphorylations

One approach to determine the functional relevance of protein phosphorylation is to study
their regulation across specific conditions. Mass spectrometry approaches can measure
changes in PTM abundance, especially in phosphorylation, under different conditions (Choud-
hary and Mann [40]). Such quantitative experiments analyse the role of the modification in a
specific condition, placing the phosphorylation in the context of a specific stress or other cellu-
lar stimulation conditions. Quantitative approaches have been used in many research projects
to find PTMs involved in different cellular processes such as DNA damage (Matsuoka et al.
[185], Bennetzen et al. [17], Bensimon et al. [18], Beli et al. [13]), cell cycle (Olsen et al.
[212]), and stem-cell differentiation (Rigbolt et al. [235]). Experimental analysis not only
reveals unknown kinases and networks, but also provides the in-depth characterization of
well-studied kinases. An example of such re-discovering has been shown in a wide PTMs
study of human skeletal muscles under the influence of high-intensity exercise (Hoffman et al.
[101]). Another studies by Yang and colleagues uncovered the long sought-after mechanism
by which growth factors can increase mTORC2 activity (Yang et al. [308], Humphrey et al.
[115]). An in vivo knockout of NUAK1 coupled with phosphoproteomics has shown that the
NUAK family SNF1-like kinase 1 in skeletal muscle inhibits insulin signaling (Inazuka et al.
[125]). Similarly, a knockdown of a kinase TBK1 in lung cancer cells, shows its prosurvival
signalling by direct phosphorylation and activation of Polo-like kinase 1 (PLK1) (Kim et al.
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[143]). In the follow up study, involving MS-based quantification of Rab immunoprecipita-
tion, functional consequences of site-specific phosphorylations have been revealed (Steger
et al. [272]). Studies usually include mutations, knockdowns or knockouts of particular
kinases, and phenotypic assays. New, emerging techniques, like the high throughput applica-
tion of CRISPR/CAS9 system (Cong et al. [46]), simplified large-scale knockout studies (Bi
et al. [22], Mali et al. [176]). Due to the fact that the use of multiple clonal cell lines for each
CRISPR knockout changes the global protein abundances, suitable controls are necessary.
One of the possibilities are rescue experiments, where the deleted protein is restored to
provide the convincing control. Such experiments demonstrate that any effects induced by
the generation of the cell line are adequately corrected for. Functionality of CRISPR/CAS9
system together with proteomics has been proven in multiple experiments, also in discovering
previously unknown substrates of kinases (Schmid-Burgk et al. [248]).

1.6.2 Functional predictions of phosphorylations

To explore the functions of phosphosites multiple biological approaches has been engaged,
including mutation studies and experimental phenotypic assays. Biological approaches can
only be used in limited cases, and cannot be extended to study each possible phosphorylation.
To help overcome this bottleneck, many computational approaches for prioritizing phospho-
sites has been designed and they include e.g. identification of phosphosites that are highly
conserved (Studer et al. [275]) or positioned at the interfaces (Šoštarić et al. [270], Betts
et al. [21], Nishi et al. [207]). Other computational approaches include machine learning
algorithms, that can include gene essentiality (Seringhaus et al. [252]) amongst other features.
Several unique features of the phosphosites have been identified as good predictors of biolog-
ical impact, and studies (Ochoa et al. [211], Xiao et al. [304]) have shown that combining
features into integrated prediction can improve functional prioritization. Ochoa and col-
leagues integrated 59 features into a functional score but some of them proved more relevant
than the others. Amongst the ones with the most predictive power were protein abundance,
residue conservation score (SIFT), phosphosite age and protein length. Similarly in Predict
Functional Phosphosites (PFP) project (Xiao et al. [304]) features like evolutionary conserva-
tion, association with the kinase and the structural surroundings proved to be good predictors.
Neural network models like in SAPH-ire NN (Structural Analysis of PTM Hotspots) (Torres
et al. [283]) are also proven to be very effective. Studies that show predictions based on
sequential information and additional discriminants have proven very successful. Additional
to protein sequence information, the protein-protein interaction information (Linding et al.
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[169], Wagih et al. [295]), drug treatment studies (Kanshin et al. [136], Imamura et al. [124]),
or phosphoproteomics time series (Yang et al. [309]) are particularly powerful in identifying
high quality substrates.

1.7 Cross talk

Although PTMs are often known and thought as acting in an independent manner, there
are many examples of combinatorial outcomes of multiple PTMs of same or different
types. Cross talk can occur when PTMs promote or inhibit modification of other sites
(positive/negative cross talk), either in close proximity or at distal locations on the protein, or
through competition for the same residue/binding space. Many proteins can be simultaneously
modified by multiple events of the same PTM or its combination. It has been observed that
PTMs can act combinatorially when coexisting on a single molecule, or cooperate and
coordinate protein interactions. There are few known, general rules of how PTMs can
mediate crosstalk, however this area of research remains deeply understudied. Many of the
known examples originated while studying histone tails in Histone 2A (Goldknopf et al. [89]).
Because of the density and variety of PTMs, including acetylation, methylation, biotinylation,
ubiquitination, NEDDylation, SUMOylation and phosphorylation, histone tails were the
first proteins with characterized PTM crosstalk events. This remarkable variety of PTMs
makes it a perfect, yet very complicated object of study, that can translate into other proteins.
However, the extent to which the principles that apply to histone PTM crosstalk are utilized
by other proteins remains to be determined. Cross talk is usually described with the help
of assigning proteins specific roles of a reader, a writer and an eraser (Pawson and Nash
[219], Creixell and Linding [52]). A reader is a domain capable of recognizing the PTM,
writer is responsible for transferring (creating) the PTM and eraser can remove the PTM.
In particular, the distinction between the readers, writers and erasers depends on existing
PTM pattern of the target protein (Figure 1.11). PTM cross talk can generally be divided into
positive and negative forms (Figure 1.11) (Hunter [117]).

General tendencies help to distinguish positive cross talk, which is a PTM event that
can serve as a signal for the addition of the second modification. The simplest and most
well-known examples are e.g. phosphorylations requiring initial phosphorylations on a
nearby positions, phosphorylation-dependent ubiquitination, or phosphorylation-dependent
SUMOylation. Negative crosstalk usually means a direct competition for modification either
of a single residue in a protein, or different residues which results exclude each other’s
consequences (two different modifications can be exclusive). This can mean that a single
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Fig. 1.11 Classification of PTM crosstalk. Depending on their function, regulatory domains
can be classified as writers, readers and erasers. Positive cross talk is depicted in A, B and
C. A. A writer (blue) attaches a PTM (pink) to an amino acid (aa13) on a target protein
(gray). B. A reader (green) binds to PTM on aa13, which induces a conformational change
in the domain allowing for further interaction with another PTM on aa15. C. Eraser (red)
protein removes a PTM form the original protein, which induces its conformational change.
Negative cross talk, described in D-J can be subdivided into direct competition and indirect
effects. D. Two different PTM can compete for the same residue (aa13). E. Two PTM are
not competing for the same residue, but the attachment of a PTM to aa13 is masking the
second PTM binding site (aa15) from its writer. F. PTM on aa13 induces a conformational
change that conceals aa15 from its reader. G. Different downstream events can be initiated
depending on the initial PTM attachment - after PTM on the target protein the reader triggers
an activation pathway. H. PTM can block the target site inhibiting the downstream pathway.
I,J. Attached PTM can be removed by the eraser.
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Fig. 1.12 Hypothetical example of combinatorial cross talk of PTMs in proteins. A. Distinct
pattern of binding matches only one particular kind of protein, and prevents binding of other
substrates. B. PTM induced protein binding can induce a conformational change in the one
of the proteins, allowing for further interactions and altering its functions. C. Hierarchical
ranking of PTM code can modulate the final function of independently of individual functions
of PTMs.

lysine can be a target for ubiquitination or SUMOylation, or acetylation, or methylation. In
case of ST phosphorylations, kinases can compete with e.g.O-linked N-acetylglucosamine
residues, that attach to specific ST in many types of proteins. Definition of a general, universal
PTM code is still under debate (Benayoun and Veitia [16]). PTM patterns have a strong
context dependence and poor predictability, which still presents a great obstacle in forming
general rules of readable PTM code. The combination of different PTMs on the protein
surface could, in principle, form a highly regulated interface that could be dedicated to
specific effectors to recognize, and initiate downstream pathways (Sims and Reinberg [264]).
In consequence, PTMs can form interfaces that intentionally block the downstream response
(Gu and Zhu [93]). This strategy allows a versatile regulation of cellular mechanisms
from relatively limited number of genes and molecules, extending the size of the pathways.
Examples of such combinatorial crosstalk are shown in Figure 1.12.

1.8 Ubiquitination and phospho-ubi cross talks

Ubiquitin is a 76 amino acids long protein, and the process of its attachment to proteolytic
substrate is called ubiquitination. Historically, the attachment of ubiquitin to a Lysin in a
target protein is recognised as a marker for degradation by the proteasome. Since the classic
work from Ciechanover and colleagues in 1984 (Ciechanover et al. [41]), describing the first
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observations of ubiquitin tagged degradation, it has been proven that the post-translational
addition of ubiquitin to another protein has many other functions. The process requires 3
steps that include 3 enzymes (in contrast to phosphorylation, which only needs a kinase),
known as E1s, E2s and E3s: ubiquitin-activating enzymes, ubiquitin-conjugating enzymes,
and ubiquitin ligases, respectively (Figure 1.13). Both, the first and the second step of
ubiquitination do not require nor determine the target protein. The first step is activation,
where in a two-step reaction ATP dependent E1 ubiquitin-activating enzyme binds both
ATP and ubiquitin, and produces an intermediate. The intermediate is transferred to an
active site cysteine residue of E1 with release of AMP. There are two enzymes capable
of activating ubiquitin in human: UBA1 and UBA6. In the second, conjugation step, E2
ubiquitin-conjugating enzyme catalyses the transfer of activated ubiquitin to the active site
cysteine of E2. This step requires E2 binding to both activated ubiquitin and the E1 enzyme,
and it is yet completely independent and undetermined what substrate will get ubiquitinated.
There are 35 currently known human E2 enzymes, and they all can bind both of the E1
versions. In the final step E3 ubiquitin ligase creates an isopeptide binding between a lysine
of the target protein and the C-terminal glycine of ubiquitin. There are 500-1000 estimated
E3s in human, which have some substrate specificity towards the E1 and E2. E3s ligases are
classified into four families: RING-finger, closely related U-box, HECT, and PHD-finger.
The most populated one is the RING-finger family. E3 enzymes function as the substrate
recognition modules, and interact with both E2 and the substrate. The specificity is thought
to be determined by the proteins interaction and their 3D structure more than through its
short sequential motifs (different than in phosphorylation). Mutations and anomalies in E3
ligases are often attributed to many different types of cancer.

The substrate protein can also be a ubiquitin itself, which results in formation of a
ubiquitin-linkage or di-ubiquitin. Ubiquitin has a few lysins (and initial Methionine) that
allow additional attachment of another ubiquitin. Polyubiquitination associated with K48 and
K29 is known to be related to degradation, while other residues associated polyubiquitinations
(e.g. on M1, K63, K11, K6) and monoubiquitinations can regulate multiple other processes,
such as translation, trafficking or DNA repair. During MS experiments, the structural
information about ubiquitin is lost, and only the knowledge about which ubiquitinated Lysine
in the target protein remains. Once attached to a substrate, ubiquitin can be a subject to
further modifications, including multiple ubiquitinations as well as phosphorylations and
other PTMs, which in general is referred to as the “ubiquitin code”. The multitude of distinct
signals that are a possible when the attached ubiquitin is modified further is mind-boggling,
however it is not yet established how long these chains can grow. Ubiquitination is considered
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Fig. 1.13 Ubiquitination requires three enzymes (E1, E2, E3), substrate can be mono- or poly-
ubiquitinated on Lysine residue. Deubiquitinating enzymes are responsible for the ubiquitin
recycling.

one of the most abundant PTMs and its outcomes can influence virtually every protein in
every cell. Recent studies confirm the general dogma, that the major task of ubiquitination is
tagging for proteasome degradation. However the minimal threshold of (poly)ubiquitination
that decides the substrate destiny is not yet fully determined. PTMs that are related to
ubiquitination, like SUMO- and NEDDylations are simpler (but still laborious) to study
because of the smaller number of dedicated enzymes. Chains constituted from different
ubi-like proteins are known to exist, which adds significant complexity to the system and
indicates crosstalk between a great number of modification types. Removal and recyclement
of ubiquitin from the substrate protein is a very efficient mechanism performed by DUBs
(deubiquitinating enzymes). There are more than 100 DUBs in human, however they all have
only a few substrates assigned per enzyme (out of hundreds possible).

General subsets of phosp-ubi cross talk can be divided into 3 main categories: phospho-
rylation can positively or negatively regulate the activity of an E3 ligase (responsible for Ub
transfer), phosphorylation can promote substrate recognition by an E3 ligase (phosphode-
grons), phosphorylation can influence ubiquitination by regulating subcellular localization
of the substrate (through phosphorylation-dependent transport). Phosphodegrons are short
motifs containing phosphorylation that mediate phosphorylation-dependent recognition by
an E3 ligase. One of the main ubiquitin ligases that can recognise phosphodegrons is the
SCF (Feldman et al. [76], Skowyra et al. [265]). Other categories can include the regulation
of E2 activity by phosphorylation (both activation and inhibition), regulation of DUB activity
by phosphorylation, and phosphorylation of ubiquitin itself.
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1.9 Disruption of signalling in disease

Disrupted phosphorylation mechanisms can be an indication of many diseases, including
cancer (Blume-Jensen and Hunter [27], Rikova et al. [236], Zanivan et al. [318]). There is
a number of clinically approved drugs targeting protein kinases e.g. in cancer treatment
(Wu et al. [302]), however the number of researched, druggable kinases is embarrassingly
small. Dysregulated phosphorylation signalling has also been linked to Alzheimer’s disease
(Grundke-Iqbal et al. [92], Eidenmüller et al. [72]), and diabetes (Meyerovitch et al. [192],
Danielsson et al. [55]) amongst others. Integration of data from ClinVar database (Landrum
et al. [158]) with the phosphosites by Needham and colleagues (Needham et al. [205]) shown
that 762 pathogenic human mutations, that are associated with 383 diseases lie on known
phosphorylation sites, and only 25% of these have a known upstream kinase. Understanding
the effects and regulatory networks of these and other phosphosites will provide better
druggable targets.

Missense mutations in cancer

Many efforts have been spent on elucidating the genetic basis of cancer. Large-scale se-
quencing research such as The Cancer Genome Atlas (TCGA) and the International Cancer
Genome Consortium, as well as many smaller scale projects provided the community with the
sequence of exomes or genomes of many human tumours. The analyses of tumor genomes
can indicate highly mutated genes, that are expected to have primary roles in the development
of cancer. Millions of somatic mutations found due to TCGA and ICGC projects across
thousands of tumor samples provide a perfect resource for mutations analysis, and the amount
of available data from other projects is growing everyday. Mutations in cancer generally can
be divided into two categories: the driver and the passenger mutations. Genes containing
driver mutation(s) promote cancer development because of selective growth advantage, while
passenger genes despite high mutations levels have no effect to fitness. Cancer genes are
usually characterised by overall high mutational burden, clustering within the linear amino
acid sequence, or mutation enrichment in evolutionary conserved sites. It has also been
shown that the clustering within the linear sequence can be extended to clustering relative to
the 3D structure of the protein product (Kamburov et al. [133]). Assigning individual cancer
mutations to protein structures can help identifying new cancer proteins and the functional
importance of mutations, based on their spatial location in the protein in relation to other
PTMs. A common example of such structure application is the mutation clusters at protein
interaction interfaces, disturbing molecular interactions (Kamburov et al. [133]). There are



36 Introduction

many approaches (statistical, machine learning etc.) to distinguish driver from passenger
mutations within the same gene (Merid et al. [190], Vogelstein et al. [294], Akavia et al.
[2], Beroukhim et al. [20], Ciriello et al. [42]). Solving this complicated research question
may have a lot of clinical implications. The structural approach has its advantages in the fact
that mutations clustered in space are more likely reflect positive selection than their randomly
scattered counterparts.

