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ABSTRACT

Phosphorylation is an essential post-translational modification for the regulation of
almost all cellular processes. Several global phosphoproteomics analyses revealed
proteome-wide phosphorylation events and changes in phosphorylation profiles under
different conditions. Beyond phospho-site sequence positions identified by proteomic
approaches, protein structures add another layer of information to assess the biological
relevance of phosphorylation events. In this study, we systematically characterize
phosphorylation sites based on their 3D locations in the protein and establish a location
map for phospho-sites. More than 250,000 phospho-sites have been analyzed of which
8,686 sites match at least one structure and are stratified based on their respective 3D
positions. Core phosphorylation sites possess two distinct groups based on their
dynamicity. Dynamic core phosphorylations are significantly more functional compared
to static ones. Dynamic core and the interface phospho-sites are the most functional
among all 3D phosphorylation groups. Our analysis provides global characterization and
stratification of phosphorylation sites from a structural perspective that can be utilized for
predicting the functional relevance and filtering out false positives in phosphoproteomic

studies.



OZET

Fosforilasyon neredeyse tiim hiicre mekanizmasinda etkili olan kritik bir posttranslasyon
modifikasyondur. Bir¢ok genis ¢apli fosfoproteomik analizi, protein bazindaki
fosforilasyonlar1 ve bu fosforilasyonlarin farkli durumlar altindaki degisimlerini ortaya
cikarmistir. Protein yapisi, protemik tekniklerle bulunan fosforilasyon bdlgelerinin
Otesinde, fosforilasyonlarin biyolojik etkilerinin degerlendirilmesinde ek bir bilgi
katmani sunmaktadir. Bu ¢alismada, sistematik olarak fosforilasyon boélgelerinin protein
tizerindeki 3 boyutlu konumlarina gore karakterize edip, fosforilasyon bolgerin yerlerine
dair bir harita ¢gikardik. 250.000’den fazla fosforilasyon bélgesinin analiz edilmesi sonucu
en az bir protein yapisi bulunan 8686 fosforilasyon elde ettik. Bu elde edilen fosforilasyon
bolgeleri 3 boyutlu konumlarina gore katmanlara ayirdik. Merkez fosforilasyon bolgeleri
dinamik yapilarina gore iki gruba ayrildigini bulundu. Dinamik olan merkez
fosforilasyonlar statik olanlara gore istatistiksel olarak daha islevsel olduklari bulundu.
Dinamik merkez ile arayiiz fosforilasyon bolgelerinin biitiin 3 boyutlu gruplar arasinda
en islevsel fosforilasyon bolgeleri olduklart gozlemlendi. Biitiin fosforilasyon bolgeleri
yapisal olarak karakterize edip katmanlara ayiran analizimiz, fosforilasyon bdlgelerinin
islevsellikle iligkisini bulmakta ve fosfoproteomik analizlerde yanlis pozitiflerin

ayiklanmasinda kullanilabilir.
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Chapter 1

INTRODUCTION

Phosphorylation is a post-translational modification (PTM) that regulates almost all
cellular events critical for life: apoptosis, signal transduction, cell growth, and cell
division(Cohen, 2000). Approximately 75-90% of the proteome is phosphorylated
(Sharma et al., 2014, Ardito et al., 2017). The rapid development of mass spectrometry
(MS)-based large-scale phosphoproteomic approaches with high-resolution data
acquisition and improved computational analysis uncovered phosphorylation sites at a
proteome level and allowed the identification of even low abundant phosphopeptides
(Olsen et al., 2006, Cox and Mann, 2008). Combining phosphoproteomics analyses with
advanced labeling techniques enabled monitoring of phosphorylation dynamics in
cellular activities in a time-dependent manner(Olsen et al., 2006). Most phosphorylation
sites identified through high throughput experiments are publicly available in various
database repositories (Phosphositeplus, dbPAF)(Ullah et al., 2016, Hornbeck et al.,
2015).

As the phospho-site information is largely available for mammalian cells and model
systems, a big challenge is to determine the functional relevance of detected
phosphorylation events. Rudolf et al approached this challenge in the network context
and functionality scores are calculated based on the phosphorylation levels of interactors
in the reconstructed signaling network (Rudolph et al., 2016). Toward this aim, Ochoa et
al. re-analyzed the phosphoproteome data gathered from different human cell types and
tissues by applying strict search criteria. For each quality-controlled phosphopeptide, a
functional score was assigned by using a machine learning algorithm that uses multiple
parameters including protein abundance, evolutionary relevance, regulatory signatures,
and structural properties (i.e., protein length, disorder, accessible surface area (ASA) (Lee
and Richards, 1971, Ochoa et al., 2020).
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Phosphorylation may trigger solvent accessibility and conformational changes in proteins
(Hughes et al., 2001, Birck et al., 1999). Understanding the structural properties of
phosphorylation sites provides valuable insight into their function. Multiple studies
suggest that phosphorylation events have regional preferences and predominant in
intrinsically disordered regions (lakoucheva et al., 2004). During the cell cycle, dynamic
phosphorylation sites are confined to the intrinsically disordered regions in contrast to the
regions with regular secondary structures (Tyanova et al., 2013). Recently there is an
emerging effort for constructing databases that integrate the phosphorylation information
with protein structure (Li et al., 2020, Ramasamy et al., 2020). The structural biology
field progresses at a fast pace where the number of structures deposited in PDB still
increases exponentially. In line with experimental progress, computational methods
predict a set of structures with high accuracy (Senior et al., 2019, Pieper et al., 2014, Yang
et al., 2015, Hopf et al., 2019, AlQuraishi, 2019, Senior et al., 2020). Strumillo et al
mapped ~500K eukaryotic phospho-sites to protein structures and found that highly
conserved phospho-regions are prone to be located in functional parts such as protein’s
interface or catalytic parts (Strumillo et al., 2019). Despite the limited number of studies
mapping the high-throughput phosphoproteomic data with known protein structures and
the structure-derived features (Ochoa et al., 2020, Strumillo et al., 2019), it is challenging
to find structural information of the phosphorylated state of the protein which can be
partially explained by the limitations in experimental techniques, such as crystallization
problems in highly flexible solvent-exposed regions in X-ray crystallography. (Renaud et
al., 2018, Srivastava et al., 2018) Ultimately, these restrictions hinder the detection of

PTMs and lead to a low number of protein structures with PTMs.

In this study, we aim to structurally stratify and characterize phosphorylation events.
Towards this aim, we map the phosphoproteome data retrieved from the dbPAF database
to known protein structures. (Ullah et al., 2016). In total, 8,686 phospho-sites are mapped
to known structures out of 116,258 phospho-sites. We divided the phospho-sites into four
3D phosphorylation groups based on the protein regions they are located in: surface,
intermediate, interface, and core. Our analysis revealed that core phosphorylation sites
are significantly the least functional among all 3D phosphorylation groups whereas
interface ones are the most functional. We called the core phospho-sites, which change

their group label from the core to surface or intermediate in different structures, as
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“dynamic core sites”. We found the dynamic core sites to be significantly more functional
than the static ones. These results suggest that dynamicity is one of the main factors for
assessing functionality. We confirmed these by using an independent dataset where the
interface and dynamic core phosphorylation sites are mostly cell cycle-dependent which
indicates their functional relevance. As expected, the effect of mutated phospho-sites in
protein stability is the lowest in surface sites compared to the core region. Overall, our
study systematically stratifies and characterizes phosphorylation sites based on their

structural information while assessing their functional relevance in phosphoproteome.
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Chapter 2

LITERATURE REVIEW

2.1  Phosphorylation

Proteins are responsible for very diverse functionality in the living cell such as regulatory,
structural, catalytic, and signaling. However, this varied functionality could not be
achieved only by sequence differences and some proteins are non-functional even after
translation. Regulation of protein structure and function is controlled by post-translational
modifications (PTMs) which bind to specific residue via covalent interaction. These
protein modifications regulate protein activity, structure, interactions, and location which
control several biological processes(Conibear, 2020, Jensen, 2006, Prabakaran et al.,
2012). More than 200 PTM have been identified and the most frequently encountered

ones are phosphorylation, acetylation, and methylation(Jensen, 2006).

