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Abstract

Proteomics explores global-scale protein functions, with post-translational modifications
(PTMs) expanding proteome complexity and functionality. Significant advancements in
mass spectrometry (MS)-based quantitative proteomics have expanded the scope of PTM
pathways. Meanwhile, functional proteomics bridges the annotation gap by linking
uncharacterized proteins with biological functions. These two fields facilitate the
exploration of the vast physiological function landscape of proteins and PTMs and aid in

identifying disease-specific protein targets for the early detection and curation of diseases.

This research integrated the MS data analysis from quantitative proteomics and functional
proteomics approaches and develop innovative bioinformatic strategies to interpret the
functional landscape of PTM pathways in three aspects: up-stream enzymatic regulatory
mechanisms that are responsible for adding and removing PTMs, comprehensive inventory
and annotation analysis of PTM targets, and down-stream prediction of functional impacts
of PTMs in protein structural stability and activities. First, to discover the up-stream
enzymatic activities of a critical PTM pathway — ubiquitination, we constructed a
quantitative ubiquitylome analysis algorithm and a stand-alone Python software package
called UbE3-APA which is based on an interaction database for E3 ligase and ubiquitin
sites to analyze the dynamics of ubiquitylome from MS-based quantitative proteomics data.
The algorithm revealed the E3 ligase activity profiles of multiple global ubiquitylome
studies effectively under various genetic and metabolic conditions. The algorithm
developed in this project as well as a similar algorithm we developed in the Kinase Activity
Profiling Analysis (KAPA) may be generally applicable to other PTM enzyme activity
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profiling analyses. Next, to comprehensively catalog an essential and yet under-studied
oxygen-sensing posttranslational modification pathway — proline hydroxylation, we
developed an online database and website platform, HypDB (https://hypdb.site), for
hydroxyproline sites collection and functional annotation, while sharing the knowledge
with the community. In the data collecting section, we evaluated the confidence of site-
localization for identified sites and quantified their stoichiometry with corresponding MS
spectra. And in the annotation section, we integrated multiple functional databases and
developed bioinformatic strategies to study the enrichment of the hydroxyproline proteome
in cellular pathways, structural domains, and tissue distributions at the levels of both the
protein and modification site. All identified sites with annotation results were capsuled into
HypDB websites, where its downloadable hydroxyproline spectra library allowed
systematic data-independent DIA data analysis. Lastly, to understand the potential
functional impacts of PTM in downstream pathways and protein activities, we developed
bioinformatics strategies to identify the functional hydroxyproline proteome by integrated
analysis of quantitative functional proteomics datasets. Our bioinformatic workflow
explored the evolution conservation, protein turnover, and thermal stability profiles of
hydroxyproline proteome in multiple species and different cell lines. Through individual
and integrated analysis, we not only have a deeper understanding of the role of the global
proline hydroxylation on protein structural stability under different conditions but also
revealed significantly regulated hydroxyproline sites and substrate proteins that may serve
as key targets in oxygen and metabolic sensing mechanisms in cellular activities.
Collectively, this series of studies generate applicable models and novel knowledge in

interpreting the functional network influenced by different PTMs.
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Chapter I - Introduction: Post-Translational Modifications
(PTMs), and its Studies with Quantitative Proteomics and

Functional Proteomics Approaches

Yao Gong wrote this chapter



1.1 Introduction of PTMs and Early Development of PTM Identification and

Functional Studies

1.1.1 Introduction to Proteomics and PTMs

Proteomics, a rapidly evolving field in biomedical research, focuses on the comprehensive
study of proteins and their functions in biological systems. Recent discoveries have
revealed that the complexity of the human proteome far surpasses that of the human
genome. While the human genome was initially thought to contain only 20,000-25,000
protein-coding genes, estimates suggest that the total number of proteins in the human
proteome is about 2 million'. This significant contrast highlights the fact that a single gene

has the capacity to generate numerous distinct proteins.

At the transcriptome level, cells employ various mechanisms, such as genomic
recombination, alternative transcription initiation, differential transcription termination,
and alternative splicing, to generate diverse mRNA transcripts from a single gene.? These
processes contribute to the increase in complexity and diversity from the transcriptome to
the proteome. However, the full extent of protein diversity goes beyond transcript-level
variations. It is further enhanced by a phenomenon known as protein post-translational

modifications (PTMs).

PTMs refer to the covalent modifications that occur on proteins after translation. They play
a critical role in expanding the functional repertoire of proteins and regulating their
activities®>. PTMs can occur through various mechanisms, such as the addition of chemical
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groups (e.g., phosphorylation, acetylation, methylation), enzymatic cleavage, or the

)>#*. These modifications can influence

attachment of small molecules (e.g., lipids, sugars
protein localization, stability®, interactions with other molecules®, enzymatic activity, and

signaling pathways, thereby impacting a broad range of cellular processes and contributing

to the development of various disease states’®.

The exploration of PTMs and their functional consequences stands as a prominent focus
within proteomics research. Leveraging the advancements in mass spectrometry, high-
throughput technologies, and bioinformatics tools, PTM proteomics has become
increasingly accessible and capable of globally identifying, quantifying, and characterizing
PTMs in a high-throughput fashion. In biomedical studies, deciphering the proteome
enables researchers to gain profound insights into the dynamic and functional aspects of
cellular processes, while unraveling the intricate networks of protein interactions and
signaling pathways that underlie normal physiological conditions and disease states.
Consequently, PTM proteomic analyses facilitate the identification of disease-specific
protein markers, thereby aiding in the early detection, diagnosis, and monitoring of various

disorders, including cancer, cardiovascular diseases, and neurological conditions.

However, the journey of PTM proteomics commenced with fundamental explorations of
the amino acid composition in proteins and the discovery of the initial protein
modifications. These pioneering efforts laid the groundwork for our current understanding

of PTMs and paved the way for remarkable advancements in the field of PTM proteomics.



1.1.2 History of PTM Discovery

At the turn of the 20th century, scientists embarked on unraveling the intricate chemical
makeup of proteins. Through breaking down proteins with chemical methods, they sought
to identify the individual amino acids and their distribution within proteins. This pursuit
led to a groundbreaking discovery in 1906 by Levene and Alsberg®, who identified
phosphorylation, a post-translational modification, on the amino acid serine of vitellin.
This finding marked the first documented protein modification and laid the foundation for
the subsequent exploration of a wide range of post-translational modifications. The
discovery of phosphorylation on serine occurred before the full characterization of all 20
canonical amino acids'’, making it particularly significant. There were still discussions and
debates about the precise location of the phosphoryl group, until in 1932, Lipmann and
Levene demonstrated that the phosphoryl group was attached to serine, establishing its

status as a post-translational modification'!.

This discovery of the first post-translational modification paved the way for revealing
various novel protein modifications and how the diverse array of these modifications
regulated protein function. However, the initial discovery of protein modifications was
followed by decades of relatively slow progress in the identification of new PTMs (Figure
1-1)!2, The characterization of hydroxylysine'?, for example, was not achieved until 1951,
a remarkable 30 years after its initial observation in gelatin. The discovery and
understanding of novel PTMs were hindered by technical challenges and the limited
analytical tools available at the time. Methods in those days such as elemental analysis and

nuclear magnetic resonance spectroscopy were inefficient for the analysis of PTMs due to



their stoichiometric rarity, elemental similarity to proteins, and inherent lability.
Furthermore, the concept of reversible PTMs had not yet been fully developed. For
example, the notion that phospho-serine represented a distinct amino acid, rather than a

reversible modification of canonical serine, persisted.

The turning point in the concept of PTM came in the mid-1950s when its reversibility was
recognized in scientific literature. A significant breakthrough occurred in 1956 when it was
revealed that covalent acyl-serine modifications were reversible!*, followed by the
observation of similar reversibility in serine phosphorylation in 1960'°. These findings
supported the notion of a "high-energy bond" capable of releasing energy upon cleavage,
which laid the foundation for explanations of various aspects of cellular metabolism. The
updated concept triggered the boom of PTM discovery in 1970s, with approximately 40%

of the currently known PTMs being identified by 1980 (Figure 1-1)!2.



During the late 1970s, the concept of PTMs encompassed a broader range of protein
modifications compared to the current understanding'®. For instance, N-terminal removal
of signaling peptides and disulfide bond formation were considered PTMs. Transient
cysteine modifications involved in the catalytic mechanism of proteins, however, were not
recognized as PTMs yet. The field was in the process of discovering, documenting, and
grappling with the definition of these newly identified modifications. In 1977, a significant
review on PTMs mentioned the existence of over 140 amino acids, leading to discussions
on whether these were modifications to canonical amino acids or distinct non-essential
amino acids'’. The cataloging of modified amino acids counted various combinations, with
lysine exhibiting the highest number of modifications, while leucine, isoleucine, and
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Figure 1-1 Cumulative PTMs Discovered in the Past Hundred Years



tryptophan were notably absent. Some modifications had plausible explanations, such as
covalent modifications of coenzymes to enzyme active sites. Others, like N-alpha-
acetylation or many methylation and halogenation modifications, had unknown functions
at the time. This early catalog, although including species that are not considered PTMs
today, played a crucial role in establishing a foundation for defining PTMs as a distinct

class.

The rapid progress in PTM research awaited the development of protein mass spectrometry
(MS) in the 1980s. MS, initially used in organic chemistry, became a powerful tool for the
analysis of proteins and their modifications. The introduction of electrospray ionization
(ESI) by Malcom Dole in 1968'® revolutionized MS proteomics by gently ionizing
macromolecules for analysis. Further advancements by John Fenn!®?* and Koichi
Tanaka,?! Nobel laureates in Chemistry (2002), enabled sensitive detection of a wide range
of PTMs and marked the early applications of MS technology in protein biology*?. Despite
the transformative potential of MS in PTM research, its initial impact on novel PTM
discovery was limited. Most MS-based PTM identification protocols required prior
enrichment of the modification, which depended on knowledge of the specific PTM being
studied. Additionally, the selection of target masses for MS data analysis was essential,
posing a challenge in detecting uncharacterized PTMs. Consequently, a significant portion
of MS signals remained unattributed to known peptides or peptide-PTM adducts, what is
now referred to as the "dark proteome." The field did not await long until MS technological
advancements in sensitivity allowed for the quantification of relative PTM levels and

absolute stoichiometries in MS-based studies. By the 1990s, MS had contributed to the



identification of numerous new PTMs (Figure 1-1). As the catalog of known PTMs
expanded, this enhanced resolution enabled the generation of large PTM profiles, initiated
the development of bioinformatics approaches that analyze PTM data on a global scale,

and provided insights into the regulatory role of many PTMs in protein activity.

1.1.3  Early Functional Studies of PTMs

The field aims to reveal the biological functions of PTMs simultaneously during the
development of technologies to support PTM identification and quantification. This
important direction converts data generated into useful knowledge but has posed significant
challenges. Initially, early studies on PTMs focused on their detection and characterization,
often without attempting to assign specific functions. The complexity of PTMs and their
diverse effects on proteins, including activation, repression, translocation, degradation, and
more, made it difficult to uncover their precise biological implications. However, notable
exceptions in the mid-20th century emerged with the discovery of the functional roles of

phosphorylation and acetylation.

Phosphorylation's biological significance was first revealed by Sutherland, Fischer, and
Krebs, who demonstrated the interconversion of phosphorylase a and b and its regulation
through reversible phosphorylation?®?*. Their experiments involved enriching
phosphorylase from liver tissue and measuring radioactive phosphate, establishing that
phosphate could stimulate enzyme activity when “gained” by the enzyme. The process was
also found to be reversible and under the influence of regulatory factors like epinephrine.
25

Similarly, Allfrey et al. explored the acetylation of histones rich in lysine/arginine

Working with calf thymus nuclei, they observed that acetylated histones inhibited RNA
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synthesis, indicating a regulatory role for acetylation. These pivotal studies provided initial
insights into the functional consequences of PTMs and their involvement in multiple

aspects of cellular processes and disease pathogenesis.

These earlier studies in biochemical proteomics were primarily centered around identifying
and characterizing individual PTMs. However, with the advancements in MS, it is now
possible to analyze thousands of proteins in a single sample. This high-throughput
approach in proteomics aligns with the comprehensive analyses employed in other life
science disciplines such as genomics, transcriptomics, and metabolomics, enabling a
broader understanding of biological processes and their responses to various stimuli and

disease conditions.

Enabled by the high throughput capability, there is an increasing need to quantitatively
measure proteins due to their dynamic and interconnected nature. Quantitative proteomics
plays a crucial role in elucidating global protein kinetics and the molecular mechanisms
underlying biological processes. Meanwhile, as the catalog of PTMs expands and the
number of quantified PTMs increases, the development of diverse functional approaches
becomes even more essential in the field of PTM proteomics. These approaches aim to
unravel the regulatory mechanisms of PTMs and their impact on protein function,
translating PTM proteomics data into meaningful biological insights and therapeutic

discoveries.

Section 1.2 of this chapter will delve into the latest advancements in MS-based PTM
proteomics, highlighting the development of cutting-edge techniques and methodologies

that facilitate PTM quantification. And Section 1.3 of this chapter will focus on functional
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approaches that elucidate the regulation of protein modifications in various biological
contexts, shedding light on the role of PTMs in cellular processes and diseases. Together,
these sections will provide a comprehensive overview of the current progress and future
directions in PTM research, opening new avenues for therapeutic discoveries and

advancing our understanding of protein regulation and cellular signaling networks.

1.2 Advances of Quantitative Proteomics Approaches and Their Application

in PTM Studies

1.2.1 Brief Introduction of MS Procedure in Proteomics

Over the last two decades, MS has emerged as an indispensable technique for the discovery,
identification, and quantification of proteins and PTMs, especially when comparing the
relative expression level difference of various PTMs among protein samples®. Significant
advancements in multiple steps of proteomics MS procedure, including sample labeling
techniques, enrichment methods, liquid chromatography designs, MS instrumentations,
acquisition modes, and analytical computational models have greatly expanded the scope
and depth of PTM proteomics research. These advancements have enabled researchers to

explore the vast landscape of PTMs in a comprehensive manner.

1.2.2 Advances in Sample Labeling

The first question that quantitative proteomics MS needs to solve is sample labeling. Mass
spectrometry is not inherently quantitative, because proteolytic peptides show great

variability in physiochemical properties. Neither do they ionize proportionally to the
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original copies of proteins, nor do data acquisition of MS capture intensity signals from all
ionized peptides, both in turn results in mass spectrometric variability between runs. To
distinguish and compare the same peptides from different samples in a single MS run, three

27,28

main classes of labeling methods have been developed: in vivo labeling”"*°, in vitro

2930 and label-free quantification’!*?> (Figure 1-2). Each of these classes offers

labeling
distinct advantages and limitations, allowing researchers to choose the most suitable

approach based on their experimental requirements.

Methods labeling in vivo involve the incorporation of stable isotope labels into proteins
within living systems. Techniques such as stable isotope labeling by amino acids in cell
culture (SILAC)* and >N metabolic labeling**>° have significantly contributed to the
field. These labeling methods rely on culturing cells or feeding animals with materials
containing stable isotopes. After harvesting samples and comparing peptide pairs with
different stable isotopes at the MS1 level, in vivo labeling enables accurate protein
quantification while minimizing technical variability. However, these approaches are
limited to studies involving cell culture or model organisms and are generally restricted to

comparing no more than three samples.
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Figure 1-2 Procedure comparison of MS sample labeling methods

Techniques introduce mass tags into peptides or proteins using enzymatic or chemical
processes that are in vitro labels. '®O labeling®’%, an example of enzymatic labeling,
involves the exchange of %0 for '®0 atoms at the C-terminal carboxyl group of digested
peptides in the presence of H»'30 and proteases. Although simple in principle, 'O labeling
faces challenges such as isotopic peak overlap and variable labeling efficiency, limiting its
widespread application®’. Chemical labeling methods, on the other hand, offer greater
versatility. Isotope-coded affinity tags (ICAT)*, cleavable isotope-coded affinity tags
(cICAT)*, dimethyl labeling*'*?, isotope-coded protein label (ICPL)*, and isobaric

labeling** are among the in vitro chemical labeling techniques that have been developed.
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Each of these methods presents unique advantages and drawbacks in terms of proteome

coverage, quantification accuracy, and the ability to analyze specific protein groups.

Among these in vitro chemical labeling approaches, isobaric labeling methods have gained
significant popularity. These techniques, including isobaric tags for relative and absolute
quantitation (iTRAQ)***, tandem mass tags (TMT)*'->°, N, N-dimethyl leucine (DiLeu)>!~
53 and many other series, allowed the combination of different samples labeled with a
series of mass tag variants to be analyzed by MS. Despite encountered challenges related

54,55

to accuracy and precision’*>°, isobaric labeling methods have been widely adopted in

quantitative proteomics. And recent studies have proved that through using a combination

of several sets of isobaric tags, up to 45 samples could be compared in a single experiment’®.

In contrast to labeling techniques, label-free approaches rely on measuring
chromatographic peak area, calculating ion intensity ratios, or counting MS2 spectra for
comparisons between samples®*’. Label-free methods offer advantages such as unlimited
sample comparisons in an experiment, more efficient protein identification and
quantification, and a higher dynamic range of quantification compared to stable isotopic
labeling approaches>®. However, label-free approaches are susceptible to variations that

affect MS data, leading to lower reproducibility and accuracy>’.

1.2.3 Data Dependent Acquisition and Targeted Proteomics

Secondly, data acquisition schemes draw attention as liquid chromatography coupled with
tandem mass spectrometry (LC-MS/MS) become widely used in quantitative
proteomics®%°. And the most used data collection method in this procedure involves

quantifying peptides at the MS1-level and identifying them at the MS2-level. Traditionally,
13



MS2-spectra were obtained by fragmenting precursors observed in MSI1-spectra. This
acquisition mode depends on MS1 spectra data, usually intensities and charge state of
precursors, so-called data-dependent acquisition (DDA). Its MS2-spectra acquisition
suffered from under-sampling due to precursor elution lengths and peptide co-elution®!.
However, advancements in mass spectrometry acquisition speed have alleviated this issue,
allowing the fragmentation of even low-intensity MS1-peaks. As a result, attention has
shifted towards addressing limitations arising from the restricted dynamic range of MS1-

spectra®?,

Targeted proteomics focuses on a predefined set of peptides selected by the researcher.
This approach typically involves longer accumulation times on single-ion monitoring (SIM)
or MS2-scans to ensure sufficient signal and high-quality data for low-abundance targets.
However, longer windows restrict the number of targeted peptides. To overcome varied
expected chromatographic retention times (RTs) of target peptides between MS runs and
reduce window length, target RTs are defined relative to RT standards mixed into the
sample, and rescheduling is performed based on the observed RTs of these standards®’.
Dynamic control data acquisition was developed to streamline the scheduling process,

where scheduling windows are adjusted based on real-time RT standards elution®*.

Deciding subsequent scans with information from scanned spectra emerged when the
strategy of DDA occurs. Intelligent data acquisition in proteomics has evolved from
traditional strategies such as dynamic exclusion lists to more advanced approaches like
decision trees®>%7. Early implementations of run-time decision-making processes were

limited by instrument constraints, but the release of instrument application programming
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interfaces by Thermo Scientific has revolutionized the field®®. This development enables
efficient communication between the instrument's CPU and external data systems,

expanding the possibilities for intelligent data acquisition.

1.2.4 Data Independent Acquisition

Meanwhile, data-independent acquisition (DIA)* has gained popularity in proteomics
science due to its unbiased and reproducible nature’®’!. DIA techniques, unlike data-
dependent acquisition (DDA), acquire both MS1 and MS2 data without bias towards
precursor ion selection. This overcomes the limitations of DDA, such as irreproducibility
and under-sampling. DIA allows the acquisition of MS2 spectra for all precursor ions
within isolation windows, enabling the complete coverage of the mass range without prior
knowledge of specific precursors’?. This approach retains accuracy, reproducibility, and
consistency comparable to targeted data analysis methods like selected reaction monitoring
(SRM) and parallel reaction monitoring (PRM)’. However, the computational

deconvolution of the multiplexed fragmented spectra acquired in DIA poses a significant

challenge.

Several DIA strategies have been developed since the early 2000s, with differing degrees
of adoption and revisitation. Shotgun collision-induced dissociation (Shotgun CID)
employs in-source fragmentations of all co-eluting ions from chromatographic separation,
but its limited throughput and database search strategy hinder widespread usage’®. The first
formally named DIA technique utilized a scanning linear ion trap to sequentially isolate
and fragment precursors®. It introduced the extended DIA (XDIA) computational pipeline

for multiplexed spectra analysis’*. MSE and its high-definition variant (HDMSF) alternate
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scans at different collision energies to obtain precursor and fragment ion spectra, originally

7376 Precursor

designed for metabolite analysis but later extended to proteomics
Acquisition Independent From lon Count (PAcIFIC) employs gas-phase fractionation with
narrow m/z ranges to enable effective peptide identification using conventional database
search strategies, at the expense of increased sample injections’’. All-ion fragmentation
(AIF) employs a single orbitrap with no linear ion traps, allowing fragmentation of all ions
without precursor isolation’®. Notably, the introduction of targeted analysis of DIA data,
based on statistical models from targeted proteomics, popularized DIA-based methods in
proteomics’**°. And this concept was implemented by the sequential windowed acquisition

of all theoretical fragment ion mass spectra (SWATH-MS) in fast-scanning Triple Time-

of-flight (TOF) instruments’’.