1.10 Aims of this thesis

In the first project, described in Chapter 2, I establish the occurrence of the structural kinase
recognition motifs. Knowing that kinases usually have a preference for substrates that
include specific linear motif, but the cases of such motifs existing also in 3D space has
also been described, I analysed two data sets in search for 3D motifs. For this I devised
a computational pipeline mapping known kinase target phosphosites to structural models.
Using these I identified potential cases where the important specificity determinant residues
are not observed in the contiguous sequences of the targets but may exist as a 3D epitope,
and performed docking simulations to examine the possible kinase interactions. The 3D
epitope examples were found to be rather exceptions than a rule, and the analysis confirms
the general preference of linear motif recognition by kinases.

In the second project, described in Chapter 3, I address the problem of the unknown
functionality of the phosphoproteome. Following the methodology established in (Beltrao
et al. [15]) I present updated version of the algorithm predicting functional hotspots. The
analysis of regions within domain families that are recurrently phosphorylated across different
instances highlight regions termed hotspots. To better predict phosphorylation of high
functional relevance I analysed phosphosites that are highly conserved across species within
protein domains families using phosphosite data for a total of 40 eukaryotic species. A total
of 241 domain regions were identified as hotspots within 162 domain families that were
then mapped to proteins structures. These regions were shown to overlap with important
structural features (i.e. protein interfaces and residues near or at catalytic sites).

In the third project described in Chapter 4, I analyse ubiquitination and mutation hotspots
in order to find cross talk examples with the phosphorylation hotspots. To further study the
regulatory regions of protein domains I searched for regions of conserved ubiquitination
and/or a high degree of recurrent mutations found in cancer. Of 68 domains that had enough
data for analysis of all 3 types of hotspots I present the analysis of interesting cases and
domains containing overlapping PTM and/or mutational hotspots.
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Kinase specificity motifs in 3D

2.1 Introduction

Kinase specificity of substrate recognition is determined by structural and chemical char-
acteristic of both, substrate and the kinase (Ubersax and Ferrell [289]). Across 518 known
human kinases (Manning et al. [181]) its general fold is quite similar, and the substrate
binding specificity is often determined by small changes in the binding pocket. The kinase is
thought to recognise a sequential, contiguous motif around the phosphorylation site (P-site)
(Knighton et al. [145]). The recognition usually occurs with around five amino acids on
either side of the phosphosite, although only a small number of positions contributes strongly
to the binding preferences (Pearson and Kemp [220], Pinna and Ruzzene [225], Amanchy
et al. [4]). Some of the kinases have a well-established recognition motif, e.g. CMGC kines,
which tend to phosphorylate serine and threonine residues with proline at position +1 relative
to the p-site (Kannan and Neuwald [134]). As described in the introduction chapter, kinases
can also recognize their substrates through additional mechanisms that include: docking
motifs (binding motifs that interact with regions distal to the kinase active site); interaction
with protein scaffolds; co-expression and co-localization (Biondi and Nebreda [24], Holland
and Cooper [102]). Binding motifs distal from the substrate P-site may increase the affinity
of the kinases for specific substrates by increasing local substrate concentration around the
kinase, or causing allosteric effects that either positively or negatively regulate kinase activity.
Similarly, protein scaffolds can act as organizing platforms that coordinate both, the kinase
and the substrate. Interestingly, novel kinase-substrate interactions can be engineered with
artificial scaffolds (Zeke et al. [319]), further emphasizing the role of scaffoldings for deter-
mining kinase-substrate interactions. Conditional docking sites provide an additional level
of control, ensuring the proper timing of substrate phosphorylation. These conditions may



38 Kinase specificity motifs in 3D

include previous phosphorylation of other phosphosites close or distant from the required
p-site (Elia et al. [73]). Finally, kinase specificity can be easily enhanced by localization.
Distinct localization in subcellular compartments or structures can increase concentrations
of the correct substrates, as well as separate kinases with overlapping recognition motifs
(Shirakata et al. [261]).

Various experimental approaches have been developed to identify substrates of protein
kinases, however knowledge coming from such experiments covers only a fraction of all
substrate information in a few model organisms (roughly 5% of known human phosphosites
are connected to one or more kinases). This is why the prediction of kinase specificity can
play a major role in studying signalling relationships. Common computational approaches
such as scan-x (Chou and Schwartz [38]), Scansite (Obenauer et al. [210]), NetPhorest (Mok
et al. [197]), KinasePhos (Huang et al. [111]) and others, use phosphorylation data from
curated kinase targets found in databases e.g. PhosphoSitePlus (Hornbeck et al. [104]),
Phospho.ELM (Biondi and Nebreda [24]) etc. to predict kinase specificity. The specificity
inferred by these methods do not fully account for all of the known target phosphosites of
a given kinase. There are several known target sites that do not conform to the main linear
sequence determinants as modelled by these methods. This could suggest that there might be
folded epitopes that are contributing to binding to the active site or that the recognition for
these sites occurs mostly with other regions of the kinase.

Although most interactions between the active site and the P-sites are not thought to
require a folded epitope, new structural mechanisms of achieving high kinase-substrate
fidelity are still being discovered. In a recent study Duarte and colleagues demonstrated a
noncontiguous recognition motif for the PKC kinase (Duarte et al. [69]). Although PKC
prefers a linear motif of a basic amino acid at position -3 or -2 relative to the P-site, it has
been shown that a basic amino acid is able to form a noncontiguous target motif recognized
by the kinase. Another example of the recognition of a folded epitope is the phosphorylation
in cofilin/actin-depolymerizing factor (ADF), where the target P-site is directly oriented to
the correct position for phosphorylation by an additional interaction between the LIM kinase
C-lobe and cofilin helix (Hamill et al. [95]). These examples suggest that the recognition of
folded epitopes or “3D motifs” can occur more frequently than indicated by current models
of kinase target recognition. However, the extent by which such non-contiguous recognition
can occur is not known. Following this study I decided to systematically investigate the
frequency of such 3D motifs among known kinase target sites.
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2.2 Results

2.2.1 Potential non-contiguous 3D motifs found in in vitro kinase target
sites

In order to study the relevance of 3D motifs for kinase target recognition I compiled lists of
experimentally validated kinase targets sites. The first source of kinase targets information
that I analysed has been described by Imamura and colleagues (Imamura et al. [123]). In this
study the combination strategy of in vitro kinase reaction followed by LC-MS/MS analysis
has been applied to identify substrates of three kinases: AKT1, ERK1 and PKA. A total
of 9710 phosphosites were identified as potential targets of one of these kinases. Although
several of these target sites may not constitute relevant in vivo targets, they should still
represent the possible regions in proteins that can be recognized and phosphorylated by these
kinases. For each of the kinases a sequence motif was defined using the R version of motif-x
(Chou and Schwartz [39]), using all in vitro sequential data provided. Since motif-x returns
all possible motifs with a score, I chose the most common ones (Methods).

The sequence recognition motif for each of the kinase is different, as shown in Figure 2.1.
The serine and threonine phosphosites were analysed separately, however I present here the
results for the serine phosphosites. The serine phosphosites set was larger and the results
were very similar to those of threonine phosphosites.

To find the structural models that can be used to measure the distance between the serines
and motif determinants and establishing 3D motifs, I devised a computational pipeline
addressing those questions (Figure 2.2). The pipeline uses a structural database I created,
which includes known structures and predicted homology models, on which I mapped the
kinase target phosphosites. The structural database includes 12162 proteins, where both
solved PDB structures along with the ModPipe (Pieper et al. [222]) predictions summed up
to 290,009 models (Methods).

Finally, I mapped the 9710 experimentally determined in vitro phosphosites on available
structures, defining a total set of 1275 phosphosites with a known kinase regulator and
structural information (224, 434, 617 for AKT1, ERK1 and PKA respectively).

Having mapped the kinase target sites to structural models and defined their linear motif
preferences I then calculated the frequency of the structurally mapped phosphosites having
each of the individual major determinants defined by the motif enrichment (Figure 2.3). As
expected by the motif enrichment analysis, AKT1 target sites are more likely to have the
AKT1 determinant of R-5 (19.6%) than the PKA or ERK1 specific determinants (5% to
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Fig. 2.1 Sequence motifs obtained with the motif-x algorithm with the data from the in vitro
set for AKT1 (R-5, R-3), ERK1 (P-2,P+1), PKA (R-2,R-3). The determinant for R-3 overlaps
for AKT1 and PKA.

Fig. 2.2 Pipeline for the identification of potential cases of 3D recognition of kinase target
sites: 1. Connection of sequential and structural data into one database. 2. Establishing
sequential target motifs for all kinases, e.g. AKT1 was found to prefer R at position -3
relative to the phosphosite. 3. Measuring distances between the phosphosite and the R
on position -3 in structures with that sequential motif (set “-3R”). Selection of those non
sequential proteins which have R in the particular distance (set “R in 3D”). 4. Validation of
proposed 3D motifs — molecular docking with a kinase structure.
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Fig. 2.3 Data for phosphorylated serines containing one of the single amino acid determinants
identified by motif enrichment (“LINEAR”). Each determinant is considered individually.
“pS total” is the total number of phosphosites that detected in the in vitro kinase experiments
that could be mapped to a structural model phosphorylation data was available for (1275 out
of initial 9710 phosphosites). The determinants from the sequence motifs are listed in the
first column, as well as mentioned next to its kinase in row 2.

13.13%). The AKT1 determinant of R-3 is shared with PKA and as such it occurs at similar
percentages (37.95%) also in PKA (30.79%), while for ERK1 it only occurs in 6.45% of
the sites. Similar results are observed for ERK1 and PKA (Figure 2.3). The percentage
confirms the dominance of defined sequence motifs, however it is still not a certain feature
to determine a kinase specificity. Overall, nearly half of kinase target sites miss both of the
determinants (42.41% for AKT1, 53.69% for ERK1, and 47.65% for PKA).

Having established that a substantial fraction of the examined kinase target sites does not
have the expected sequence determinants I then considered the possibility that the acceptor
may be found instead close in the 3D space. To perform this analysis I first calculated the
expected 3D distances for each of the residues that matched the important determinants
described above. Figure 2.4 shows the distribution of 3D distances for the determinants if
the sequence motifs of each kinase. For example, the R at position minus 5 relative to the
phosphosites targeted by AKT1 tend to be at 11.2 ± 2.6 Å away from the phosphosite. These
distances were used in the next step to find potential 3D motifs.

For each of the kinase sites that did not match the linear sequence preferences the
distances listed in the table in Figure 2.3 were used to search for residues that could be at an
equivalent distance and could replace the linear sequence determinant. I hypothesized that
it should be more probable to find a dedicated amino acid from the sequential motif in the
specific distance of the dedicated kinase than in the substrates of other kinases. For example,
it should be more probable to find an R in the distance of 11 Å from the phosphosite for
the substrates of AKT1, than for the substrates of ERK1. The frequency of appearance of
potential 3D motifs are presented in table in Figure 2.5.



42 Kinase specificity motifs in 3D

Fig. 2.4 Distances defined from phosphorylated serines to amino acid determinants of
sequence motifs of each kinase. The distances have been counted between the Cα of the
amino acids and summarized as average and standard deviation.

Fig. 2.5 Data for phosphorylated serines containing at least one amino acid determinant
within a defined expected distance suggestive of a potential 3D motif. Each amino acid
determinant of each motif was considered individually. The determinants of each motif are
listed in the first column, as well as mentioned next to its kinase in the first row. pS total is
the total number of phosphosites mapped to structures.
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The results are summarized in table in Figure 2.5 showing that there are many Arginines
in the R-5 and R-3 distances in all of the substrates, however there are no Prolines in the P+1
distances in any substrates. Overall, the frequency of matching determinants in 3D relates
primarily to the distance used for the search with few differences in matching determinants
across the 3 kinases. To establish whether the frequency of determinants at the distances
defined by each motif depends on the substrates or is just a general feature of the structural
distances searched I repeated the procedure for surface accessible non phosphorylated serines.

Unphosphorylated serines were used as controls, coming from the same structural models
as the phosphorylated ones and restricting only to surface accessible sites (>20% relative
surface accessibility). Figure 2.6.A. shows the ratio between the percentage of phosphoserines
that have one of the linear motif determinants and the percentage of unphosphorylated serines
having the same determinant. As expected by the motif enrichment analysis the determinants
for each kinase occur at a higher than random expectation. This ratio identifies the expected
ERK1 preference for proline and AKT1 and PKA preferences for arginine. I then calculated
the ratio between the fraction of phosphosites with a potential 3D motif in phosphorylated
serines with the same fraction in unphosphorylated serine in Figure 2.6.B. Unlike the previous
outcome Figure 2.6.B. does not show different tendencies for different kinases. Most ratios
are close to 1, which suggests that the probability of finding such 3D motifs for a phosphosite
is similar to those randomly found in unphosphorylated serines. There is a modest but
not significant enrichment for Arginine found at approximately 6Å for PKA targets which
matches the PKA R-2 preference. There is a similar enrichment for Proline at approximately
6Å for AKT1 but this does not match the preference of AKT1 which does not favour P-2. No
3D motifs have been found for motif P+1 and a significant amount has been found for R-5. It
is possible that the distance equivalent to R-5 may be too wide and generate too many false
positives while distance for P+1 (3 Å ) may be too narrow to find other amino acids within it.

Because of the concerns that the distance for the R-5 motif is too big, and hence generating
too many false positives I measured the probability of finding any amino acid in AKT1
substrates in the distances of R-5 and R-3 motifs from the phosphosites. I analysed all the
phosphosites of AKT1 substrates and unphosphorylated Serines and measured the frequency
of amino acids within two distances 11.28 Å ± 2.63 (which is an average distance of R from
the phosphosite in the linear motif R-5) and 7.8 Å ± 1.8 (average distance of R from the
phosphosite in the linear motif R-3). The results are shown in Figure 2.7. The probabilities of
finding any amino acid are quite similar, and the expected 3D motifs are not distinguishable.

Despite the expectation I did not observe higher probability of finding the amino acid
from the dedicated motif (e.g. Arginine) in the particular distance (e.g. of the R-5/R-3 motif
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Fig. 2.6 Proportion of phosphosites with possible 3D motifs over unphosphorylated serines
with possible 3D motifs. A) sequence motifs are visibly expressed in comparison to unphos-
phorylated serines. B) 3D motifs are not visibly expressed in comparison to unphosphorylated
serines.

Fig. 2.7 Probabilities of finding particular amino acids within distances for R-5 motif and
R-3 motif.
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Fig. 2.8 Kinase target sites with available structural models and a known kinase with a deter-
mined target motif. In the “distance” column all distances between motif and phosphosite
are shown, if multiple then starting from the N-terminus consequently. Number of available
phosphosites in structural models are in the column —“phosp in models”, phosphosites fully
matching the sequence pattern listed in “Matching sequence motif”, possible 3D motifs listed
in “3D motifs”.

of AKT1). I next extended these results to a set of kinase target sites compiled from the
literature and of a higher in vivo relevance.

2.2.2 Potential non-contiguous 3D motifs found in in vivo kinase target
sites

To extend the analysis of 3D motifs to in vivo target sites, human phosphorylation and kinase-
substrate relationships have been compiled using PhosphositePlus (Hornbeck et al. [104]),
HPRD (Prasad et al. [228]) and Phospho.ELM (Diella et al. [65]) for 2165 unique proteins.
All sites were mapped to Ensembl v73 (Herrero et al. [99]), and a single representative
or canonical transcript was selected for each gene to remove redundancy. Additionally I
examined a phosphorylation dataset from yeast, in order to obtain more working examples,
however it did not extend the amount of data, because of the lack of structural models. From
the human data I investigated 100 kinases with the larger number of known target sites, for
which I could obtain structural models. As previously, for each kinase a sequence motif
was defined using the R version of motif-x (Chou and Schwartz [38]), using all in vivo data
compiled. I have found clear sequence motifs for 32 human kinases for which I could also
analyse structural models. The 32 kinases were grouped according to 5 well established
recognition motifs that were obtained from the motif enrichment analysis and are presented
in table in Figure 2.8. The target motif with largest number of target sites with available
structural information is the preference for R/K at positions -2 and -3.
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Similarly as in the analysis for the in vitro data, I used the structural information to
calculate the average distance of the amino acid determinants in the sequence motif from the
phosphosite (table in Figure 2.8) The sequence motifs are defined by motif-x program and
described in Methods. These distances were then used to search for the same amino acid
within the maximum acceptable 3D distance in models that did not have the corresponding
amino-acid determinant within their phospho-peptide sequence. As for the in vitro data there
are several target sites that do not fully match the expected motif for the respective kinases
(388 out of 907 - 43%). A fraction of sites (132 out of 907 - 15%) that lack one of the major
sequence determinants have the lacking residue at an equivalent 3D distance (Figure 2.8 "3D
motifs"). These cases are potential in vivo human kinase target sites that may be recognized
by kinases as a 3D motif.