Protein phosphorylation happens by the addition of a phosphate group to a hydroxyl
group via covalent bonding and this procedure is a reversible modification.
Phosphorylation is the most frequently Phosphoryl group is added to specific residues
which are mostly serine, threonine, and tyrosine (Figure 1)(Ullah et al., 2016). However,
it is known that rarely phosphorylation happens in hydroxyl-proline, moreover,
phosphorylated histidine residue is detected to be an essential key element in cellular
regulatory mechanisms(Fuhs and Hunter, 2017, Reinders and Sickmann, 2005). Tyrosine
phosphorylation is known as key phosphorylation in cell metabolism and is typically the
epidermal growth factor receptor which is known as tyrosine kinase(Ardito et al., 2017).
30% of all cellular proteins have been estimated to be phosphorylated on at least 1
residue(Pinna and Ruzzene, 1996, Cohen, 2000). More than 200,000 distinct

phosphorylation have been detected in human cells(Needham et al., 2019). Kinexun
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website predicts additional 760,000 phosphorylation sites to be phosphorylated(Ardito et
al., 2017). However, 95% of identified phosphorylation sites have no known biological
function which limits current cell signaling knowledge and future therapeutic
developments(Needham et al., 2019). Phosphorylation regulates the functionality of
proteins, such as, by changing their localization, activity, and interactions.
Phosphorylation can change the activity of enzymes and phosphorylation in some
proteins can be stimulatory or inhibitory. Several diseases are caused by dysregulation
of phosphorylation events, for example, almost all cancer types, diabetes, and
Alzheimer’s disease(Needham et al., 2019).

a b
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18,000
200,000 ® Proteins 16,000
14,000
150,000 . 12,000
- 10,000
100,000 . 8,000
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Figure 1. Distribution of phosphorylated residues in dbPAF database.
This figure is adopted from Ullah & Xue, 2016.

The removal of the phosphate group from protein is described as dephosphorylation.
Phosphorylation and dephosphorylation events are mediated via specific enzymes,
kinases, and phosphatases, respectively.

2.1.1 Kinases and Phosphatases
The relationship between kinases and phosphorylation sites defines the network
architecture of cell signaling and determines its flow. Over 538 kinases which are

responsible for serine, threonine, and tyrosine phosphorylation are encoded in the human
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genome(Bhullar et al., 2018). Their role in phosphorylation makes them critical in several
biological activities, such as transcription, translation, and cell signaling. The protein
kinase family is the second-largest enzyme family and the fifth largest in humans. Human
protein kinase families are grouped into two categories: eukaryotic protein kinases (ePKs)
and atypical kinases (aPKs). Kinases without sequence similarity are categorized as
atypical kinases which include lipid kinases(Bhullar et al., 2018). Besides these kinases,
106 kinases lack catalytic domain which is responsible for phosphoryl group addition to
proteins called pseudokinase(Roskoski, 2015). 497 kinases are grouped into ePKs which
is further divided into 9 groups: AGC, CAMK, CK1, CMGC, Other, RGC, STE, TK, and
TKL(Manning et al., 2002). Targets of kinases are extraordinarily unequally distributed;
20% of kinases are associated with 87% of currently annotated substrates which might
indicate biases toward well-studied molecules(Edwards et al., 2011) (Figure 2)(Needham
et al., 2019). Regulatory problems in kinases through mutations primarily transform
kinases to constitutively active forms which cause loss of negative regulators and

ultimately several disorders(Johnson, 2009, Zhang et al., 2009).

2.1.2 Phosphorylation during Cell Cycle

The cell cycle is the cumulation of sequenced events for the production of two daughter
cells. It is controlled by several mechanisms to guarantee correct cell division. The cell
cycle in eukaryotic cells divides into two stages: interphase and mitotic which consist of
mitosis and cytokinesis. These processes are controlled by cell cycle checkpoints which
is a control mechanism to ensure check key elements of the cell cycle. These stages are
regulated by cyclin-dependent kinases and cyclin kinases through cell cycle stages which
are named Gy, S, Gz, and M phases. M phases are further divided into 5 phases which are
prophase, metaphase, anaphase, and telophase(Schafer, 1998). The last phase is the

cytokinesis stage where daughter cells are completely separated(Glotzer, 2005).

Phosphorylation is one of the most prepotent control mechanisms for the cell cycle. The
critical role of phosphorylation throughout the cell cycle can be exemplified by cyclin-
dependent kinases (CDKs). This evolutionarily conserved process controls cell cycle
progression(Suryadinata et al., 2010). For instance, the beginning of cell division is
started by the regulation of mitogenic factors in G1 phase cells to activate CDKs(Pardee,
1989).
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Kinases play a critical role in regulating cell division dynamically, such as prementioned
CDKs, Plks, and Aurora kinases(Lim and Kaldis, 2013, Petronczki et al., 2007,
Kollareddy et al., 2008) (Figure 3).
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Figure 3. Regulation of cell cycle by CDKSs, Aurora, and PLK kinases.
This figure is adopted from Ding & Cui, 2020.

More than 20 CDKs are identified to date. CDK2, CDK4, and CDKG6 are activated by
cyclin proteins during the G1 phase whereas CDK2 in the S phase, and CDK1 is during
G2 and M phases (Lim and Kaldis, 2013). Changes in cyclin abundance during the cell
cycle alter CDK activities, such as Cyclin B activates CDK1 during the M phase. During
progression from G1 to S phase, Cyclin D activates CDK4 and CDKG6 while Cyclin E
activates CDK2. During G2 to M phase, CDK1 is activated by Cyclin B(Nabel, 2002).
Activated CDKs are inactivated by APC (anaphase-promoting complex) during mitotic
exit via degradation of cyclins which interacts with CDKs. CDC20 and CDHL1 control
activity of APC(Petronczki et al., 2007). Changes in cyclin abundance and CDKs
activation during cell phases clearly show that cell cycle progression is strictly controlled
by CDKs.
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Plks (Polo like kinases) have roles in several pathways during cell division(Petronczki et
al., 2007). CDK1 and CDC25 are activated by PLK1 via phosphorylation. Additionally,
PLK1 phosphorylates WEE1 which causes inhibition and ultimately degradation of
MYTL1. These steps promote mitotic entry. Key processes for cell division like
centrosome duplication, chromosome separation, and maturation are also regulated by
PLKSs. Moreover, during cytokinesis, PLK1 activates RhoGTPase which is essential for
contractile ring contraction(Petronczki et al., 2007).

Aurora kinases are serine/threonine kinases that are essential for cell division. Members
of Aurora kinases share similar protein structures, and they are highly evolutionary
conserved among species. However, their cellular localization is highly diverse. Aurora
A located in the centrosome and spindle microtubules while it functions in spindle
formation. Aurora B is located in 3 localization in the cell: kinetochores (from prophase
to metaphase), midzone, and midbody while regulating chromosome alignment. Lastly,
Aurora C is located at centrosomes and binds to INCENP for surviving of the
cell(Willems et al., 2018).

2.1.3 Phosphoproteomics

Advancements in MS-based phosphoproteomics enable quantitative, sensitive and, site-
specific measurement of phosphorylation sites on a large scale. These developments make
phosphoproteomics research a primary protein phosphorylation study method(Ficarro et
al., 2002). A study from Olsen et al. combined multiple stable isotopes via modified
amino acids in cell culture (SILAC) to measure the temporal change in phosphorylation
after treatment with epidermal growth factor (EGFR). This study shows the widespread
and dynamic nature of signaling pathways with a large proportion of phosphorylation
sites (884 sites for only EGFR) were regulated within minutes. Large-scale
phosphoproteomics researches have continued to broaden our view of phosphoproteome
by revealing its complexity and huge scale. Kinases and phosphatases often affect a large

portion of phosphoproteome instead of their direct substrates(Bodenmiller et al., 2010).

Ongoing developments for the deeper sampling of proteome make it possible to measure
almost all proteins in a model organism(Mann et al., 2013, Richards et al., 2015).
Phosphoproteomics is predicted to undergo the same transition which allows a shift from

quantitative and categorizing phosphoproteome to completely understanding the nature
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and functional implications. Innovations in MS technologies are steadily increasing the

phosphoproteomics studies.