Since then, several innovative DIA methods have been proposed to further enhance
performance. MSX utilizes randomly selected narrow isolation windows, which can be
demultiplexed into component spectra to improve precursor selectivity®!. Scanning
quadruple DIA (SONAR) employs wide continuously sliding precursor windows for
fragmentation, enhancing the correlation of precursor and fragment ions®?. Scanning
SWATH combines continuous scanning with the first quadrupole and fast-duty cycles,
enabling high-flow liquid chromatography for high-throughput proteomic analysis®’. Wide
selected-ion monitoring (WiSIM)-DIA combines conventional DIA with wide selected-ion
monitoring windows to produce high-quality precursor ion chromatograms®. BoxCar
acquisition increases the MS1 dynamic range®?, and PulseDIA utilizes iterative gas phase

fractionation to decrease window width, improving specificity and sensitivity®>. The
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diaPASEF method combines parallel accumulation-serial fragmentation with DIA in a
trapped ion mobility mass spectrometer (TIMS), incorporating ion mobility as the fourth

dimension of spectral library searching®®.

1.2.5 Dissolving the MS Spectra through Database Searching Engine

The last key question is the development of computational models that dissolve the
complex chromatogram-spectra space generated by MS and convert them into proteins and
PTMs. Relatively short sequences, different fragmentation methods, incomplete MS2
spectra, various kinds of PTMs, and labeling groups all add difficulty to figure out the exact
sequences of peptides and proteins. Despite these challenges, researchers developed
various algorithms to fit all kinds of MS data generated with different labeling groups
through different acquisition schemes. A general database search engine procedure starts
with filtering out low-intensity peaks and retaining only the most intense ones in MS2
spectra. Then the given sequence library is also processed by simulating enzymatic
cleavage and fragmentation, generating theoretical MS2 spectra for comparison with the
experimental spectra. Search parameters specified by the user customize the comparison
process, and algorithm-specific scores assess the quality of each comparison. This yields a
list of peptide candidates known as peptide-spectrum matches (PSMs), along with their
corresponding scores. And mzldentML format has been developed as a standard for
exchanging peptide and protein identification results, with many search engines supporting

direct export to this format®’,

Database searching originated as an efficient alternative to spectrum sequencing, pioneered

by the SEQUEST algorithm®. Followed by Mascot®, a commercial alternative with

17



server-based infrastructure and easily interpretable scores, gained popularity in the
scientific community. Numerous search engines, including free and open-source options,
have since been developed. The increasing number of search algorithms over time reflects
the demand for improved and faster algorithms capable of handling larger datasets. Till
2016, SEQUEST and Mascot were searching engines with the most citations, followed by
early open-source alternatives like OMSSA® and X! Tandem’'*. Also, there was a
significant increase in the usage of Andromeda® as part of the MaxQuant software’™
highlighting the importance of incorporating the search engine into a global data

interpretation pipeline.

The scoring function used for PSMs is an important aspect of the database searching
approach. A well-calibrated scoring system is necessary to differentiate between different
spectra. For instance, Mascot employs a probability-based scoring method where the total
score relates to the probability of the observed match being a random event. SEQUEST
utilizes two scoring functions: one to select a limited range of peptide candidates for each
spectrum (Sp), and another that measures the cross-correlation between the observed and
theoretical spectra (Xcorr)’”. The Andromeda search engine employed a scoring method
based on the probability of chance matches between the number of matched ions and the
total number of theoretical ions”>. And there have been new approaches developed to

further improve the performance of peptide identification’®"’,

The database search approach is often followed by a second round of searching against a
decoy database to reduce the false discovery rate’®®”. This procedure ensures that the

remaining identified peptides have an FDR higher than the predefined cutoff for peptides
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identified from the decoy database. Decoy database searching helps estimate a threshold
for removing identifications with low statistical confidence, leading to a higher percentage
of true positive hits. Analysis platforms like Mascot and MaxQuant commonly integrate
this strategy into their standard pipelines. However, as the size of protein sequence
databases increases, the target-decoy search strategy becomes computationally inefficient
due to the doubled searching space compared to the original search. To address this issue,
novel searching strategies including decoy-free'®’ and small decoy database'®! have been
developed. Recently, a novel approach called Comprehensive Histone Mark Analysis
(CHiMA) has been introduced, replacing the target-decoy—based methodology with

matched fragment ions criteria to address the small mark size of histone!*?

. By employing
this new criterion on analyzed datasets, CHiMA nearly doubled the number of previously

reported marks in histone.

1.2.6 Methodologies that Facilitate PTM Identification

Identification of PTMs in MS spectra can be computationally challenging due to the large
number of possible combinations of positions and modifications. Usually, search engines
reduce the search space by only searching PTMs required by users in variable
modifications. Meanwhile, methods like ModifiComb!'??, PTMselect!**, and G-PTM-D'®
have been developed to decrease computational requirements or increase result accuracy.
PEAKS PTM!%, integrated into PEAKS Studio software, searches unassigned spectra with
high de novo scores against identified proteins to identify PTMs. Additionally, sequence
data from genomic or transcriptomic databases can aid peptide identification by providing

possible protein sequences, a strategy commonly used in proteogenomics'?’.
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MetaMorpheus is a novel tool that incorporates multi-notch searches in global PTM
discovery, achieving a higher number of identified PTMs with increased search speed

compared to the G-PTM-D approach'%,

1.2.7 Quantification Approaches that Fit Data with Various Labels

Protein and PTM abundance quantification in quantitative proteomics can be achieved
using labeled methods or label-free methods. Labeled methods include MS1-based labeling
and MS2-based labeling. In MS1-based labeling, different samples are labeled with distinct
isotope patterns in the MS1 spectra. And software tools like MaxQuant'®®, PVIEW''?, and
XPRESS!'!! have been developed to handle MS1 labeling experiments, allowing analysis
of samples from multiple labeling methods and calculating relative abundance based on

labeled peptide pairs.

In MS2-based labeling, quantification signals are detected in the low mass range of the
MS2 spectra. Isobaric labeling is commonly used in MS2-based labeling, where samples
are labeled with isobaric tags for relative and absolute quantification. Instrument vendors
provide commercial software such as ProteinPilot and Proteome Discoverer for analyzing
raw data generated by their spectrometers. Free software tools like iTracker!'?, IsobariQ!"?,
and Libra!!'* are also available for processing and analyzing data from isobarically labeled
samples. Trans-Proteomic Pipeline (TPP)'" provides a full workflow from raw MS data to
quantitative results analysis with the integration of a collection of modules. Skyline!'® and

OpenMS!'"” are also integrated platforms that provide similar analysis for MS data.

Label-free quantification involves acquiring spectra for different samples separately and

addressing variations introduced by LC-MS/MS experiments between runs. Intensity
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normalization methods like Total Ion Count (TIC) and MaxLFQ?? are implemented to
mitigate variations. Software tools like Mascot Distiller''®, MaxQuant'®, VIPER!"®, and
Skyline!'® offer label-free quantification based on the signal intensity of peptide precursor
ions or spectral counting. The exponentially modified protein abundance index (emPAI)!?°

integrated into Mascot and machine learning models can also be used for quantification'?!.

1.2.8 Establishment of Whole Proteome PTM Databases

Over the years, significant advancements in PTM analysis strategies have greatly expanded
our understanding of the breadth and depth of modifications. These methodologies have
enabled the quantification of a wide range of PTMs, contributing to the rapid accumulation
of identified and quantified PTM sites under different conditions. To facilitate data
collection and communication within the scientific community, numerous large-scale PTM

databases and platforms have emerged.

For instance, phosphorylation, one of the most extensively studied PTMs, serves as an
illustrative example. In 2010, the Mann lab conducted a comprehensive study in which
they quantified 20,443 unique phosphorylation sites on 6,027 proteins, analyzing their
dynamics within the context of the cell cycle'??. In a separate project, the Gygi lab
measured the stoichiometry of 5,033 phosphorylation sites from Saccharomyces cerevisiae
in triplicates'?*. These groundbreaking studies, focusing on the entire proteome, spurred a
rapid increase in the study of quantitative phosphoproteomics. By 2019, the
PhosphoSitePlus database alone had recorded approximately 300,000 groups of
phosphorylation sites'?*. Furthermore, advancements in quantification methods have

facilitated studies involving multiple conditions, various PTMs, and different species'?*~
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132 Overall, these developments in PTM analysis have significantly enhanced our
understanding of the diverse landscape of modifications, and this global view of PTMs has
paved the way for the involvement of more functional approaches in elucidating their

biological significance.

1.3 Functional Proteomics Approaches and Their Application in PTM

Studies

1.3.1 Unbalanced Annotation, Dark Proteome and Functional Proteomics

Understanding the intricate interplay between protein and PTM function is crucial for
unraveling the mechanisms underlying physiological processes and developing targeted
interventions for various diseases. While the biological function of more and more
individual protein and PTM sites have been revealed with biochemistry methods, a great
majority of them discovered through MS remained in the dark proteome. It has been
observed that the attention level differs significantly towards different proteins, with one
of the most extensively studied proteins in the human proteome being p53. It receives an
average of two publications per day, highlighting its prominence in research!**, However,
the functional understanding of numerous human proteins remains largely unexplored'+
137 This creates a significant bias, as approximately 95% of life science publications
concentrate on a select group of 5,000 well-studied human proteins.!*® Although the
sequencing of the human genome was expected to address this bias by providing

opportunities to investigate previously unknown genes, 75% of publications continued to
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focus on genes that have been studied before the release of the genome in 201138, The
consequence of this annotation inequality is an impediment to biomedical progress'>’.
Mechanistic studies exploring gene-disease associations tend to prioritize proteins that are
already well-known, contributing to what is commonly referred to as the street-light
effect'*’. Consequently, many uncharacterized proteins receive little attention despite
substantial evidence from omics studies linking them to human diseases'**. Formulating
hypotheses regarding the mechanistic molecular function of an uncharacterized protein
presents inherent challenges and complexities. However, functional proteomics has the
potential to play a crucial role in closing the annotation gap by systematically linking
uncharacterized proteins with proteins of known function, enabling their assignment to
specific cellular processes. By broadening the scope of the investigation beyond traditional
laboratory conditions and incorporating innovative functional experimental designs, it

becomes possible to expand the exploration of uncharacterized proteins and reconstruct the

intricate network that connects them.

1.3.2 Evolution Conservation of Protein Sequence and PTM Sites

Proteins and PTMs are pivotal in a wide range of biological functions, providing
researchers with diverse avenues to explore their functional landscapes. The protein
sequence serves as an indispensable feature that influences both protein structure and
function. Sequence conservation analysis, which has matured through the analysis of
diverse genomes, has become a well-established tool in this regard. With the availability
of genome sequences, protein sequences can be generated in silico, facilitating sequence-

based conservation analysis'*"'42. Conservation analysis goes beyond the examination of
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amino acid residues and extends to encompass PTM sites. It has been observed that PTM
sites with known functions often exhibit significant conservation'**"'%, Building on this
observation, the concept of an evolutionary tree can be integrated with identified PTM sites,
enabling the prioritization of experimental validation based on the conservation of

146 An illustrative example of such an approach is the work conducted

modification sites
by the Korgan lab'*. They performed an analysis involving 11 eukaryotic species and
compiled a comprehensive dataset of approximately 200,000 PTM sites. Their study
explored evolutionary conservation at both the sequence and modification levels, leading
to the identification of functionally important PTMs and regulatory regions. Through this

integrative approach, they gained insights into the functional significance of PTMs by

examining their evolutionary conservation patterns.

1.3.3 Relate Protein 3D Structure with Protein Functions

The three-dimensional (3D) structure of proteins is a crucial feature that significantly
influences protein function. Determining the protein’s 3D structure not only reveals the
secondary structure and biochemical environment of each amino acid residue but also
provides information about protein regions, domains, and potential interaction partners.
AlphaFold, developed through deep learning algorithms and based on extensive protein
sequence and corresponding 3D structure data, has achieved remarkable accuracy in
predicting protein structures'#”-!*8, This powerful tool covers almost the complete human
proteome and proteomes of over 20 model organisms, providing a structural prediction

database (AlphaFold DB; https://alphafold.ebi.ac.uk). This resource enables proteome-
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wide structural investigations, promising to enhance our understanding of the relationship

between protein structure and function.

The application of AlphaFold has also been proposed to have immense potential for
incorporating and analyzing PTMs'¥. A recent study conducted by the Mann lab took
advantage of AlphaFold's structural predictions and integrated PTM data on a proteome-
wide scale using deep learning-based models'®’. They combined essential features of
protein domains with functionally relevant predictions, leading to the discovery of
numerous sites with potential regulatory roles. Furthermore, they employed 3D proximity
analysis to illustrate spatial coregulation examples of potential PTM crosstalk, involving
multiple PTMs. To facilitate sharing of their findings with the research community, the lab
also developed programs that assist researchers in processing and visualizing protein and

PTM 3D structures.

1.3.4 Interaction between Proteins Implied Their Locations and Functions

The field of protein-protein interactions (PPIs) is closely linked to protein function. PPIs
not only indicate that interacting proteins coexist in the same cellular location at certain
points but also imply their functional relevance in specific biological processes. The
advancement of affinity purification mass spectrometry (APMS) has greatly assisted in
studying PPIs. The BioPlex project, leveraging APMS technology, has generated a vast
human interactome database with high proteome coverage!'>"!2, The latest version,
BioPlex 3.0, encompasses results from affinity purification of 10,128 APMS experiments
in 293T cells, capturing 118,162 interactions involving 14,586 proteins. Additionally,

results from 5,522 immunoprecipitations in HCT116 cells are also included in the database.
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These interaction networks provide rich information about protein localization and
function. The OpenCell project took a different approach by employing an endogenous
fluorescent tagging technique, which enabled the visualization of protein locations within
living cells'*. By conducting immunopurification-mass spectrometry experiments using
these tagged cells, they obtained a physical interaction network consisting of 1,310 proteins,
along with their corresponding cellular localization map. Both the BioPlex and OpenCell
databases, along with other databases that collect biochemical results of protein interactions
such as BioGriD'3, offer valuable insights into the spatial organization and functional
relationships of proteins. These databases provide a wealth of information that can be

leveraged to understand the interplay between protein interactions and PTMs.

1.3.5 Emerging Approaches: Turnover Analysis and Thermal Profiling

Turnover analysis and thermal profiling are two emerging approaches that provide insights
into the dynamics and stability of proteins. Protein turnover is intricately linked to its
synthesis and degradation processes, making it a powerful tool for bridging the gap
between protein discovery and functional understanding. The advent of dynamic SILAC
or pulse SILAC workflows'>*!3 which involve feeding cells with stable isotopic amino
acids for a certain period of time, has enabled turnover analysis in protein and PTM studies
under various environments'>®15¥ Thermal profiling, on the other hand, investigates the
denaturation process of proteins as temperature increases and proves valuable for exploring
protein biological functions and protein-protein interactions'>’. In recent years, there has
been a surge in thermal profiling studies focusing on characterizing the thermal profiles of

proteomes under different conditions. These investigations have explored the influence of
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factors such as solution concentration'®, PTMs'®!, cell line differences, and proteoform
groups'®. Together, turnover analysis and thermal profiling contribute to our

understanding of dynamics, stability, and functional implications and proteins and PTMs.

1.3.6 Diversity of Functional Approaches in Proteomics and PTM Field

In summary, the construction of a functional annotation network for proteins and PTMs
can be achieved through multiple approaches, extending beyond the categories mentioned
above. Changes in protein expression levels and PTM stoichiometry in response to diseases,
drug treatments, and different stimuli can provide valuable insights into their functional
roles. Furthermore, integrating data from genomics, transcriptomics, metabolomics, and
functional annotations verified through biological experiments allows for a more

comprehensive understanding of the functional proteome.

By combining information from various omics disciplines and experimental validations,
we can gradually unravel the intricate connections and interactions within the functional
proteome. This holistic approach enables us to paint a more complete picture of protein
function, taking into account their expression patterns, post-translational modifications,
and their impact on cellular processes. As our knowledge and technological capabilities
continue to advance, the integration of diverse datasets and experimental evidence will

facilitate a deeper understanding of the functional landscape of proteins and PTMs.
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2.1 Summary

Ubiquitination is widely involved in protein homeostasis and cell signaling. Ubiquitin E3
ligases are critical regulators of ubiquitination that recognize and recruit specific
ubiquitination targets for the final rate-limiting step of ubiquitin transfer reactions.
Understanding the ubiquitin E3 ligase activities will provide knowledge in the upstream
regulator of the ubiquitination pathway and reveal potential mechanisms in biological
processes and disease progression. Recent advances in mass spectrometry-based
proteomics have enabled deep profiling of ubiquitylome in a quantitative manner. Yet,

functional analysis of ubiquitylome dynamics and pathway activity remains challenging.

Here, we developed a UbE3-APA, a computational algorithm and stand-alone python-
based software for Ubiquitin E3 ligase Activity Profiling Analysis. Combining an
integrated annotation database with statistical analysis, UbE3-APA identifies significantly
activated or suppressed E3 ligases based on quantitative ubiquitylome proteomics datasets.
Benchmarking the software with published quantitative ubiquitylome analysis confirms the
genetic manipulation of SPOP enzyme activity through overexpression and mutation.
Application of the algorithm in the re-analysis of a large cohort of ubiquitination
proteomics study revealed the activation of PARKIN and the co-activation of other E3
ligases in mitochondria depolarization-induced mitophagy process. We further
demonstrated the application of the algorithm in the DIA (data-independent acquisition)-

based quantitative ubiquitylome analysis.
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Source code and binaries are freely available for download at URL:
https://github.com/Chenlab-UMN/Ub-E3-ligase-Activity-Profiling-Analysis,

implemented in python and supported on Linux and MS Windows.
2.2 Introduction

Ubiquitylation is a key protein post-translational modification (PTM) involved in diverse
cellular processes including protein homeostasis, cell signaling and epigenetic regulations.
Its E1-E2—E3 cascades linking an isopeptide bond between the c-terminus of ubiquitin and
a lysine residue of the target protein'®® to form a mono- or a polymer chain of ubiquitin
with eight distinct linkage types. Ubiquitylation not only acts as the essential modification
in protein degradation through proteasome that accounted for the breakdown of over 80%
of the proteins'®*, but it also plays a crucial role in non-degradative functions, including
regulation of protein trans-location, protein—protein interactions and enzymatic activity'®.
Within the process of ubiquitylation, E3, also known as the ubiquitin ligase, mediates the
ubiquitination substrates specificity!®*!®. Changes in the E3 ligase activities will lead to
changes in ubiquitination of its target proteins, and further regulate various downstream
cellular processes including cell-cycle, apoptosis and transcription regulation.!¢” Studies
have found that dysfunction of E3 ligases and these cellular functions may lead to

168,169

neurodegenerative diseases , cardiovascular diseases'”’

and development of

Cancer171,172

, while therapies and drugs have been developed to target specific E3 ligases
for potential clinical applications!”>!7*. Therefore, it is important to develop strategies that

evaluate the activities of different E3 ligases in a system-wide manner.
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Recent advances in mass spectrometry have enabled deep profiling of PTM pathways.
Combining with quantitative proteomics strategies such as SILAC and isobaric labeling,
proteomics analysis allows system-wide profiling of PTM dynamics at the site-specific
level. Such quantitative information provides a rich resource to develop computational

tools evaluating PTM pathway activities' >

. Recent efforts studying kinase activities based
on quantitative phosphorylation datasets have led to the development of several tools,
including PTMsigDB!7¢, IKAP'77 KinasePA!”8, KSEA!” and KEA3'®. Among these
models, KEA3 collected 24 kinase substrate libraries from different sources as their
database and test significance of kinase integrating sum rank tests results of all libraries,
while the rank-sum test in PTMsigDB was supported by a collection of site-specific PTM
signature of perturbations, kinase states and pathway activities from published studies!’.
IKAP used a non-linear optimization routine to find enriched kinase, KinasePA used the
direction pathway analysis to study insulin pathways'’”® and KSEA applies z-score test to

find differentially activated kinases. Despite these advances in kinase analysis, there is lack

of bioinformatic strategies for evaluating ubiquitin E3 ligase activities.