The previous analysis with the in vitro set suggests that the potential 3D epitopes do not
exist at a frequency above random expectation. Using the in vivo set of kinase targets I next
tested if target sites fully matching the sequence determinants showed higher evidence of
functional relevance compared with phosphosites classified as potential 3D motifs, as defined
above. For this I quantified a metric of sequence constraint by predicting the impact of
mutating each phosphosite using SIFT (Ng and Henikoff [206]). This tool predicts whether
an amino acid substitution affects protein function based on sequence conservation and the
physical properties of the amino acids. I could only study phosphosites and determinant
residues of 3 of the motifs, since 2 of them had no predicted 3D motif phosphosite. The
outcome of this sequence constraint analysis is presented in Figure 2.9. The score provided by
SIFT is the probability that a specific mutation (e.g. serine to alanine) is not deleterious, with
scores below 0.05 indicating a potential deleterious mutations. For this analysis I calculated
for each phosphosite position or determinant residue the average SIFT score for all possible
mutations at each of the phospho-acceptor residues. The lower this average score is the more
important the position should be. Using this average score I compared the importance of the
determinant residues around phosphosites that match the linear motif with the importance of
the determinants that could be potentially recognized as a 3D epitope (3D). In addition I also
tested a set of amino acid residues that are not part of a linear or 3D motif but come from the
same protein and are equally surface accessible. In addition, I also compared the importance
of phosphorylated residues with the importance of equivalent acceptor residues. In Figure
2.9, represented with red boxplots, the mutations of phosphorylated serines, threonines or
tyrosines (S/T,Y phosp) show, on average, a higher probability of being deleterious than
mutations of serines, threonines or tyrosines that are not phosphosites (S/T,Y nonphosp).
However, the difference found was not statistically significant. Nevertheless I still tried to
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Fig. 2.9 Average SIFT values for phosphosites matching the 3 most represented motifs. Motif
residues (D,E,P,R,K) are drawn in blue, phosphosites (S,T,Y) in red. Motif for each plot is
presented on the right. In each plot, from the top in blue: “X 3D”, where X is the amino
acid from the motif — average SIFT score values for the amino acid in the predicted 3D
motif; “X motif” — values for amino acids from the motif in the sequential motif, “random
X” — values for random amino acids of the same type as for the motif, coming from the
same models. In red: “X phos” — average SIFT score values for the phosphosites, “X
nonphos” — values for the same amino acids as the phosphosite, from the same model, but
not phosphorylated. P-values were obtained using a Wilcoxon test.

measure if there is a significant difference in the conservation of the amino acids that make
up the determinant residues.

In all cases analysed the functional importance, as measured by SIFT, of the determinant
residues that may form potential 3D motifs were either higher (i.e. lower p-values) or
equivalent to that of the residues that are determinants in the linear motifs. In two of the
cases, the level of constraint is lower than for a random sample of equivalent amino acids
(pY-X-X-P and R/K-R/K-X-pS/pT) but only one of these showed a significant difference
(pY-X-X-P). Overall, these results suggest that there is a small trend for the amino acids that
I predicted to be part of 3D motifs to be constrained in evolution and therefore could, in some
of these cases, represent true determinants for the kinase recognition.

Additional evaluation of whether the predicted 3D motifs are connected to functional
phosphosites was performed by looking at phosphosite coregulation with their regulatory
kinases. Kinase activity is likely to be increased if its known target sites tend to be up-
regulated and vice-versa. My group has shown that the phosphorylation levels of kinase
substrates across multiple conditions can describe kinase regulation under different pertur-
bations (Ochoa et al. [211]). Coregulation data coming from an in-house compilation of
32 quantitative studies reporting the relative changes in phosphopeptide abundance after
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Fig. 2.10 Co-regulation between phosphosites and kinases recognizing the sequence motif
R-3,R-2. “S/T from 3D” - phosphorylated serines that have predicted 3D motif, “S/T from
motif” - phosphorylated serines that have sequential motif (R-2,R-3), “S/T from random” -
phosphorylated serines that have either 3D or sequential motif (sample of 200) correlated with
random kinases not recognizing R-2/3. Co-regulation is measured as the negative logarithm
of the correlation p-value between the KSEA activity and phosphosites fold-change.

different perturbations was used. From the detected peptides, 113,565 phosphorylated amino
acids in 10,868 canonical proteins have been collected. For these sites, 136,464 quantitative
changes in phosphopeptide abundance in a panel of 150 biological conditions have been
collected. Enrichment of reported substrates on differentially regulated phosphosites has
been tested and changes in the activity of each kinase has been predicted for each condition
using a Gene Set Enrichment Analysis. The changes in the activity of the kinases of interest
were then correlated with the changes in phosphosite abundance for phosphosites matching
linear motifs as well as the proposed 3D motifs. I could only obtain sufficient data for the
study of the R-2,R-3 motif (presented in Figure 6.).

Phosphosites explained by a predicted 3D motif (S/T from 3D) and by the R-2/3 sequen-
tial motif (S/T from motif) present a similar coregulation with the catalytic kinase that is
significantly higher than with random kinases. This outcome suggests that the phosphosites
predicted to be a part of 3D motifs are equally functionally important as those forming linear
motifs.

Docking Results

To further test the predicted 3D motifs I ran docking simulations that explored the capacity of
the structures to accommodate the conformation where the 3D epitope binds the active site.
The simulations have been performed for chosen kinase-substrate pairs where the substrate
has not shown a sequential motif, but a 3D motif within the required spatial distance has been



2.2 Results 49

predicted. Two motifs has been tested - R-2/R-3 in AKT1, CAMK2A, CHEK1, DAPK3,
PRKACA, and ROCK1 and D/E-3 in SRC and LCK.

For the motif R-2/R-3 both of the possibilities has been examined - that the R/K in
close distance may bind like a R-2 motif or like a R-3 motif. Although this motif might
not represent the ideal sequence recognition scenario, it contains minimal sequence motif
detected by motif-x (Methods). I decided to include also Lysine predictions to contribute to
a bigger number of simulations. The tyrosine kinases SRC and LCK with the D/E-3 motif
have only a few structural models available.

Preparation of all the kinase structures has been possible thanks to another PhD student
from the lab David Bradley, who predicted the residues that are responsible for binding to the
motifs (Bradley et al. [30]). The definition of the amino acids binding the peptides within the
motif is based only on structures available in the PDB database. The kinases analysed in his
work are slightly different than the ones that I used in all my simulations — to establish the
homological binding residues I aligned both of the kinases and found reciprocating residues
of binding. To set up the docking simulations HADDOCK protocol allows to choose the
predefined virtual springs that are bringing together the amino acids. These springs have
been chosen on the basis of the residues that are predicted to bind the structural motifs and
are presented for each kinase in table in Figure 2.11. Structures of activated kinases were
available for all simulated proteins, however they did not contain the ATP. I aligned them with
PKCA structure (4wb8) containing the ATP and copied the ATP into the used models. Initial
simulation of minimizing the energy and removing sterical clashes has been performed with
the kinase and the aligned ATP in HADDOCK After minimizing the kinases in HADDOCK,
standard docking protocol has been performed.

To better understand the spatial localisation of where the peptides bind inside the catalytic
pocket, I highlighted the determinants in Figure 2.12. The amino acids described in Table 8
have been set up to have the affinity (through the virtual spring) towards the motif and the
phosphosite. Depending on the motif, the number of springs was 5 (for R/K-2 and D/E-3) or
6 (for R/K-3).

I considered a simulation successful if all of the distances defined by the strings have
been smaller than the threshold. To establish the threshold of possible binding I used data
published in (Ching, 1989), which demonstrates the length of linearly stretched amino acids.
For the threshold I used the sum of both stretched out amino acids involved in the binding.
The distances between the amino acids after the simulation have been measured between the
alpha carbons. This allows for an objective judgment without considering the rotation of
the sidechain. Each HADDOCK simulation produced 200 models, from which I arbitrarily
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Fig. 2.11 In each row representing the kinase, its pdb code has been shown along with the
residues from the kinase that should bind in the ATP, with the phosphosites and arginines
from the motif. In the lower part, for the tyrosine kinases, its pdb code has been shown along
with the residues that should bind the substrate from the ATP, and the residues from the
kinase pocket that should bind the motif.

Fig. 2.12 A. A R-2 motif binds to the residues colored in pink, with the phoshphosite binding
to the red ones including part of the ATP. B. R-3 motif binds within residues colored with
green and the phosphosite with the ones in red including part of the ATP. C. In LCK and
SRC the motif D/E -3 is recognised by the residues colored in green and the phosphosite is
accepted by the ones colored in red (including part of ATP).
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Fig. 2.13 List of kinases and their substrates that has been prepared for docking for motif
R-2 and R-3. Columns phosp and 3D motif show the number of the residue in substrate
that is providing the motif. Since each of kinases have the available motifs R-2/R-3 both of
the possibilities has been simulated independently. The number of maximum bindings for
each motif is different, because motifs bind to different residues — for the motif R-2 the
maximum amount of bindings is 5, and for R-3 it is 6. The rows containing the maximum
amount of available bindings for both of the motifs are indicated with green highlight.

chose one of the lowest energy as the representative. The total number of simulations is
28 (including all the kinases), and 10 are considered successful - 2 for CAMK2A, 4 for
CHECK1, 3 for SRC, and 1 for LCK.

Serine/Threonine kinases

Figure 2.13 presents outcomes of simulations for the kinases with a motif R/K-3 or R/K-2,
which are AKT1, CAMK2A, CHEK1, PRKACA and ROCK1. Because the motif does not
strictly identify whether the Arginine/Lysine has to be in the -2 or -3 position, for each kinase
substrate pair I ran two individual docking simulations and their outcomes are presented in
table in Figure 2.13. Motif preferences are exactly listed in Methods. Some of the kinases
have stronger preferences than the others. Since Arginine and Lysine are both positive amino
acids, I decided to accept both amino acids in potential 3D motifs. For two kinase-substrate
pairs both of the simulations has been successful (CAMK2A and CHEK1), and for two more
(CHECK1) the motif R/K-2 has been docked.

Tyrosine Kinases

The set of Tyrosine kinases (SRC and LCK) with the motif D/E-3 had 5 string constraints
within the simulation. The scores for the motifs presented in Methods may seem lower than
those of Serine kinases, but they were still the highest on the list. The lower score is caused
mostly by the lower number of substrates available for the analysis. At the time of setting up
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Fig. 2.14 The results of docking simulations as D/E-3 motifs. Columns phosp and 3D
motif show the number of the residue in substrate that is providing the motif.The number of
available bindings is 5. The rows containing the maximum amount of available bindings for
the motifs are indicated with the green highlight.

the experiment PDB database contained only one solved LCK and one SRC structure with a
docked peptide, that could have been used to establish where the peptide should be binding
inside the catalytic cleft. Four of the 17 kinase-substrate pairs showed a positive result of
docking, fulfilling the 5 bindings threshold. Nine of all SRC targets had 4 bindings which
can be considered as a satisfying indication for positive binding.

Three examples of successful docking are presented in Figure 2.15. Structural representa-
tions show how a kinase (colored in blue) interactions with the substrate (white). Kinase is
presented as a surface, with ATP colored orange. Phosphosite from the substrate is presented
as red sticks, and is in close distance to the ATP. Residue from the 3D motif is shown in yel-
low stick. Figure 2.15.A. shows CAMK2A (pdb: 2VZ6) interacting with ENSP0000035383
(structure prediction (Methods)), where the 3D motif is bound as R-2 motif. Figure 2.15.B
shows 3D motif bound as R-3 in CHEK1 (pdb: 2YEX) interacting with ENSP00000216122
(structure prediction (Methods)). In Figure 2.15.C SRC kinase (pdb: 1Y57) interacts with
ENSP00000365439 (pdb: 1J5K). Details of the interactions can be also found in Table in
Figure 2.13. (A. and B.) and Table in Figure 2.14. (C.).
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Fig. 2.15 Successfully docked examples of 3D motifs. Kinases represented in blue surface,
with orange highlighted ATP. Substrates are white, with the phosphosites in red stick represen-
tation and the aa from the 3D motif in yellow sticks. A. CAMK2A with ENSP0000035383.
B. CHEK1 with ENSP00000216122 C. SRC with ENSP00000365439.

2.3 Methods

2.3.1 Sequential motifs

In vitro

For each of the kinases a sequential motif has been defined using the R version of motif-x
(Chou and Schwartz 2011a), including all the available sequential data. Since the kinases
and motifs are different for the in vitro and in vivo sets, corresponding sequential motifs
are presented in the results section. Sequence motifs for the in vitro set are presented in
Table in Figure 2.16. The “motif-x score” is calculated by taking the sum of the negative
log probabilities used to fix each position of the motif. As shown in Figure 1.5. I took the
consensus motifs from the subsets obtained from motif-x results.

In vivo

For the in vivo data I grouped the kinases according to their preferences (Figure 2.17). In
the first group I explored the motifs R/K -3 and R/K -2, however not each kinase had exact
preference for both. For example CHEK1 has strong preference for Arginine in position -3,
however Lysine in that position is also possible.

2.3.2 Structural motifs

The structural database was established around the sequences of human, canonical proteins.
For each of the sequences, if available, the longest pdb structure was assigned as a model
and then relaxed and minimised using ModPipe (Pieper et al. [222]). If the structure was not
available, the homological prediction using ModPipe was performed. The percentage of pdb
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Fig. 2.16 Motif-x results for the in vitro kinases set.

Fig. 2.17 Motif-x results for the in vivo kinases set. The motif-x score is calculated by taking
the sum of the negative log probabilities used to fix each position of the motif.
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structures to models in the database is 40%. The database includes 12.162 proteins, where
the predictions were filtered so that the model was considered acceptable if the template
sequence identity was at least 30% and met at least one following criteria: GA341>0.7,
e-value <0.0001 or average dope score <0. When more than one model was available for a
protein, the model with the highest dope score was chosen as the representative.

2.3.3 Docking

The docking simulations have been performed with HADDOCK (Dominguez et al. [66])
standard protocol, which allows for the selection of residues likely to be the part of the
interface. Simulations were performed based on the examples chosen from the in vivo data
set.

2.4 Discussion

In vitro

There are a number of target peptides that have important determinants absent in linear
sequence space but have a potential “replacement” residue found at an equivalent 3D distance.
These determinants are observed at a higher frequency in the true targets when compared
to random non phosphorylated residues. Most of the target sites are missing at least one of
the important determinants and a large number of these have a potential replacement at an
equivalent 3D distance. This suggests that there may be a significant number of sites that
are recognized by kinases 3D epitopes. However, the occurrence of 3D determinants is not
higher in the targets of a kinase than random expectation. The spatial distribution of the
residues might influence their detection — distance equivalent to R-5 may be too wide and
generate too many false positives while distance for P+1 (3 Å ) may be too narrow to find
other amino acids within it.

In vivo

The analysis suggests that while kinase target sites display a clear enrichment for specific
linear sequence motifs, the majority of the target sites miss one or more of the important
determinants. These target sites may be recognized by the kinases using a residue of an
equivalent 3D distance, forming a 3D motif. However, the occurrence of 3D motifs is not
higher than expected from sampling random serines or threonines. Predicted in vivo cases of
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3D motifs have residues that tend to be more conserved than random and show correlated
changes with the changes in the respective kinase activity across a panel of conditions. 3D
recognition of kinase target sites may be a significant factor for kinase target specificity. The
predicted cases of in vivo 3D motifs has been selected for docking studies to analyse the
structural properties of the predicted interactions. A number of docking simulations show
that such associations are possible, however its existence should be validated in the wet lab.