Phosphoproteomics analyses are performed in the following order: cell lysate is obtained
in the presence of phosphatase inhibitor to block dephosphorylation. Next, cell lysate is
fractioned to purify proteins and by using proteases, proteins are degraded to peptides.
Trypsin is the most commonly used protease which cleaves C termini of lysine or

arginine. Peptides are further fractioned and enriched for a higher detection rate.

To overcome the low abundance of phosphorylation, several phosphorylation enrichment
methods are used which can be divided into peptide-level enrichment and protein level
enrichment(Doll and Burlingame, 2015). lonic interaction-based PTM enrichment
strategies consist of IMAC (immobilized metal affinity chromatography) and TiO2
(titanium dioxide) which are based on binding of metal cation to negatively charged
phosphopeptides(Pinkse et al., 2004, Gruhler et al., 2005). To increase enrichment, new
methodologies are adopted by combining two methods which are termed as sequential
elution from IMAC (SIMAC)(Thingholm et al., 2008). However, this enrichment can
only detect serine and threonine. Tyrosine phosphorylation can be detected by antibody-
based PTM enrichment methods. Protein level enrichment includes gel-eluted liquid
fraction entrapment electrophoresis where proteins are separated based on their molecular
weight, and LC techniques affinity chromatography, size-exclusion chromatography, ion-
exchange chromatography, reverse phase chromatography, and online reversed-phase LC
tandem MS approach(Eliuk et al., 2010, Zhang and Ge, 2011).

Even though improvements in sensitivity and acquisition speed, the dynamic range of
phosphoproteomics remains a challenge for mass spectrometry. The wide dynamicity of
phosphoproteome hinders the usage of popular data-dependent acquisition (DDA) which
full scan all ions (MS1) and fragment top-N ions further (MS2). DDA causes the loss of
several low-abundant peptides which could be phosphorylated. An increase in
instrumental speed enables usage of data-independent acquisition (DIA) which combines
the ease of DDA methods with the robustness of targeted MS technologies(de Graaf et
al., 2015). In DIA methods, the MS cycles through a defined mass/charge section and
acquires all precursors for each segment which reduces the problem of missing values.

DIA would be a useful approach for future studies(Needham et al., 2019).
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Data which is generated by large-scale phosphoproteomics are collected into databases
which become a key resource for several studies. One of the largest and most active
databases is PhosphoSitePlus which contains 233,295 phosphorylation sites that are
annotated with kinase and functional information(Hornbeck et al., 2015). 29 % of these
sites have been identified by more than one mass spectrometry-based study. However,
several issues arise for phosphorylation sites in databases. Firstly, some phosphorylation
sites are detected under extraordinary conditions which are normally not phosphorylated.
Some sites can be hyperphosphorylated due to the inhibition of phosphatases. The last
issue is the accumulation of false positives due to incorrectly localized phosphorylation
sites in large-scale phosphoproteomics studies(Needham et al., 2019). These limitations
advocate for the repository for raw data from MS-based phosphoproteomics studies, like
ProteomeXchange which reanalyze data and re-estimate false localization and false
discovery rates(Vizcaino et al., 2014). The phosphorylation of noncanonical residues

remains under-investigated.

2.2  Protein Structure

Proteins are polymers which are constructed by three-dimensional formation of atoms in
sequenced amino acids. 4 physical interaction decided the 3D structure of proteins: ionic
interactions, hydrogen bonding, Van der Walls forces, and hydrophobic packing. The
protein structure is divided into 4 formations. Primary structure refers to the amino acid
sequence(Sanger, 1952). Secondary structure is highly regular sub-structures on
polypeptide backbone chain. There are two main secondary structures: a-helix and -
sheets which are constructed via hydrogen bonds(Pauling et al., 1951). The tertiary
structure of a protein refers to the three-dimensional structure of a single protein molecule
which is driven by hydrogen bonds, hydrophobic interactions, and disulfate bonds. Lastly,
quaternary structure refers structure which is consists of more than one subunit

(multimer).

Proteins consist of several structural units, such as domains, motifs, and folds. Protein
domains are conserved protein sequence and tertiary structures which can exist, evolve,
and function independently from the remaining protein structure. These regions are stable
and folded independently(Wetlaufer, 1973, Richardson, 1981, Bork, 1991). Motifs refer

to a short segment of 3D structure or sequence found in several proteins. Protein fold is
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general protein architecture such as helix bundle and Rossmann fold(Govindarajan et al.,
1999).

Proteins are not static objects; they dynamically change their conformation states.
Dynamicity and conformational change functionality as biological machineries, such as
myosin. Even though proteins are thought of as relatively stable tertiary structures which
undergo conformational changes, proteins have varying stability and some of them are
intrinsically disordered proteins(lakoucheva et al., 2004). These regions lack stable
tertiary and secondary structures. Therefore, they are highly dynamic and this feature
leads to the development of conformational ensembles to provide a more accurate and
dynamic representation of proteins(Varadi et al., 2015). Molecular dynamics (MD)
provides a routine to the understanding of dynamical information by stimulating protein
motions(Adcock and McCammon, 2006). Discovery of NMR relaxation, fluorescence
spectroscopy, and time-resolved X-ray crystallography yield information about the
conformational flexibility of proteins (Kempf and Loria, 2003, Weiss, 1999, Schotte,
2003).

2.2.1 Biophysical Techniques in Protein Structure Determination

Structural biology techniques emerge with the incorporation of molecular biology
principles, biochemistry, and biophysics to elucidate the molecular structure and their
dynamics. The three-dimensional structure of proteins leads better understanding of
biological laws, disease mechanisms, and ultimately diagnostic and therapeutic agents.
There are 3 main techniques for structural biology: X-ray crystallography (XRC), nuclear
magnetic resonance (NMR), and cryo-electron microscopy (Cryo-EM). All three of them
have different advantages and limitations. All structures obtained by these techniques are
stored in the PDB RCSB database(Rose et al., 2017). Most of the protein structures in the
PDB database are detected by X-ray crystallography (Figure 4).

X-ray crystallography determines the position and composition of atoms in a crystallized
protein by X-ray. The most used method is single-crystal X-ray diffraction where X-ray
beams are sent to crystallized atoms and scattered based on the position of atoms.
Scattered beams land on the detector which produces a diffraction pattern. By rotating the
crystal, the angle and intensity of diffracted beams are measured which creates a three-
dimensional image of electron density. According to electron density, the average
position of atoms, chemical bonds, and various other information is calculated. With high
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purity, homogeneity, and regularity atomic positions can be detected within a few
thousandths of an angstrom. Most of the macromolecule structures are detected by X-ray
diffraction. The procedure divides into four steps. Firstly, a high-quality single crystal of
the protein needs to be obtained. Protein aggregation and nucleation are obtained by
supersaturation of solubilized protein. Qualified crystals should be larger than 50 pm in
all dimensions and have regular size, no cracks, or twins(Newman, 2006). The
crystallization step is the most limiting step for a high-quality structure. The second step
is the diffraction experiment. Crystals are immobilized by highly intense X-ray beams
which produce diffraction patterns and ultimately diffraction data. Crystal is rotated
gradually to obtain diffraction intensity at each point. In the next step, the diffraction
pattern is analyzed, and data is fitted to an electron density map. In the last step, the
protein model is created from an electron density map. XRC may produce high atomic
resolution and does not have any molecular weight restriction(Kuhlbrandt, 2014). It is
also suitable for membrane proteins, soluble proteins, and macromolecules. In high-
quality XRC results, the position and structure of active sites can be detected which is
essential for the understanding of protein binding. However, there are some limitations.
First of all, the sample needs to be crystallized where some proteins cannot be
crystallized. Additionally, large molecules are hard to crystallize, particularly membrane
proteins due to their large size and poor solubilization. Crystallization must allow
appropriate diffraction. Lastly, 3D structure solely represents a static form of the molecule

instead of a dynamic(Wang and Wang, 2017).
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Figure 4. Distribution of protein structure detection techniques in PDB RCSB
database.