Improvements in biochemical enrichment and chemical labeling strategies have allowed

181-184

global quantification of ubiquitination dynamics and measurement of site-specific

ubiquitination stoichiometries'3’

. Recent bioinformatic efforts have led to the development
of multiple enzyme—substrate databases in the ubiquitination pathway'$¢'*°_ In this study,
based on an integrated resource of ubiquitin E3 ligase and substrate network, we proposed

a computational strategy UbE3-APA, Ubiquitin E3 ligase Activity Profiling Analysis

(Figure 2-1), for systematic evaluating ubiquitin E3 ligase activity based on quantitative
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ubiquitylome analysis. The model was validated with two published large-scale proteomics

t191’192

studies with different biological contex and confirmed known regulatory

mechanisms in the pathway.
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Figure 2-1 A workflow of analyzing quantitative ubiquitylation proteome with E3

ligases activity profiling analysis

2.3 Results

2.3.1 Establish a Comprehensive ESI Network

We collected datasets with rich information of ESIs supported by biological experiments
from multiple sources, including the UbiBrowser, the Ubinet and another published ESI
database!818%1%0 Comparing the information from the three data sources showed a largely
overlapping information with some differences (Figure 2-2). After removing redundancy
and discrepancies, we established an integrated database for human ubiquitin E3 ligase—

substrate interaction that includes 354 E3 ligases and 2501 interactions. All E3 ligases
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interactions collected in the database were built in the package to allow comprehensive

analysis.

Chen et al.(2019)

iScience " UbiBrowser
147 1349
f 940 |
718
A //
Total:2501 .. 347
Ubinet

Figure 2-2 Overlap and integration of the E3 ligase—substrate data resources

2.3.2 Profile E3 Ligase Activity in Quantitative Ubiquitylome

With the establishment of a comprehensive E3 ligase—substrate database, the program
collects the site and protein-specific data from quantitative ubiquitylome studies. To profile
E3 ligase activity based on this data, we reasoned that a physiologically meaningful
changes in ubiquitin E3 ligase activities should be reflected on the overall changes of the
ubiquitination abundance of their corresponding targets (Figure 2-3a). As the ubiquitylome
proteomics analysis mainly provide site-specific quantification of ubiquitination, the
program offers the option to calculate the averaged site ratios of a target protein to represent

the ubiquitination changes of each protein for the protein-level E3 ligase activity profile
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analysis. Then, all quantified ubiquitination 3pzfo‘[eins for a specific E3 ligase in the dataset



will be collected as a sample group. The same number of quantified ubiquitination proteins
as the number of quantified substrates for any given E3 ligase will be randomly selected
from the ubiquitylome dataset in a bootstrapping procedure. Based on the Central Limit
Theorem, the average quantification ratios of each group of randomly selected
ubiquitinated proteins should form a normal distribution. Based on this reference
distribution, we can estimate the statistical significance of the average ubiquitination ratio
of the substrate group for an E3 ligase (Figure 2-3a). A significant change in the activity
profile can indicate a significant increase or decrease of E3 ligase activity in the context of
experimental conditions compared to the overall changes in ubiquitination dynamics in the
background. The protein-level E3 ligase activity profile analysis was used for the

downstream applications.

To further explore how the number of quantified substrates and the times of sampling may
affect the analysis processes and results, we performed tests with different parameters
(Figure 2-3b-c). Our data showed that if more substrates of any given E3 ligases were
quantified, the standard deviation of randomly selected sample ratios for the activity profile
analysis decreased, which therefore led to more statistically significant estimation of E3
ligase substrate ratios based on the distribution (Figure 2-3b). This built-in mechanism of
our model certainly supports the notion that E3 ligase activity profile could be better
assessed if more E3 ligase substrates were quantified. Our test of the sampling process
showed that increasing the number of random samplings in the bootstrapping process could
reduce the variation of P-values calculated based on the sampling distribution and therefore

led to more reliable and precise estimation of the statistical significance (Figure 2-3¢). On
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the other hand, increasing the number of random samplings would also cost more time per
run and reduce the efficiency of the analysis (Figure 2-3¢). Considering both efficiency and
reliability of the results, we have selected 10 000 times of repeats for the random selection

process in E3 ligase activity profiling analysis.

2.3.3 Validate UbE3-APA Workflow with the Quantitative Ubiquitylome Analysis of

SPOP E3 Ligase

To validate our algorithm, we chose a quantitative proteomics study that aimed to
characterize ubiquitination dynamics that was mediated by SPOP, an E3 ligase that is
frequently mutated in prostate cancer and affects the regulation of downstream pathways

in cancer progression'®?

. This study included two sets of quantitative proteomics
experiments and each set of experiment aimed to quantify the ubiquitination dynamics
upon the overexpression of vector control, SPOP-wild-type (WT) and one of the two
SPOP-mutants F133L and Y87N. Both mutations are naturally occurring mutations in
prostate cancer and known to suppress the SPOP-WT induced ubiquitylation. The

quantitative analysis was performed using SILAC workflow with the expression of each

form of SPOP-WT or vector control pairing to one of the SPOP-mutant.

Using UbE3-APA workflow, we analyzed the normalized quantitative ubiquitination ratios
included in their Supplementary Material across all six pairs of SILAC experiments. The
activity profiling analysis showed that the SPOP activity was significantly enriched in cells
overexpressing SPOP-WT when comparing to cells overexpressing vector control or either
one of the SPOP mutants (Figure 2-4a). When comparing cells expressing SPOP mutant

and vector control, our model found no significant changes in SPOP activity. These
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profiling analysis results matched well with SPOP ubiquitylation activity differences
expected in the original study. The activity profiling analysis also allowed us to generate
volcano plots with the statistical significance test and quantification ratios. Two examples
with the Y87N (L)—WT (H) group and the Y87N (L)—mutant (H) group were shown
(Figure 2-4b-c). As clearly shown, when SPOP-WT was overexpressed, the SPOP activity
increased significantly comparing to the overexpression of SPOP-Y87N mutant with
significantly increased SILAC H/L ratios of SPOP target proteins, while the SPOP activity
did not change when comparing the cells overexpressing SPOP-Y87N mutant and vector

control.
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Figure 2-4 Protein level E3 ligase activity profiling results of the SPOP study. Ctrl,
vector control; WT, wild-type-SPOP; 133 L, SPOP-F113L; 87 N, SPOP-Y87N; 1 and 2,
experiment set one and two. (a) All experiments of the SPOP study in box plot, each box
contained enrichment P-values of all E3 ligases in one SILAC experiment. (b) SPOP-Y87N

to SPOP-WT group in volcano plot. (c) SPOP-Y87N to vector control group in volcano

plot
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2.3.4 Apply UbE3-APA model to profile E3 ligase activities in response to mitochondrial

depolarization

We applied UbE3-APA workflow to analyze a quantitative ubiquitylome study that focused
on PARKIN and global ubiquitylation network in response to mitochondrial

191

depolarization'”'. We applied UbE3-APA workflow to analyze a quantitative ubiquitylome

study that focused on PARKIN and global ubiquitylation network in response to

mitochondrial depolarization'®'.

This large-scale study included 73 quantitative
ubiquitylome proteomics analysis to explore the dynamics of the ubiquitination pathways
under various mitochondrial depolarization treatment as well as in cells with different
genetic background, and detailed information of experiment condition of each group we
collected from Supplementary Data in original paper'! were listed. Analysis of all the
datasets with UbE3-APA workflow showed that when mitochondria was not damaged,
there was not an apparent PARKIN activity even when PARKIN was overexpressed. Once
the mitochondria were polarized, there was a significant increase of PARKIN activity
(Figure 2-5a). Inhibition of Pink1, the upstream kinase activating PARKIN, abolished the
activation of PARKIN as expected when mitochondria was depolarized. When
mitochondria were depolarized, we could not see an apparent activation of PARKIN based
on ubiquitylome analysis data (Figure 2-5b). But when cells were treated with bafilomycin,
an autophagy inhibitor, there was a strong indication of activation of PARKIN upon

mitochondria depolarization (Figure 2-5c¢), suggesting that the ubiquitinated substrates of

PARKIN could not be efficiently degraded. Therefore, this data agrees well with the
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knowledge that PARKIN activation led to mitochondria degradation through autophagy
process and it also suggested that PARKIN substrates are mainly degraded through
autophagy pathways. In addition, the dataset also included the proteasome inhibition
experiment upon mitochondria depolarization. Interestingly, our analysis showed that the
inhibition of proteasome activity alone showed no strong enrichment of PARKIN substrate
ubiquitination, which could suggest that either PARKIN substrates were mainly degraded
through processes other than proteasome degradation (such as autophagy), or PARKIN was
not activated upon mitochondria depolarization when proteasome was inhibited (Figure
2-5¢). Analysis of the dataset with the cotreatment of cells with both proteasome inhibitor
and autophagy inhibitor showed that PARKIN was indeed not activated upon proteasome
inhibition because even autophagy inhibitor treatment failed to enrich PARKIN
ubiquitination substrates (Figure 2-5¢). This finding agreed well with previously published
observation that upon proteasome inhibition, mitochondria depolarization failed to induce

mitochondria fragmentation despite PARKIN translocation to mitochondria'®?.
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Figure 2-5 Ubiquitin E3 ligase activity profiling analysis of PARKIN under various

genetic and chemical treatment. (a) PARKIN activity difference in HCT116 cells with
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(CCCP, mitochondrial depolarization inducer) treatment. (b) PARKIN activity difference
in HCT116 cells with PARK2 overexpression and with or without Pink1 inhibition. (c)
PARKIN activity difference in HCT116 cells with the treatment of bafilomycin (BafA, an
autophagy inhibitor) and/or Velcade (a proteosome inhibitor)

41



We then integrated the analysis of the ubiquitylome dynamics in all experimental
conditions in the mitochondria depolarization study and plot the E3 ligase activity profiles
in heatmap (Figure 2-6). The E3 ligases were clustered with hierarchical clustering based
on how similar their activity profiles change under different treatment conditions. Out of
203 E3 ligases profiled by our model across all experimental conditions, three E3 ligases
(FZR1, AMFR, MARCHF5) showed a very similar activity pattern to PARKIN across most
of the experimental conditions. Since the activity profiles of E3 ligases were analyzed
based on their corresponding substrates, it was likely that E3 ligases showed similar activity
profiles when they shared common substrates. For better clarification, we mapped the E3-
ligase—substrate interaction networks for the four E3 ligases (Figure 2-7a). The network
indicated the shared and unique connection between each E3 ligase and corresponding
substrates, the number of times the substrates were quantified under all conditions and the
significance of ubiquitination level changes for the substrate proteins. We can clearly see
that the unique substrates of AMFR and FZR1 did not change significantly to contribute to
activity profiles and their activity changes were mainly caused by the changes of
ubiquitination levels in substrates shared with PARKIN. Only MARCHFS5 had unique
substrates whose ratios were changed significantly and similarly along with those unique
substrates of PARKIN. For better clarification of the data, we included ‘Group’ mode to
the result output. In this mode, the software will group E3 ligases that share substrates
together if the E3 ligases do not have unique substrate and only the E3 ligases that contain

all the substrates in the group were labeled as leading E3 ligases of the group. We re-
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analyzed all the data using the Group mode and identified 127 E3 ligase groups. Then, we
performed correlation analysis of all the E3 ligase groups in distance matrix. The data
clearly showed that MARCHFS5 and PARKIN shared the most similar activation profiles
(Figure 2-7b). This finding confirmed that MARCHFS5 was also activated during
mitochondrial depolarization, which agrees well with the previous finding that PARKIN-

dependent ubiquitination targets MARCHFS for translocation and activation',
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Figure 2-6 E3 ligase co-activation profiles across all experiments involved in the
mitochondria depolarization study. The P value enrichment of E3 ligases across 73
groups of experiments were -In transformed. Only E3 ligases that were enriched (P <0.05)

in at least one experiment were included in this heatmap.
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Figure 2-7 Regulation networks between four E3 ligase, PARKIN, MARCHFS,
AMFR and FZR1 in the PARKIN study.(a) Interaction network of four E3 ligases and
their substrates found in the mitochondria depolarization experiments. Blue square
represents E3 ligases, circle represents substrates, edge represents Enzyme—substrate
Interaction (ESI), size of circles indicates the number of groups (out of 73 experimental
groups) this substrate being quantified and used for the corresponding E3 ligase activity
analysis, and the color of the circle indicates the difference in average log2 quantification
ratio between the substrate ratio and the group average. (b) Correlation matrix and heatmap
of leading E3 ligase activity profiles from all experiments. Color gradient represents 2-D
Euclidean distance (Dist) between a pair of leading E3 ligase activity profiles. Only E3

ligases with P <0.2 in at least one experiment were included.
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2.3.5 Apply UbE3-APA Model to DIA Dataset

To further explore the usage of our UbE3-APA model, we applied it to two recently
published quantitative ubiquitylome studies based on DIA analysis. The first study
explored how the ubiquiyltome was associated with the TNF signaling pathways'®> by
treating cells with or without TNF. We collected site-specific intensities of all replicates in
the treated group and mock group and calculated the intensity ratios between TNF treated
and mock treated cells. Then we performed UbE3-APA analysis on the protein level in the
grouped mode. The activity profiling analysis revealed several distinct up- and down-
regulated E3 ligases under TNF treatment (Figure 2-8). Among these up-regulated E3
ligases, TRAF2 and TRAF6 were members of tumor necrosis factor receptor-associated

factors whose ubiquitination activity was crucial in the TNF signaling pathways'*. In
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Figure 2-8 E3 ligase activation analysis based on the ubiquitination dynamics between

TNF treated and mock treated cells in the TNF study

addition, our analysis also identified up-regulation of activity for RNF216, SOCS3 and

down-regulation of activity for MIB1 and FBXO33.

The second study investigated the ubiquitylome changes in response to the inhibition of

deubiquitinase USP7 by siRNA knockdown or chemical inhibitor such as FT671¢. We
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extracted their DIA-based ubiquitylome data under these four conditions: siCTRL+DMSO,
siCTRL+FT671, siUSP7+DMSO and siUSP7+FT671 and then calculated the ratio
difference between FT671 and DMSO treatments under either siCtrl background or siUSP7
background. Analyzing the two pairs of ubiquitylome datasets with UbE3-APA revealed
differential activation profiles of E3 ligases upon the FT671 treatment with siUSP7
background or siCTRL background (Supp Figure 2-1). In agreement with the findings in
the published study, more E3 ligases showed altered activity profiles upon FT671 treatment
but these activity changes were attenuated under siUSP7 background, suggesting that

FT671 treatment was specific in targeting USP7 activity in cells.

2.4 Discussion

Advances in quantitative proteomics have enabled large-scale profiling of ubiquitination
substrates, also known as the ubiquitylome. Application of quantitative proteomics in
ubiquitylome analysis revealed the key ubiquitination targets in the biological processes
and determined the downstream signaling pathways that were most significantly affected
by the ubiquitination process. Yet, few studies systematically examine the upstream
regulatory pathways of ubiquitination. Analysis of regulatory enzyme activities has been
largely limited to a few well-selected targets of each enzyme. Recent advances in the
collection and biological validation of E3 ligase—substrate database provide a great
opportunity to use ubiquitylome quantitative analysis as an activity-readout to profile the

ubiquitin E3 ligases.

In this study, we developed a statistical framework and workflow to identify the ubiquitin

E3 ligase activity in a high-throughput and unbiased manner. This open-source python
47



package enabled effective profiling of E3 ligase activities through robust statistical analysis
based on quantitative ubiquitylation results. In the case study of SPOP E3 ligase
ubquitylome analysis, our model correctly validated the SPOP activity upon the
overexpression of SPOP WT and mutant forms with various activity. Application of our
workflow to analyze the ubiquitylome dynamics upon mitochondria depolarization
confirmed that activation of PARKIN E3 ligases under various conditions and
unexpectedly discovered the role of proteasome inhibition on PARKIN activation. Our
statistical framework allowed us to collect the E3 ligase activity profiles across multiple
conditions. Application of our workflow to profile 73 quantitative ubiquitylome analysis
enabled clustering analysis of E3 ligases across the experimental conditions and revealed
the co-activation of PARKIN and MARCHFS5 upon mitochondrial depolarization. Our
methods were further applied to two studies with DIA ubiquitomes, and in both case studies,
E3 ligases related with the treatment proved by previous papers were revealed by our model

through activation profile changes.

The statistical framework described in this study can be generally applied to other PTM
pathway analysis. We have recently applied the workflow and developed Kinase Activity
Profiling Analysis (KAPA) to identify iron deficiency induced activation of AMPK
pathway in neuronal cells'®’. Our study demonstrated that it is possible to apply statistical
analysis workflow to systematically profile E3 ligase activity. However, we also recognize
that efficient analysis of E3 ligase activity in a system-wide manner is limited by several
factors. First, the number of E3 ligase—substrate interactions in our knowledgebase is still

limited compared to other PTMs such as phosphorylation and acetylation. Our integrated

48



database from various sources contained 2354 gene-level interactions of humans in total,
which is quite small comparing to 13 855 gene-level interactions between phosphorylation
sites and kinases collected by PhosphoSitePlus in human'®®, Continued effort in the high
throughput discovery of E3 ligase and substrate interaction is needed to expand the
knowledgebase for more reliable and confident analysis of upstream regulatory enzyme

activities.

Secondly, although current high throughput proteomics have allowed in-depth
quantification of ubiquitylome in single experiment, the data-dependent analysis (DDA)
often suffers from limited reproducibility and reduced quantification precision. For
example, in our analysis of mitochondria depolarization ubiquitylome study, for E3 ligase
FZR1 and AMFR, they have 56 and 14 substrate proteins respectively based on our ESI
database, but only 10 and 4 substrates were found at least once in all 73 groups of
experiments. Therefore, their activity profiles were affected by the shared substrates with
PARKIN. If more substrates were reproducibly quantified, the analysis profiles of the two
E3 ligases could be more accurate and informative. Application of DIA for ubiquitylome

analysis as we demonstrated in our study will certainly help address this challenge!*>.

Lastly, currently E3 ligase and substrate interaction database has been largely based on the
protein-level and there is limited knowledge on the site-specificity of ubiquitination
regulatory pathways comparing to the knowledge on the kinase-phosphorylation regulatory
network. Lack of site-specific regulation information presents a challenge to reveal
potential regulatory enzyme activities on overlapping protein substrates but on distinct

target sites., making it less precise compared to other well-studied PTMs based on the
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regulatory network between enzymes and sites, for example, phosphorylation and
acetylation. It requires the continued development technologies to identify major enzyme
target sites in the ubiquitination pathway. Future updates of the program will include an
updated E3 ligase—substrate interactions database with the potential for site-specific

enzyme activity analysis.
2.5 Materials and Methods

2.5.1 Collecting E3—substrate Interactions

We integrated ubiquitin E3 ligases and substrates relationship data from the following three
sources: UbiBrowser'®, Ubinet'®>'”® and a multidimensional database collection'®®.
UbiBrowser is an extensive database that collects interactions between E3 ligases and
substrates. They incorporate E3—substrate interactions (ESIs) from both literature manual
curations and predictions, which were based on a set of biological features and Bayesian
models, in their database. Another online platform that updated recently, Ubinet, focuses
on ESI collection, prediction, and visualization across different species. They predicted
ESIs based on the substrate specificity of E3 ligases extracted from experiment verified
interactions. To characterize the interaction network between E3 ligases and their substrates,
the Chen group collected ESIs from a variety of sources: E3net!'®®, hUbiquitome'?’,
Uniprot*®, and BioGRID?!. They collected ESIs directly from the first two sources, and
they gathered the interaction between E3 ligase and proteins in the last two databases
through data mining and selected those physical interactions supported by low throughput

methods. By integrating the Ub E3-substrate interaction network from these three

resources, we established the database for Ub E3 ligase activity profiling analysis
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(Supplementary Table S2). Only the interactions that were supported by literature from all
sources above were integrated into our database. Those interactions solely supported by

prediction models were not included.

2.5.2 Algorithm Development for Ubiquitin E3 Ligase Activity Profiling Analysis

The E3 ligase activity analysis model profiles E3 ligase activities based on a bootstrapping
procedure by evaluating the difference between the quantitative ratios of E3 ubiquitination
targets and the overall background. Firstly, the program collects the quantitative ratios of
identified ubiquitination sites and proteins from proteomics analysis. To normalize the site-
specific ubiquitination ratios for statistical analysis, the program offers two options—
computationally normalized values or protein-normalized values. Computationally
normalized ubiquitination ratios are often provided by the quantification software. For
example, MaxQuant provides normalized site-specific ubiquitination ratios based on the
median ratios of all quantified sites. To obtain protein-normalized ubiquitination ratios, the
program will fetch the original ratios of both the ubiquitination sites and their
corresponding ubiquitination proteins. The protein quantification ratios should be
calculated excluding ubiquitinated peptides. The protein-normalized ubiquitination site
ratios are calculated by dividing the original site ratios by the original ratios of the
corresponding proteins. The normalized site-ratios are then log2 transformed for
downstream analysis and averaged to generate the quantification ratios of ubiquitination

protein substrates.