Keeping in mind that the docking simulation is not a wet lab experiment, it is still possible
that actual binding can be executed in the wet lab settings. Out of 11 tested 3D motifs, two
has shown double possibilities of binding (CAMK2A with ENSP00000035383 and CHECK1
with ENSP00000346694). Two more pairs (for CHECK1) showed a possible R-2 motif
binding, and three more pairs have 4 out 5 possible bindings — this can be considered as a
positive result. Five pairs from the R-3 have 5 out of 6 bindings, which also could be further
evaluated.

The uncertainty of the simulation can be explained on a few preparation levels. Firstly it
is the choice of the structures representing both the kinase and the substrate and the choice of
its binding amino acids. There are only few activated kinase structures known, and I defined
the binding residues through homological comparison with other kinase models. For best
simulations in HADDOCK, the more of the binding surface is defined, the more confident
the simulation outcome is. While setting up the simulation I only had a few amino acids on
each side to define the connection, which does not take into account all the possible distal
docking mechanisms. Secondly it is hard to validate how well did the kinase and the substrate
connected. Choosing the model of the lowest available energy to represent the complex, and
checking how many of initially suggested bindings the simulation managed to fulfill was the
arbitrary criteria that I chose when selecting the best simulations. Those requirements are
reasonable enough to validate the further examination in the wet lab experiment. I cannot take
into the account of the simulation the conformational changes and all the loop conformations
that might exist in the lifetime of the targets or the kinases. The value of the simulation itself
is the fact that those two proteins are physically able to allow the motif to fit inside the kinase
cleft. This is not a confirmation that such 3D motif exists, but it is a good premise worth
further testing.



Chapter 3

Conserved phosphorylation hotspots in
eukaryotic protein domain families

3.1 Introduction

Mass spectrometry and biochemical enrichment methods allow for the study of PTM reg-
ulation at very large scale (Choudhary and Mann [40]) and such approaches have been
extensively applied to study protein phosphorylation (Mann et al. [179]). In the most com-
prehensive single study to date estimated order of 75% of the detected proteome was found
to be phosphorylated (Sharma et al. [256]) and approximately 160,000 non-redundant human
phosphosites are listed in public repositories (Hornbeck et al. [106]). Although the regulation
of protein functions by phosphorylation has been under study for over 60 years (Fischer and
Krebs [81]) the recent wealth of knowledge regarding protein phosphorylation generated by
mass-spectrometry remains mostly uncharacterized. Only around 5% of human phosphosites
have an annotated regulatory role (Hornbeck et al. [106]). Evolutionary studies have sug-
gested that some degree of protein phosphorylation, and other PTM sites, may have little to
no biological function (Landry et al. [159], Beltrao et al. [15]). Given that some phosphosites
may have no relevance to fitness, devising ways to rank sites according to functional impor-
tance is a crucial research question. Functionally important phosphosites have been shown to
be more likely conserved across species and across protein domains of the same type (Studer
et al. [275], Beltrao et al. [15]). For protein domains, conserved phosphorylation within a
specific region, termed phosphorylation hotspot, tends to identify regions with regulatory
potential (Beltrao et al. [15]). Since each domain family is represented by multiple copies
within each species, these domain centric analyses have the advantage of increased statistical
power when compared to the study of conservation of orthologous genes. Domain centric
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analyses have also been used with success to study recurrence of mutations in cancer samples
(Miller et al. [194]).

3.2 Results

3.2.1 Identification of eukaryotic phosphorylation hotspot domain re-
gions

In order to study the conservation of protein phosphorylation within protein domain families I
collected protein phosphosite data from publicly available sources for a total of 40 eukaryotic
species, including 11 animals, 19 fungi, 7 plants and 3 apicomplexa species (Figure 3.1A
and Methods). A total of 537,321 phosphosites were compiled and mapped to reference
proteomes and protein domain regions which were identified using the Pfam domain models
(Finn et al. [80]) across all species (Methods). Of all phosphosites, 83,359 phosphosites
occur within Pfam domain regions (Figure 3.1A). As most phosphosites tend to occur in
disordered regions (Iakoucheva et al. [120]) it is not unexpected that the majority of sites are
not found within protein domains. The ranked list of ten most commonly modified domains
is shown in Table in Figure 3.2. In line with previous findings, the most commonly regulated
domains included many involved in cell signaling (e.g. protein kinase, Ras), chaperone
function (e.g. HSP70, TCP, HSP90), and cytoskeleton (e.g. Actin, Myosin).

In order to statistically identify domain regions that are regulated by phosphorylation
above random expectation I selected 344 domain families that are represented by at least
10 different instances and contained a total of 50 or more phosphosites. For these domain
families, the protein sequences containing phosphosites were aligned and an enrichment
score was calculated using a rolling window approach, with a fixed length of 5 positions, to
identify regions with an above average degree of phosphorylation as illustrated in Figure
3.1B. The random expectation was calculated by permutation testing where phosphosites
were randomly re-assigned within each protein sequence to equivalent phospho-acceptor
residues (Methods). A rolling window approach was used to take into account alignment
uncertainty and errors in assignment of the phosphosite position within the phosphopeptide as
identified in the mass spectrometry studies. For each position within the domain alignments a
p-value was calculated and after Bonferroni multiple testing correction a corrected cut-off p-
value<0.01 (uncorrected p-value 6.70x10-8) was used globally to identify domain regulatory
hotspots. A cut-off of an average of 2 phosphosites per position was also used to avoid
significant positions with a low effect size difference. Contiguous positions were merged
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to identify domain regions of interest that were defined as phosphorylation hotspot regions
(Methods). Using this procedure a total of 1999 positions corresponding to 241 domain
regions were identified as hotspots within 162 Pfam domain families. Full list of hotspots is
presented in Appendix A., along with plots and structures for remaining, analysed domains.

3.2.2 Benchmarking results

Under the assumption that strong conservation of protein phosphorylation within a region of a
domain is predictive of functional relevance I expected to find an enrichment of phosphosites
with known functions at regions defined as regulatory by the hotspot identification approach.
In order to analyse this hypothesis I compared the functional predictions with human phos-
phosites that are known to have a regulatory role obtained from the PhosphositePlus database.
For each human phosphosite within the protein domains analysed I assigned the hotspot
p-value. I considered only Pfam domains having more than 1 known human regulatory
phosphosites and I analyzed separately serine/threonine (S/T) sites from tyrosines (Y). I was
able to analyse a set of 983 S/T and 317 Y phosphosites with known regulatory functions
in human, as defined in PhosphositePlus, out of a total of 8270 S/T and 1395 Y human
phosphorylated positions within the same domains.

The capacity to discriminate the human phosphosites with known regulatory roles from
other human phosphosites was tested using the receiver operating characteristic (ROC) curve
(Figure 3.1C) and summarized as the area under the ROC (AUC) curve. The regulatory
hotspot p-value was a strong predictor of know regulatory phosphosites (AUC=0.76 for S/T
and 0.64 for Y). In line with this, the defined hotspot regions show significant enrichment
over random for human phosphosites of known function (Figure 3.1.D). Overall, these results
show that the regulatory hotspots identified here are enriched in previously known regulatory
phosphosites.

To better test the capacity of hotspot method to identify the regulatory regions I used
another set of known, regulatory human phosphosites. I mapped these human phosphosites
with known functions to the full domain alignments (removing the regions that contained
more than 30% of gaps) and assigned a regulatory p-value to each alignment position based
on my calculation. Then, I marked a domain alignment position as a regulatory region
if it mapped to at least 1 human regulatory phosphosite. Some positions were marked as
regulatory by more than 1 human regulatory phosphosite, with the highest value for a kinase
position — 85 human regulatory phosphosites, and 556 phosphosites over all species.
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Fig. 3.1 Prediction of phosphorylation hotspots regions for eukaryotic domain families. A)
Phylogenetic tree of the species from which phosphorylation data has been obtained. The
numbers in the left column correspond to the phosphosites per species obtained and the the
right column the phosphosites found within Pfam domains. B) Hotspot regions are defined as
those having higher than randomly expected number of phosphorylation. A rolling window
is used to count the observed average number of phosphosites in the alignment (black line)
and a background expectation is calculated from random sampling (gray line and gray band
for standard deviation). A p-value is calculated for the enrichment of phosphorylation at
each position and projected onto structural models C) The capacity to discriminate between
phosphosites of known function from other phosphosites was tested using a ROC curve.
Comparison of the discrimination power of the hotspot p-value (blue line for ST and purple
line for Y). D) Enrichment over random of human phosphosites with known functions for
residues predicted as a hotspot region when compared with the rest of the domain (blue for
ST and purple for Y - p-values for fisher test).



3.2 Results 61

Fig. 3.2 List of 25 most phosphorylated domains. The ranking is not normalized by the
total number of domains present in the genomes nor the total number of corresponding
amino-acids. This ranking allows us to select the list of domains with a large number of
experimentally identified phosphosites for analysis.
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Fig. 3.3 A) ROC curve for domain regulatory positions, for 82 domains each of them having
at least 1 position with a known regulatory phosphosite with a total of 17408 positions in all
domains. Domain positions were considered to be true regulatory regions if they matched to 1
to 4 of human phosphosites previously known to have regulatory functions. The total amount
of true positive domain positions after filtering is presented in the barplot in parenthesis. The
increasing filter lowers the amount of available phosphosites. B) Human phosphosites, from
55 domains that each of them have at least 1 human phosphosite mapped to a regulatory
position. Common set of 4774 human phosphosites, their functionality predicted by 4
methods (375 true-regulatory sites).

Multiple regulatory sites mapped to one domain position indicate that the position is more
likely to be important in regulation not for a single protein but also different domains of the
same family across different genes. I decided to evaluate whether finding positions supported
by more than only one regulatory human site would improve the performance of the method.
To do that I created four filters, starting from score of 1 regulatory position as true positive
to 4 (all smaller were treated as negatives). The ROC curves, which show the true positive
rate as function of false-positive rate are presented in Figure 3.4.A. The results show that
my approach can correctly identify domain positions known to play regulatory roles, in
particular for positions that are supported by multiple regulatory sites across different genes.
A maximum of AUC of 0.81 was observed for positions that are supported by 4 or more
regulatory sites.

The domain positions will be differentially phosphorylated, with some very rarely or
never regulated. A more practical and relevant application of the regulatory hotspot score is
to discriminate which of the phosphosites in a protein is more likely to be important in a given
species of interest. Therefore I tested if the regulatory hotspot predictions could discriminate
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between human phosphosites with known function from other human phosphosites with
unknown function. For each human phosphosite within the PFAM domains analysed I
assigned a regulatory p-value based on my calculation. Considering only PFAM domains
having more than 1 known human regulatory phosphosite I was able to analyse 55 domains,
which when creating a common set provides 375 true positive regulatory phosphosites out
of a total of 4774 human phosphorylated STY positions within the same domains. For all
these phosphosites I was able to obtain other scores that could be indicative of functional
relevance including netphorest (Horn et al. [103]), Position Weight Matrix score (using the
maximum as the metric) and SIFT score for Alanine (Sim et al. [263]).

The SIFT algorithm predicts whether a substitution of amino acid affects protein function.
The score is based on conservation of residues in sequence alignments of closely related
proteins, obtained from PSI-BLAST. The Alanine score is predicting whether the mutation of
the amino-acid to Alanine is deleterious. The NetPhorest predictions are built from an atlas of
linear motifs recognized by specific protein kinases and domains that bind to phosphorylated
residues. The comparison allows to quantify the reliability of hotspot predictions as well
as to determine whether my method can outperform existing ones (Figure 3.3.B). Using
the regulatory hotspot p-value as a predictor I could discriminate the known regulatory
phosphosites from the others (area under the ROC curve of 0.89). I compared this with SIFT
predictions, using the Alanine mutation score (also shown in Figure 3.3.B) (AUC=0.82), the
Netphorest prediction score (AUC=0.48), and the kinase position weight matrices (AUC was
0.64). These different scores are not redundant and a postdoc in the group (David Ochoa)
has shown that they can be combined to improve the prediction of regulatory sites. However,
the focus of my project is to identify the domain regions that are likely to be important to
regulate protein function.

3.2.3 Mapping of regulatory hotspots to representative structural mod-
els

The phosphorylation hotspots are of functional and structural interest as these are very likely
to have regulatory potential that should often be a general property of the domain family. To
study these regions in the context of protein structures I have collected structures available for
Pfam domains in PDB (Berman et al. [19]). For each domain family I discarded structures
with short sequences, performed structural clustering and selected a representative from
the most populated structural cluster (Methods). The protein sequences from the selected
structural models were added to the alignments and a total of 116 hotspots regions were
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mapped to a 3D model for 85 domains. I present the structural representation of all these
hotspot regions and enrichment plots in Appendix A.

To gain a better understanding of how these regions may control domain functions, I
studied in more detail some regions that overlap with human phosphosites of known function
(Figure 2).

The protein kinase activation loop is the prototypical example of a regulatory hotspot
(Figure 3.4, top). Over 50% of phosphosites and 74% (128 out 174) of known human
regulatory sites (red dots) found within protein kinases are in this loop that follows the β9
sheet near the active site. Phosphorylation of this loop is typically required to achieve full
activation of kinases by positioning the activation segment in order to allow for substrate
recognition (Johnson et al. [130]). Another well characterized example is the regulation of the
pyruvate dehydrogenase complex (PDC) which is primarily composed of multiple copies of
pyruvate dehydrogenase (E1), dihydrolipoamide acetyltransferase (E2) and dihydrolipamide
dehydrogenase (E3). PDC activity is regulated by phosphorylation of E1 in positions that
overlap with our identified phosphorylation hotspot (Figure 3.4). The phospho-regulation
of this domain is well characterized with 3 described regulatory phosphosites (Korotchkina
and Patel [149], Patel et al. [218]). Two of these positions fall within what is termed the
phosphorylation loop A (Ph-loop A) region, which overlaps directly with the hotspot region.
Phosphorylation of this loop region is known to induce a conformational change in the loop
that causes enzyme inhibition (Kato et al. [138]). I expect that the identified hotspots from
other domain families will be of regulatory importance in analogy to the activation loop of
kinases and the phosphorylation loops of pyruvate dehydrogenase.

A clear phosphorylation hotspot was found for the Ras domain family (Figure 3.4). This
small GTPase superfamily is known to change in conformation depending on the GTP versus
GDP bound state with two loop regions, called switch 1 and switch 2, being particularly
sensitive to the nucleotide binding.

The major Ras phosphorylation hotspot occurs just after the switch 2 region at the start
of α2. This region is also known to often form contacts with effector molecules (Mott and
Owen [201]) implicating the phosphorylation of this region in the regulation of Ras-effector
interactions. Supporting this hypothesis, the phosphorylation of human KRas in this region
at Y64 regulates the interaction between KRas and AGO2 (Shankar et al. [255]). Similarly,
phosphorylation of the same region in Rab7 (S72) and in RAC1 (Y64) is associated with
changes in interaction partners (Shinde and Maddika [260], Chang et al. [36]). This indicates
that this a commonly used regulatory feature of Ras domains.
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Fig. 3.4 Examples of phosphorylation hotspots containing human phosphosites with known
regulatory roles. For 4 protein domain families it shows the enrichment over random of
protein phosphorylation along the domain sequence. The average number of phosphosites
observed per rolling window is plotted in a solid black line (observed). The background
level of expected phosphorylation calculated from random sampling is shown in gray line,
with standard deviations as gray band. The blue line represents the negative logarithm
of p-value at each position (right y axis). A horizontal red line indicates a cut-off of the
Bonferroni corrected p-value of 0.01. Positions with a -log(p-value) above this cut-off and
average phosphosites per window higher than 2 are considered putative regulatory regions
and highlighted under a vertical yellow bar. Red circles indicate human phosphosite positions
with known regulatory function. In the structural representations the predicted hotspot
regions are highlighted in yellow.
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A different mode of phospho-regulation has been observed in the voltage-dependent
anion channel (VDAC). This 19 beta sheet beta barrel domain is a class of porin ion channel
spanning the outer mitochondrial membrane. The major phosphorylation hotspot in the
VDAC domain is predicted for a loop region between β6 and β7 (Figure 3.4). The regulation
of the human VDAC1 at position S104 within this region controls VDAC1 protein levels
by inhibiting proteasome mediated degradation (Yuan et al. [316]). The orientation of
VDAC domains in the membrane is contentious with conflicting reports suggesting that the
C-terminal may point towards the cytoplasm (Tomasello et al. [282]), the mitochondrial
intermembrane space (IMS) or that is may occur in both orientations (McDonald et al. [188]).
The phosphorylation hotspot between β6 and β7 is on the opposite side of C-terminal
region, suggesting that this loop most likely or most often will face the cytoplasm placing
the C-terminal towards the IMS.