Nuclear magnetic resonance (NMR) is the second most utilized method. It bases on nuclei
instead of electrons and it exploits different resonance frequencies of the atomic nucleus.
The movement of the nucleus depends on surrounding atoms where NMR uses this
feature to detect the distance between atoms in other words structural information of the
molecule. For example, each secondary structure reflects a different arrangement of
atoms. Therefore, spacing between atoms varies based on the structural features of
proteins, such as secondary structure, the interaction between nuclei, and the dynamicity
of polypeptides. These nuclear features provide characteristic NMR signals and
interpretation of these signals by computational methods provides three-dimensional
structure. NMR experiment has 4 main steps. Firstly, high purity, high stability, and high
concentration of protein are obtained in an aqueous sample. The usage of stable isotopes
can increase signal intensity and resolution. Next, a multidimensional NMR experiment
is used for data acquisition. Acquired spectral data is processed to ascertain the atoms of
the proteins for each spectral peak from different NMR spectra. Lastly, structural analysis
is performed to calculate the spatial structure by geometric and dynamic methods
(Bothwell and Griffin, 2011). The most important advantage of the NMR method is that
it allows the detection of 3D structure in the natural state from solution. This feature
allows the acquisition of information about dynamics and intermolecular interactions.

The resolution can be low, such as sub-nanometer. The biggest disadvantage is large
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molecules are hard to interpret which limits the application of NMR analysis in large
biomolecules. Moreover, NMR needs large amounts of pure samples for a low noise ratio
which is challenging for low abundance proteins(Rankin et al., 2014).

Cryo-electron microscopy (Cryo-EM) technique includes 3 different methods: single
particle analysis, electron tomography, and electron crystallography. Electron scattering
is the underlying mechanism of Cryo-EM. Samples need to be prepared through
cryopreservation for analysis and coherent electrons are used as a light source for
detection. The electron beams pass through the sample and the lens system converts
scattered signal to the magnified image which is recorded on the detector. After signal
processing, a 3D structure is obtained. Negative staining EM can be exploited to screen
homogeneous samples rapidly to pick particles. The Cryo-EM single particle analysis
starts with sample vitrification where protein solution is instantly cooled to not crystallize
water molecules. By this step, an amorphous solid is obtained. The frozen sample is
screened, and data is collected. A series of two-dimensional images are taken. Based on
these 2D images, particle alignment and classification are carried out. Lastly, data is
processed by reconstruction software to generate a 3D structure(Carroni and Saibil,
2016). The rapid freeze step allows the sample to be closer to its native state. A small
amount of sample is enough and allows flexibility in sample purity. Lastly, proteins do
not have to be crystallized. However, this technique detects particles in unknown
orientations. High levels of noise are another problem that limits the detection of
orientations of small particles. These restrictions decrease the usage of Cryo-EM and it
stays as a method for detection of large complexes with low-resolution (Wang and Wang,
2017).

2.2.2 Protein Structure Prediction

Since the number of protein structure is lower than the number of proteins itself, the
prediction of 3D structure from amino acid sequence has been utilized. Even though the
accuracy of the predictions remains modest, advancements in computing power and
databases increase the accuracy rapidly. The development of accurate protein structure
prediction is going to revolutionize engineer novel proteins. To observe the development
of protein structure prediction, Critical Assessment of protein Structure Prediction
(CASP) taking place every two years since 1994(Moult et al., 1995).
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New machine learning algorithms are used to predict structurally interacting residues
from sequence information by analyzing patterns of correlated mutations(Jones et al.,
2015). Improvement of proteins' energy functions allowed approximate structure
prediction and close the gap between experimentally determined structures(Huang et al.,
2017). The rapid increase in CPU-based and GPU-based computational power enables
the adaptation of new algorithms with high iterations. Moreover, deep-learning
algorithms are employed which enhance development speed and accuracy drastically.
Finally, AlphaFold predicted new protein structures with high accuracy which is

compatible with experimental structures(Senior et al., 2020).

Predictions divide into two categories template-based modeling and template-free
modeling. Template-based uses mutations, insertions, and deletions present in target-
template alignment to decipher changes in protein structure, ultimately protein structure.
Template-free modeling consists of 5 steps. The first step is the construction of multiple-
sequence alignment to find correlated patterns of sequences. Secondly, local structures
are predicted, such as psi, phi, and secondary structure. Local structures are assembled
for model building, multiple sequence alignment is used to predict residue pairs based on
observation of correlated mutations. Local structure and residue contact predictions are
used as a guide for 3D modeling with techniques like distance geometry, gradient-based
optimization, and fragment assembly. Lastly, these predictions lack representation of
coarse-grained energy function. To increase the determination of structure as a near-
native structure, these models are refined with all-atom energy function, then compared
with each other to find low-energy conformations(Kuhlman and Bradley, 2019).
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Chapter 3

MATERIALS AND METHODS

3.1  Data collection and pre-processing

In this study, we retrieved 244,034 phosphorylation sites of human proteins from dbPAF
databases (version 1.0) (Ullah et al., 2016). However, due to lack of elaborative quality-
control for phosphorylation sites in databases (Needham et al., 2019), we additionally
used a dataset published by Ochoa et al. (Ochoa et al., 2020) where a list of 307 human
datasets was reanalyzed and filtered accordingly which contain a total 116,259
phosphorylation site. 1181 residues in Ochoa et al. do not map to canonical protein
sequence therefore they are eliminated from the dataset. For inspection of cell division
specific dataset, we used Karayel et al. (Karayel et al., 2018) which shows the regulation
of phosphorylation throughout cell division stages; interphase, mitosis, and cytokinesis.
Karayel dataset which contains 5410 phosphorylation sites was categorized based on
significant phosphorylation change during cell division as cell cycle dependent and

independent. All data and statistical analyses were performed with Python 3.8.

3.2  Data acquisition and location detection

Cross-referencing from protein identifiers of phosphorylation sites to known protein
structures in PDB were retrieved from Uniprot(UniProt, 2019) database. The structure
resolution and coverage information were also retrieved. To obtain the exact location of
a phosphorylation site in a protein complex with high precision, protein structures with
the best resolution and the highest coverage were selected to be main structure and
obtained from Protein Database (PDB)(Rose et al., 2017) to ascertain the location of
phosphorylation sites. Missing protein structures were included by using
ModBase(Pieper et al., 2014) homology models with higher than 1.1 ModPipe Protein

Quality Score. The relative surface area (RSA) of each phosphorylation site was
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calculated by freeSASA (Mitternacht, 2016) software with -RSA option. Phosphorylation
sites were divided into four categories based on their RSA score: core, interface,
intermediate and surface. If the RSA score of a phosphorylation site is higher than 50 in
the monomer state, they were labelled as surface. If RSA score is less than 50 but higher
than 5, those phosphorylation sites were labelled as intermediate. We checked the RSA
score difference between monomer and complex state for each phospho-site. If a
phospho-site has RSA greater than 5 in monomer state and its RSA is less than 5 in
complex state, it is labeled as interface phospho-site. Therefore, they were excluded from
the surface and intermediate phosphorylation sites. Remaining phosphorylation sites were
labelled as core. Distribution of phosphorylation structure in the database and Ochoa et

al. dataset was tested by using chi-square test.

Each model in NMR structures was extracted as separate structures. NMR structures
cover a smaller part of the protein than X-ray structure and the difference between
structural coverage hinders RSA score calculation and residues are calculated much
closer to the surface due to lack of outer surface of protein (Yu, 1999). Absence of core
location in some models was detected which is caused by protein size limitation of NMR
technique. This limitation led to the identification of core sites as intermediate or surface
in all models. Therefore, core phosphorylation sites without core structure models were

excluded to detect the accurate dynamic change in these sites.

3.3 Multi-structural analysis

To accurately investigate dynamic change, we proceed with structures which have
resolution less than 4 A. We selected protein structures which cover more than 90% of
the main structure with the highest coverage to prevent variation in the relative location
of phosphorylation caused by the protein size difference. Core sites were filtered if there
are less than three RSA scores to obtain more transition for core phosphorylation structure
as well as to increase the accuracy of structure dynamicity. Core phosphorylation sites
that have structures located other than core was categorized as dynamic core

phosphorylation and remaining ones as static.

Secondary structure and disorder prediction scores were calculated from protein
sequences for each core phosphorylation site by using NetSurfP-2.0(Klausen et al., 2019).
Detailed secondary structure information (g8) was utilized to determine the secondary

structure of core phosphorylation sites. Distribution of secondary structures between
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static and dynamic core phosphorylation sites was tested by chi-square test. Significance
of disorder score comparison between static and dynamic core phosphorylation was
evaluated by Welch’s t-test. Phosphositeplus database was used to control which

phosphorylation site had been reviewed.