Secondly, based on the integrated ubiquitin E3 ligase—substrate database, the program

iteratively analyzes each E3 ligase and extracts all substrates quantified for each E3 ligase
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in the quantitative datasets. Then, for each E3 ligase, the program collects the total number

of quantified targets and the average quantification ratios of its targets.

Thirdly, the program performs randomized selection from the quantification datasets. At
this point, the program offers two options for enrichment testing—protein-level profile
analysis and site-level profile analysis. For protein-level profile analysis, the program
randomly selects the same number of ubiquitylation proteins as the number of targets for a
specific E3 ligase and then computes the average quantification ratios of selected
ubiquitination proteins. For site-level profile analysis, the program randomly selects the
same number of ubiquitylation sites as the number of sites quantified for known targets of
a specific E3 ligase and then computes the average quantification ratios of selected
ubiquitination sites. The random selection process is repeated various times for every E3
ligase for parameter optimization and the data analysis in this study was performed with

10 000 repeats.

Lastly, the average ratios of randomly selected groups of ubiquitination proteins or sites
were fit into a normal distribution based on the central limit theorem. Based on this
distribution, the program calculates the statistical significance for the averaged ratio of the

E3 ligase protein targets or sites quantified in the dataset using the formula below.
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Here, § stands for the average quantification ratios of ubiquitination substrate proteins or
sites quantified for a given E3 ligase in the dataset, 7 stands for the average ratio of one
group of randomly selected proteins or sites, o7 stands for the standard deviation for the
distribution of all the average ratios of randomly selected groups of ubiquitination proteins

or sites, z stands for z-score and p stands for the P-value.

The program outputs tab-delimited results in text format. To generate a more concise output
file, the program offers the option to group E3 ligases. The grouping is helpful as some E3
ligases share ubiquitination targets and depending on the analysis depth, not all targets are
quantifiable in the datasets. E3 ligases are grouped together with the leading E3 ligases
have all the ubiquitination substrates in this group while the remaining E3 ligases in the
group only accounts for a subset of the ubiquitination substrates in the group with no unique
substrates. In this way, users can filter out E3 ligases that have no unique substrates but get
enriched because of a few common substrates as shown in our analysis result, and therefore,
put more emphasis on the E3 ligases whose activity profiles dominate the ubiquitination
dynamics. The workflow was written into a python package, and can be accessed from

either PyPI, the standard way of installing python package or our GitHub webpage.

2.5.3 Analysis of Large-scale Quantitative Ubiquitylome Proteomics Datasets

We benchmarked our algorithm using two published global ubiquitylome analysis. First,
we collected original ubiquitylation ratios generated by two studies. One study focused on
how SPOP-mutant affects ubiquitylome and prostate cancer'®?. From this study, we
collected the protein-normalized median log?2 ratio of quantified ubiquitination site under

each experimental condition. The other one focused on the relation between mitochondrial
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depolarization and PARKIN-dependent ubiquitylome'®!. In this study, we collected the
log2 site ratios of quantified ubiquitination site under each experimental condition. Second,
we reorganized original data into different tables according to experimental groups
described in literature. In this way, the SPOP related data was reorganized into six groups,
containing two of mutant-control, mutant-wild-type, and mutant-wild-type each.
Meanwhile, the PARKIN-related data was reorganized into 73 groups of experiments
treated with different chemicals or with various genetic backgrounds. Thirdly, the protein-
level UbE3-APA analysis was applied to profile E3 ligase activities in both studies.
Ubiquitin site ratios from both studies were log2 ratios, so we analyzed them directly
without further log transformation. For the PARKIN study, the grouped protein-level
analysis was performed. In the group mode, the E3 ligases in the results were clustered
when they are sharing the same set of quantifiable targets and the E3 ligase that has the
greatest number of quantifiable substrates in the group was defined as the leading E3 ligase.
Correlation of E3 ligase profiles between each pair of experiments was calculated with the

two-dimensional Euclidean distance between E3 ligase activity profiles in experiments.

We further applied our model to two recently published ubiquitylome studies with data-
independent acquisition (DIA) analysis. First, we gathered original ubiquitylation
intensities generated by two studies. One study explored how tumor necrosis factor (TNF)
treatment affects ubiquitylome'®®>. And we collected the average log2 intensities of
quantified ubiquitination site of treated group and mock group from this study respectively.
The other study investigated ubiquitylome changes under USP7 inhibition with chemical

inhibition and knockdown methods?*?. In this study, we collected the average log2 site

54



intensities of quantified ubiquitination site under each experimental condition respectively.
Second, we reorganized original intensity data into ratios by comparing different treatment
groups described in literature. In this way, we calculated the Treated/Mock ratios in TNF
treatment study. And we calculated siCTRL+FT671/siCTRL+DMSO and
siUSP7+FT671/siUSP7+DMSO in the USP7 study. Lastly, we applied protein-level UbE3-

APA analysis for both studies in the grouped mode.

2.5.4 Model Accessibility and Utility

We packed the whole UbE3-APA model into a python3 library on PyPI to make it
accessible. And the most direct way of installing the library is executing the pip command
from a python console. For Unix/macOS/Windows users, use ‘python -m pip install

ube3 apa’ for installation.

The main function that performs that analysis is e3enrich. It takes two tables and a set of
parameters as standard input. The first of two tables is the site ratio table which records the
protein ID, the site position and site ratio of every ubiquitylation site in this experiment.
The second one, the protein ratio table, contains information about protein ID and the ratio
of different proteins instead of sites. The input of this table is optional and triggers
normalization of site ratio by corresponding protein ratio. Other parameters can be
modified to fit different types of protein ID inputs, change the directory that results are

generated and select various output formats based on research focus.

All related files including the code, the E3 ligase substrate dictionary, example input files
were also uploaded to GitHub, which can be downloaded from the following link:

https://github.com/Chenlab-UMN/Ub-E3-ligase-Activity-Profiling-Analysis.
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3.1 Summary

Proline hydroxylation (Hyp) regulates protein structure, stability, and protein—protein
interaction. It is widely involved in diverse metabolic and physiological pathways in cells
and diseases. To reveal functional features of the Hyp proteome, we integrated various data
sources for deep proteome profiling of the Hyp proteome in humans and developed HypDB
(https://www.HypDB.site), an annotated database and web server for Hyp proteome.
HypDB provides site-specific evidence of modification based on extensive LC-MS
analysis and literature mining with 14,413 nonredundant Hyp sites on 5,165 human
proteins including 3,383 Class I and 4,335 Class II sites. Annotation analysis revealed
significant enrichment of Hyp on key functional domains and tissue-specific distribution
of Hyp abundance across 26 types of human organs and fluids and 6 cell lines. The network
connectivity analysis further revealed a critical role of Hyp in mediating protein—protein
interactions. Moreover, the spectral library generated by HypDB enabled data-independent
analysis (DIA) of clinical tissues and the identification of novel Hyp biomarkers in lung
cancer and kidney cancer. Taken together, our integrated analysis of human proteome with
publicly accessible HypDB revealed functional diversity of Hyp substrates and provides a

quantitative data source to characterize Hyp in pathways and diseases.
3.2 Introduction

Proline hydroxylation (Hyp), first discovered in 1902, is an important protein
posttranslational modification (PTM) pathway in cellular physiology and metabolism?%*-
206 As a simple addition of a hydroxyl group to the imino side chain of proline residue, the

modification is found to be evolutionarily conserved from bacteria to humans. In
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mammalian cells, Hyp is largely mediated through the enzymatic activities of 2 major
families of prolyl hydroxylases—collagen prolyl 4-hydroxylases (P4HAs)*72% and

210214 while there

hypoxia-induced factor (HIF) prolyl hydroxylase domain (PHD) proteins
are no known enzymes capable of removing protein-bound Hyp yet. Since the activity of
prolyl hydroxylases depends on the cellular collaboration of multiple co-factors, including
oxygen and iron, as well as several metabolites, such as alpha-ketoglutarate, succinate, and

ascorbate, the Hyp pathway is an important metabolic-sensing mechanism in the cells and

tissues.

The most well-characterized Hyp targets are collagen proteins and HIFa family of
transcription factors. Hyp on collagens mediated by P4Hs is critical to maintaining the
triple-helical structure of the collagen polymer and enabling the proper protein folding after
translation. Indeed, adding an electronegative oxygen on the proline 4R position promotes
the trans-conformation and stabilizes the secondary structure of collagen®®. Inhibition of
collagen Hyp destabilizes the collagen and prevents its export from the ER, therefore
inducing cell stress and death?!>2!7. HIFa transcription factors are essential to mediate
hypoxia-response in mammalian cells?'®??°, Hyp of HIFa proteins mediated by PHD
proteins under normoxia condition is recognized by pVHL in the Cullin 2 E3 ligase
complex, which leads to rapid ubiquitination and degradation of HIFa proteins??!-?%,
Hypoxia condition inhibits HIFa Hyp and degradation, enabling the transcriptional

activation of over 100 hypoxia-responding genes®** 2%,

In the past two decades, numerous studies driven by advances in mass spectrometry-based

proteomics technology have reported the identification and characterization of diverse new
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Hyp targets and the important roles of the modification in physiological functions*?¢2!,

Hyp has been well known to affect protein homeostasis and the classic example is the PHD-
HIF-pVHL regulatory axis. A similar mechanism also regulates the turnover of diverse key
transcriptional, metabolic, and signaling proteins, including B2AR, NDRG3, ACC2, EPOR,
G9a, and SFMBT1, etc.?3223¢, In addition to pVHL-mediated protein degradation, Hyp
also regulates substrate degradation by affecting its interaction with deubiquitinases. For
example, the hydroxylation of Foxo3a promotes substrate degradation by inhibiting the
interaction with deubiquinase Usp9x, and hydroxylation of p53 enhances its interaction
with deubiquitinases Usp7/Uspl10 to prevent its rapid degradation?”-**®, P4H-mediated
Hyp has also been known to regulate the stability of diverse substrates including AGO?2
and Carabin?*°*. In addition to protein degradation, Hyp can also affect protein—protein
interaction to regulate signaling and transcriptional activities. For example, PKM?2
hydroxylation promotes its binding with HIF1A for transcriptional activation, Hyp of AKT
enhances the interaction with pVHL to inhibit the kinase activity of AKT, and PHDI-
mediated hydroxylation of Rpb1 is necessary for its translocation and phosphorylation®*!~
244 More recently, TBK1 hydroxylation was identified and found to induce pVHL and
phosphatase binding, which decreases its phosphorylation and enzyme activity, while the
loss of pVHL hyperactivates TBK1 and promotes tumor development in clear cell renal

cell carcinoma (ccRCC)?>**%.

Despite these advances, there is a lack of an integrated and annotated knowledgebase
dedicated to Hyp, which underappreciates the functional diversity and physiological

significance of this evolutionarily conserved metabolic-sensing PTM pathway. To fill the
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knowledge gap, we developed a publicly accessible Hyp database, HypDB
(http://www.HypDB.site) (Supp Figure 3-1). The development of the HypDB provides 3
main features—first, a classification-based algorithm for confident identification of Hyp
substrates; second, integrated resources based on exhaustive manual literature mining,
large-scale LC-MS analysis, and curated public database; and third, a collection of a large
spectral library for LC-MS-based site-specific identification from a variety of cell lines and
tissues. Furthermore, stoichiometry-based quantification of Hyp sites allows quantitative
comparison of site abundance across various proteins and tissues, and the extensively
annotated Hyp proteome enables deep bioinformatic analysis, including network
connectivity, structural domain enrichment, and tissue-specific distribution study. The
online database system allows the community-driven submission of LC-MS datasets to be
included in HypDB annotation and the direct export of precursor and fragmentation with
spectral library that enables the development of targeted quantitative proteomics and data-
independent analysis workflow. We hope that the HypDB will provide critical insights into
the functional diversity and network of the Hyp proteome and aid in further mechanistic
studies on the physiological roles of the metabolic-sensing PTM pathway in cells and

diseases.

3.3 Results

3.3.1 Database Construction and Analysis Workflow

To construct a bioinformatic resource for metabolic-sensing Hyp targets, we developed
HypDB, a MySQL-based relational database on a public-accessible web server (Figure 3-1

and Supp Figure 3-2). It was constructed based on 3 main resources to comprehensively
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annotate human Hyp proteome (Figure 3-1). First, manual curation of literature through
PubMed (searching term: “proline hydroxylation” and time limit between 2000 and 2021)
was performed by 2 independent curators, which yielded 1,287 research journal articles.
Site identification was extracted from each journal article, and its corresponding protein
was mapped to UniProt protein ID if possible. Manual curation of the research articles
focused on the sites that were biochemically investigated with multiple evidence including
mass spectrometry, mutagenesis, western blotting as well as in vitro or in vivo enzymatic
assays. Analyzed Hyp site identifications were then matched against the existing data in
the database to reduce redundancy. Second, the database included extensive LC-MS-based
direct evidence of Hyp site identifications based on the integrated analysis of over 100 LC-
MS datasets of various human cell lines and tissues (see Experimental methods). The
datasets were either downloaded from publicly accessible server or produced in-house.
Each dataset was analyzed through a standardized workflow using MaxQuant search
engine, and the Hyp site identifications were filtered and imported into the HypDB with a
streamlined bioinformatic analysis pipeline specified in detail below. Our collection of MS-
based evidence of Hyp identifications from cell lines and tissues likely revealed a
significant portion of Hyp sites that can be potentially identified by deep proteomic analysis
as evidenced by our observation that the rate of unique Hyp site addition from each dataset
decreased significantly despite the increased collection of datasets in the database (Supp
Figure 3-2B). Third, the HypDB also integrated Hyp identification annotated in the public

UniProt database. For better clarification, the database records indicate whether the site
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was uniquely reported by the UniProt database or by both UniProt annotation and evidence

from large-scale LC-MS analysis.
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Figure 3-1 Workflow of establishing HypDB database and webserver. HypDB was
constructed through deep proteome profiling analysis of human tissues and cell lines,
manual literature mining, and integration with UniProt data source. Classification-based
algorithm was applied to extract confident identifications, and site-specific bioinformatic
analysis with stoichiometry-based quantification revealed the biochemical pathways
involved with human Hyp proteome. MS-based Hyp library further enabled DIA-MS
quantification of Hyp proteome in cells and tissues. DIA, data-independent acquisition;

Hyp, proline hydroxylation.
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We implemented stringent criteria for data importing and classification from LC-MS-based
identifications. To import data into the HypDB, LC-MS-based identification of Hyp site
from database search analysis was first analyzed by a classification-based algorithm to
determine the confidence of Hyp site identification and localization (Figure 3-2A). The
classification was performed using the best scored MS/MS spectrum of a Hyp site in each
dataset analysis. The algorithm classified Hyp identifications that can be exclusively
localized to proline residue based on consecutive b- or y-ions as Class I sites. The algorithm
classified the Hyp identifications that cannot be exclusively localized based on MS/MS
spectrum analysis but can be distinguished from 5 common types of oxidation artifacts
(methionine, tryptophan, tyrosine, histidine, phenylalanine) mainly induced during sample
preparation as Class II sites. Other Hyp identifications that were reported by the MaxQuant
database search software (with 1% false-discovery rate at the site-level and a minimum
Andromeda score of 40) were grouped as Class III sites. We further developed a site-
localization score using the relative intensities of key fragment ions to index the level of
confidence in site localization with MS/MS spectrum analysis for Class I and Class II sites
(Experimental methods). Each dataset was analyzed by the classification algorithm
separately, and the best classification evidence for each Hyp site was selected and reported
on the HypDB website to indicate the confidence of site localization. The classification-
based algorithm provides the specificity and reliability required for an accurately annotated
database while maintaining all possible identifications as searchable records. And the
localization credit score distribution of Class I and Class 11 sites were shown in Supp Figure

3-2C-D.
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Figure 3-2 Substrate diversity of the human Hyp proteome. (A) Illustration of
classification-based algorithm to identify confident Hyp sites. (B)Venn diagram of Class I,
I, IIT Hyp sites identified from MS analysis and manually curated UniProt sites. (C) PTM
regulatory enzymes identified as Hyp substrates. (D) Kinase tree classification showing the
distributions of kinases as Hyp substrates in different kinase families, including AGC
(named after PKA, PKG, PKC families)), CAMK (leaded by calcium/calmodulin-
dependent protein kinases), CK1 (cell kinase 1), CMGC (named after CDKs, MAPK, GSK,
CLK families), STE (homologs of the yeast STE counterparts), TK (tyrosine kinases), and
TKL (tyrosine kinase-like). (E) Hydroxyproline proteins that interact with EGLNI1. (F)
Hydroxyproline proteins that interact with PAHA2. Hyp, proline hydroxylation; PTM,

posttranslational modification.

To evaluate the site-specific prevalence of Hyp, a stoichiometry-based quantification
strategy was integrated into the analysis workflow using the previously established
principles??°24. Briefly, the Hyp stoichiometry was calculated by dividing the summed
intensities of the peptides containing the Hyp site identification with the total intensities of
the peptides containing the same proline site in the dataset. HypDB recorded all available
site-specific Hyp stoichiometry analysis from various cell lines and tissues, which allowed
site-specific quantitative analysis of modification abundance across cell and tissue types.
And the median stoichiometry of all stoichiometry measurements for any specific site was

calculated and reported on the HypDB website.
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To further explore the functional association of Hyp proteome, several bioinformatic
annotation strategies were integrated into the analysis workflow as a part of the data
importing process. These stand-alone workflows include evolutionary conservation
analysis, solvent accessibility analysis, and protein—protein interface analysis.
Evolutionary conservation analysis compared the conservation of Hyp sites with other
proline sites on the same protein and performed a statistical test to determine if the Hyp
site is more evolutionarily conserved than non-Hyp sites. Solvent accessibility analysis
analyzed the sequence of the substrate protein with DSSP package and calculated the
likelihood of solvent accessibility for each Hyp site. Protein—protein interaction interface
analysis extracted the domain interaction residues from the 3DID database based on PDB
structure analysis and matched them against the Hyp site in the database to identify the
Hyp site that is localized in the interface and more likely to interfere with protein—protein

interaction.

All information above was integrated into several tables and linked through foreign keys
as the schema in Supp Figure 3-2A. Complete information on all Hyp sites was organized
in 2 major tables including a redundant site table , which stored all Hyp sites identified in
different tissues and cell lines including annotated MS/MS spectra, site-specific abundance
and sample source information, and a nonredundant site table which merged the LC-MS-
based evidence from different sources at the site-specific level and also integrated with the

sites collected from UniProt and manual curation of literatures.
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3.3.2 Validation of the Hyp Site Classification Strategy

To validate our classification-based strategy for confidence Hyp site identification, we
performed comparative analysis of Hyp site identifications from each class with manually
curated UniProt Hyp identifications. Our analysis showed that the Class I sites alone
covered over 60% sites annotated in the UniProt, and a combination of Class I and II sites
covered about 63% of the UniProt sites, while very few UniProt annotated sites overlapped
with the Class III sites (Figure 3-2B), suggesting that our Hyp site localization and
classification algorithm allowed the collection of highly confident Hyp identification and
significantly improved the reliability of LC-MS-based Hyp site analysis. To further probe
the current state of the Hyp proteome, we performed extensive bioinformatic analysis for
functional annotation of the Hyp proteome based on more confident Hyp site identifications
in HypDB, which excluded Class III only Hyp sites whose LC-MS evidence cannot

distinguish them from potential oxidation artifacts.

3.3.3 Mapping Human Proline Hydroxylation Proteome

HypDB currently collected 14,413 nonredundant Hyp sites out of 59,436 Hyp site records
through large-scale deep proteomics analysis of different tissue, cell lines, manual curation
of literatures, and integration with UniProt database. Among 14,413 nonredundant Hyp
sites, 3,382 sites were categorized as Class I sites, 4,335 sites were categorized as Class 11
sites, and 6,432 were categorized as Class III sites (Figure 3-2B). In addition, the database
contained 55 sites from literature mining and 209 sites that were integrated from the
UniProt database. We applied enrichment analysis with Gene Ontology molecular function
annotation and found that Hyp substrates are widely involved in diverse cellular activities,
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from nucleotide binding and cell adhesion to enzymatic activities such as oxidoreductase
and ligases (Supp Figure 3-3). Excluding Class III Hyp sites, we identified a total of 113
kinases (260 sites), 32 phosphatases (59 sites), 23 E3 ligases (47 sites), and 9
deubiquitinases (19 sites) as Hyp substrates (Figure 3-2C). Statistical analysis showed a
specific enrichment of kinases in Hyp proteome (p = 0.037), suggesting a potentially broad
crosstalk between Hyp and kinase signaling pathways (Figure 3-2D). Comparing Hyp
substrates with the interactome of prolyl hydroxylases in BioGRID**’, we identified 22
Hyp proteins with 68 sites that were known to interact with EGLN1/PHD2, 17 Hyp proteins
with 34 sites that were known to interact with EGLN2/PHDI1, 416 Hyp proteins with 861
sites that were known to interact with EGLN3/PHD3, 58 Hyp proteins with 156 sites that
were known to interact with PAHA1, 31 Hyp proteins with 296 sites that were known to
interact with PAHA2, and 26 Hyp proteins with 66 sites that were known to interact with
P4HA3 (Figure 3-2E-F). The numbers of Class I, Class II Hyp sites, and Hyp proteins that

interact with each prolyl hydroxylase were collected in Supp Figure 3-4.