These examples further illustrate how hotspot analysis recovers well known regulatory
regions as well as shows some ways in which domain function is regulated by protein phos-
phorylation (e.g. changing activity, conformation, interactions, degradation rates). Following
examples were aimed to test if some of the regulatory mechanisms can be generalized to
other domain families.

3.2.4 Phosphorylation hotspots are enriched for positions at protein
interfaces and near catalytic residues

Regulation of interactions and catalytic activities may be general mechanisms of domain
regulation. To study this across all domains I used annotations for interface residues from the
3DID database (Mosca et al. [199]) and for catalytic residues based on Uniprot annotations
(UniProt Consortium [291]) (Methods). I also analysed surface accessibility, defined as >20
relative surface accessibility (RSA), and predicted disorder (DISOPRED Ward et al. [298])
(Methods). As expected from prior studies of protein phosphorylation (Johnson et al. [129])
the hotspot positions are more likely to be surface exposed (Figure 3.5.A, p-value=1.66x10-8)
and within disordered elements (Figure 3.5.A, p-value<2.20x10-16) when compared to other
residues. The next thing I wanted to examine were distances between hotspot positions and
catalytic residues. Compared to other residues within enzymes, hotspot positions are 3 times
more likely to be catalytic residues (Figure 3.5.A, catalytic residues, p-value=0.03); 3.4 times
more likely to be within 5 amino-acid distance (Figure 3.5.A p-value=1x10-8) and 5 times
more likely to be within 5Å distance (Figure 3.5.A, <5Å p-value=1.5x10-8) to catalytic
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residues. For enzyme domains 3.3% of hotspot residues are within 5Å distance of catalytic
residues compared with 0.97% for other residues.

For each domain position I identified interface contacts found in 3D structures with any
other protein domain based on 3DID, excluding intra-domain contacts. For the interface
residue enrichment test we considered only surface accessible residues (>20% RSA) to avoid
an enrichment simply due to accessibility of both interface and hotspot positions. Controlling
for surface accessibility hotspots are 1.8 more likely to be interface positions (Figure 3.5.A,
p-value<2.4x10-9). 39% of accessible hotspot residues are interface positions compared with
26% for other accessible residues. Some hotspot regions overlap with interaction regions
that can make contacts with a large number of different types of domains as determined
by crystal structures. For example, the hotspot region in Ras described above contacts 42
other domain types, some of which are illustrated in Figure 3.5.B. There are 13 domain
families with hotspot regions contacting with more than 3 other domain families including
the SH2 domain and RNA recognition domain families shown in Figure 3.5.B. This suggests
that protein phosphorylation of such regions may be important for switching the interaction
partners of these domain families.

These results indicate that regulation of protein interactions and catalytic activities may
be a recurrent feature of domain regions regulated by protein phosphorylation. Of the 116
hotspot regions mapped to a structural models, 97 overlap with interface residues and of 32
hotspot regions with putative catalytic residues, 23 are within 15Å and 5 are within 5Å to
a catalytic residue. The list of hotspot regions which is presented in Appendix 1 contains
information regarding interface positions and proximity to catalytic residues.

3.2.5 Phosphorylation hotspot regions near catalytic residues

Hotspot regions in enzyme domains are often found at or near catalytic residues and could,
in these cases, play a role in regulating catalytic activities. From the 23 hotspots found
within 15Å of a catalytic residue I illustrate 4 examples in more detail (Figure 3.6). Protein
phosphorylation is typically catalyzed by protein kinases, however I found examples of
hotspot regions explained as reaction intermediates or auto-phosphorylation not catalyzed by
kinase. For example, the hotspot region of Alkaline Phosphatase (ALP) overlaps directly
a catalytic residue (Figure 3.6). The hydrolysis and transphosphorylation of monoesters
reaction takes place in the active pocket of the enzyme which contains a catalytic serine that
forms a covalent serine-phosphate intermediate. This catalytic serine, located at the N-end
of α5, is found phosphorylated in different species explaining the identified hotspot. This
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Fig. 3.5 Structural features of phosphorylation hotspots. A) Enrichment over random of
structural features comparing hotspots with other residues within the same domains. The
tested features include water accessibility — residues with>20% RSA; protein disorder as
predicted by DISOPRED; catalytic residues; residues within 5 amino-acid distance to a
catalytic residue; residues within 5 angstroms of a catalytic residue; residues at an interface
based on 3DID. For each feature we report the -log(p-value). B) Examples of hotspot
regions at interfaces where the hotspot region (red) from a domain (grey) has been observed
contacting many other types of domains (other colours) in empirical structures.
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hotspot is therefore the result of a reaction intermediate and not regulated by protein kinases.
A hotspot for the phosphoglucomutase/phosphomannomutase Pfam domain (PF02878) is
identical to this in that a catalytic serine is often found phosphorylated and known to be a
reaction intermediate not catalyzed by kinases (Figure 3.8).

The Nucleoside-diphosphate kinases (NDK) catalyze the exchange of terminal phosphate
between different nucleoside diphosphates (NDP) and nucleoside triphosphates (NTP). A
NTP serves as a donor and the reaction proceeds via a phospho-histidine intermediate in the
NDK active site. The main hotspot in this domain occurs just next to this active site histidine
(Figure 3.6). The phospho-histidine is not detected as phosphorylated in the proteomics data,
most likely due to phospho-histidine being very labile (Sickmann and Meyer [262]) and not
usually searched for during the mass spectrometry data processing steps. Phosphorylation of
these nearby serines has been suggested to be the result of a transfer of phosphate between
the histidine and nearby serines which may be important for the enzyme activity (Dar and
Chakraborti [56], Mocan et al. [195]). In addition I found a second hotspot in the loop
between α7 and α8 with an unknown function. Given that this loop partially covers the
catalytic centre the phosphorylation of this loop likely regulates substrate accessibility.

The next two domain families I studied are examples of conserved phosphorylation
regions distant in sequence but close in 3D space to catalytic residues (within 15Å ). The
IMP dehydrogenase (IMPDH) catalyzes the oxidation of IMP to XMP with the concomitant
reduction of NAD+. In human cells Akt has been shown to interact with IMPDH and
phosphorylate the protein in vitro (Ingley and Hemmings [126]) but the position or functional
role of IMPDH phosphorylation has not been established. In structures of this domain a
serine residue can be found in this hotspot (Figure 3.7.A) pointing towards the substrate
binding pocket and its phosphorylation may sterically impact on substrate binding. A loop
next to this hotspot changes in conformation during the catalytic cycle (Hedstrom [98])
(Figure 3.7.A, Open to Closed) so the phosphorylation of the hotspot could also have an
impact on these dynamics.

Similarly to IMPDH, the hotspot region of transaldolase (TAL) is in a position that could
influence the access to the catalytic centre. TAL is an enzyme of the nonoxidative part of
the pentose phosphate pathway (PPP). The active site, located in the center of the barrel
is formed of a lysine, that holds the sugar in place and a glutamate and aspartate that act
as proton donors and acceptors. There is evidence that TAL activity can be regulated by
phosphorylation (Lachaise et al. [157]) but the position or mechanism of this regulation has
not been determined. The hotspot identified for TAL is very likely to alter the accessibility of
the substrate to the active site. In structures of this domain a serine residue within this hotpot
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Fig. 3.6 Examples of putative regulatory hotspots at or near catalytic residues. The average
number of phosphosites observed per rolling window is plotted in a solid black line (observed).
The background level of randomly expected phosphorylation is shown in gray line, with
standard deviations as gray band. The blue line represents the negative logarithm of p-value
at each position (right y axis). A horizontal red line indicates a cut-off of the Bonferroni
corrected p-value of 0.05. Positions with a -log(p-value) above this cut-off and average
phosphosites per window higher than 2 are considered putative regulatory regions and
highlighted under the yellow bar. Red circles indicate human phosphosite positions with
known regulatory function and yellow circles represent catalytic residue positions. In the
structural representations the predicted hotspot regions are highlighted in yellow. The
catalytic residues have been represented as orange sticks and in red stick representations are
substrates or products.
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can be found just at the entrance to the substrate pocket (Figure 3.7.B) and phosphorylation
of this residue may control access to the cavity.
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Fig. 3.7 Hotspot regions of near catalytic residues that are distal in protein sequence. A)
The IMPDH hotspot region is represented in yellow segment. In the insets, the loop near
the hotspot region is shown changing from an open conformation (blue volumes) to closed
conformation (magenta volumes). A serine residue within the hotspot region (yellow sticks)
points to substrate binding pocket and is often found phosphorylated across species (see
alignment). B) The transaldolase hotspot region is show in yellow. In the structural inset a
serine within the hotspot region (yellow sticks) is found just at the entrance of the substrate
cavity. The identified phosphorylation sites contributing to the identification of the hotspot
region are shown in the alignments in red.
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Fig. 3.8 Hotspot regions at a catalytic serine of the phosphoglucomutase/ phosphomanno-
mutase (PGM/PMM) domain (PF02878). A) The hotspot region is represented in yellow
segment and the catalytic serine residue within the hotspot region (yellow sticks) points is
shown in the structure (B). This phospho-serine catalytic intermediary is capture in the MS
phosphoproteomics data as shown in the alignment (C). There are often phosphorylated thre-
onines next to the serine residue which could be miss-assigned phosphosites, or potentially
these could be targeted by kinases.
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3.3 Functional relevance of phosphorylation within the C-
terminal hotspot region of the Ribosomal S11 domain

Thanks to the collaboration with Michaela Oplova and Cris Vieitez I was able to follow on
the functional studies on ribosomal S11 domain family. The predicted regulatory hotspot,
found within the 40S ribosomal protein uS11 has been kindly examined by Michaela and Cris
and the results of this work are presented in (Strumillo et al. [274]). I did not perform any
of the wet lab work, and below I am describing the outcomes that are related to the hotspot
described by me in the C-terminal tail of ribosomal protein family (Figure 3.9.A). To test
the functional relevance of this phosphorylation hotspot Cris Vieitez selected 2 phosphosites
in the yeast protein Rps14A (uS11) that have been identified near this region (T119 and
S123), marked in Figure 3.9.A and 3.9.B. The two sites are known to be phosphorylated in
different species including human (Figure 3.9.E). She constructed two strains with alanine
mutations at each of these positions inserted in the genome (Methods). Then these strains
have been tested for growth defects under different set of stress conditions: 6-azauracil (6AU),
cycloheximide (CHX) and cold shock. There was no effect under 6AU, a weak growth defect
for S123A under CHX and a robust cold shock phenotype for the T119A mutant (Figure
3.9.D). Interestingly, RPS14A has a paralog - RPS14B that was not deleted or mutated for
these studies, meaning that rps14a T119A mutant might act in a dominant negative manner.
Based on the initial growth defect Cris tested but saw no phenotype in the early steps of
ribosome assembly using a uS5-GFP reporter assay. A previous report has indicated a role for
Rps14A C-terminal region in activating the ATPase Fap7. Failure to activate Fap7 impaired
downstream cytoplasmic 20S pre-rRNA processing (Peña et al. [221]) which we assayed
for in the T119A mutant. Michaela Oplova tested the capacity of the mutant to convert 20S
pre-rRNA to 18S rRNA by determining the subcellular localization of 20S pre-rRNA by
fluorescence in situ hybridization (Methods). Michaela observed a cold shock dependent 20S
pre-rRNA accumulation in the cytoplasm, indicative of a processing defect (Figure 3.9.F).
This tail region was shown to make contacts with the ATPase domain of Fap7 (Figure 3.9.C)
and the C-terminal region of uS11 was demonstrated to activate the ATPase Fap7, a critical
step to release and deposit uS11 and its interacting partner eS26 into its rRNA binding site
(Peña et al. [221]). It seems likely that the phospho-mutant rps14a T119A may not be able to
activate Fap7.
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Fig. 3.9 RPS14A phospho-site deficient mutant T119A shows cold shock dependent growth
defects and impairment of 20S processing. A) The phosphorylation enrichment over random
for the Ribosomal S11 domain (PFAM:PF00411) is plotted in a solid black line. The
background expectation is shown in gray line, with standard deviations as gray band. The
blue line represents the negative logarithm of p-value (Y axis on the right side). A horizontal
red line indicates a cut-off equivalent to a Bonferroni corrected p-value of 0.05. Mutated
residues in RPS14A (T119 and S123) are indicated by orange stars in the plot and shown in
B) as orange stick representations (PDB:5wntK). C) Structural representation of contacts
between the hotspot region of RPS14A (represented in gray) and the ATPase domain of Fap7
(represented in orange). D) Growth curve for RPS14A T119A and S123A mutants in cold
shock (25◦ C) in SC media. E) Conservation of phosphorylation sites in this region across
species. F) in situ hybridization with a Cy3-labeled oligonucleotide complementary to the 5’
sequence portion of ITS1 was assayed in 30◦C and 20◦ C (cold shock).
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3.4 Materials and Methods

Phosphorylation data sources and compilation

Phosphorylated residues H. sapiens, M. musculus and R. norvegicus were obtained from the
Phosphositeplus database (Hornbeck et al. [107]). Phosphorylation data for 6 Drosophila
species (D. ananassae, D. melanogaster, D. pseudoobscura, D. simulans, D. virilis and
D. yakuba) was obtained from the iProteinDB in FlyDB database (Hu et al. [109]). Two
additional metazoan phosphoproteomes were obtained from published studies for C. elegans

(Rhoads et al. [234]) and T. adhaerens (Ringrose et al. [237]). Phosphosites for 18 fungal
species (S. cerevisiae, S. paradoxus, S. mikatae, S. kudriavzevii, S. bayanus, N. castellii,

C. glabrata, V. polyspora, Z. rouxii, K. lactis, L. kluyveri, L. waltii, L. thermotolerans, K.

pastoris, M. guilliermondii, C. albicans, S. stipitis, S. pombe) were obtained from Studer
and colleagues (Studer et al. [276]). An additional fungal phosphoproteome was added
for M. oryzae (Franck et al. [84]). Plant phosphosites for 4 species (A. thaliana, G. max,

M. truncatula, O. sativa) was retrieved from the P3DB database (Yao et al. [312]) and
additional plant species were retrieve from selected publications for B. distachyon (Lv
et al. [172]), C. reinhardtii (Wang et al. [297]) and S. moellendorffii (Chen et al. [37]).
Information for 3 Apicomplexa species (P. falciparum, P. berghei, T. gondii) were compiled
from phosphoproteomic studies for these species (Treeck et al. [286], Invergo et al. [127]).
For all species I removed potential redundancies to avoid assigning the same phosphosites
to multiple sequences which could cause false enrichments in proteins rich in isoforms.
For H. sapiens, M. musculus and R. norvegicus retrieved from Phosphositeplus, I removed
isoform redundancy by using only the canonical sets of proteins as defined by Uniprot. For
other species I filtered out redundant peptides by removing identical 11 amino acid peptides
centered around reported phosphosite positions. The total list of phosphosites compiled for
this project is shown in Figure 3.1.