3.4 Analysis of 3D phosphorylation groups

We retrieved experimental B-factors from iGNM database (Li et al., 2016) which contains
data in PDB in addition to their predicted values. Since B-factor values vary with each
structure, we compared the relative B-factor value of phosphorylation sites acquired by
following (B-factor/mean (total B-factor in a structure)). B-factors with higher than 3 and
less than -3 Z-score were eliminated as outliers. Log2 values were taken for each B-factor
to transform their log distribution to Gaussian distribution. Functional scores for
phosphorylation sites were obtained from Ochoa et al. (Ochoa et al., 2020).0.5 functional
score is determined as functionality cut-off. Both scores were tested using ANOVA and

Tukey's honest significance test was applied, afterwards.

Main cellular location of proteins with phosphorylation sites was obtained from Human
Protein Atlas (Uhlen et al., 2015). Top 10 sites for each type of phosphorylation sites
were chosen for comparison. Chi-square test was used as hypothesis testing for

occurrence in specific locations.

A score was defined to represent the relative serine, threonine, and tyrosine distribution

of phosphorylation sites in different groups.

. count; j
relative;j = ——
j

where i is the residue type and j is the region (core, interface, surface
or intermediate).

score; ; = relative; ; — u; where p is the average value of relative scores of each residue

in all regions. A negative score means the depletion of residue i in region j.

Effect of mutations in phosphorylation regions was retrieved by using the EVmutation
web server (Hopf et al., 2017). In EVmutation, effects of residue change to other types of
residues in proteins which are available in the server are provided. We selected the
minimum value for obtaining the most damaging mutation. The significance of the
mutation effect was evaluated by ANOVA and Tukey's honest significance test. For non

phospho-sites, we selected the same proteins and structures with phospho-sites whose
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structure and mutational effect is known. For mutational comparison, the same number
of phospho-site was selected for 100 times and their mean value was compared with

phospho-sites.

3.5  Kinase prediction

Kinases were predicted for each phosphorylation site by GPS 5.0(Wang et al., 2020) with
the highest threshold for high reliable predictions. Predicted kinases were further filtered

by scores which were generated by followed calculation:

1 (GPS score — GPS cutoff)2
GPS cutoff

Unique kinases to specific phosphorylation types were selected. Kinases were labelled in
a kinome-tree by using CORAL (Metz et al., 2018).

3.6  Feature Selection

Categorical supervised learning was utilized with 2 classes: functional phosphorylation
sites (>=0.5 functional score) as 1 and non-functional sites (<0.5 functional score) as 0.
For each class, every phosphorylation site was annotated by 23 structure-related
parameters (19 continuous variables and 3 discrete variables). Continuous variables were
filled by fancyimpute package in Python to avoid loss of limited core phosphorylation
sites. StandardScaler function in sklearn package was used to scale all continuous
variables. 2 discrete variables were transformed into dummy variables to feed categorical

parameters as numeric variables to the system.

10% of core phosphorylation sites were separated as a test dataset. The supervised
machine learning model for classification was constructed with different machine
learning methods in scikit-learn package(Pedregosa et al., 2011). Random forest classifier
predicted test datasets with the highest R? score with 10 grid cross-validation which is
integrated as KFold in GridSearchCV function of sci-kit learn, and all analysis was
continued with random forest. Unequal distribution of classification limited prediction of
functional core phosphorylation sites and the problem was overcome by oversampling
the minor group by SMOTE and under-sampling the major group by
RandomUnderSampler function(Blagus and Lusa, 2013). Description of all parameters

are shown in Table 1.
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Feature

Description

RSA change amount

Maximum RSA difference between X-ray structures

X-ray B-factor (All | Average normalized B-factor of all X-ray structures

structures)

P(Hydrogen Bonded | Probability of located in a hydrogen bonded turn structure

Turn)

X-ray B-factor Normalized B-factor of optimum X-ray structure

P(Turn) Probability of located in a turn structure

Disorder Score Probability of being in a disordered region

Core Status Being a dynamic core site

Psi Psi angle of core phospho-site

Y Being a tyrosine residue

P(B-Sheet) Probability of located in a beta sheet structure

P(a-helix) Probability of located in a alpha helix structure

Pkinase Being a Pkinase domain

P(310 — helix) Probability of located in a 310 helix structure

RSA RSA score of optimum X-ray structure

Maximum Mutation | Maximum EVmutation score (least damaging) from residue

Score substitution

P(Bend) Probability of located in a bend (non-hydrogend-bond based
secondary structure) structure

P(Coil) Probability of located in a coil structure

P(n — helix) Probability of located in a pi helix structure

P(General state Coil)

Probability of located in a coil grouped structure

Minimum Mutation | Maximum EVmutation score (most damaging) from residue
Score substitution

Phi Phi angle of core phospho-site

T Being a threonine residue

HSP90 Being a HSP90 domain

Actin Being a Actin domain

HSP70 Being a HSP70domain

Carb_anhydrase

Being a anhydrase domain

Table 1. Description of all parameters with detailed explanation in table format.

3.7 Visualization

Protein structures were visualized by VMD (Humphrey et al., 1996) Chain that contains

the phosphorylation site was chosen to show the monomer location of the phosphorylation

site. Proteins with phosphorylation sites were visualized with Gaussian surface and

secondary structure visualization techniques. Secondary structure was colourized with

temperature factors. Phosphorylation site was visualized according to Van der Waals.
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Chapter 4

RESULTS

4.1  Structural stratification of human phosphorylation sites reveals their

signature properties

We used 244,034 phospho-sites in dbPAF and 116,259 phospho-sites in Ochoa dataset
where 89,318 of them overlap between two datasets. Despite the high overlap, Ochoa
dataset is quality controlled that filters out potential false positives where PSM level FDR
was set to 1% and phospho site localization probabilities below 75% were filtered out
indicating high confidence localizations (Ochoa et al., 2020).

We divided the phospho-sites in doPAF and Ochoa dataset into four 3D phosphorylation
groups based on the region they are located obtained by the calculation of their relative
solvent accessibility: surface (highly accessible), intermediate (partially accessible), core
(buried) and interface (binding site) regions. Our structural data contains 28,301 phospho-
sites (4989 proteins) in dbPAF database and 8686 phospho-sites (1020 proteins) in Ochoa
et al., dataset that map at least to one known protein structure, 5624 phospho-sites are
common in both datasets. Since Ochoa et al. applies quality control filters to minimize
the noise caused by the false positive phosphopeptides and false phospho-site
localization, we performed the rest of the analysis using Ochoa et al. dataset. For proteins
having at least one phospho-site we additionally collected their different structural
conformations either in multiple X-ray data or in different models in NMR data, if
available. The core phosphorylation sites are separately labelled as ‘dynamic’ if they

change their location in different structural conformations, otherwise as ‘static’ (Figure
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Figure 5. Flowchart of structural stratification of phosphorylation sites

Detection of 3D phosphorylation groups (Surface, Intermediate, Core and Interface)
based on residue relative solvent accessibility (RSA) and downstream subgrouping (static

core and dynamic

core) are presented as a flowchart. The number of identified
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phosphorylation sites from dbPAF/Ochoa et al., datasets are indicated for each group with
known (PDB) and predicted (Modbase) structural information.

We triaged to phospho-sites to examine how the different phospho-residue types
classified in 3D groups (Figure 6). We observed that tyrosine residues are more frequent

in dynamic core regions than in static ones albeit this is not statistically significant.

dbPAF database/Ochoa et al. Dataset
244,036/116,258
phosphorylation sites
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Figure 6. Residue distribution of 3D phosphorylation groups (Surface, Intermediate,
Core and Interface) and downstream subgrouping (static core and dynamic core)
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The numbers of residues are presented with doPAF/Ochoa et al. order.