To determine if Hyp site is more accessible to solvent, we collected 3D structures of
proteins from PDBe and UniProt and calculated the relative solvent accessibility (RSA) of
each proline residual on proteins with hydroxyproline sites with the DSSP package?*3*%.
To examine if there is an RSA difference between Hyp sites and non-Hyp sites on protein
with Hyp sites, we performed a 2-tail t test and found no significant difference in the
distribution of solvent accessibility, suggesting that Hyp does not necessarily target solvent

accessible proline residues (Supp Figure 3-5A). To determine if Hyp targets proline sites

that are more evolutionarily conserved, we performed evolutionary conservation analysis
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through extensive sequence alignment of protein orthologs across species based on
EggNOG database?® and statistically compared the conservation of Hyp sites with the
conservation of all proline on the same protein. Our data showed that about 49% sites were
evolutionarily conserved with statistical significance (p < 0.05) (Supp Figure 3-5B). To
determine if Hyp could play a potential role in domain—domain interactions, we analyzed
data of known domain-based interactions of 3D protein structures from HypDB
nonredundant site database. We identified 168 unique Hyp sites that were located at the
interface of the interaction. These data suggested the potential involvement of Hyp in
directly regulating protein—protein interaction. For example, Hyp at position 14 on
Superoxide dismutase (SODI1) will form a hydrogen bonding with a neighboring chain
GlInl16 in a dimeric structure and potentially promote the stabilization of the dimer (Supp

Figure 3-5C).
3.3.4 Functional Features of Proline Hydroxylation Proteins

We performed GO enrichment tests and other functional annotations on proteins that
contain Class I, I, literature, or UniProt sites (Figure 3-3A). Our analysis revealed that Hyp
substrates are highly enriched in metabolic processes such as response to toxic substances
(p < 1072%) and organic cyclic compound catabolic process (p < 10'%), mRNA splicing (p
< 1072%) and structural functions such as NABA collagens (p < 10%), supramolecular fiber
organization (p < 10~*!), and cell morphogenesis involved in differentiation (p < 10~'%). To
determine if the Hyp proteome prefers to be involved in protein—protein interactions, we
extracted a human protein interaction database from STRING with a cutoff score of 0.7,

and then, extracted all the interactions containing two Hyp proteins based on the STRING
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database. Based on these data, we performed network connectivity analysis by comparing
the number of interactions of Hyp proteins with the distribution of the number of
interactions from randomly selected human proteins with 10,000 times of repeats. Our data
showed that Hyp substrates are significantly involved in the protein—protein interaction
network (p < 0.0001) (Figure 3-3B). We further performed protein complex enrichment
analysis using manually curated CORUM database, and our analysis showed that Hyp
proteome is significantly enriched with many known protein complexes (Supp Figure 3-6),
such as TNF-alpha/NF-kappa B signaling complex 6 (Supp Figure 3-7A), TLEI
corepressor complex (Supp Figure 3-7B), DGCRS8 multiprotein complex (Supp Figure
3-7C), Nop56p-associated pre-rRNA complex (Supp Figure 3-7D), and PA700-20S-PA28
complex (Supp Figure 3-7E), suggesting that Hyp targets proteins in multiple pathways
that affects signaling and gene expression. Using MCODE clustering analysis, we extracted
significantly enriched clusters from Hyp proteome interaction network, and these highly
connected clusters of Hyp substrates suggested that Hyp targets important cellular activities
including regulation of mRNA splicing, hypoxia response, and focal adhesion (Figure

3-3C-E).
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Figure 3-3 Gene enrichment and connectivity analysis of HypDB. (A) Interaction
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proteins. (C) Hydroxyproline proteins enriched in the regulation of RNA splicing. (D)
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3.3.5 Structural and Motif Features of Proline Hydroxylation Sites

We analyzed the local sequence context around Hyp sites (excluding Class III sites) using
the MoMo software tool?’!. As we expected, Hyp sites with PG motif and GPPG motif
were highly enriched (p < 107!°) which is characteristic for collagen protein families
(Figure 3-4A and Supp Figure 3-8A). In addition to collagen, we identified 33 proteins with
similar motif to collagen, and these proteins may be potential substrates of prolyl-4-
hydroxylases. Other than the collagen-like motif, we also identified CP motif (p < 107)
(Figure 3-4A), and proteins containing CP motifs are highly enriched in focal adhesion
(FDR < 0.05). To remove the high background of sites with collagen-like Hyp motifs, we
filtered out sites with local sequence contexts in PG motif. Our re-analysis identified that
acidic amino acids were enriched at the +1 position to form PD motif (Figure 3-4A). PD
motif containing proteins were highly enriched in metabolic pathways (FDR < 0.05). The
number and proportion of Hyp sites represented in the HypDB proteome that appeared in
the motifs above are shown in Supp Figure 3-8B. As Hyp sites may have crosstalk with
other protein, our analysis revealed 2,386 phosphorylation sites and 535 ubiquitination sites

that have been identified very close to the Hyp sites (Supp Figure 3-8C).
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Figure 3-4 Motif and protein feature analysis of HypDB. (A) Motif enrichment analysis
with the flanking sequences of Hyp sites identified PG, GPPG and CP motifs (adj p < 107°)
and repeated analysis with the flanking sequences of Hyp sites after filtering out PG motif
sequences identified PD motif (adj p < 107°). (B) Secondary structure enrichment of Hyp
sites based on PDB protein structures (*p < 0.05). (C) Functional region enrichment
analysis of Hyp sites based on region localizations on proteins in UniProt (***p < 0.001).
(D) Functional domain enrichment analysis of Hyp sites based on domain localizations on

proteins in UniProt (***p < 0.001, **p <0.01).

To determine the structural features of Hyp sites, we extracted all Hyp proteins with known
secondary structures. These proteins contain 2,279 Hyp sites and 27,159 non-Hyp sites on
sequences that have experimentally determined PDB structure. We then classified structure

features into helix, sheet, turn, and non-structure regions and performed statistical analysis
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to compare the secondary structure features of Hyp sites and non-Hyp sites. We found that
Hyp indeed preferentially targets proline residues that are localized in the helix (p < 0.05)
and turn secondary structures (p < 0.05) (Figure 3-4B left panel). Accordingly, we observed

a depletion of Hyp sites outside of a secondary structure feature (Figure 3-4B right panel).

As secondary structures may not fully represent functional structural features, we
developed a similar statistical analysis strategy to determine the site-specific enrichment of
Hyp sites on functional domains or structural regions. In contrast to the traditional domain
enrichment analysis using Pfam or Interpro for protein-level analysis, our strategy enabled
site-specific enrichment analysis of domains or regions based on UniProt annotation.
Application of this strategy revealed diverse known and novel structural features that were
highly enriched with Hyp, such as the triple-helical region, which is characteristic for
collagen protein family (Figure 3-4C). In addition to the triple-helical region, our analysis
revealed more than 10 functional regions and domains that were highly enriched with Hyp,
including p-domain (p < 10°®), NBD domain (p < 10~°), thioredoxin domain (p < 102), and
ferritin-like domain (p < 107%) (Figure 3-4C-D). These data revealed previously unexpected

role of Hyp targeting functional domains in diverse cellular pathways.

3.3.6 Site-specific Stoichiometric Quantification of Hyp Proteome

Compared to relative quantification, stoichiometry analysis measures the prevalence and
dynamics of the modification in a physiologically meaningful manner!'®>**252 Qur mass
spectrometry-based deep proteome profiling enables site-specific quantification of Hyp
stoichiometries across multiple tissues and cell lines. Our data showed that site-specific

abundance of Hyp varies widely from below 1% to nearly 100% with an overall median
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stoichiometry of 7.89% (Figure 3-5A). Indeed, a bulk portion of the Hyp sites have either
very low or very high stoichiometries. To investigate the functional differences between
sites with different stoichiometry, we divided proteins into 5 quantiles based on average
stoichiometry measurement for the same site across all cells and tissues (Figure 3-5B). The
4 cutoffs 5%, 20%, 80%, and 95% were selected so that each quantile contained a similar
number of Hyp sites. We then performed GO enrichment and functional annotation on the
5 quantiles respectively and performed hierarchical clustering with correlation coefficient.
Our data showed that proteins in immune response and neutrophil activation pathways are
enriched with low to medium stoichiometry, and proteins in cell adhesion and system
development are enriched with medium to high stoichiometry (Figure 3-5B). We also saw
a significant enrichment of proteins involved in chromatin assembly and RNA processing
but the stoichiometry of hydroxylation on those proteins seemed to be very low (Figure
3-5B). Combining site-specific functional feature annotation and stoichiometry analysis,
we performed stoichiometry-based clustering of Hyp-targeted functional domains. Our
data showed that ODD region that is known to regulate hydroxylation-mediated protein
degradation of HIFa was enriched with medium stoichiometry, and triple-helical region on
collagen, whose hydroxylation is required for its maturation, was enriched with high
stoichiometry (Figure 3-5C). Furthermore, our analysis revealed stoichiometry-based
enrichment of kinase domains at medium stoichiometry, GATA1 interaction domains at
high stoichiometry, nucleotide-binding domains at low to medium stoichiometry, and

histone-binding domains at low stoichiometry (Figure 3-5C).
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Figure 3-5 Stoichiometry-based functional enrichment analysis of the Hyp proteome.
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proteins (B) and functional region enrichment of Hyp sites on proteins in UniProt (C)

across the 5 quantiles.



3.3.7 Tissue-specific Distribution of Hyp Proteome

The collection of mass spectrometry-based identification of Hyp proteome enabled cross-
tissue comparative analysis. Indeed, at individual protein level, we observed a wide
distribution of Hyp abundance for the same site and between different sites across different
tissue (Figure 3-6A and Supp Figure 3-9). For example, Fibrillin-1 (FBN1) was identified
with 22 Hyp sites of which 17 were Class I or II sites. Hyp1090 on EGF _CA repeat showed
consistent high Hyp stoichiometry (71% to 96%) across 4 different tissues (testis, colon,
heart, and rectum), while Hyp1453 on another EGF CA repeat showed varied Hyp
stoichiometry (3% to 50.5%) across the same 4 tissues (testis, colon, heart, and rectum)
(Figure 3-6A). In another example, 6-phosphogluconate dehydrogenase (PGD) was
identified with 8 Hyp sites with half of them belonging to Class I or II sites. Hyp169 on the
NAD-binding domain showed relatively low stoichiometries in heart, liver, and ovary (7.6%
to 11.6%) but much higher stoichiometries in gut and B cell (21.9% and 75.6%) (Supp
Figure 3-9B). We performed pathway enrichment analysis of Hyp and clustering of the
enrichment across the tissues. Our data showed that Hyp proteome varied dramatically in
terms of pathway and abundance among tissues (Figure 3-6B-C). For example, in lung, the
Hyp proteome is mainly involved in collagen synthesis and tissue development, and it has
relatively low portion of unique Hyp sites, but in liver, the Hyp proteome is heavily
involved in diverse metabolic and translational processes with many liver specific Hyp
targets (Figure 3-6B-C). Interestingly, clustering analysis showed that tissues sharing
similar physiological functions tend to share similar Hyp profiles and are therefore
clustered together. Testis and ovary, for example, have similar enrichment of Hyp proteins

related to chromosome organization, DNA repair, and other DNA-related metabolic
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processes (Figure 3-6D). Hyp proteomes in urinary bladder and prostate are co-enriched in
regulation of proteolysis and morphogenesis of different tissues. CD4 T cells and CD8 T
cells are enriched with Hyp proteins related to chromatin remodeling and immune system
development. Liver showed a distinctive enrichment pattern compared to other tissues, and
its Hyp proteome is strongly enriched in various metabolic and catabolic processes.
Meanwhile, 4 of these tissues: ovary, testis, liver, and prostate, co-enriched in neutrophil

activation involved in immune response (Figure 3-6D).
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Figure 3-6 Hyp proteome distributions in different tissues. (A) An example showing
varying stoichiometries of Hyp sites across different types of tissue for FBN1 with protein
domains labeled in colored boxes. (B) Correlation plot of Hyp proteins in 5 different
tissues: heart, liver, lung, ovary, and urinary bladder with the size of arc shows relative
number and the purple curved lines showing overlap proteins (C) Heat map of the top 20
enriched functional annotations of the Hyp proteins in 5 tissues. (D) GO biological process
enrichment heat map of the Hyp proteins across 7 tissues. Refer to Sheet A in S2 Table,
Sheet D-E in S8 Table for the underlying data of Fig 6B—6D. CD4, CD4 T cells; CD8, CDS8

T cells; FBN1, Fibrillin-1; Hyp, proline hydroxylation; P, prostate; UB, urinary bladder.
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3.3.8 Data-independent Acquisition (DIA) Analysis of Hyp Targets with HypDB-

Generated Spectral Library

DIA has been developed in the past 10 years as a powerful strategy for reliable and efficient
quantification of proteins and PTM sites®%70:7%:136,157.195.202.253.254 " Oyr extensive collection
of the MS-based evidence for human Hyp sites provided an ideal resource to establish a
DIA workflow for global, site-specific quantification of Hyp targets in cells and tissues. To
this end, our web server has integrated functions for the direct export of annotated MS/MS
identification of Hyp sites for selected proteins, cell line, tissue, or at a proteome scale. The
Export function provided 2 options—exporting the peptide precursor m/z only or exporting
formatted MS/MS spectra. The former option can generate a target m/z list that can be used
as an inclusion list for targeted quantification of Hyp sites on selected proteins or sites. The
latter option can directly generate spectral library used for DIA analysis. Using the Export
function, the current HypDB allowed the generation of a comprehensive Hyp spectral
library in the NIST Mass Search format (msp) consisting of 6,000 precursor ions, 5,307
peptides, representing 7,717 Class 1 and 2 sites from 3,022 proteins. The webserver was
also integrated with the various options for selective exporting. To demonstrate the
applicability of our resource in DIA analysis workflow, we analyzed 2 recently published
large-scale DIA analysis datasets’>>>3. Both datasets applied DIA analysis to quantify

protein dynamics in the multiple replicates of paired normal and tumor samples.

The study by Kitata and colleagues analyzed global protein profiles of lung cancer with 5

pairs of tumor and normal tissues in triplicate analysis for a total of 30 DIA-based LC-MS
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runs>>. As a routine procedure in DIA analysis, we first performed database searching of
data-dependent acquisition (DDA) data in the dataset. Then, using the spectral library
generated from the DDA data in the same study, we performed DIA analysis of all tumor
and normal tissues with replicates. The analysis quantified 1,339 Class 1 and 2 Hyp sites
from Kitata and colleagues’ study (1% FDR). Next, we applied the HypDB-generated
spectral library and repeated the DIA analysis. Our result showed that using the HypDB-
generated spectral library led to more than double the total number of Hyp sites using a
DDA-based spectral library with 3,015 Hyp sites identified while covering more than 83%
of the nonredundant Hyp sites identified using the 2 spectral libraries, suggesting that the
application of the HypDB-generated spectral library was sufficient to cover majority of the
Hyp identifications and significantly increased the sensitivity of Hyp proteome coverage
(Figure 3-7A). DIA analysis with a combined library generated by both HypDB and DDA
identified 3,651 Hyp sites and 1,249 Hyp proteins (1% FDR). To determine the
reproducibility of the quantification, we calculated the distribution of the percentage of
coefficient variance (%CV) for DIA analysis of Hyp sites. Our data showed that %CV
varied between 2% and 15% with a median value around 5% (Figure 3-7B), similar to
the %CV distribution observed in the DIA analysis of proteins and phosphoproteins®*>.
Given the high reproducibility of the quantification, we filtered the Hyp sites with a global
1% g-value cutoff (2,283 sites) and performed hierarchical clustering analysis of Hyp sites
quantified with normalized intensity in tumor and normal lung tissues (Figure 3-7C). Our
data clearly showed that site-specific Hyp quantification was sufficient to cluster and
distinguish tumor versus normal tissue. To identify significantly up- or down-regulated

Hyp sites in tumor tissues, we performed a 2-sample t test and analyzed the data in the
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volcano plot (Figure 3-7D). The analysis allowed us to identify 142 Hyp sites that were
significantly up-regulated and 178 Hyp sites that were significantly down-regulated in
tumor tissue (5% permutation-based FDR). The dynamically regulated Hyp sites showed
strong characteristics that were distinct between tumor and normal tissue. Interestingly, we
observed subtype dependent Hyp dynamics on collagen proteins. Collagen subtypes IV and
VI showed significantly down-regulated Hyp level across multiple sites in tumor samples,
while collagen subtype X showed significantly increased Hyp (Figure 3-7D). Since Hyp
promotes the structural stability of collagens, such changes likely indicated a significantly
increase in stability for collagen X and decrease in stability for collagen IV and VI in lung
cancer tissue compared to the normal tissue. Our finding agreed well with a very recent
publication indicating a pro-metastatic role of up-regulated collagen X in lung cancer
progression?®. In addition, we also identified significant up-regulation of Hyp on
glycolysis enzymes pyruvate kinase (PKM), enolase (ENOI), and autophagy protein
Parkin (PARKY7) in tumor tissue (Figure 3-7D). PAHB, a member of the collagen prolyl 4-
hydroxylase enzyme, also showed significant increase in Hyp (Figure 3-7D), likely due to

increased prolyl 4-hydroxylase activity in lung cancer>®.
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Figure 3-7 Label-free quantification of the Hyp proteome in lung cancer with DIA
analysis. (A) Venn diagram of DIA-based Hyp site identifications using HypDB-generated
library and the library generated by the DDA in Kitata and colleagues study. (B)
Distribution of %CV for Hyp sites quantified with HypDB-generated library, DDA-
generated library, or the hybrid library that combined both sources. (C, D) Hierarchical
clustering (C) and volcano plot (D) of significantly up- or down-regulated Hyp sites in
normal (blue) and tumor (red) tissues in the DIA analysis. (E, F) Significantly enriched GO
biological processes among up-regulated (E) and down-regulated (F) Hyp proteins in tumor

with at least 1-fold change after normalizing with protein abundance changes.
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In another study, Guo and colleagues applied DIA analysis to quantitatively profile kidney
cancer proteome and the dataset consisted of an analysis of 18 normal tissues and 18 tumor
tissues”’. Following the same workflow, we first performed DDA analysis and then applied
DDA-generated Hyp library to quantify Hyp substrates in tissues. The DDA library-based
analysis only quantified 387 Hyp sites from all replicate analysis. Application of the
HypDB-generated spectral library increased the number of Hyp site quantifications by
more than 5 times, identifying 2,510 sites (Supp Figure 3-10A). Our result confirmed that
HypDB-generated library greatly increased the Hyp sequence coverage and analysis
sensitivity. DIA analysis with a combined library generated by both HypDB and DDA
analysis identified 2,556 Hyp sites and 981 Hyp proteins (1% FDR). To test the
reproducibility among replicate tissues, we performed a correlation matrix analysis using
the corrplot package in R. Our data showed that quantitative analysis of Hyp substrates
allowed efficient clustering and segregation of tumor versus normal tissues (Supp Figure
3-10B). After global g-value filtering and intensity normalization, we analyzed 1,160 Hyp
sites across all samples with pair-wise t test, and our analysis identified 12 up-regulated
sites and 24 down-regulated Hyp sites in tumor (5% permutation-based FDR) (Supp Figure

3-10C).

To understand whether the differential abundance of Hyp sites between the normal and
tumor tissues was due to changes in the abundance of corresponding proteins, we compared
the log2 transformed average site ratios to the log2 transformed average protein ratios for

both Kitata and colleagues and Guo and colleagues datasets (Supp Figure 3-11 A-B). We
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found that more than 82% of the Hyp sites in Kitata and colleagues dataset and at least 37%
of the Hyp sites in Guo and colleagues dataset could be quantified with the corresponding
protein abundance. From the correlative analysis between site ratios and protein ratios, we
noticed a certain degree of linearity, suggesting the changes in the abundance of some Hyp
sites were indeed driven by the changes in the abundance of corresponding proteins (Supp
Figure 3-11A-B). We also noticed that a significant portion of Hyp site dynamics did not
correlate with protein abundance changes. To this end, we calculated 95% confidence
interval along the bisector correlation lines that represent equal ratios of Hyp site and
protein abundance changes for all Hyp sites with corresponding protein quantification
ratios. Our analysis showed that 78% of the Hyp sites in Kitata and colleagues dataset and
35% of the Hyp sites in Guo and colleagues’ dataset showed significant deviation in site
abundance changes from the corresponding protein abundance changes (Supp Figure 3-11
A-B). The correlation analysis therefore identified Hyp substrates that showed differential
changes in abundances compared to the corresponding protein abundance changes. We
further extracted only the significantly up- or down-regulated Hyp sites based on DIA
analysis and compared their dynamics with corresponding protein abundance changes
(Supp Figure 3-11C-F). Notably, in Kitata and colleagues dataset, the protein abundance
of COL1A2 and COL14A1 was similar between tumor and normal tissues, while the
abundance of the Hyp sites on each of those proteins were well above or below the 95%
confidence interval (Supp Figure 3-11C,E). The correlation analysis also confirmed the
down-regulation of Hyp abundance on collagen subtypes IV and VI in Kitata and
colleagues lung cancer dataset with the protein-level normalization, while showing that the

up-regulation of Hyp abundance on collagen subtype X in tumor was due to the up-
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regulation of the protein abundance (Supp Figure 3-11C,E). In Guo and colleagues’ dataset,
significantly changed Hyp sites showed good correlation with corresponding protein
dynamics, while the Hyp sites of CRK and TPI1 showed much larger increase or decrease
in abundance compared to those of their total proteins, suggesting differential activities of

the Hyp pathways for each substrate (Supp Figure 3-11D,F).