Domain mapping, alignment and hotspot predictions

For all of the analysed protein sequences I used PfamScan to predict Pfam domains. The
PfamScan option for predicting catalytic residues was used to retrieve annotations on these
types of residues. For each Pfam domain, all corresponding sequences having at least 1
phosphorylation site mapped to them were selected and aligned using MAFFT (version
7, using the G-INS-i option) (Katoh et al. [139]). In order to identify alignment regions
containing more phosphosites than expected by chance I used a permutation strategy to
generate a null background. I first count the observed phosphosites for a given region of a
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Pfam domain using a rolling window with a fixed size of 5 positions. I chose to use a window
instead of individual positions due to: the uncertainty in phosphosite localization within the
phosphopeptides; evolutionary drift whereby the phosphorylation of nearby residues could
have the same outcome; potential uncertainty in the alignment. To generate a null background
model I randomly select phospho-acceptor residues (serine, threonine and tyrosine) within
the alignment respecting the total number of acceptor residues for the 3 amino-acid types.
Permutations were repeated 100 times and for each position in the alignment an expected
median and standard deviation of phosphorylation is calculated. The observed values were
converted to z-scores using the permutation information and then to p-values using the
survival function of the normal distribution from scipy (scipy.stats.norm.sf) (Meurer et al.
[191]). Only enrichment over random was considered, not depletion and the Bonferroni
correction was used to account for multiple testing globally. In addition, to avoid the
identification of positions with a low effect size a cut-off of an average of 2 phosphosites per
position was used. Finally, contiguous positions were merged to identify domain regions of
interest with added +/-2 positions on either side that were defined as phosphorylation hotspot
regions.

Identification of representative structures

For each Pfam domain having a significant hotspot region I obtained 3D structures available
in the PDB. Then I identified and selected the corresponding Pfam domain regions within
each structure excluding the remainder. The structures were filtered to exclude those with
gaps larger than 1 amino acid and those shorter than 70% of the longest structural model
for a given domain family. Each set of structures representing a domain were structurally
clustered with MaxCluster with single linkage (http://www.sbg.bio.ic.ac.uk/ maxcluster) and
for each domain one structure was selected from the cluster representing the most common
conformation. In order to map the hotspot information to structures, the sequence of the
representative structure of each domain was aligned to the corresponding Pfam domain
sequences using MAFFT. In some instances the structural model did not cover a predicted
hotspot region.

Annotation of interface, catalytic, regulatory, accessibly and disordered residues

For the selected structural models I obtained water accessibility using naccess, disordered
prediction with DISOPRED (Ward et al. [298]) and catalytic residues from Pfam (PfamScan).
For interface contact information I used data from 3DID (Mosca et al. 2014). For a given
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Pfam domain in 3DID I calculated, for each residue, the number of times this residue is
found in contact of another protein chain (intra-chain contacts were ignored). I considered a
position within a Pfam domain family to be at an interface if it was found forming contacts
with other proteins in 10 or more structures. This cut-off was used to obtain a high confidence
list of Pfam domain interface positions but similar results were observed considering more
lenient definitions of interface positions. A set of human phosphorylation sites known to
have regulatory roles were obtained from Phosphositeplus (Hornbeck et al. [105]).

Code deposition and data resources

Alignments and code are provided online on (https://github.com/evocellnet/ptm_hotspots),
all the predictions has been shared in a publication (Strumillo et al. [274]) and provided in
the supplementaries.

S. cerevisiae phospho-deficient strain construction

Phospho-deficient mutants RPS14A T119A and S123A were constructed using the Y8205
background strain (MATα , his3∆1; leu2∆0; ura3∆0; MET15+; LYS2+; can1∆::STE2pr-
SpHIS5; lyp1∆::STE3pr-LEU2). SceI endonuclease (from pND32 plasmid) was integrated
at the mutated leu2∆0 locus (Y8205 + leu2∆0:: natNT2-Gal1pr-I-SceI). The point mutations
T119 or S123 were introduced into the RPS14A endogenous locus and the URA3 marker
after the stop codon, as described in (Toulmay and Schneiter [284]). The URA3 marker
was flanked by SceI recognition sites to enable its removal by the Galactose inducible SceI
endonuclease (Khmelinskii et al. [142]). Point mutations were verified by sequencing.

Serial spot dilution assay in S. cerevisiae

Yeast strains were grown on agar plates and individual colonies of each strain were picked
and arrayed in 96 well plates containing the synthetic SC medium and incubated overnight.
The strains were then serially diluted four times at one in 20 dilutions in 96 well plates filled
with 160 µ l sterile ddH20, the dilutions were performed using a Bio mek FXp liquid handler.
The diluted cells were then immediately spotted onto SC + condition agar plates using a VP
scientific (VP 405) 96 format manual pinning tool. The agar plates were incubated for 48
and 72 hours and imaged.
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Fluorescence in situ hybridization and microscopy

Cy3-labeled oligonucleotide probe (5’-Cy3-ATG CTC TTG CCA AAA CAA AAA AAT
CCA TTT TCA AAA TTA TTA AAT TTC TT-3’) that is complementary to the 5’ portion of
ITS1 was used to localize 20S pre-rRNA as previously described (Faza et al. [75]). Early
biogenesis defect of small ribosomal subunit was determined by localization of uS5-GFP
as previously described (Faza et al. [75], Altvater et al. [3]). Cells were visualized using a
DMI6000 microscope (Leica, Germany) equipped with a HCX PL Fluotar 63×/1.25 NA oil
immersion objective (Leica, Germany). Images were acquired with a fitted digital camera
(ORCA-ER; Hamamatsu Photonics, Japan) and Openlab software (Perkin-Elmer, USA).

Plasmids used

pRS316-RPS2-GFP (uS5) RPS2-GFP CEN URA3 AMP (Faza et al. [75])
pRS316-RPL5-GFP (uL18) RPL5-GFP CEN URA3 AMP (Faza et al. [75])

3.5 Discussion

In this project I have identified regions within domain families that are recurrently phospho-
rylated across different instances of a protein domain family in different proteins and species.
Given that often there are multiple copies of the same domain within each genome, a domain
centric conservation analysis has increased statistical power over studying conservation
across orthologs. However, domain centric approaches will tend to identify only features that
are conserved across members of the domain family and will tend to miss gene specific fea-
tures. This limitation is well illustrated with the protein kinase family. While 75% of human
phosphosites with known regulatory roles in kinases are found in the activation loop, several
other regulatory sites are found across most of the kinase domain sequence(Figure 2). In
addition, the domain models only cover a fraction of the proteome and most phosphorylation
occurs outside these regions. Therefore domain hotspots are useful to identify functional
important phosphosites but will tend to miss gene specific regulation and cannot provide
information for phosphosites outside domain regions.

Although phosphorylation hotspots cover only a fraction of phosphosites, the annotation
of these regions, in the context of protein structures, allows us to study how protein domain
functions can be regulated. I observed that these hotspots are enriched in positions that are at
interfaces or near catalytic residues. This suggests that controlling interactions and regulating
access to the catalytic centre may be common mechanisms by which phosphorylation can
tune the function of protein domains. For some enzymes that catalyze phosphotransfer
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reactions via phosphoenzyme intermediates (i.e. ALP, NDK, PGM/PMM) I observed re-
current detection of phosphorylation of the catalytic residue or neighbouring amino acids.
These cases may often represent phosphorylation that is not catalyzed by protein kinases
but instead an intermediate enzymatic step or autophosphorylation. This suggests also that
mass spectrometry based approaches can be used to track such enzyme reactions via their
intermediate phosphorylation states.

With this analysis I was able to identify in total 241 domain phosphorylation hotspots.
The identification of phosphorylation hotspots across a diverse set of domains suggests a
widespread ancient role for control of protein domains by phosphorylation in eukaryotic
species. It remains to be studied how these regulatory regions arise during evolution. These
hotspot regions and annotations are provided in Supplementary Table 2and can be used as
a resource for future studies. Jointly analysing phosphoproteomics and structural data has
allowed me to study the potential functions for the phosphorylation of different regions. How-
ever, a structural characterization of the role of such phosphosites will require experimentally
determining structures in the phosphorylated form. These studies are typically difficult to
perform since it is not straightforward to obtain large amounts of purified phosphoprotein,
in particular in a residue specific manner. However, recent progress in genetically encoded
phosphorylated residues in protein expression systems (Rogerson et al. [240], Zhang et al.
[320]) should make these studies more feasible. Such studies can in turn can spur the rational
design of novel phosphorylation switches.



Chapter 4

Overlap of phosphorylation hotspots
with conserved ubiquitination sites and
recurrent mutations in cancer

4.1 Introduction

In Chapter 3 I have used large scale phosphoproteomic data to identify regions within protein
domains that are likely to be regulated by phosphorylation. Compared to other positions
in the same domain, I have shown that these phosphorylation hotspot regions tend to be
interface residues, close to the catalytic residues and enriched in phosphosites of known
function. However, the potential functional importance of the majority of these hotspot
regions remains to be studied. The functional importance of these regions can be further
studied by analyzing regulation by other PTMs or mutational data. Phosphorylation often
acts to either promote or inhibit other PTMs such as ubiquitination that in turn can have
functional consequences such as causing the degradation of proteins.

Proteomic analysis of PTMs other than phosphorylation is generally less advanced,
however ubiquitination is one of the most prominently studied PTMs with developed mass
spectrometry assays (Hunter [117]). The most well characterized role of ubiquitination is
marking the protein for degradation via the proteasome by the formation of a poly-ubiquitin
chain. However, single and poly ubiquitination can have many other regulatory consequences
that have been now described for multiple proteins (Komander and Rape [148]). Increase
in regulating information content can be developed when the PTMs act combinatorially
(cross talk) (Lonard and O’malley [170]), however the general lack of data prevents thorough
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analysis of PTMs interaction. Direct information regarding whether different amino acids
are simultaneously modified on a protein molecule or whether they form logical gates could
greatly improve the knowledge about the signalling networks. Devising methods to determine
which PTMs are functional and which cooperate in cross talk is an urging research task. By
describing the ubiquitination hotspots this chapter aims to highlight and analyse some of
the functional ubiquitinations that are common across different proteins sharing the same
structural domain. Mapping the ubiquitination and phosphorylation hotspots together allows
for simultaneous analysis of both PTMs.

Genomes of many human tumors are sequenced in search of the genetic basis of cancer.
Large-scale tumor sequencing projects enable the identification of many new cancer gene
candidates through computational approaches. These efforts, such as the TCGA and ICGC
consortia found millions of somatic mutations in most of human genes across thousands of
human samples. One of the current challenges of oncogenomics is to distinguish the so called
driver mutations that are involved in tumorigenesis, from those that occur randomly and are
neutral to cancer cells (passenger mutations). Computational methods have been developed
to address this challenge, most often based on a significant overall burden of mutations or
on significant positional clustering of mutations in the gene sequences, corresponding to
mutational hotspots. Recurrent mutations of genes has been used in the past as a signal to
identify cancer driver genes (Youn and Simon [315]) and cancer driver mutations (Youn and
Simon [315], Creixell et al. [54]). Recurrence of mutations within domain families has also
already been used to find regions within globular domains that are often mutated in cancer
across different proteins and cancer samples (Kamburov et al. [133]).

In this chapter I am mapping mutation hotspots along with the ubiquitination and phos-
phorylation hotspots to further help discovering regions of these domain families that are
most likely to be functionally important. I show with some examples how looking at the
overlap of mutations and different PTM types informs on the importance of the PTMs and/or
potential mechanism of mutations in cancer.

4.2 Results

4.2.1 Ubiquitination hotspots

In order to study the relationship between conservation of protein phosphorylation, ubiq-
uitination and cancer mutations within protein domain families, I integrated data available
for ubiquitin and phosphorylation from different species and cancer mutation data from
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Fig. 4.1 A) Phylogenetic tree of the species containing ubiquitination data. The numbers
in the left column correspond to the ubisites per species obtained and the right column the
ubisites found within Pfam domains. B) Enrichment over random of structural features
comparing ubiquitination hotspots with other residues within the same domains. The tested
features include water accessibility — residues with>20% RSA; protein disorder as predicted
by DISOPRED; catalytic residues; residues at an interface based on 3DID; residues within 5
amino-acid distance to a catalytic residue; residues within 5 angstroms of a catalytic residue.
For each feature I report the -log(p-value).

different tumours types. The outcome is a collection of domains described with hotspots
in different combinations of PTMs and recurrent mutations in cancer (described below).
In order to identify ubiquitination hotspots I compiled 155,301 ubiquitination sites from 6
species (H.sapiens, M. musculus, A.thaliana, C. elegans, D. melanogaster and S. cerevisiae)
from publicly available data (PhosphoSitePlus) and unpublished results from Eric Bennett’s
lab (UCSD).

In this analysis (Figure 4.1.A) 82,554 of those sites were located within protein domains as
defined by Pfam domain families. As in the previous chapter, I further restricted the analysis
to 189 Pfam domains represented by at least 15 different instances, containing a total of 50
or more ubisites and having a representative 3D structure. To identify ubiquitination hotspot
regions within these domain families I used the same method as described in the previous
chapter. Briefly, the ubiquitination sites were mapped to the domain alignment; a rolling
window averaging was used to count the number of observed PTMs and a permutation based
strategy used to calculate the significance of the enrichment. After multiple testing correction
(Bonferroni correction) and selection of significant regions, I found 46 ubiquitination hotspots
in 32 Pfam domains, 41 of which mapped to a pdb structure.

In comparison with phospho-hotspots, ubi-hotspots did not tend to be more water acces-
sible than random residues within the protein. Lysine residues are not likely to be found
buried, probably explaining the lack of expected association between ubiquitination and
surface accessibility. In fact, the only significant enrichment was for the ubiquitination
hotspot residues to be more likely than random at interfaces (Figure 4.1.B). No enrichment
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was found for disordered residues, catalytic residues or residues near the catalytic residues.
The ubiquitination hotspots do not tend to be more water accessible, or more structurally
ordered than other residues in protein domains. They also are not more likely to be a catalytic
residue, or be in a close 3D distance to the catalytic residue. However they tend to be in
close sequential distance to catalytic residues (p-value=0.02). The most significant outcome
for this analysis (p-value<2.2e-16) shows that ubiquitination residues have more interface
interactions than other residues in domains.

In collaboration with Inigo Barrio, postdoc from the lab, we analysed the condition
specific regulation of ubiquitination hotspots in comparison with other ubiquitination sites
reported. For 20 domains containing ubiquitination hotspots, Inigo obtained additional
data from MS-based quantitative ubiquitination studies at the site level (Methods). This
data contains the quantification of fold changes of abundance levels upon different stimuli.
The changes in fold change after stimulation for sites contained within hotspots have been
compared using Kolmogorov-Smirnof test with other sites coming from the dataset. After
p-value correction we were able to find significant enrichments for some (6 out of 50) of
the conditions. Three of the conditions with significant regulation relate to proteasome
inhibition (Figure 4.2). MG-132 and Epoxomicin are proteasome inhibitors and PR619
is DUBs inhibitor (which also indirectly inhibits the proteasome). During a proteasomal
inhibition experiment, proteins that were targeted for degradation start to accumulate in the
cytoplasm. When measuring the ubiquitome, the number of ubiquitination sites responsible
for degradation should significantly rise. Functional ubisites that do not lead to protein
degradation are not expected to increase after proteasomal inhibition. Unlike ubiquitination
sites that target proteins for degradation by the proteasome, the ubisites found within these
hotspots are, on average, showing a decrease in levels after proteasome inhibition. This
observation suggests that these hotspots ubisites are likely to have non-degreation related
functions. Proteins targeted for proteasomal degradation do not have to be polyubiquitinated
on a particular residue. Polyubiquitin chain on any Lysine residue is usually enough to trigger
the degradation. This analysis suggests ubisites with non-degradation functions may show a
higher than average positional conservation, as is the case for the hotspot.

The results that I obtained for phosphorylation strongly indicate that ubisites found in
hotspots should more likely be functionally important. Based on the results above these
should tend to have non-degradative functions on average but not exclusively. Unlike for
phosphorylation where a large set of phosphosites with well characterized functions, no such
benchmark set exists for ubisites. Instead of a global benchmark I present two examples of
known and well described ubiquitination hotspots.
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Fig. 4.2 Condition specific regulation of ubisites in ubiquitination hotspots, The regulation
of ubisites in hotspots was compared with all other ubisites using a Kolmogorov-Smirnof
test. MG experiment 1 and 2, are experiments with MG-132, a proteasome inhibitor. Epox
(Epoximicin) is another type of proteasome inhibitor, and PR is DUBs inhibitor. For these
conditions, ubisites found in hotspots were found to be significantly down-regulated compared
to all other ubisites.