Interestingly, 91% of core sites did not pass quality control criteria of Ochoa et al.
whereas, 72% of surface sites were able to pass the quality control (Ochoa et al., 2020)
(Figure 7A&T7B).
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Figure 7. Phosphorylation 3D structure distribution of all detected sites (A) and
phosphorylation 3D structure percentage of overlapped sites (B)

Distribution for Ochoa et al. and dbPAF database with separation of model PDB and PDB
datasets are shown (A). Overlapped sites of dbPAF database with Ochoa et al. (B)

This difference is statistically significant based on the chi-square test (Chi square test | p-
value<8.E-94). A phospho-site, that is located in the core region and labelled as static, is
possibly inaccessible for kinase recognition. To check if these sites are potentially non-
functional or biased to be located in proteins very large in size, we examined the length
of the corresponding protein. We did not detect any significant bias about core phospho-
sites to be located in large proteins. On the other hand, interface phospho-sites are located
in relatively small-sized proteins (p-value<0.05, ANOVA and Tukey HSD, Figure 8)
which is expected because the signaling pathways are composed of transient interactions

which have relatively smaller interface size compared to permanent interactions (Perkins
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et al., 2010). Additionally, the matching proteins are enriched in signaling pathways,
namely MAPK signaling cascade, WNT signaling and NOTCH signaling pathways
(Figure 9).
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Figure 8. The protein length comparison of phosphorylation 3D structure groups

Amino acid lengths of the proteins which contains 3D phosphorylation groups are shown

in log2 format.
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Figure 9. Reactome enrichment analysis of interface sites
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Enrichment score represents -log10(p.value) and top 10 term with highest enrichment

score is selected.

Stratification of phosphorylation sites based on their structural location provides us with
a good quality dataset to further investigate distinct features of each 3D category. For this
purpose, we examined the flexibility and mobility of the sites in each category by
comparing their temperature factor (B-factor) distributions. B-factor represents the
average of small motions of atoms within each protein. Higher B-factor implicitly
indicates more flexible residues where B-factors greater than 50 indicate the atoms that
are hard to detect during crystallization. The smaller B-factors values represent more rigid
atoms. therefore, B-factor can be used for assessing the small motions of the residues.
Since the scale of B-factor values is different across the protein structures, we calculated
relative B-factor values within each protein structure to enable a fair comparison between
multiple structures (Figure 10). We observed that phospho-sites located in the surface
region are significantly the more mobile, as expected (ANOVA and Tukey HSD | p-
value=0.001). On the other hand, core and interface phosphorylation sites are in more
rigid regions. In general, core and interface region characteristics are more similar to each
other compared to the surface region. Therefore, relative B-factor values of
phosphorylation sites are significantly differential based on their structural location.
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Figure 10. The distribution of temperature factors (B-factor) for each
phosphorylation types

B-factor of each phosphorylation sites are normalized against average B-factor in each
protein and presented in log2 scale (ANOVA and Tukey HSD | * <0.05, **<0.01, ***<
0.001) (# of core: 472, interface:152, intermediate:2745, surface:2055).

The functionality of each phospho-site in Ochoa dataset (Ochoa et al., 2020) has been
predicted with a learning-based model which incorporates fifty-nine features from four
main categories: proteomic such as protein abundance; structural information such as
solvent accessibility; evolution such as residue conservation, and regulatory information

such as distinct motif features. We used their functionality score to assess the functional
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relevance of the phospho-site in each 3D category and their statistical difference. A
phospho-site having a functional score greater than 0.5 is counted as highly functional
and some of them were experimentally validated (Ochoa et al., 2020). We analyzed the

positional preference of highly functional phosphorylation sites (Figure 11).
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Figure 11. Functional scores from Ochoa et al. for each phosphorylation groups

ANOVA and Tukey HSD | * <0.05, **< 0.01, ***< 0.001 (# of core: 699, interface:225,
intermediate:4223, surface:3539).

Interface phosphorylation sites are significantly more functional than other
phosphorylation types (ANOVA and Tukey HSD | p-value=0.001). Whereas core
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phosphorylation sites have significantly lower functionality (ANOVA and Tukey HSD |
p-value=0.001) (Interface odds ratio: 1.428, core odds ratio 0.896) (Table 2).

Odds Ratio
Interface Core Intermediate Surface
1.428 0.796 0.998 1.026

Table 2. Enrichment of functional sites for each 3D structural group with odds ratio.

To test whether different 3D phosphorylation types have the differential function at
different cellular compartments, we investigated their cellular location by using Human
Protein Atlas (Uhlen et al., 2015). Enriched subcellular compartments are presented with

their respective percentages (Figure 12).
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Figure 12. Comparison of cellular compartmentalization of proteins from each 3D
phosphorylation groups with their respective frequencies

Significantly enriched places are illustrated with * (Chi square test | p-value<1.E-13).

Core phosphorylation sites are significantly enriched in microtubules (Chi square test | p-
value<1.E-13) and interface sites are significantly enriched in the nucleoplasm in
comparison to other 3D phosphorylation groups (Chi square test | p-value<6.8.E-28).
Next, we calculated a score that represents how a residue type is frequently present or
depleted in a specific region. More negative values imply the depletion of that residue in
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the region and the more positive values imply more tendency to be located in that region
(Figure 13).
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Figure 13. Amino acid type tendency of phosphorylation residues from each group

(Chi square test | p-value<6.E-31).

All three-types of phospho-sites, tyrosine, serine, and threonine are distributed across
different regions in the protein structure. However, some residue types tend to be located
in specific regions. For example, tyrosine residues are rare in general and regulate
multiple signalling pathways (Ardito et al., 2017). We found that tyrosine
phosphorylation is significantly more frequent in the interface. Serine has the highest
frequency in the phosphoproteome (Nishi et al., 2014, Schwartz and Murray, 2011) and
these sites are notably enriched in the surface. Threonine phosphorylation is more likely

to be in the core region (Chi square test | p-value<6.E-31).

Next, we compared the impact of mutations on those phosphorylation types by using
EVmutation (Hopf et al., 2017) which is a statistical method that predicts the damaging
effect of mutations. EVmutation relies on an unsupervised approach to predict the effect

of mutations in a protein. In the prediction, it considers position dependencies of residues
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and calculates the epistatic score representing the total statistical energy difference of
mutated and wild type protein sequences. The more negative score represents the more
damaging mutation. Dincer et al. (Dincer et al., 2019) have previously shown that the
mutations in the interface and core regions have more damaging impact than the surface.
In line with that, the same applies to phospho-sites as well. EVmutation scoring reveal
that core and interface phosphorylation have significantly more damaging mutations
based on the lowest EV mutation scores (ANOVA and Tukey HSD | p-value=0.001)
(Figure 14).
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Figure 14. Distribution of minimum mutation score (EVscore) across 3D
phosphorylation groups

ANOVA and Tukey HSD | * <0.05, **< 0.01, ***<0.001.
Mutation in core residues of a protein may cause protein instabilities and structural

changes stochastically which make them more damaging than other residues. We detect
an increase in mutational effect while phosphorylation site accessibility decreases. To
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further examine mutational effect differences, we compare phospho-sites with non
phospho-sites in similar structural regions. We observed that phospho-sites in interface
and core sites are more damaging than non phospho-sites within these regions. Whereas
in surface and intermediate, phospho-sites did not have more damaging effect. Thus, in
core and interface regions any damage in phospho-sites results in less stable proteins than

a damage in non phospho-sites (Figure 15).
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Figure 15. Distribution of minimum mutation score (EVscore) across 3D
phosphorylation groups (orange) and mean 3D nonphospho-sites groups (green)

Distribution of mean 3D non phospho-sites is acquired by the random selection of non
phospho-sites 100 times (Welch’s t-test | * < 0.05, ¥**<0.01, ***<0.001).

As a result, we found that phosphorylation sites have different characteristics when
structural information is considered. In general, high-throughput phosphoproteomic
datasets provide information about which residues are phosphorylated. By integrating
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protein structure information, we are able to investigate how these residues are organized

and their regional and functional impact.

4.2  Core phosphorylation sites possess two distinct groups based on their

dynamicity

Core regions of proteins are highly packed and rigid. Having a mutation in the core region
is less frequent however when this occurs it has a dramatic impact on protein stability.
The same rules are also valid for phospho-sites in the core region. Additionally, core
phosphorylation sites are found to be less functional. When we consider protein structure-
motion-function paradigm, we further analyzed the core phospho-sites in terms of
possible dynamic changes to comment about their functionalities. Based on the
hypothesis that core sites can only be phosphorylated after a conformational change, we
searched for NMR models and multiple X-ray structures of each protein having at least
one core phospho-site. In Figure 16, we compared the RSA values of 32 core
phosphorylation sites that were detected in NMR models. Among those, 7 of them that
map to a very small portion of the whole protein were filtered out. Out of 25
phosphorylation sites, 11 core phosphorylation sites alter their location in at least one
model which were labelled as dynamic core sites.
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Figure 16. Classification of core sites as dynamic or static based on their NMR
models

Phospho-sites are catalogued as dynamic if a residue changes its 3D phosphorylation

group from core to any.