To reveal the functional significance of up-regulated or down-regulated Hyp substrates in
both datasets, we performed functional annotation enrichment analysis with Hyp substrates
whose site ratios showed at least 1-fold increase or decrease with protein abundance
normalization. Analysis of Kitata and colleagues dataset showed that the biological
processes related to homotypic cell-cell adhesion, coagulation, cell redox homeostasis,
response to interleukin-12, and angiogenesis were significantly enriched among up-
regulated Hyp substrates (Figure 3-7E), while processes related with regulation of gene
expression, neutrophil-mediated immunity, carbohydrate catabolism, collagen metabolic
process, and response to interleukin-7 were significantly enriched among down-regulated
Hyp substrates (Figure 3-7F) (BH corrected FDR < 0.05). The analysis of Guo and
colleagues dataset showed that Hyp proteins up-regulated in kidney cancer were strongly
enriched in KEGG pathways including ECM-receptor interaction, focal adhesion,
glyoxylate/dicarboxylate metabolism, and tryptophan metabolism (Supp Figure 3-10D),
while pathways including biosynthesis of amino acids, fructose/mannose metabolism,
pathgenic E. coli infection and PI3K-Akt signaling were significantly enriched among
down-regulated Hyp proteins in tumor tissue (Supp Figure 3-10E) (BH corrected FDR <

0.05).
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3.4 Discussion

A grand challenge in functional analysis of PTM pathways is the lack of annotation
resources to profile modification substrates and annotate enzyme-target relationships. Hyp
is a key oxygen and metabolic-sensing PTM that governs the cellular programs in response
to the hypoxia microenvironment and micronutrient stress. Earlier studies of Hyp mainly
focused on its role in structural stability and maturation of cytoskeletal proteins such as
collagens. In the past several decades, extensive biochemical studies on HIF pathways as
well as other new Hyp substrates suggests that Hyp is widely involved in regulating
protein—protein interaction, protein stability, signal transduction, metabolism, and gene
expression. Growing evidence has also suggested that specific Hyp pathways play critical
roles in cancer development, metastasis, heart disease, and diabetes. Systematic
categorization and functional annotation of Hyp proteome will provide comprehensive
understanding and important physiological insights into Hyp-regulated cellular pathways
as well as potential therapeutic strategies targeting metabolic-sensing Hyp pathways in

diseases.

To address this need, we developed HypDB, an integrated online portal and publicly
accessible server for functional analysis of Hyp substrates and their interaction networks.
HypDB collected various data sources for comprehensive coverage of Hyp proteome,
including manual curation of published literature, deep proteomics analysis of tissues, and
cell lines, as well as integration with annotated UniProt database. The site-localization and
classification algorithm enabled efficient extraction of confident Hyp substrate

identification from LC-MS analysis. Our identification of highly confident Hyp substrates
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expanded the current annotation of human Hyp targets in UniProt by over 40-fold.
Streamlined data processing and stoichiometry-based Hyp quantification allowed site-
specific comparative analysis of Hyp abundance across 26 human organs and fluids as well
as 6 human cell lines. We collected 14,413 Hyp sites from various origins, and 86% of the
top 500 Hyp sites with the most repeat identifications in various MS datasets were

structural proteins, which matched well with one of its most important molecular functions.

Bioinformatic analysis of the first draft of human Hyp proteome offers critical insights into
the functional and structural diversity of the modification substrates. The analysis not only
revealed diverse cellular pathways enriched with Hyp proteins including mRNA processing,
metabolism, cell cycle, and signaling, but also demonstrated for the first time that Hyp
preferentially targets protein complexes and protein—interaction networks, indicating
important roles of Hyp in fine-tuning protein structural features and mediating protein—
protein interactions. Indeed, analysis of the expanded Hyp proteome with site-level
secondary structure enrichment analysis indicated a significant enrichment of Hyp sites on
the alpha-helix, while site-level enrichment analysis of functional domains and regions
revealed novel protein domain features that are preferentially targeted by Hyp, such as P-
domain, NBD domain, ferritin-like domain, and thioredoxin. These findings suggested
potentially important roles for Hyp-mediated regulation of domain stability or activity that

are worthy of further biochemical investigation.

MS-based analysis of Hyp proteome allows the stoichiometry-based quantification of Hyp
abundance at the site-specific level. By classifying Hyp substrates based on stoichiometry

dynamics, we revealed the enrichment of functional domains and activity with very high
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stoichiometry, indicating that Hyp on those domains may be required for the protein
function, which is similar to collagen. In comparison, the oxygen-sensing ODD domain
was enriched with median stoichiometry and nucleotide, or histone-binding domains were
enriched with low stoichiometry. Such differences may suggest differential activities of
prolyl hydroxylases targeting various functional domains. Comparative analysis of Hyp
stoichiometry across tissues also indicated variations in modification abundance at the site-
specific level. Such variation may be attributed to the differential metabolic and gene

expression profiles in various tissues.

The collection of MS-based identification of Hyp proteome in HypDB established an
annotated spectral library for Hyp-containing peptides that were identified, and site
localized with high confidence. Such extensive spectral library enabled reliable and
sensitive analysis of deep proteomic analysis of human cells and tissues with DIA.
Application of the HypDB-generated spectral library in DIA analysis demonstrated
excellent data reproducibility, significantly improved the coverage of Hyp proteome in
cancer proteome analysis and revealed novel enrichment of Hyp sites that were

significantly up-regulated or down-regulated in cancer tissues.

Although the current edition of HypDB (v1.0) is limited to the human proteome, future
development of HypDB will include Hyp proteome in other species. Comparative analysis
of Hyp targets from diverse species will allow evolutionary conservation analysis of Hyp
sites and identify functionally important Hyp targets in protein structure and activity.

Further application of the HypDB-generated spectral library in tissue analysis will enable
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the discovery of novel Hyp targets in disease animal models or patient samples and

potentially lead to the development of clinically relevant therapeutic strategies.
3.5 Materials and Methods

3.5.1 MS Raw Data Analysis

We collected MS data from the human proteome draft>>’ , deep proteome analysis of human

228246 and Hyp proteome analysis®* as well as IP-

cell lines®*® , PHD interactome analysis
MS analysis of Flag-tagged HIF1A. All MS raw data collected above were searched with
MaxQuant (version 1.5.3.12) against the UniProt human database while having
carbamidomethyl cystine as fixed modification and protein N-terminal acetylation,
methionine oxidation, and Hyp as variable modification. Most of the raw data had trypsin
as the digestion enzyme, while a few samples used other digestion enzymes, for example,
LysC and GluC, based on the experimental procedure of original projects. Maximum
missing cleavage number was set to two and the identification threshold was set at 1% false

discovery rate for concatenated reversed decoy database search at protein, peptide, and site

levels.

3.5.2 Site Localization Classification and Scoring

To filter out low confidence sites, we developed the site localization classification
algorithm. Based on the experience that sites are localized more accurately when more ion
fragments are found in corresponding MS2 spectra helping to localize the modification
mass shift, our algorithm divided sites into 3 classes according to their modification

localization confidence: exclusive localized sites in Class I, sites nonexclusive but
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distinguishable from similar modifications in Class II, and the rest in Class III (Figure

3-2A).

For a site to be classified as Class I site, a pair of b-ions or y-ions separating the proline
from other amino acids must be found to localize it exclusively. In this way, a mass shift
caused by hydroxylation can only occur on that specific proline. And we gave credits to
that ion pair in the scoring function for Class I sites as follows:

_ [min(lbm—l’ Ibm) + min(IYn—1’ Il’n)] *1
Bl Y +XI,

where CS stands for credit score, / stand for intensity of different ion fragments, for
example, I, = stands for the intensity of bm-ion, and / stands for peptide length. We gave
credit to the pair of b-ions and y-ions that localize hydroxylation exclusively. The one with
lower intensity within the pair will be selected, and we calculate the credit score based on

the ratio of their intensities to average ion intensity on the same peptide.

Hydroxylation that cannot be exclusively localized but distinguishable from occurring on
other prion-to-oxidize amino acid residuals are classified as Class I because we can infer
that hydroxylation occurs on proline in this case. As all ions that separate proline from
nearest amino acid may get oxidized easily, we gave credits to all ions that help to separate

them in the scoring function for Class II sites as follows:

(hmllbh yl-1g ) (m+lr 1, +Z )*l
(Zlb+z y)*ll ’ (Elb+z y)*ll

CS = min |

where /[ and Ir for distance between hydroxylated proline and nearest prion-to-oxidation

amino acid residual on the left side and right side. Instead of only giving credit to the pair
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next to the side, for Class II sites, we gave credits to all ions that contributed to separate
Hyp with other prion-to-oxidation amino acid residues. We require that Hyp site contains
at least 1 fragment ion on both left and right flanking sequences excluding terminal
fragment ions. After that, we also calculate the ratio between the average intensity of
selected ions and all ions on both sides, and the credit score is determined by the weaker

side.

Sites that belong to neither Class I nor Class II are classified as Class III sites. There are
chances that Class III sites are Hyp on other positions or other modifications that are
identified falsely. Due to their low credibility, we do not score them and only use more
confident Hyp identifications, which include Class I, Class II, UniProt, and literature sites

for bioinformatic analyses.

3.5.3 Stoichiometry Calculation

We calculate the stoichiometry of each hydroxyproline site according to the total peptide
intensity and modified peptide intensity. For a specific site, we collect all modified and
unmodified peptides that contain this site from MS data. Then, we get stoichiometries by
dividing total modified peptide intensity by total peptide intensity. Site stoichiometries in
different samples are calculated separately, so there might be multiple original
stoichiometries for one site in the same tissue or cell line. We take the average

stoichiometry for analysis in the following steps in this case.
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3.5.4 Statistical Enrichment of Pathways, Functional Annotations, Domains, and

Complexes

We use R packages including “GO.db,” “GOstats,” and “org.Hs.eg.db” to perform
enrichment analysis including Pfam, Kegg, and Gene Ontology—biological processes,
molecular function, and cellular compartment. We collected proteins of Class I, Class II,
UniProt, and literature sites from HypDB and performed a hypergeometric test for each
term in the annotations above. Enrichment significance is log transformed, and we used

Benjamini—Hochberg correction to check the enrichment significance with a cutoff of 0.05.

Meanwhile, we performed enrichment tests by sample and stoichiometry quantiles,
respectively. For sample-specific enrichment tests, proteins with hyp sites discovered in
different tissues and cell lines are analyzed, respectively. While in the other group, we
divided proteins into 5 quantiles according to the average stoichiometry of corresponding
sites across all samples. The stoichiometry ranges for 5 quantiles are [0%, 5%), [5%, 20%),
[20%, 80%), [80%, 95%), and [95%, 100%). We also perform the log transformation and

cluster the samples or quantiles according to the enrichment difference in different terms.

We also used Metascape for functional annotations and visualizations.

3.5.5 Motif Enrichment Analysis

The protein sequences of the proteins represented in HypDB were downloaded from the
UniProt database. In-house Python scripts were written to extract peptides that contained
Hyp sites that passed our stringent filtering criteria. These peptides were extended to the

length of 27 amino acids and centered around the hydroxylated proline residue. The
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prealigned peptides were uploaded to the MoMo (version 5.4.1) web application®!. All
protein sequences that were obtained from the UniProt database were set as the background
for the analysis. Within the MoMo web application, the motif-x algorithm was selected.
The minimum number of occurrences for a motif was set to 20. The sequence logos were

generated by the MoMo web application.

3.5.6 Secondary Structure Analysis

The positions for the secondary structures of the proteins represented in HypDB were
downloaded from the UniProt database. In-house Python scripts were developed to
determine the number of Hyp sites and non-Hyp sites found in secondary structure features

for regions of proteins that have a known PDB structure.

3.5.7 Network Connectivity Analysis

All Class I, Class II, UniProt, and literature sites in HypDB are collected and transformed
into 7,321 ENSP IDs with UniProt. Then, we look for interactions in the String database
having both nodes in the ENSP list, and there are 16,176 interactions in total. To test the
connectivity significance, we randomly picked 7,321 ENSP IDs from UniProt proteins and
counted interactions whose both nodes were included by the randomly selected sample in
the String database. The pick and count process are repeated 10,000 times, and these
interaction counts from random samples are compared with the corresponding number of

sites from HypDB.
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We also built a protein—protein interaction network with these hyp proteins. From which
we then selected some highly interconnected subnetworks that carry different biological

functions with the help of Cytoscape software and the Mcode module.

3.5.8 Solvent Accessibility Analysis

With information from PDBe and UniProt, we matched hydroxyproline proteins with
corresponding pdb ID and protein structures in pdb files. Then, we use R package
bio.PDB.DSSP to interpret pdb files that contain structural information and calculate the
solvent accessibility of each proline residual in the protein structure using the Sander and
Rost accessible surface area (ASA) values. Then, all accessibilities are divided by

maximum accessibility of proline to get the relative accessibility number between 0 and 1.

3.5.9 Protein—protein Interface Analysis

The interacting domain pairs and instances of domain—domain interactions of 3D protein
structures were downloaded from 3DID (https://3did.irbbarcelona.org/index.php). In-
house Python scripts were developed to analyze the number of Hyp sites interacting with

another residue and the number of Hyp sites within 3 residues of an interacting residue.

3.5.10 Evolutionary Conservation Analysis

Evolutionary conservation analysis of Hyp sites was performed using EggNOG ortholog
database (v5.0) and EggNOG-mapper online portal?*’. Briefly, first, using EggNOG-
mapper, Hyp proteins were mapped to the corresponding ortholog groups. Next, Hyp sites
and non-Hyp proline sites on Hyp proteins were aligned to ortholog sequences using

MAFFT algorithm?®°. The number of matches a Hyp site or non-Hyp proline site to a
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proline for the same positions in ortholog sequences and the total number of sequences in
the ortholog group were recorded. Lastly, HyperG test was performed for each Hyp site
based on normalized number of matches to proline residues in ortholog sequences for Hyp
sites and non-Hyp sites, as well as the total number of any amino acid residues in ortholog

sequences for the same position as the Hyp sites or non-Hyp sites.

3.5.11 Development of Website and MySQL Database

The website serves as a front-end interactive interface of the database. It was developed
using HTML, CSS, Javascript, and PHP and works on a Linux-Apache-MySQL-PHP
(LAMP) server architecture. The front-end was designed using the Bootstrap framework.
Associated protein data are fetched using APIs from several sources. Protein sequences,
identifiers, and descriptions are fetched from entries in the UniProtKB/Swiss-Prot

261 and domains

knowledgebase?®’, protein secondary structure data are fetched from PDBe
are fetched from Pfam?®? . The protein sequences are displayed on the website using
neXtProt Sequence Viewer (https://github.com/calipho-sib/sequence-viewer). The spectral
graphs on the website are visualized using d3.js (https://d3js.org/). The backend of the

website utilizes PHP to interface with a MySQL database that contains the data as shown

in Supp Figure 3-2A.
3.5.12 Transfection and Immunoprecipitation of HIF1A

Transfection and overexpression of Flag-tagged HIF1A was performed following a
procedure as previously described?®®. Flag-tagged HIF1A plasmid (Sino Biological) was
transfected into 293T cells with polyethylenimine. Cells were treated with 10 um

proteasome inhibitor MG-132 (Apexbio) for 4 hours prior to harvesting. Approximately 24
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hours after transfection, cells were washed with cold PBS buffer and lysed in lysis buffer
(150 mM NacCl, 50 mM Tris-HCL, 0.5% NP-40, 10% glycerol (pH 7.5), protease inhibitor
cocktail (Roche)) on ice for 15 to 20 minutes. Then, the cell lysates were clarified by
centrifugation prior to the incubation with anti-FLAG M2 affinity gel (Sigma) for 6 hours
at 4°C. After incubation, the M2 gel was washed with wash buffer (cell lysis buffer with
300 mM NaCl) for 3 times and then eluted with 3x Flag peptide (ApexBio). The eluate was
mixed with 4x SDS loading buffer and boiled, and then, loaded onto homemade SDS-

PAGE gel and stained with Coomassie blue (Thermo Fisher).

3.5.13 In-gel Digestion and LC-MS Analysis of HIF1A

A large gel piece covering a wide MW range above 100 kDa was cut out and subjected to
reduction/alkylation and in-gel digestion with trypsin (Promega) as previously described'®>.
Tryptic peptides were desalted with homemade C18 StageTip and resuspended in HPLC
Buffer A (0.1% formic acid) before being loaded onto a capillary column (75 pum ID and
20 c¢m in length) in-house packed with Luna C18 resin (5 um, 100 A, Phenomenex). The
peptides were separated with a linear gradient of 7% to 35% HPLC Buffer B (0.1% formic
acid in 90% acetonitrile) at a flow rate of 200 nl/min on Dionex Ultimate 3000 UPLC and
electrosprayed into a high-resolution Orbitrap Lumos mass spectrometer (Thermo Fisher).
Peptide precursor ions were acquired in Orbitrap with a resolution of 120,000 at 200 m/z,
and peptides were fragmented with Electron Transfer/High Energy Collision Dissociation
(EThcD) with calibrated charge-dependent ETD parameters and ETD Supplemental
Activation and acquired in Top12 data-dependent mode sort by highest charge state and

lowest m/z as priority settings. Raw data were analyzed by Maxquant software following
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the same procedure and parameter setting as previously published dataset as described

above.

3.5.14 Usage of HypDB Website

A dedicated website with integrated MySQL database was established to host the HypDB
service. The database schema includes 4 tables representing redundant Hyp site
identifications, nonredundant Hyp site identifications, interaction interface analysis,
evolutionary conservation analysis, and solvent accessibility analysis. Each record in the
site identification table is assigned a unique HypDB site ID. The website was designed with
the Bootstrap framework (v4.1.3) and features several key functions including a Search bar,
Protein information page, Site information page, Database summary, Upload/contribute

page, and Download/export page.

The Search bar allows the user to input a UniProt accession number or Gene name of the
protein of interest, and the server will use the information to extract and display a ranked
list of most similar entries in real time. Clicking on an entry will bring the user to the protein
information page where protein identifiers, description, and protein sequence are displayed.
All Hyp sites are identified on the protein sequence as well as known acetylation and
phosphorylation sites from PhosphoSitePlus database!*® are highlighted by different colors.
The list of Hyp sites is further displayed below the sequence in the table that includes the
site properties including localization class, localization score, stoichiometry, solvent
accessibility, and evolutionary conservation information. Hyp site table is followed by
properties of Hyp proteins including protein—protein interaction, secondary structure,

functional domains, and domain—domain interactions. Hyp sites identified with MS/MS
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evidence in the HypDB have a “Details” button displayed for each site in the site table on
the protein information page. Clicking on the Details button will bring the user to the
peptide information page where the best identified MS/MS spectrum for the site is

displayed with annotations of fragment ions.

The Contribute/Upload page allows the community to contribute raw MS/MS
identifications to the HypDB through an embedded Google Form. Information regarding
the raw data type, location, sample type, database searching parameters as well as user
information will be entered into the database. Raw data will be downloaded and processed
using the same streamlined workflow. The data will pass through the classification and site-
localization analysis process and annotated with the bioinformatic workflows as described
above. The final data will be deposited into the HypDB to share with the research

community.

The Export/Download page allows the community to download the complete dataset
deposited in the HypDB including both redundant and nonredundant modification site
tables. In addition, the Export function enables users to select a list of proteins, tissues of
interests, filter sites based on localization credit class, MS fragmentation type, proteolytic
enzyme used in proteomics analysis, as well as specify the precursor ion m/z of Hyp
proteins for export to set up targeted quantification method when acquiring data or export
the collected spectral libraries of Hyp sites from the selected Hyp proteins to perform

database searching with DIA.
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3.5.15 Construction of DDA-based Spectral Libraries

To construct the study-specific DDA-based spectral libraries from Kitata and colleagues
and Guo and colleagues studies, a database search of the DDA data from each study was
performed by MaxQuant (version 1.5.3.12). The parameters for the search engine were
slightly modified from the parameters reported by the authors of each study. The maximum
number of cleavages was set to two and the threshold for identification was set at 1% FDR.
The variable modification of Hyp was included in addition to the variable modifications
that the authors of each study reported. The spectral data for Hyp sites were compiled into

an msp-formatted spectral library.