ABC transporters are ATP-binding cassette transporters constituting one of the largest and
possibly the oldest gene superfamily (Jones and George [132]). ABC transporters consist of
multiple subunits, mainly ABC transporter transmembrane domain (shown in Figure 4.3 top
panel) and ATP-binding domain. ABC transporter transmembrane domain consist of six alpha
helices harboured in the plasma membrane. Many ABC-transporter family members have
been reported to undergo proteasomal degradation (Nakagawa et al. [203]). This includes,
for example the yeast protein Ste6. That was the first known example of a membrane protein
undergoing ubiquitination contributing to degradation (Kölling and Hollenberg [147]). While
the role of ubiquitin mediated degradation in controlling the transporters is well established
the regions targeted by ubiquitination is not clear. This analysis identified a ubiquitination
hotspot (Figure 4.3, top panel) that may represent a common mode of regulation for the
proteins having this domain.

Annexins (Figure 4.3, bottom panel) play a role in protein scaffolding as well as in
multiple other processes such as exocytosis and endocytosis. All proteins belonging to
annexin family must bind to phospholipids of the membrane in a Calcium dependent manner.
This binding results in subsequent events, such as membrane trafficking, signal transduction
and exocytosis. Annexins are a known target for PTMs — degradational ubiquitinations
(Nasu et al. [204]), sumoylations (Hirata et al. [100]) and phosphorylations (Dorovkov and
Ryazanov [68]). The ubiquitination hotspot is located on a different residue than Lysine
targeted for degradation, which suggests it may have a non-degradation related function. The
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Fig. 4.3 Enrichment over random of protein ubiquitination along the domain sequence for
2 examples of ubiquitination hotspots. The average number of ubiquitinations observed
per rolling window is plotted in a solid black line (observed). The background level of
expected ubiquitination calculated from random sampling is shown in gray line, with standard
deviations as gray band. The yellow line represents the negative logarithm of p-value at
each position (right y axis). A horizontal red line indicates a cut-off of the Bonferroni
corrected p-value of 0.05. Positions with a -log(p-value) above this cut-off and average
ubisites per window higher than 2 are considered putative regulatory regions and highlighted
under a vertical yellow bar. In the structural representations the predicted hotspot regions are
highlighted in yellow.
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lysine often modified in this hotspot is very close in sequence and space to glycines that are
involved in the binding of Ca2+. The adjacent location can suggest a possible controlling
mechanism of binding.

Based on the phosphorylation analysis, I expect that the ubisite hotspot regions I have
identified should be highly enriched in functionally important regulatory regions. These
regions are provided in Appendix B.
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4.2.2 Mutation hotspots

In addition to the ubisite hotspots I next used mutational data from cancer samples to
predict additional regulatory regions in the same domain families. Mutation data from
the TCGA pan-cancer atlas dataset included 1,820,460 missense variants from 33 human
tumour types (presented in Figure 4.4.A). I analysed 141 domains, from which 77 also
had phosphorylation data assigned. Additionally I added mutations from ClinVar database
(Landrum et al. [158]) and Uniprot annotations of mutations causing changes in protein
function. This simple approach does not take into account that different samples have
different background mutation rates, and tumors differ substantially with regard to the
number of accumulated mutations. As above, I used the same analysis approach to find
regions in domain families that have a higher than randomly expected number of missense
mutations. In structural analysis, similarly to phosphorylation hotspots, mutation hotspots
show enrichment over random in every examined feature (Figure 4.4.B). Compared to other
protein regions, recurrent mutations within the same domain region are more likely to occur
in accessible regions but also at interfaces or near catalytic residues. These observations
suggest that recurrent mutations in specific domain positions are more likely to have functions
other that distabilizing the mutated protein.

Using recurrent mutations within protein and domain families have already been previ-
ously shown to identify functionally important regions (Kamburov et al. [133]), I provide
here an illustration of two examples of well described mutations contained within mutational
hotspots (Figure 4.5). I focus further below on the intersection between the different types of
hotspot regions.

The Src Homology 2 (SH2) domain is contained in many intracellular signal-transducing
proteins, however its name originates from its existence in Src oncoprotein. SH2 domains
are about 100 amino acids long, and associate almost invariably with phosphorylated ty-
rosine residues. Because of this typical association they play an important role in protein
tyrosine kinase (PTK) pathways. They are usually found in adaptor proteins that aid in
the signal transduction of receptor tyrosine kinase pathways as well as adaptor domains
within tyrosine kinase proteins. Genome wide studies of SH2 domains have revealed many
missense mutations that can be connected to human diseases, like Noonan syndrome, diabetes
and different types of cancer (Calpe et al. [33], Friedman [86], Kurosaki [154], Shepherd
et al. [258], Mattsson et al. [186]). Mutations affecting SH2 domains can be divided into
those affecting important functions and into those affecting the structure (Lappalainen et al.
[161]). Those affecting functionally important amino acids are involved in ligand binding or
interactions with other domains. Some mutations can alter the electrostatic surface potential
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Fig. 4.4 A.) List of missense mutation data coming from TCGA atlas, across 33 cancer types.
B.) Enrichment over random of structural features comparing mutation hotspots with other
residues within the same domains. The tested features include water accessibility - residues
with>20% RSA; protein disorder as predicted by DISOPRED; catalytic residues; residues
at an interface based on 3DID; residues within 5 amino-acid distance to a catalytic residue;
residues within 5 angstroms of a catalytic residue. For each feature I report the -log(p-value).

of the protein, especially at the pocket that binds the phosphotyrosine (Figure 4.5, top panel).
Although mutations within the entire SH2 domain have been reported (Lappalainen et al.
[161]), the hotspot analysis identified recurrent mutations in the binding pocket (Figure 4.5,
top panel).

Tyrosine kinases are a subfamily of protein kinases, that can distinguish between Serine
and Threonine and phosphorylate only Tyrosine. Similarly to Ser and Thr kinases, Tyr
kinases are often activated by phosphorylation at the active loop to change conformation
and bind substrates (Hubbard and Miller [114]). I identified several mutation hotspots in
this domain family (Figure 4.5, bottom panel), one of which coinciding with the activation
loop regions (red stripe near the 170 position). It is well recognised that mutations in this
region can cause particular kinases to remain constitutively active (Casado et al. [35], Yao
et al. [314], Yadav et al. [306]). This constant activity has been linked to several cancers, and
drugs that inhibit the catalytic cleft of activated kinases (e.g Imatinib, (Weisberg et al. [299])
have been proven to be effective in treatment.
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Fig. 4.5 Enrichment over random of missense mutations along the domain sequence for two
examples of mutation hotspots. The red line represents the negative logarithm of p-value at
each position (y axis). A horizontal red line indicates a cut-off of the Bonferroni corrected
p-value of 0.05. Positions with a -log(p-value) above this cut-off and average mutations per
window higher than 2 are considered putative regulatory regions and highlighted under a
vertical red bar. In the structural representations the predicted hotspot regions are highlighted
in red.
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Fig. 4.6 Venn diagram showing the distribution of the domains and hotspots. From 344
domains that were available to analyse for phosphorylation, 144 have been analysed for
ubiquitination or missense mutations. Each number is followed by the number of hotspots
that were found in each subset along the PDB structure. 68 domains had enough of each data
to be analysed for all three kinds of PTMs, however only 9 had hotspots of the 3 types.

4.2.3 Analysing the overlap between phospho, ubi and mutation hotspots

The overlap of the three analysed sets has been constructed by mapping all 3 modifications
to the same PDB structure positions. Naturally the common subset involves less domains
(Figure 4.6), with 9 domain families having identified hotspot regions of the 3 types. In
addition to these 9 cases, some domain families contain hotspots of two different types which
may provide novel insight into how the functional regulation of these domains. Additional
informative annotations from Clinvar have been added to the domains as well, which just per
se is helpful in discovering new dependencies.

In the following sections I present some examples of domains having different types of
hotspots from this analysis. I briefly describe here the plots that summarize the findings.
Similarly to the hotspots plots showed so far, the x-axis represents the alignment positions for
the common pdb structure representing the domain. The negative logarithm of the p-value
for each modification is plotted on the y axis - blue line for phosphorylation, yellow for
ubiquitination and red for mutations. Foreground and background (previously represented
by black and gray lines) for each of the modifications are not shown. This simplification
allowed to represent all modifications in the same plot, and highlighted the most important
characteristics of each domain. Hotspots are indicated with corresponding colors as vertical
rectangles. This is different color scheme than in Chapter 3 - previously, the phosphorylation
hotspots were indicated by yellow rectangles, now they are blue (same as the p-value line).
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Ubiquitination hotspot regions are in yellow, and mutation plots in red. In cases of overlapping
hotspots, the combination of colors has been implied. Overlap of phospho- and ubi- hotspot is
green and phospho- and mutation- hotspot purple. Each of these combinations is additionally
explained in the figure description for clarity. The thresholds for p-values are represented
with dashed lines in corresponding colors. The round red dots are PhosphositePlus annotated
human regulatory phosphorylation sites. A set of functional (regulatory) ubiquitination
sites has not been available. The predicted active (catalytic) sites in protein are marked
with yellow dots. Clinvar mutations are presented with bright green diamonds, and Uniprot
downregulating mutations are green triangles pointing down. Yellow upright triangles are
the upregulating mutations.
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Fig. 4.7 All three (phosphorylation - blue, mutation - red and ubiquitination - yellow) hotspots
illustrated for Pleckstrin and HMG box domain families. Only negative logarithms of p-value
are shown, in corresponding colors. Hotspots are indicated with vertical bars in corresponding
colors. Hotspots are also colored in the structural representations.

4.2.4 Example of domain families with identified ubi and mutation
hotspots

Evidence for the functional relevance of hotspots identified in the Pleckstrin Homology
domain (PH) family are well illustrated by the PH domain of the Akt kinase. Recruitment of
Akt kinase (also known as Protein Kinase B, PKB) from the cytosol to the plasma membrane
requires its binding through the PH domain to the PI(3,4,5)P3 phospholipid in the membrane
(Yang et al. [310]). After further phosphorylation on Threonine and Serine residue within
the kinase domain Akt becomes activated. Ubiquitination of Akt is well correlated with Akt
phosphorylation and activation. The PH domain not only mediates PI(3,4,5)P3 lipid binding,
but also provides a platform for recruiting critical adaptors important for Akt localization and
phosphorylation. Akt undergoes K63-linked ubiquitination at K8 and K14 by TRAF6, which
is critical for Akt membrane recruitment and phosphorylation. Both of these sites occur at
the predicted yellow ubiquitination hotspot (Figure 4.7, top panel). Mutations on the Akt PH
domain were identified in a subset of human cancers. Mutations like E17K display enhanced
ubiquitination and enhanced lipid binding which leads to increased activation of Akt. This
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mutation can be found in range of the first highlighted mutation hotspot (red) as a yellow
triangle pointing up (Figure 4.7, top panel). These observations and the physical proximity in
the structural model of the PH domain suggest that there is a functional relationship between
these two regions. This result also gives further credibility for the functional importance of
the ubi hotspot region found for this domain family.

High mobility group (HMG) box proteins are DNA binding proteins that are abundant
and ubiquitous in the cell. They, along with the histones, fulfill global genomic functions in
establishing active/inactive chromatin domains. The transcription factor Sox6 (containing
HMG box domain) plays an essential role in suppressing genes of slow fiber type-specific
muscles. The exact mechanism of how the activity of Sox6 in a skeletal muscle affects the
fiber phenotype is unknown, but it has been confirmed that Sox6 undergoes polyubiquitination
led degradation (An et al. [7]). This ubiquitination has been located within the ubiquitin
hotspot (Figure 4.7, bottom panel, yellow). The E3 ubiquitin ligase that targets Sox6 is
Trip12, leading to Sox6 proteasomal degradation, which affects the gene expression in muscle
cells. Two more known polyubiquitinations sites are located within the same hotspot: SOX9,
where E6-AP acts as a ubiquitin ligase (Hattori et al. [97]); and SOX10, un unstable protein,
targeted by Fbxw71 (E3 ubiquitin ligase) for degradation (Lv et al. [173]). These three
cases validate the relevance of this ubiquitination hotspot. Unlike for the PH domain, the
mutational hotspot found in these domains is not well characterized but given it structural
proximity to the ubiquitin hotspot I suggest that these cancer mutations may interfere with
the degradation of proteins containing this domain family.
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4.2.5 Example of domain families with identified phosphorylation and
mutation hotspots

The K homology domain (KH) mostly functions as an RNA recognition domain. The domain
can be found in several proteins, where it can exist in multiple copies. However individual
domains can perform functions cooperatively or independently. There are several cases where
multiple domain copies (eg. 4) are controlled through PTMs, which patterns are different
on each of the copies. Due to this fact, analysis based on a single domain can be tricky
and does not reveal the whole signalling landscape. There are few examples showing the
PTMs influence on the structure - a single phosphorylation on the KH domain can change
its conformation (Díaz-Moreno et al. [64]). This phosphorylation is indicated in Figure 4.8,
top panel as a red dot within the blue phosphorylation hotspot around position 40. One
of the Clinvar datapoints (bright green dot within red mutation hotspot in Figure 4.8, top
panel) validates the functional importance of the mutational hotspot regions. It corresponds
to the noted mutation of Isoleucine to Asparagine, which can be observed in Fragile X
syndrome (Zang et al. [317]). This mutation alters protein folding and stability which has
its consequences in changing its localization in Cajal bodies and reducing the association
with cytoplasmic granules, polyribosome, and RNA-binding as well as impairing interactions
with number of proteins. Unlike some of the previous examples, this mutational hotspot does
not further help to define the role of the phosphorylation hotspots.

Another example of a phosphorylation hotspot with functional support can be found
in the DEAD-box RNA helicase (DDX3), containing the DEAD domain. The red dot
within the third blue phosphorylation hotspot ( Figure 4.7, middle panel) represents essential
phosphorylation in human DDX3 (Sekiguchi et al. [251]). This phosphorylation on T323 is
conserved amongst the 36 human DEAD box type RNA helicases, and it contains the Ib motif
which is important for the substrate binding function of the helicase. DDX41 directly binds
to dsDNA and CDNs and associates with the adaptor STING (in viral/ bacterial response).
Mutation of Y364 or T414 to Phenylalanine compromised the ability of the DDX41 to bind
dsDNA, hence the two residues are individually critical for binding. The two mutation
hotspots in this domain highlight two beta strands that occur next to the beta strand that
contains the above described phosphorylation hotspot. I suggest that cancer mutations in this
region are likely to interfere with substrate binding.

The Tyrosine phosphatase family provides a clear example of how cancer mutations
overlap directly with a PTM hotspot indicating both the functional relevance of the hotspot
and the regulatory impact of the cancer mutations. The phosphatase active site is marked
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Fig. 4.8 All three (phosphorylation - blue, mutation - red and ubiquitination - yellow) hotspots
illustrated for K homology domain (KH) and DEAD domain and Tyrosine phosphatase
families. Only negative logarithms of p-value are shown, in corresponding colors. Hotspots
are indicated with vertical bars in blue for phosphorylation and red for mutations. The
overlaps are indicated by purple.
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on the plot with a yellow dot near 175 position in Figure 4.8 (bottom panel). The first
known regulatory site marked with the red dot around the position 10, is also within mutation
and phosphorylation (purple) hotspot. One of the phosphatases containing this domain is
PTPase 1B, which has been shown to undergo phosphorylation by Akt at S50 (first red
dot) (Ravichandran et al. [233]). PTP1B contains well studied motif recognised by Akt,
RXRXXS/T which also shows a high rate of mutations. The proceeding amino acids play
important roles in stabilizing substrates in the catalytic cleft of PTP1B, and mutation hotspot
in that region may indicate a potential impairment mechanism by disturbing phosphatase
activation. Increased PTP1B activity can lead to insulin and leptin resistance, which can
cause type 2 diabetes and many other metabolic and functional disorders (Ma et al. [174]).
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Fig. 4.9 Mapping of all three (phosphorylation - blue, mutation - red and ubiquitination -
yellow) negative logarithms of p-values for RAS and Sugar transporter domains. Overlapping
phosphorylation and ubiquitination hotspots are colored green..