NMR results suggest that a certain portion of core phosphorylation sites display
dynamicity which probably allows them to be accessed by kinases and phosphatases.
However, the limited number of NMR structures in PDB restricts a more comprehensive
dynamicity analysis. An additional layer of information is present as different
conformations of a protein in multiple X-ray crystallography data. We next used proteins
having at least three different conformations in PDB and checked if the corresponding
core phospho-site changes its status from core to intermediate or surface across the
conformations. In total 321 phosphorylation sites were obtained, 149 of which were

dynamic as evident by their maximum RSA score change (Figure 17).
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Figure 17. Classification of core sites as dynamic or static based on their multiple X-

ray structures

Maximum RSA score differences are plotted for dynamic core (red) and static core (blue)

phosphorylation sites.

Based on this analysis, we found out that the static and dynamic core phosphorylation

sites are significantly different in terms of their RSA in the optimal structure (Figure 18).

Core phosphorylation sites which have higher RSA score are significantly more prone to

be dynamic (Welch’s t-test | p-value<3.32.E-16).
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Figure 18. Comparison of RSA scores between static (purple) and dynamic
(yellow) core sites in selected optimal structures

Optimal structures are detected as having the best coverage and resolution (Welch’s t-test
| p-value<3.32.E-16).

To test mobility differences between two core groups, we used normalized B-factor.
However, due to multiple X-ray structures for the same protein, we continued with the

average value of normalized B-factor of all structures (Figure 19).
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Figure 19. Comparison of average normalized B-factors from different X-ray
structures for each phosphorylation sites between dynamic and static groups

(Welch’s t-test | p-value<3.6.E-07)

Comparison of mean B-factor shows that dynamic cores have significantly higher atomic
mobility (Welch’s t-test | p-value<3.6.E-07). We tested whether the increase in B-factor
is a natural consequence of RSA score rise, however, there is no correlation between B-

factor and RSA score (Figure 20).
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Figure 20. The Pearson correlation between RSA score and normalized B-factor

The physicochemical properties of the adjacent region around phospho-sites are similar
to the intrinsically disordered regions in proteins (lakoucheva et al., 2004). Therefore, we
used NetSurfP-2.0 web tool to predict the disorder probability of each phospho-site
(Klausen et al., 2019). NetSurfP uses a deep learning model trained on the structural
features and sequence profiles to predict multiple structural properties including the
disorder probability of each residue. Disorder score gives probability of the residue to be
in an ordered region where 0 means high probability to be in ordered regions whereas 1
means disordered region. Even though the phospho-sites in both core groups have low
probability of having disorder profile, dynamic core dataset have significantly more
phospho-sites with high probability of disorder (Welch’s t-test | p-value<0.00025)
(Figure 21).
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Figure 21. Comparison of disorder scores in log. scale between dynamic and static
groups

(Welch’s t-test | p-value<0.00025)

We additionally examined the secondary structure tendency of core phosphorylation sites
(Figure 22). Dynamic core sites are enriched in the coil region whereas static core sites
were more located in B-sheets.

Coil B-Sheet 310 — helix a — helix m— helix Bend Tumn

Dynamic Core (%) 24 3 26 4

Static Core (%) 42 2 26 11

Figure 22. Mapping phospho-sites from dynamic and static groups to the
corresponding secondary structures

Bar plot represents the percentage of each secondary structure indicated in the legend.

Finally, we asked whether these structurally well-defined two core phosphorylation
subgroups have any difference in being functional or not, based on the scoring schema by
Ochoa et al. (Ochoa et al., 2020). Importantly, dynamic core sites are significantly more
functional than static cores (ANOVA and Tukey HSD | p-value=0.001). We compared all
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3D phosphorylation types to test whether the difference between the functional score of

core phosphorylation sites is negligible when compared to others (Figure 23).
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Figure 23. Comparison of functional scores across all 3D phosphorylation groups
including static and dynamic core sites

ANOVA and Tukey HSD | * <0.05, **< 0.01, ***< 0.001
Static core phosphorylation sites are significantly less functional than all other types,

whereas dynamic core phosphorylation sites are functional as much as interface sites. In
line with this finding, we observed that dynamic core phosphorylation sites are
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significantly more registered to PhosphoSitePlus (PSP) (Hornbeck et al., 2015) database
than static ones (Figure 24).

Entry in Phosphositeplus Absent in Phosphositeplus

Dynamic Core

Static Core

Figure 24. Percentage of core phosphorylation sites which is entered to
Phosphositeplus database

Dynamic core seems more functional than static. Since PhosphoSitePlus is a curated
database which registers the functional phosphorylation sites with kinase and functional
knowledge, the difference in functional score could be the main reason for the registration
difference in PhosphoSitePlus. Therefore, not all identified phospho-sites are registered
without preliminary control. To determine a certain family of kinases that specifically
phosphorylate dynamic or static core phosphorylations we employed GPS 5.0, a kinase
prediction tool (Wang et al., 2020). However, there was not any specific kinase family

preference other than atypical kinase specificity to dynamic core sites (Figure 25).
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Figure 25. Unique kinases that phosphorylate each core phosphorylation sites in

kinome-tree

Red: Kinases for dynamic core phosphorylation sites, Blue: Kinases for static core sites
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4.3 Dynamic core sites are regulated during cell cycle

Our results revealed that core phosphorylation sites can be divided into two main groups
according to the change in their location from core to intermediate or surface region.
Further analysis shows that dynamic core phosphorylation sites are more functional than

static core sites, and mostly on disordered regions.

The cell cycle is tightly regulated via protein phosphorylation events. Our recent study
(Karayel et al., 2018) identified phosphorylation abundance alteration as cells progress
into interphase, mitosis, and cytokinesis. By using these data, we investigated the 3D
structure of the identified cell cycle regulated phospho-sites to tackle the functional
relevance of 3D phosphorylation groups. Grouping of phosphorylation sites based on
their 3D position revealed that all five detected interface phosphorylation sites are cell
cycle dependent whereas other 3D phosphorylation groups have both cell cycle dependent

and independent sites (Figure 26).
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Figure 26. Percentages of cell cycle dependent (blue) and independent (yellow)
phosphorylation sites in 3D phosphorylation groups

When we focused on core sites with multiple X-ray structures, we observed that cell cycle
dependent core phosphorylation sites are more dynamic (based on the RSA distribution)
than cell cycle independent phosphorylation sites which support our previous findings
(Figure 27).
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Figure 27. Plotting of RSA scores of cell cycle dependent (bottom) and independent
(top) phosphorylation sites from dynamic (blue) and static (orange) groups

We closely examined the phosphopeptide abundance of selected 3D phosphorylation
groups (interface, dynamic, and static core) during interphase, mitosis, and cytokinesis
(Figure 28). Abundance profiles suggest that dynamic core and interface
phosphopeptides are more regulated as a cell enters mitosis whereas static core sites stay
steadier which support the functional relevance of dynamic core and interface

phosphorylation during the cell cycle.
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Figure 28. Cell cycle dependent phosphorylation dynamics of interface (orange),
dynamic (blue) and static (green) core groups based on their fold changes during
interphase, mitosis, and cytokinesis

44  Conformational change during phosphorylation is associated with

functionality

We obtained multiple differential features of core phospho-sites in our characterization
analysis. To rank these features according to their importance in their functionality, we
leveraged a learning-based approach. We need to note that the training dataset is
unbalanced, and small which prevented us from constructing a prediction model.
Therefore, we completely focused on features which are essential for functionality. Our
training set consists of positive labels from the functional phospho-sites which has a score

greater than 0.5 according to Ochoa et al. and the rest has the negative labels. We trained
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our model with different supervised learning algorithms so that we can determine the best
model for feature importance. Random forest classifier performed the best among them.
The ranked list of 25 features for functionality prediction is presented in descending order
(Figure 29). Maximum RSA change between X-ray crystallography results is the most
important feature to detect functionality of core sites. Our categorization of dynamic and
static core phosphorylation is the seventh. Our results imply that the more prone to

conformational change are the more functional core phospho-sites.
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Figure 29. Ranking of the features based on their weight in functionality prediction
of core phosphorylation sites

Features are categorized based on their general features; core dynamicity (red), structural
information (purple), secondary structure (green), domain information (blue), residue

(pink), and mutation (brown).