3.5.16 DIA Data Analysis

DIA data were analyzed using DIA-NN (v1.8)?%*. The default workflow for analysis using
a spectral library was followed (https://github.com/vdemichev/diann). The DIA data from
Kitata and colleagues and Guo and colleagues studies were analyzed separately with DIA-
NN. FDR (g-value) for protein groups and Hyp site identification was set at 1.0%. The
analysis of the DIA data from each study was performed with spectral library from various
sources: HypDB Library, Study-Specific DDA-based Library, and Combined Library
generated by both HypDB and Study-Specific DDA Analysis for both Hyp peptide
identifications and non-Hyp peptide identifications. DIA-NN further applied global g-
value filtering and intensity normalization to generate Hyp site matrix output for Hyp sites
that were confidently quantified across all samples. Python scripts developed in-house to
process the output from DIA-NN to be Hyp site nonredundant. The matrix output from
each study with nonredundant Hyp site quantification was used for clustering, annotation
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265 Missing

enrichment analysis, and visualization using the Perseus software platform
values were imputed using a normal distribution, and the data were hierarchically clustered.
The processed site-nonredundant Hyp intensity data from DIA-NN was also analyzed and

visualized using R. Missing values were imputed using the k-nearest neighbor (KNN)

method in the NAguideR tool**°.
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Supp Figure 3-3 Statistical enrichment analysis of Gene Ontology Molecular Function

annotation of the Hyp proteome.
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Proline Proteins with Class | Protein with Class | Class | and

Hydroxylase Class | sites Sites or Class Il sites Class Il sites
EGLN1 _‘ 13 27 18 \ 58
EGLN2 7 5 7 11 19
EGLN3 , 186 267 402 } 813
P4HAl | 33 69 _ 57 | 154
P4HA2 ‘ 13 219 Sill \ 288
P4HA3 9 17 26 66

Supp Figure 3-4 The total numbers of Hyp sites and corresponding proteins that are

known to interact with prolyl hydroxylase.
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Supp Figure 3-5 Solvent accessibility, evolutionary conservation, and protein—
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4.1 Summary

Post-translational modifications (PTMs) play a vital role in regulating protein function and
activity. Mass spectrometry (MS)-based proteomics has revolutionized PTM identification
but lacks detailed functional information. To address this, we integrated functional
approaches with MS-based proteomics to investigate proline hydroxylation, a critical PTM.
Our study aimed to enhance understanding of the functional landscape of hydroxyproline

sites and their impact on protein function.

We first explored the evolutionary conservation of hydroxyproline sites across 13 animal
species. Certain ortholog groups, including Actins, Collagens, and Tubulins, showed high
conservation, indicating their functional importance in structural roles. Functional
enrichments and protein interactions provided insights into key biological processes and
specific protein complexes associated with conserved hydroxyproline sites. Next, the
turnover analysis revealed that hydroxyproline-containing peptides exhibited different
half-lives than corresponding proteins in hepatocytes and monocytes, indicating stability
affected by hydroxylation. Cell-specific regulation mechanisms and distinct functional
associations were observed. Furthermore, we investigated hydroxyproline thermal profiles
in childhood acute lymphoblastic leukemia (cALL) cell lines, revealing higher melting
points for hydroxyproline-containing peptides, indicating their stabilizing effect on protein
structure. Enrichment analysis uncovered diverse biological processes associated with
hydroxyproline, regardless of its impact on thermal stability. Lastly, integrating all results

above, PRDX3 emerged as a protein of interest, with conserved hydroxyproline sites and
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interactions with proline hydroxylase EGLN3, highlighting their relationship with protein

turnover, thermal stability, and cellular functions.

Our study provides insights into the functional landscape of proline hydroxylation and its
impact on protein function. Further integration of proteomics data and functional
approaches will contribute to the discovery of novel hydroxyproline targets, leading to

potential diagnostic and therapeutic advancements.

4.2 Introduction

PTMs play a crucial role in regulating protein function and activity within biological
systems. By introducing chemical groups to proteins, PTMs can effectively modify their
properties, including stability, localization, and interactions with other molecules.
Consequently, PTMs are key modulators of protein-protein interactions, enzymatic activity,
and signaling pathways. Hence, it is imperative to identify and characterize PTMs to
unravel the molecular mechanisms underlying biological processes and diseases. In this
regard, MS-based proteomics has emerged as an indispensable tool for researchers, offering
accurate identification and quantification of PTMs with exceptional specificity and

sensitivity.

Recent years have witnessed significant advancements across the entire MS-based
proteomics workflow, encompassing protein sample extraction and separation, the design
and manufacture of mass spectrometers, and innovative approaches for analyzing MS data
to precisely identify and quantify proteins. These improvements have substantially

enhanced the effectiveness of this technique in identifying disease biomarkers,
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characterizing protein-protein interactions, and elucidating protein localization within
cellular components through the identification and quantification of proteins, peptides, and
PTMs. The applications of MS-based proteomics in the context of PTMs highlight its
potential to revolutionize our comprehension of biological systems and pave the way for

the development of novel therapies and treatments for a diverse array of diseases.

Despite the widespread use of MS-based proteomics in biological research, the field is still
facing significant challenges. One of the major limitations of proteomics studies is the lack
of mechanistic insights into the biological functions and activities of the identified proteins.
While proteomics can accurately identify proteins, it often cannot provide detailed
information on how these proteins interact with other molecules or how they function
within a biological context. As a result, many proteomics studies remain correlative in
nature, lacking the mechanistic insights that are necessary to fully understand biological

Processes.

Recently, novel functional approaches have been merged with proteomics experiments
designated to overcome these challenges above. These designs combined proteome
dynamics with different conditions that relate to protein functions, including temperature,

time, and species.

Cross-species sequence comparison was one of the first approaches that discussed the
protein functions in a global view. The initial usage of this approach helped build
evolutional history and gathered proteins into superfamilies®®’?%®. And there have been

many phylogenetic studies discussing how the conserveness of protein sequences affects

269,270 271,272

their functions in a protein family and interactions between proteins since then.
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A large-scale PTM phylogenetic study from Krogan’s lab explored about 200,000 PTM
sites across 11 eukaryotic species, to illustrate that conservation of PTM sites with are
related to carrying biological functions are more likely to be conserved and may indicate
important regulatory regions®’® and a recent in-depth study by Miiller e al. identified
340,000 proteins across 100 different organisms stringently with their advanced MS
workflow?’*, which provides rich resources for PTM evolution conservation and functional

studies.

Turnover analysis was an emerging technique first used to compare turnover speed
difference between messenger RNA and proteins translated from them?’®. Then this
technique closely associated with the synthesis, regulation, and degradation of proteins,
has become a powerful tool for filling the gap between finding proteins and understanding
their functions. With the establishment of dynamic SILAC, or pulse SILAC, workflow
based on stable isotopic amino acid feeding!>*!%%, turnover analysis has been applied to

protein and PTM studies under various conditions in different perspectives!> 1%,

Thermal profiling analysis was initially applied to study drug-protein binding dynamics?®,

where researchers find it useful in exploring protein biological functions and protein-
protein interactions. There has been a boom of thermal profiling studies recently, focusing
on investigating the thermal profile of proteomes influenced by different aspects, such as

solution concentration'®®, PTMs'®!, cell line difference, and proteoform groups'2.

As functional proteomics may provide more detailed insights into the function of proteins
and PTM, there is a lack of studies regarding proline hydroxylation. Its most well-known

function is performed through the proline hydroxylase, PHDs, and their target, HIF proteins,
120



which are master transcription regulators in the oxygen sensing pathway?>>*”7. Also,

278,279

hydroxylated proline helped the formation of structural proteins like collagen and

280 and many other metabolic pathways influenced by this PTM were found in the

actin
HypDB project®®!. However, there’s little study about these functions associated with
hydroxylated proline. To fill this knowledge gap, we would like to merge PTM
identification with these emerging functional annotation approaches above to explore the
functional proteome landscape influenced by individual proline hydroxylation sites. First,
we explored how evolutional conserved hydroxyproline sites contribute to molecular
function by filtering evolutional conserved sites among hydroxyproline sites collected
across 13 animal species. Secondly, we investigated how proline hydroxylation may
influence the turnover rate of different proteins which implies the relationship between
these hydroxylation sites and protein functions. Thirdly, we studied proline hydroxylation
sites that alter the thermal stability of the protein. We gathered all analyses from the three
perspectives above and explored the potential association through the integration of the
three analyses above. These results not only showed that the three methodologies we used

were effective against finding functional relevant hydroxyproline sites, but also provided

researchers in this field rich knowledge to facilitate their studies in this area.
4.3 Results

4.3.1 Construction of a Cross-Species Hydroxyproline Database for Conservation

Analysis

Based on the idea that the conservation of phosphorylation sites is a better indicator of

functional importance than the conservation of phosphorylation acceptor residues?’®, we
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aimed to identify proline hydroxylation sites for further analysis of their evolutionary
conservation using cross-species multiple sequence alignment. Our focus was on animal
species, so we collected mass spectrometry (MS) raw data from 11 animal species as part
of a cross-species proteomics study®’*. Additionally, MS raw data from a mouse proteome

282 was also included. MS data of each species were searched using MaxQuant with

study
variable modifications including N-terminal acetylation, methionine oxidation, and proline
hydroxylation. Fasta files corresponding to different species were downloaded from
UniProt and used as the library, while other parameters followed the settings from the

274

original Nature study”’®, with the remaining parameters set as default.

To compile a comprehensive set of hydroxyproline sites, we gathered the hydroxyproline
site information from the search results of all species. We then removed reverse and
potential contaminant sites from the dataset. In order to further enhance the coverage of
hydroxyproline sites, we incorporated hydroxyproline sites identified in the HypDB
project®®!, which contained approximately 14,000 sites in humans. The combined sites
obtained from these various sources constituted our cross-species hydroxyproline database,
which would be utilized in the subsequent calculation of site evolutionary conservation.

Figure 4-1 provides an overview of the cross-species hydroxyproline site collection.
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Figure 4-1 Overview of evolution conservation results across 13 species (A)
Hydroxyproline sites identified in 13 species from different resources. (B) Distribution of
occurrence of hydroxyproline among all sites analyzed. (C) Top metazoan orthologs with
sites whose occurrence of hydroxyproline no less than six, size of circle showed total
number of high conserved sites found among all human proteins in corresponding ortholog

and protein names below ortholog ID are the protein representatives of orthologs.

4.3.2 Multiple Sequence Alignment and Evolutionary Conservation Analysis

To assess the conservation of proline hydroxylation sites across the 13 species, we
performed multiple sequence alignments of the protein sequences corresponding to the

collected sites. Initially, we employed the online Eggnog mapper tool to label the metazoan
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ortholog to which each protein belonged. Subsequently, we utilized MUSCLE?,
complemented by a custom Python code, to align the protein sequences within each
metazoan ortholog, along with the associated hydroxyproline sites.

After aligning the protein sequences and hydroxyproline sites, we calculated the occurrence
of protein, the occurrence of proline, and the occurrence of hydroxyproline for each site
within its respective metazoan ortholog. By comparing the occurrence of proline to the
occurrence of protein, we obtained a percentage indicating the conservation of the proline
residue. Similarly, by comparing the occurrence of hydroxyproline to the occurrence of
proline, we derived another percentage indicating the conservation of the hydroxylation
modification, and its distribution among all analyzed sites was shown in Figure 4-1B.
Additionally, we integrated the credit class labels and calculated stoichiometries from
HypDB?%!, and the interaction relationship with six proline hydroxylases provided by
BioGRID'** to these human conserved sites for more comprehensive information and

prepared for the following analysis.

4.3.3 Identification of Metazoan Orthologs with Enriched Conserved Hydroxyproline

Sites

Next, we focused on exploring the biological functions associated with the most
evolutionarily conserved sites in Homo sapiens, which species set provided the most
comprehensive information across the 13 species.

Specifically, we examined the human hydroxyproline sites that appeared in at least six
different species. We first investigated the metazoan orthologs with the highest number of

hydroxyproline sites, considering those with at least six occurrences of hydroxyproline.
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The top metazoan orthologs, containing more than eight sites with six or more occurrences
of hydroxyproline, were presented in Figure 4-1C.

We presumed that the function of proteins labeled with more evolutional conserved
hydroxyproline sites may have a closer association with proline hydroxylation and not
surprisingly, the top three metazoan orthologs with the most conserved sites found were
Actins, Collagens, and Tubulins, all of which were structural proteins related with
cytoskeleton and extracellular matrix organization where proline hydroxylation played
crucial roles. Meanwhile, there were also protein orthologs that act as enzymes, like
disulfide-isomerases, serine/threonine-protein phosphatases, and peroxiredoxins; together
with proteins from other orthologs, they were closely related to protein folding,

homeostatic process, and vesicle-mediated transport.

4.3.4 Investigation of Top Conserved Ortholog Groups

We conducted a detailed examination of the evolutionary conservation landscape within
the top three ortholog groups enriched in hydroxylated proline sites. A comparison of the
occurrence of proline and hydroxyproline across all positions of Actin, Tubulin, and
Collagen is depicted in Figure 4-2A-F. Among these groups, both the Actin and Tubulin
groups were present in all 13 species, and their proline residues remained conserved across
most aligned positions. In contrast, the Collagen group exhibited distinct conservation
patterns compared to the other two groups. Firstly, the metazoan ortholog KOG3544,
encompassing Collagen proteins, was identified in only 11 out of the 13 species, excluding
Rattus norvegicus and Ramazzottius varieornatus, and prolines were also less conserved in

collagen sequences. Although hydroxylation was not consistently observed on all sites for
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Actins and Tubulins across species, seven and five aligned positions, respectively,
displayed hydroxylation in over half of the 13 species. The Collagen proline residues
showed less conserveness across all aligned positions where most hydroxyproline sites
were found in only one, two, or three species, with only a small portion present in more
than three species, reaching a maximum of eight species out of the 11 species where
Collagen proteins were found. Notably, hydroxyproline sites were predominantly found in
three species: Homo sapiens, Mus musculus, and C. elegans illustrated in Figure 4-2F.
Therefore, there is still significant potential for increasing the size of the data collected and
improving the identification of hydroxyproline sites in other species, including Rattus
norvegicus and Ramazzottius varieornatus.

We were also interested in if there were relationships between the varied occurrence of
Collagen hydroxyproline sites and their stoichiometries. So, we plotted the box plot, Figure
4-2G, where ANOVA (analysis of variation) test and multiple comparisons showed that
there were significant differences between the means of different groups (p<10'°). For
example, the group whose occurrence of hydroxyproline is one has a significantly different
stoichiometry distribution compared to groups whose occurrence of hydroxyproline is six
or eight. Also, there was a trend that as the occurrence of hydroxyproline increased, the
range of site stoichiometries shrank towards the higher end, implying that more conserved
collagen hydroxyproline sites tend to have more stable hydroxylation modification and

functionality.
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Figure 4-2 Profiles of evolutional conserved hydroxyproline sites (A, B, C) Occurrence
of proline on all aligned positions of different metazoan orthologs, (A) COG5277, actins
(B) COG5023, tubulins (C) KOG3544, collagens, in 13 species, different colors showed
among which species this site was aligned with a proline. (D, E, F) Occurrence of
hydroxyproline on all aligned positions of different metazoan orthologs, (D) COG5277,
actins (E) COG5023, tubulins (F) KOG3544, collagens, in 13 species, different colors
showed among which species this site was aligned with a hydroxyproline. (G) Boxplot of
collagen sites stoichiometries grouped by their occurrence in hydroxyproline. (H) Top

enriched regions of evolutional conserved sites. (** stands for adjusted p-value<0.01, *
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4.3.5 Enrichment Analysis of Conserved Hydroxyproline Sites

Motivated by the presence of potentially missed identification of evolutionarily conserved
sites in certain species, we refined our analysis by increasing the occurrence restriction of
hydroxyproline to four and reanalyzing the human proteins with conserved sites under this
updated criterion. To mitigate the influence of potential false-positive hydroxyproline sites,
we also excluded class III sites from the subsequent analysis. We performed a series of
functional enrichment analyses using Metascape, and the results are presented in Figure
4-3A. The most significantly enriched terms included protein folding (p<10-?), carbon
metabolism (p<1072®), cell adhesion molecule binding (p<1072*), oxidoreductase activity
(p<107%), and focal adhesion (p<10-?).

Furthermore, we conducted protein complex enrichment analysis based on CORUM
complexes. The enriched complexes included the Nop56p-associated pre-rRNA complex
(p<107'"), TNF-alpha/NF-kappa B signaling complex 6 (p<10~), and TLE1 corepressor
complex (p<10*) (Figure 4-3B). Notably, these complexes were also enriched in the
HypDB global enrichment results. Region and domain enrichment results were presented
in Figure 4-2H and Supp Figure 4-1 Top enriched domains of evolutional conserved sites.
The most significantly enriched region was the nucleotide-binding domain, followed by
the triple helical region, while the most enriched domain was the collagen-like domain.

Additionally, the thioredoxin domain showed a high level of enrichment.
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Figure 4-3 Enrichment analysis of evolutional conserved hydroxyproline sites (A)Top
enriched terms of evolutional conserved sites. (B) CORUM complex enrichment of
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labeled in color gradient.

We further explored the interactions between proteins carrying evolutionarily conserved
hydroxyproline sites and proline hydroxylases using information retrieved from

BioGRID?®*. Among the six proline hydroxylases, EGLN3 displayed the highest number
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of interactions with hydroxyproline sites, with at least four occurrences of hydroxyproline.
A Gene Ontology biological process enrichment analysis revealed that the overlap between
proteins carrying these conserved sites and EGLN3 interactants was significantly enriched
in processes such as neutrophil degranulation (p<10''"), protein folding (p<107'?), and
nucleobase-containing small molecule metabolic process (p<10®) and oxidation-reduction
process (p<10"®). Interactions between EGLN3 and proteins containing conserved
hydroxyproline sites enriched in neutrophil degranulation and oxidation-reduction process

were shown in Figure 4-3C-D.

4.3.6 Collection and Preprocessing of Protein Turnover MS Data

To investigate the role of proline hydroxylation in reshaping the protein function landscape
through protein turnover, we utilized data from a dynamic Stable Isotope Labeling by
Amino Acids in Cell Culture (SILAC) study®®>. The dataset included MS raw data obtained
from four human cell lines: b-cells, hepatocytes, monocytes, and NK cells. Each cell line
was subjected to quantification at four different time points following a switch to culture
media containing heavy isotope-labeled amino acids.

To analyze the turnover dynamics and functional implications of proline hydroxylation, we
processed the MS raw data using the MaxQuant software. The parameter settings were
aligned with those used in the original study. Additionally, we incorporated proline
hydroxylation as a variable modification during the search process. By consolidating the
search results from the four cell lines, we obtained comprehensive data for turnover time
calculation and subsequent functional annotation. This allowed us to explore the temporal

dynamics of protein turnover and investigate the impact of proline hydroxylation on protein
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function. The HypDB derived credit class labels and site-specific stoichiometries, together
with proline hydroxylases interactant information from BioGRID were also integrated into

the results, prepared for following analysis.