4.2.6 Examples of domains with multiple regulatory and mutational
hotspots

RAS is a small GTPase superfamily which is known to change its conformation depending
on the GTP vs GDP binding, and hence transduce extracellular growth signals (Karnoub
and Weinberg [137]). It is also one of the first proto-oncogenes identified (DeFeo et al.
[60]), and proved to be one of the genes that show most frequent recurrent mutations in
a range of human cancers (Pylayeva-Gupta et al. [230]). As described by Kamburov and
colleagues (Kamburov et al. [133]) the missense hotspots cluster in the same 3D space of the
substrate-binding pocket of the domain. As described in Chapter 3, the main phosphorylation
hotpot (blue, Figure 4.9) around position 60 overlaps primarily with a common binding
interface. This one of the mutational hotspots overlaps with this phosphorylation region
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(purple) validating the importance of the phosphorylation region and the showcasing one
common cancer mutation mechanism for this family.

There are also several known examples of non-degradative ubiquitinations of the Ras
superfamily proteins, for example in proto-oncogenes H-Ras and N-Ras ubiquitination causes
disruption in balance between plasma and endomembrane localization of Ras (Yan et al.
[307]). I found two ubiquitination hotspots in the Ras domain family, the first around position
110, and second around position 125. An example of ubiquitination with known function that
falls within the region of the first hotspot, is described in (Shin et al. [259]). K140 in RAB5A
is found monoubiquitinated and relevant to the protein function (located witin the first, yellow
ubiquitination hotspot, Figure 4.9). Ubiquitination of K140 in RAB5A downregulates the
interaction with downstream effectors. Other detected but not described ubiquitination is
K174 in RAB5C, which is equivalent in sequence to that of K140 in RAB5A, and is not
affected by proteasomal inhibition. These and other examples suggest a general tendency of
regulation by protein ubiquitination in this family.

The Sugar and other transporters domain family includes glucose transporters (GLUTs),
organic anion transporters (OATs) and a few other types of transmembrane proteins. Al-
terations in the expression or functions of these transporters are known to play important
roles in the homeostasis of the organism. Some of the common PTMs have been observed to
influence the transporters like glycosylation, phosphorylation, ubiquitination, methylation,
and acetylation. Phosphorylation influence has been well described in GLUT1, which is
an erythrocyte/brain glucose transporter (Lee et al. [164]). Serine 226 (contained in the
presented blue hotspot in Figure 11, bottom panel) in GLUT1 is a substrate of Protein Kinase
C. The phosphorylation is required for the quick increase in glucose uptake by the cell.
Naturally occuring, pathogenic mutations that cause GLUT1 deficiency syndrome (G1D)
disrupt the PKC recognition phosphomotif, which impairs the phosphorylation and blocks the
glucose uptake (Figure 4.9, bottom panel, thin purple overlap between red and blue hotspot).
A well described ubiquitination example contained within hotspot (yellow) has been found
in OATs family (Xu et al. [305]). Xu and coworkers showed for a few members of the family
that ubiquitination mediates functional regulation of the transporters.

The examples described above provide evidence of the functional relevance of the
PTM and mutational hotspot regions. In several instances the overlap of different types of
hotspots gives further evidence of the functional importance of the regulatory regions or the
mechanisms by which the cancer mutations are acting. I provide the full list of the PTM and
mutational hotspots in supplementary information for future studies.
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4.3 Methods

Ubiquitination data sources and compilation

Ubiquitinated residues data for H. sapiens, M. musculus, A. thaliana, C.elegans, D. melanogaster

and S. cerevisiae comes from PhosphoSitePlus database (Hornbeck et al. [107]) and from
unpublished results from Eric Bennett’s lab (UCSD). For all the species I removed potential
redundancies to avoid assigning the same ubisites to multiple sequences which could cause
false enrichments in proteins rich in isoforms. For H. sapiens, M. musculus and R. norvegicus

retrieved from Phosphositeplus, I removed isoform redundancy by using only the canonical
sets of proteins as defined by Uniprot. For other species I filtered out redundant peptides by
removing identical 11 amino acid peptides centered around reported phosphosite positions.
The total list of ubiquitinations compiled for this study is shown in Figure 4.6.

Mutation data sources and compilation

I used annotated somatic mutation data for 10,155 tumour samples, obtained from the TCGA
pan-cancer atlas dataset downloaded from cBioPortal v1.15.0 on 11/08/2018. The dataset
comprises of 1,820,460 missense variants belonging to 33 tumour types. Clinvar mutations
are presented with bright green diamonds, and uniprot downregulating mutations are green
triangles pointing down. Yellow triangles pointing up are the upregulating mutations. For
my analysis of cancer mutations I used the same approach as used for the analysis of
phosphorylation and ubiquitination to search for domain regions recurrently mutated in
cancer.

Domain mapping, alignment and hotspot predictions

I analysed ubiquitinations and mutations separately, but I describe the same methods for
both. For all of the analysed protein sequences I used PfamScan to predict Pfam domains.
The PfamScan option for predicting catalytic residues was used to retrieve annotations on
these types of residues. For each Pfam domain, all corresponding sequences having at least 1
ubiquitination/mutation site mapped to them were selected and aligned using MAFFT (ver-
sion 7, using the G-INS-i option) (Katoh et al. [139]). In order to identify alignment regions
containing more ubiquitinations/mutations than expected by chance I used a permutation
strategy to generate a null background. I first count the observed ubiquitinations/mutations
for a given region of a Pfam domain using a rolling window with a fixed size of 5 positions. I
chose to use a window instead of individual positions due to the uncertainty in phosphosite
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localization within the ubisites and mutations and potential uncertainty in the alignment.
To generate a null background model in ubiquitination analyses I randomly select lysine
residues within the alignment respecting the total number of ubiquitinated residues. Similarly
in the mutation analyses I sample corresponding to mutations amino acids. Permutations
were repeated 100 times and for each position in the alignment an expected median and
standard deviation of phosphorylation is calculated. The observed values were converted to
z-scores using the permutation information and then to p-values using the survival function
of the normal distribution from scipy (scipy.stats.norm.sf) (Meurer et al. [191]). Only enrich-
ment over random was considered, and the Bonferroni correction was used to account for
multiple testing globally. The Bonferroni threshold for ubiquitination was 2.10e-06 and for
the mutations 8.93e-04. In addition, to avoid the identification of positions with a low effect
size a cut-off of an average of 2 ubiquitinations/mutations per position was used. Finally,
contiguous positions were merged to identify domain regions of interest with added +/-2
positions on either side that were defined as phosphorylation hotspot regions.

Identification of representative structures

For each of the domains that already has been analysed for phosphorylation hotspots I
chose the same PDB structure to represent in ubiquitination set and missense set as for
phosphorylation (144 domains). This allows for the simultaneous comparison of all 3 (or 2)
kinds of hotspots, which are presented in Figure 4.6. The total numbers are not of domains
with PDB structures, but domains with enough data (not necessarily with PDB or a hotspot).
Each set has important features to be discovered, and however the common set of 68 domains
seems to be the most exciting, the domains included are quite well known and well analysed.
For domains that are not repeated in phosphorylation set, I obtained all available 3D structures
from PDB. Then I identified and selected the corresponding Pfam domain regions within
each structure excluding the remainings. The structures were filtered to exclude those with
gaps larger than 1 amino acid and those shorter than 70% of the longest structural model
for a given domain family. Each set of structures representing a domain were structurally
clustered with MaxCluster with single linkage (http://www.sbg.bio.ic.ac.uk/ maxcluster) and
for each domain one structure was selected from the cluster representing the most common
conformation. In order to map the hotspot information to structures, the sequence of the
representative structure of each domain was aligned to the corresponding Pfam domain
sequences using MAFFT. In some instances the structural model did not cover a predicted
hotspot region.
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Annotation of interface, catalytic, regulatory, accessibly and disordered residues

53% of ubiquitination data could be mapped to a domain (82,554 out of 155,301 ubiquitina-
tions). This is a higher percentage than phosphorylations (16%). For the selected structural
models I obtained water accessibility using naccess, disordered prediction with DISOPRED
(Ward et al. [298]) and catalytic residues from Pfam (PfamScan). For interface contact
information I used data from 3DID. (Mosca et al. [200]). For a given Pfam domain in 3DID
I calculated for each residue the number of times this residue is found in contact of another
protein chain (intra-chain contacts were ignored). I considered a position within a Pfam
domain family to be at an interface if it was found forming contacts with other proteins in 10
or more structures. This cut-off was used to obtain a high confidence list of Pfam domain
interface positions, but similar results were observed considering more lenient definitions of
interface positions. I was not able to obtain a set of ubiquitinations that would be known to
have regulatory roles, as I did for phosphosites in Chapter 3.

4.4 Discussion

All plots and structures of remaining proteins are supplied with the supplementary of this
chapter. I was able to analyse and address 455 protein domains, for which 68 could be
assigned with all three: phosphorylation, ubiquitination and cancer mutation data. Each
of the subsets provides valuable resource for future investigation. A couple presented,
known examples (annexin, kinase, phosphatase) provided a method control in the absence
of ubiquitin or mutational functional assignments. The experimental validation of provided
analysis is difficult to perform, since it requires simultaneous examination of multiple
PTMs. Addressing ubiquitination function, without provided ubi code, or degradational/non
degradational information is very challenging. Experiments require well established Mass
Spectrometry protocols, with advanced analysis. However challenging, exploration of
multiple PTMs targeting one protein is necessary for exploring more of the signalling
networks. I identified regions within domain families that are recurrently ubiquitinated and
mutated across different instances of a protein domain family in different proteins and species.
Given that often there are multiple copies of the same domain within each genome, a domain
centric conservation analysis has increased statistical power over studying conservation
across orthologs. Although this analysis covers only a fraction of available phosphorylation,
ubiquitination and mutation data, it allows us to study domains regulation. Supplementary
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materials cover a diverse set of domains and hotspots, and can be used as a resource for
future studies and reference.





Chapter 5

Summary of the projects and future
predictions

The first project I have described in Chapter 2 confirms that kinases display a clear enrichment
for specific linear sequence motifs. However, the majority of the target sites (both in vitro

and in vivo) miss some of the amino acids defined as important determinants in the motif.
The statistics for in vitro and in vivo targets show a substantial promiscuity of kinases that
are able to phosphorylate a number of peptides without the predicted motif. This suggests
that the overall possible motif may be smaller than the average motif, that partial motifs can
be accepted as long as there is no antimotifs within the peptide, or that the missing amino
acids can be substituted with amino acids coming from different parts of the sequence that
are in structural proximity. Using a pipeline based on PDB structures I established that
the occurrence of 3D motifs is not higher than expected from sampling random serines or
threonines, however docking simulations for selected cases show that such interactions are
possible. All of the current kinase target predictions based on kinase specificity motifs use
statistical approaches to define the most frequent amino acids surrounding a phosphosite.
These predictors can be still improved with new interactions data.

In Chapter 3 I presented an extensive and systematic analysis of phosphorylation sites,
that uses the conservation in domains as a feature. In the analysed examples I show well
known, functional phosphosites and suggest new mechanisms in domain families that show a
conserved phospho-function. The overall effectiveness of the method has been additionally
proven with a set of confirmed, functional human phosphosites. All of the predictions and
alignments are available online, and the project has been published (Strumillo et al. [274]).

In the third project, described in Chapter 4, I include the elements from Chapter 3, but
integrating additionally the ubiquitination and cancer missense mutations data. It also maps
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the clinvar and mutations that are known to inhibit or activate proteins obtained from Uniprot
database to the domain structure. The ubiquitination hotspots mapped to structures provide
the same framework for analysis as the phosphorylation project, however the ubiquitination
set is smaller than the phosphorylation data. The joint analysis of the three hotspot types
allows for the further validation of the functional relevance of the PTM hotspot regions and
suggests potential mechanisms of action of the cancer mutations.

The coverage of different PTMs in different species is very uneven, and both phosphory-
lation and ubiquitination analysis would benefit from greater number of data. Many other
PTMs can be analysed in a similar hotspot fashion, however they still lack enough data
across different domains and species. Hotspot analysis only addresses the PTMs conserved
in domains, and not the PTMs amongst domains linkers or unstructured parts of proteins.
Similar statistical analysis could be performed to identify PTM/mutation enrichment in n-
and c-terminal regions for specific domain families or linker regions between specific domain
combinations

The functional assignments of all the PTMs are the essential knowledge that is still
missing, even for the most known PTM which is phosphorylation. As shown in the last two
chapters, functional assignment analysis can be accomplished to some extent with the already
existing data. However in Chapter 3 I was only able to evaluate a fraction of the available data,
because of the domain focused approach. Addressing the functionality of ubiquitinations
presents a set of its own problems. The set of known regulatory ubiquitinations is very
small, and it consists mostly ubiquitinations tagging for degradation. The limitation of data
problem has been highlighted in Chapter 4, where only some of the hotspots could have been
assigned to a known regulatory role. Other challenges include establishing the meaning of
the ubiquitination code. A complete dataset of E3s and its targets, with corresponding DUBs
is highly desirable and could provide a great starting point into the molecular and functional
context of ubiquitination. There are a lot of unanswered questions considering ubiquitin,
and the answers could provide a better understanding of multiple signalling pathways, drug
tolerance and immunity responses.

Future solutions for the field are envisioned with functional readouts for protein inter-
actions, activity, localization, and stability coupled with phosphoproteomics. Especially
interactions specific to phosphorylation sites will provide functional information and explore
more signalling networks. By identifying interacting compounds of a protein, the protein
function can become predictable. Large scale assays of peptide interaction, using phosphory-
lated and unphosphorylated peptides as control, has already proven efficient and successful
in compounds identification (Schulze and Mann [249], Sharma et al. [257]). The functional
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analysis can also be accomplished by mutating the PTM sites and phenotypes measurement
(Nussinov et al. [209]). Another set of methods includes assays enabling affinity purification
coupled with LC-MS to identify phosphorylation specific interactions in different cell types
and perturbations (Lemeer et al. [165], Francavilla et al. [83]). Analysis of data coming from
these experiments can be speed up with the creation of large peptide interaction libraries
(Marx et al. [183]). It is also predicted, that similarly to proteomics, phosphoproteomics will
shift from discovering new phosphosites into remeasurement mode in all model organisms
(Aebersold [1], Mann et al. [178]).

Other approaches that integrate different ‘omics’ with PTMs data are in great need. Phos-
phoproteomics coupled with metabolomics links phosphorylation with metabolic enzymatic
activity (Yugi et al. 2014). Similarly, transcriptomics coupled with phosphoproteomics
could uncover phosphosites on transcription factors; Organelle-resolved phosphoproteomics
(Krahmer et al. [153]) can identify the phosphosites that cause the alteration of localisation
of proteins. Knowing all the associations between phosphosites and the protein stability
could improve the functional predictions. A research exploring how phosphorylations in-
fluence protein stability has not been performed, but can be possible due to TPP - thermal
proteome profiling. All of these research ideas could be extended to ubiquitination and
other PTMs. Studies with the application of the CRISPR/Cas9 system (Bi et al. [22]), that
allow for large-scale knockout studies provide interesting and promising prospect (Cong et al.
[46], Mali et al. [177]). Another scenario for discovering complicated signalling networks is
optogenetics. A kinase can be inhibited with a photocaged lysine. Such lysine only allows
an ATP binding, and hence kinase activation, when exposed to the light, which uncages the
lysine (Gautier et al. [88]). This universal approach can be used to examine many kinases and
does not have the downsides of genetic manipulations. All the aforementioned research ideas
require even better integration of MS technology, greater number of laboratories with the
available advanced equipment, and more research on other organisms than human. Cross talk
between PTMs requires protocols examining time-resolved quantitative changes of PTMs
and protein levels, improved sensitivity and stoichiometry measurements.
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Appendix A

Remaining Phosphorylation hotspots
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Appendix B

Remaining Phosphorylation,
Ubiquitination and Mutation hotspots




