We present an example in Figure 30 to illustrate the structural change in core
phosphorylation sites, where two structures with major and minor location change are
shown. We selected highly functional phosphorylation sites so that we can show the role
of the dynamicity. We colored the secondary structure of proteins according to their B-
factor values. Pyruvate kinase PKM opens its phosphorylation sites to the surface.

Serine/threonine-protein kinase NEK2 undergoes small changes which bring the
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phosphorylation site slightly closer to the surface. 3D structures clearly show that

dynamic core sites undergo structural change and increase their accessibility.

Figure 30. 3D illustration of PKM (Phos-S37) and NEK2 (Phos-S184) in different
conformations

They are visualized by using VMD Software. Proteins are represented in surface.

Phosphorylation sites are in van der Walls representation (red).

Protein phosphorylation often changes the conformation of the proteins. To examine
phosphorylation dependent motion of a protein, we seek such an example having both
phosphorylated and unphosphorylated structure in PDB. Insulin-like growth factor 1
receptor (IGF1R) has structures before and after phosphorylation at Y-1161 position
which is a dynamic core phosphorylation site. Phosphorylated structure has been detected
by electron microscopy whereas not phosphorylated structure from X-ray
crystallography. Y-1161 residue translocated from core to surface in the phosphorylated
form (Figure 31). B-factor increase from 30.85 (normalized 1) to 55.42 (normalized 1.35)
in tyrosine residue after phosphorylation which shows effect of phosphorylation of
mobility. The phosphorylation mechanism needs to be further studied; however, the
comparison of phosphorylated and non-phosphorylated state of IGF1R structures shows
that conformation of the loop where the tyrosine is located changes and opens up in

phosphorylated structure so that Y-1161 moves from core to the surface.



Chapter 4: Results 50

IGF1R
Y-1161
Phosphorylation

Figure 31. 3D illustration of IGF1R (Phos-Y1161) before and after phosphorylation

They are visualized by using VMD Software. Proteins are represented in surface.
Phosphorylation sites are in van der Walls representation (red). Phosphor group is
represented with blue.
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Chapter 5

DISCUSSION

Proteins are dynamic molecules. Besides having multiple conformations, they may be
phosphorylated in a context-dependent manner. Phosphorylation sites are prone to highly
occurring in loop and disordered regions (Durek et al., 2009, lakoucheva et al., 2004),
and protein structures are altered after being phosphorylated (Solan and Lampe, 2009,
Groban et al., 2006). High-throughput proteomic studies led us to know about at which
sequence position a possible phosphorylation event occurs under the selected
physiological condition. However, it does not provide information about at which
conformation of the protein this event can occur. Therefore, there is a necessity to
integrate more data with the proteomic studies to gain a better insight about
phosphorylation events and to potentially filter out false positive hits. Given the structure-
motion-function paradigm, one phospho-site may be located in the core region of the
protein in its one conformation while it may be exposed to the solvent in another
conformation which can form a reaction surface. In this study, we approached this
problem to detect the state-dependency of phosphorylation events by integrating protein
structures with proteomic studies to understand better the functionality of the phospho-

sites and possibly detect the false positives in the set.

Many MS-based techniques such as cross-linking-mass spectrometry (XL-MS), limited
proteolysis (LiP-MS) and hydrogen-deuterium exchange (HDX)-MS proved that MS can
effectively provide information about protein structure (lacobucci et al., 2018, Schopper
etal., 2017, Yan and Maier, 2009) and push the MS’s capacity beyond the determination
of protein abundance. To determine protein functional alterations and regulatory events
protein structural data has been shown to be complementary to protein abundance
(Cappelletti et al., 2020). Similarly, we suggest that the functional relevance of a
phosphorylation site can be determined by combining alteration at the protein structure
and abundance level. In recent years there are remarkable efforts towards integration of



Chapter 5: Discussion 52

protein structure and phosphorylation events (Ramasamy et al., 2020, Ochoa et al., 2020,
Tyanova et al., 2013).

We previously demonstrated that stratification of mutations observed in glioblastoma
multiforme tumours as 3D patches reduces inter-patient heterogeneity and provides
distinct druggable 3D mutation signatures (Dincer et al.,, 2019). Grouping
phosphorylation sites based on their 3D position would provide distinct functional
signatures. To this end, we divided phospho-sites based on their location as core,
intermediate, surface and interface. To minimize the noise caused by the false positive
phospho-sites we used quality-controlled Ochoa et al. dataset. However, we cannot rule
out the noise caused by false phospho-sites or localization information. Interestingly, we
found that passing the quality control stage of the method developed by Ochoa et al. is
very restricted for the core phosphorylation sites. Only 9% of the core phospho-sites in
the intersection of dbPAF and Ochoa dataset are in the high-quality set which implies the
depletion in being functional and the power of solvent accessibility measures in quality
check. However, static core sites in that portion are still as good quality as the rest of the
3D groups when we compared their peptide and localization scores (Figure 32). We note
that the number of known structures is limited. As the data accumulates, we will have a
better understanding in evaluating these static core sites. As known, protein core regions
are highly packed, conserved and rigid compared to the rest, and any mutation coincides
with the core region may have a dramatic impact in the protein stability. The same rules

are also followed by phospho-sites in the core region.
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Figure 32. Distribution of posterior error probability (PEP) score and best
localization score of all 3D phosphorylation groups

Kruskal-Wallis | Dunn’s test | * < 0.05, **<0.01, ***<0.001

Structural stratification of human phosphorylation sites revealed their signature properties
such as their functionality, amino acid type tendency. Interface phospho-sites were the
highly significant type of phosphorylation, probably due to their location in protein
interaction sites. We observed that core phosphorylation sites are less functional and
mobile than other types. However, among those, dynamic core phosphorylation sites are
highly functional like other types of phosphorylation sites. Dynamic core phosphorylation
sites are more accumulated in disordered regions and loops in at least one pose of the
protein where it increases the possibility that dynamic core phosphorylation sites are
highly functional phosphorylation sites. Our previous analysis of cell-cycle dependent
phosphorylation analysis supported the functionality of dynamic core sites in comparison
with static ones (Karayel et al., 2018). Although our dataset is small to draw a definite
conclusion, based on our limited data we observed that the cell cycle dependent core sites
are structurally more dynamic and static core sites stay steadier as a cell progresses into
mitosis (Figure 4). Discovery of two types of core phosphorylation sites might lead
further research for the role of core phosphorylation sites in cellular mechanisms.
Existence of static core phosphorylation sites could lead the creation of extra filtration
steps which reckon with phosphorylation site structure for phosphoproteomic research.
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To have an intuition which feature has the highest weight in describing the functionality
of core phospho-sites, we used a learning-based approach. The difference between RSA
of two conformations of the same protein is ranked as the most important feature that can
guide about the functionality of the core phospho-sites. Because of the unbalanced and
small size of the dataset, it is daunting to construct a prediction model. This type of
learning-based approaches can be better trained and used for functionality prediction if
the training set could be enlarged. This can be achieved by incorporating newly
accumulated structural data in the future or integrating some other data resources such as

the results of available molecular dynamic simulations.

The main limitation of our study is the number of known protein structures and obtaining
multiple conformations. As the number of structures in PDB increases the success of this
method will also improve. Additionally, molecular dynamic simulations of proteins can
be utilized in the future to overcome the limited number of multiple conformations of

proteins.

In conclusion, we demonstrate that stratification of phospho-sites based on their 3D
position provides different groups with distinct features including functional relevance.
A key challenge in the phosphoproteome field is to predict functionality of detected
phosphorylation sites. This task can be tackled by making use of prediction of
phosphorylation behavior by also using their 3D position information through machine

learning methods.
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