4.3.7 Calculation and Global Landscape of Protein Half-lives Across Various Cell Lines

Based on the methods derived from the paper’®® we collected turnover data from, we
developed the formula that calculated the half-life of every protein we identified and every
proline hydroxylation site we identified. We would like to explore if the half-life of
hydroxyproline sites show similar patterns across four cell lines or not, and it is obvious
that in the multi-scatter plot of Figure 4-4A-B, none of these four-cell lines tends to have
similar half-life landscapes of peptides or proteins with hydroxylated prolines. The
distributions of half-lives were not normal distributions, so we performed a Mann-Whitney
U test between hydroxyproline peptide half-life distribution and the half-life distribution
of corresponding proteins in each cell line. And as Figure 4-4C-D shown, the half-lives of
peptides with hydroxyproline sites were significantly different than the half-lives of
corresponding proteins in hepatocytes and monocytes, two cell lines with the most half-
lives of hydroxyproline peptides calculated. However, the difference was not significant in
the two other cell lines. And the number of hydroxyproline sites with half-life increase was
greater than decreased ones consistently across four cell lines, suggesting that
hydroxylation on proline may influence the half-lives of the protein. In this case, we would
like to investigate how proline hydroxylation alters the turnover rates across the proteome,
so we divided the site half-life by the corresponding protein half-life and named it half-life

ratio. Although these four cell lines have distinct half-life changing patterns with proline
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hydroxylation, we also found clustering patterns around several hydroxyproline half-life
ratios in these cell lines, so we clustered these hydroxyproline sites with K-means
clustering with four clusters based on their hydroxyproline half-life ratio, naming them

Cluster I to Cluster IV on ascending half-life ratios, shown in Figure 4-5A.
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Figure 4-4 Global turnover profile among four cell lines (A) Multi-scatter plot for
hydroxyproline sites half-lives in hours across four cell lines. (B) Multi-scatter plot for
protein half-lives in hours with hydroxyproline sites in hours across four cell lines. (C)
Violin plot for half-lives of peptides with hydroxyproline sites and half-lives of
corresponding proteins in B cells, Monocytes, and NK cells. (D) Violin plot for half-lives
of peptides with hydroxyproline sites and half-lives of corresponding proteins in

Hepatocytes. (** stands for p-value<0.01, * stands for p-value<0.05)
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Hepatocytes half-life ratios had the most explicit clustering pattern, as Figure 4-5A shown,

it’s obvious that half-life ratios clustered around four centers, 0.2, 1, 1.2, and 1.4, instead
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Figure 4-5 Half-life ratio-based clustering and enrichment analysis of clusters in four

cell lines (A) Half-life scatter plot of hydroxyproline peptides to their corresponding

proteins in four cell lines and k-means clustering results. (B) Pie chart of proteins with

Clusters I-IV sites in hepatocytes and their overlaps. (C) Heatmap of top enriched terms of

four clusters in hepatocytes. (D) Protein interaction network enriched in mitochondrial

matrix of hydroxyproline proteins in hepatocytes. (E) Protein interaction network enriched

in oxidoreductase activity of hydroxyproline proteins in hepatocytes. (F) Top enrichment

terms of hydroxyproline proteins with Cluster III or IV sites in monocytes.

(G) Top
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of having a normal or continuous uniform distribution. And the highest half-life ratio of
Cluster I sites is below 0.43, significantly lower than the other three clusters where the
lowest ratio of them is about 0.77. Meanwhile, Cluster III and Cluster IV represent

hydroxyproline peptides with slight and significant increases in half-lives respectively.

4.3.8 Enrichment Analysis of Protein Clusters Based on Half-life Ratios in Different Cell

Lines

With Class III sites removed, we performed GO biological enrichment analysis upon
hepatocytes proteins in four clusters respectively and altogether. Although each cluster has
more than half of the protein unique, it turned out that the enrichment results of the four
clusters had little difference, shown in Figure 4-5B-C. And mitochondrial matrix (p<10!)
was one of the most enriched terms for altogether results, followed by oxidoreductase
activity (p<107%), monocarboxylic acid metabolic process(p<10*), and cellular
respiration (p<10’). Two protein interaction networks related to the top two enriched
terms were shown in Figure 4-5D-E. Although terms like focal adhesion (p<10) and
protein folding (p<10-'*) were also enriched, hydroxyproline sites in hepatocytes had more
focus on metabolisms. When mapped to the proline hydroxylase interactant list we fetched
from BioGRID database?®*, these proteins enriched in term oxidoreductase activity, showed
close interaction with proline hydroxylase. Eleven of them interact with PAHAI, ten of
them interact with EGLN3, and PAHA2 was also on the list.

Then we explored the turnover landscape of monocytes and B cells, both of which had

fewer sites with half-life ratios changed compared to protein half-lives, especially their

135



Cluster I and Cluster IV only have less than twelve sites respectively. So, we only
performed enrichment analysis with their hydroxyproline sites clusters with half-life ratios
greater than one, their Cluster III and Cluster IV together in each cell line respectively. The
heatmap of enrichment results is shown in Figure 4-5F-G. It was obvious that the functions
carried by hydroxyproline sites in monocytes and B cells differed significantly from
hepatocytes. Sites with half-life increased in monocytes were most enriched in cadherin
binding (p<107'?), focal adhesion (p<107'"), regulation of cytoskeleton organization (p<10-
7), regulation of plasma membrane repair (p<107), and cytokinesis (p<10), all of which
related with the irregular cell shape and cytoplasmic vesicles of monocytes. shape while
those sites in hepatocytes served metabolisms more. There were interesting terms enriched,
NADH regeneration (p<10~) bridged structural proteins with metabolism, and natural
killer cell mediated cytotoxicity (p<10*) may suggest the potential influence of
hydroxyproline sites in the cellular response to immune processes. When it came to B cells
enrichments, large Drosha complex (p<10®), NopS56p-associated pre-rRNA complex
(p<107), glycolytic process (p<10”-4), oxidoreductase complex (p<10~*), double-stranded
RNA binding (p<10*), cell adhesion molecule binding (p<10?), and regulation of
intracellular transport (p<10*) were the top enriched terms. Compared to hydroxyproline
sites from hepatocytes and monocytes, B cell ones had closer relation with RNA binding
and processing. Also, position 382 on IGHM was found in Cluster I of B cells with a half-
life ratio of 0.39, which implied that there might be hydroxylation regulation sites on
Immunoglobulin. Based on the global correlation analysis and enrichment analysis of

individual cell lines, it seems that proline sites were not consistently hydroxylated across
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different cell lines, where its distribution was highly associated with the biological role of

the corresponding cell.

4.3.9 Peptide Quantification and Thermodynamic Analysis of Temperature Series Mass

Spectrometry Data

In this study, we collected MS data from a recent study'? that explored the protein thermal
profiles of childhood acute lymphoblastic leukemia (cALL) cell lines at different stages of
B cell development. The thermal stabilities of proteins were measured at eight different
temperatures ranging from 41-63°C for each cell line. To ensure comprehensive analysis,
we labeled eight samples from two cell lines with one TMT16plex set.

Using MaxQuant, we analyzed the TMT16plex data for six cell lines and obtained the
corrected intensity of reporter ions for each spectrum. We summed up the eight reporter
ion intensities corresponding to the same peptide across all spectra. Subsequently, we fitted
the ion intensity ratio at different temperatures for each peptide, considering both modified
and unmodified forms, into a sigmoid curve based on protein thermodynamics '*%2%,
Peptides with less than six valid reporter ion intensities at different temperatures, peptides

with melting curves that did not fit the sigmoid function, and peptides without a valid

melting point through calculation were excluded from further analysis.

4.3.10 Global Thermal Profiles of Hydroxyproline Peptides in cALL Cell Lines

On a global scale, we examined the melting points in the thermal profiling study. Firstly,
we compared the melting points of hydroxyproline sites across six cALL cell lines and
observed a consistent pattern shown in Figure 4-6A, indicating a similar hydroxyproline

thermal stability landscape across cell lines of different genders and developmental stages.
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Then we performed statistical tests between the melting points of different peptide groups
across six cell lines. As Figure 4-6B illustrates, peptides with hydroxyproline sites showed
significantly higher melting points compared to all other peptides in the same cell line
across the six cell lines we analyzed. Moreover, in proteins with hydroxyproline, peptides
with hydroxyproline also exhibited significantly higher melting point temperatures
compared to peptides without hydroxyproline. These results suggested that hydroxylation

of proline residues contributes to the stabilization of protein structure.
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Figure 4-6 Global thermal profile of hydroxyproline peptides across six cell lines
(A)Multi-scatter plot of hydroxyproline peptide melting points across six cell lines. (B)
Boxplot of melting points of hydroxyproline peptide (blue), melting points of peptide in
hydroxyproline proteins (orange), melting points of all peptides (green) and across six cell

lines. (*** stands for adjusted p-value<0.001)
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For each hydroxyproline peptide with a valid melting point, we performed a one-sample t-
test between its melting temperature and all other valid melting point temperatures of the
same protein to reveal if there was a significant difference between the melting
temperatures of these peptides with proline hydroxylation and corresponding peptides. The
average increase in melting temperature across six cell lines ranged from 0.11-0.29°C, and
over 40 percent of peptides with hydroxyproline had a significantly different melting
temperature compared to other peptides of the same protein when the p-value cutoff was
set to 0.01. To ensure the selection of hydroxyproline peptides with significantly changed
melting points, we set the p-value threshold to 0.001. Additionally, t-tests with less than

five melting point samples were removed to reduce false positives.

4.3.11 Enrichment Analysis of Peptides with Altered Thermal Profiles in the Presence of

Hydroxyproline

We explored the enrichment results separately for each of the six cell lines. In both groups
where hydroxyproline peptide melting points significantly increased or decreased, we
found that the majority of the proteins overlapped between cell lines, and they exhibited
similar enrichment patterns (Figure 4-7A-B). We also investigated the enrichment results
for all proteins with hydroxylation peptides from the six cell lines combined. In the group
where proteins were more thermally stabilized, terms such as cadherin binding (p<107%),
carbon metabolism (p<102*), nucleocytoplasmic transport (p<10%}), ATP-dependent
activity (p<10%2), cytoplasmic vesicle lumen (p<10%°), nucleobase-containing small
molecule metabolic process (p<107'”), and amide metabolic process (p<10"7) were

significantly enriched. In the group where proteins were destabilized, many of these terms
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remained top enriched, including cadherin binding (p<1072°), carbon metabolism (p<1072),
amide metabolic process (p<10?'), cytoplasmic vesicle lumen (p<107'®),
nucleocytoplasmic transport (p<10'7), and nucleobase-containing small molecule
metabolic process (p<107'%). This suggests that regardless of whether the protein thermal
stability increased or decreased, proline hydroxylation played similar roles in many
biological processes. Notably, in the protein-protein interaction enrichment analysis, we
found interesting clusters from different groups, including secretory granule lumen (p<10°
%) and mRNA splicing via spliceosome (p<107'%) in the increased thermal stability group
and ubiquitin protein ligase binding (p<107®) and HIF-1 signaling pathway (p<107®) in the
decreased group. All the interaction networks of enriched proteins in these terms were

shown in Figure 4-7C-F.
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Figure 4-7 Enrichment results of proteins with melting point significantly changed
peptides. (A) Top enriched terms of protein with sites whose thermal stability
significantly increased when hydroxyproline present across six cell lines. (B) Top
enriched terms of protein with sites whose thermal stability significantly decreased when
hydroxyproline present across six cell lines. (C, D, E, F) Interaction network of proteins
with thermal stability significantly changed sites enriched in different terms. (C)
increased stability, secretory granule lumen (D) increased stability, mRNA splicing via
spliceosome (E) decreased stability, HIF-1 signaling pathway (F) decreased stability,

ubiquitin protein ligase binding
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4.3.12 Integrated Analysis of Thermal Profiling, Evolution Conservation, and Protein

Turnover

We were also interested in exploring how the thermal profiles of hydroxyproline sites
related to their evolutionary conservation and turnover rates. For each peptide with proline
hydroxylation, we calculated the mean difference between the peptide's melting point and
the average melting point of all other peptides on the same protein across the six cell lines
we investigated. We merged the thermal profiling data with the evolutionarily conserved
data of human sites based on their protein names and positions and plotted a violin plot
depicting the occurrence of hydroxyproline and the mean difference in melting point
(Figure 4-8A). And through the ANOVA test, there were no significant differences between
the means of groups. Then we performed the Shapiro-Wilk testing whether the data were
normally distributed, which stands for symmetrical, and if not, followed by a skewness
measurement to decide the tail on which end was longer. It turns out that ten groups out of
twelve were not normal distribution, excepting groups where the occurrence of
hydroxyproline was eight and eleven. Within these ten groups that were not normal
distribution, seven of them had longer tails on the melting point decreasing end. We also
generated a merged table of the B cell turnover landscape with thermal profiles,
incorporating the data from the six B lymphocyte cell lines mentioned above. However, we
observed very few sites with valid values in both analyses and the scatter plot (Figure 4-8B)

between the half-life ratio and mean melting point difference showed little correlation.
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Figure 4-8 Integrated analysis of thermal profiling, evolution conservation, and
protein turnover (A) Violin plot of mean difference of melting points across six cell lines
of hydroxyproline sites with different occurrence of hydroxyproline. (B) Scatter plot of
mean difference of melting point to log2 half-life ratio in B cells. (C) Three hydroxyproline
sites on PRDX3 with high conservation and significantly changed half-lives in presence of

hydroxylation.

Out of proteins with valid data in all three sets of analysis, PRDX3, an interactant of proline
hydroxylase EGLN3, drew our attention. Not only were its positions 235 and 238 both

Cluster I hydroxyproline sites, but both sites were also found in five and four distinct
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species in our evolutional conserved results. Interestingly, hydroxylation on proline
position 230 of PRDX3 was found in ten species out of eleven species where proteins from
the same ortholog were found, showing more conserveness, while having a much higher
half-life ratio at 1.21 compared to 0.09 of the hydroxylated peptides with both position 235
and 238. Detailed evolutional conservation and turnover results of PRDX3 sites were
shown in Figure 4-8C. Also, all three sites were found on the same peptide from position
218 to 241 in thermal profiling analysis across six cell lines. Peptides with zero to three
hydroxyproline sites were found, and peptides with three hydroxyproline sites had melting
points higher than all other peptides. The average melting point of peptides with three
hydroxyprolines across all cell lines was 1.75°C higher than the average of peptides with
no hydroxyproline across all cell lines. These results suggested that different
hydroxyproline positions had different regulation effects and provide clues to reveal

mechanisms on how their changes further influence the biological processes.

4.4 Discussion

Post-translational modifications (PTMs) play a pivotal role in regulating protein function
and activity within biological systems. These modifications alter protein properties, such
as stability, localization, and interactions, making PTMs critical modulators of protein-
protein interactions, enzymatic activity, and signaling pathways. The advent of mass
spectrometry (MS)-based proteomics has revolutionized our understanding of biological

systems by enabling the accurate identification and quantification of PTMs. This powerful
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tool has unraveled the complexities of PTMs, facilitating the development of novel

therapies aimed at modulating these modifications for therapeutic purposes.

While MS-based proteomics has significantly advanced the field of PTM identification
with its high accuracy, it often lacks detailed information about protein interactions and
functional context. To overcome this limitation, recent studies have sought to integrate
functional approaches with proteomics experiments, combining proteome dynamics with
conditions relevant to protein functions. These integrated approaches aim to provide a more
comprehensive understanding of PTMs and their functional implications. For instance,
evolution conservation analysis through cross-species sequence comparison, protein
dynamics analysis through measuring turnover rates, and protein stability analysis through
thermal profiling experiments have emerged as valuable strategies. However, limited
studies have explored the functional annotation of specific PTMs, such as proline
hydroxylation, using these integrated approaches in conjunction with MS-based

identification.

To fill this gap, we integrated functional approaches with MS-based proteomics for PTM
identification and quantification in this study. The integration of these approaches enhanced
our understanding of the functional landscape of proline hydroxylation, a post-translational
modification crucial for protein regulation. Through evolutionary conservation analysis,
turnover rate analysis, and thermal stability analysis, we gained insights into the functional

implications of hydroxyproline sites and their impact on the molecular function of proteins.

Firstly, we aimed to investigate the evolutionary conservation of hydroxyproline sites

across animal species. By leveraging mass spectrometry data from 13 animal species and
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incorporating information from the HypDB project, we constructed a cross-species
hydroxyproline database. Through multiple sequence alignment and comparative analysis,
we identified the conservation patterns of hydroxyproline sites within metazoan orthologs.
We observed that certain ortholog groups, such as Actins, Collagens, and Tubulins,
exhibited high conservation of proline residues, indicating their functional importance in
structural roles. Additionally, we identified enzymes involved in protein folding and
transport that carried conserved hydroxyproline sites. Further exploration of conserved
hydroxyproline sites allowed us to uncover functional enrichments and protein interactions
associated with these sites. Through enrichment analysis, we identified key biological
processes related to conserved hydroxyproline sites, such as protein folding, carbon
metabolism, and cell adhesion. Additionally, protein complex analysis revealed the
involvement of specific complexes, including the Nop56p-associated pre-tTRNA complex
and TNF-alpha/NF-kappa B signaling complex 6, which may play crucial roles in cellular
functions. Furthermore, our investigation of interactions between proteins carrying
conserved hydroxyproline sites and proline hydroxylases highlighted EGLN3 as a
prominent player, demonstrating its involvement in processes such as neutrophil-mediated
immunity and protein localization. These findings provide valuable insights into the

functional landscape and regulatory potential of hydroxyproline sites in animal proteomes.

Secondly, turnover analysis shed light on the role of proline hydroxylation in protein
function reshaping. We found that the half-lives of peptides containing hydroxyproline sites
were significantly longer than the half-lives of corresponding proteins in hepatocytes and

monocytes, indicating that hydroxylation on proline may increase protein stability. By
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calculating the half-life ratios, we observed distinct clustering patterns of hydroxyproline
sites in different cell lines, suggesting cell-specific regulation mechanisms. Enrichment
analysis revealed that hydroxyproline sites in hepatocytes were associated with metabolic
processes, while those in monocytes and B cells exhibited enrichment in cellular adhesion,
cytoskeleton organization, and immune response-related functions. These findings
highlight the intricate relationship between proline hydroxylation, protein turnover, and
cellular functions, providing valuable insights into the regulatory mechanisms governing

protein dynamics.

Thirdly, we investigated the hydroxyproline thermal profiles of childhood acute
lymphoblastic leukemia (cALL) cell lines at different stages of B cell development. Our
analysis revealed that peptides with hydroxyproline sites exhibited higher melting points,
indicating the stabilizing role of hydroxylation in protein structure. This effect was
consistent across different cell lines, suggesting a shared hydroxyproline thermal stability
landscape. Enrichment analysis highlighted the involvement of proline hydroxylation in
various biological processes, irrespective of whether it increased or decreased protein
thermal stability. Our findings contribute to understanding the molecular mechanisms
underlying cALL and provide insights into potential therapeutic strategies targeting protein

stability.

Additionally, we explored the relationship between thermal profiling, evolution
conservation, and turnover rate data through integration. We discovered and studied the
case of PRDX3, containing three evolutional conserved hydroxyproline sites whose

turnover rates and melting points changed significantly with and without hydroxylation.
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Although the MS raw data we collected may not fully depict the functional landscape of
hydroxyproline, we plan to incorporate more comprehensive proteomics data and integrate
multiple functional approaches in the future. There could be more hydroxyproline sites
collected, on Collagen in Rattus norvegicus and Ramazzottius varieornatus for example.
And we may annotate hydroxyproline proteome with more diverse functional approaches,
such as mRNA expression level and protein cellular localization. In this way, we may
analyze not only a more complete collection of hydroxyproline sites but also integrate
functional information in multiple dimensions. Further application of functional annotated
hydroxyproline proteome will facilitate the discovery of novel hydroxyproline targets with
crucial functional impact in human cell lines and patient samples, which will lead to the

development of diagnostic and therapeutic solutions.

4.5 Materials and Methods

4.5.1 Data Collection and Preprocessing for Evolution Conservation Analysis

We obtained MS raw data from a large-scale cross-species proteomics study published in
Nature. The collected data consisted of raw files corresponding to 11 animal species, which
were sourced from the PRIDE consortium?’*. The MaxQuant software (Version 1.5.3.12)
was utilized to analyze the MS data. We performed searches of the raw file sets from each
species against the UniProt fasta databases specific to their respective species, as of

February 2023. For Didelphis didelphinae, we didn’t find a corresponding fasta database,

150



so we used the fasta file from Monodelphis domestica from the same sub-family and have

over 36,000 entries on Uniprot instead.

The parameter settings employed closely followed those described in the original study?’.

Cysteine carbamidomethylation was set as the fixed modification, while trypsin and LysC
were used for digestion enzymes, allowing for a maximum of two missed cleavages.
Meanwhile, we set the false discovery rate (FDR) thresholds at 1% for both protein and
peptide levels and imposed a minimum peptide length requirement of seven amino acids.
Variable modifications considered in the search included proline hydroxylation, N-terminal
acetylation, and methionine oxidation. Furthermore, all identified reverse sequences and

potential contaminant sites were excluded from subsequent analyses.

To obtain a comprehensive collection of cross-species hydroxyproline sites, we augmented
the dataset with additional data sources. Specifically, we integrated hydroxyproline sites
identified through mass spectrometry data obtained from an extensive mouse proteome

282 MS data fetched from this source were also preprocessed with MaxQuant

study
following similar parameters mentioned above, with the digestion enzyme changed to

trypsin only. Additionally, we incorporated hydroxyproline sites from the HypDB?®!

database, focusing on the human species.

4.5.2 Mapping, Alignment, and Evolutional Conservation Analysis

To establish a systematic framework for analysis, we mapped the collected proteins with
hydroxyproline sites from the 13 species to eggNOG Orthologous Groups (OGs) using the
online eggNOG mapper tool (http://eggnog-mapper.embl.de/). This facilitated comparative

analysis across species.
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To enable sequence alignment, we employed the MUSCLE?® tool with a custom Python
code. We aligned the collected protein sequence belonging to the same metazoan ortholog.
Subsequently, we mapped the hydroxyproline sites onto the aligned sequences, allowing

us to identify corresponding positions within the alignment.

In the aligned sequences, we evaluated the consistency of proline and hydroxyproline
occurrences across different species at the mapped positions. For each metazoan ortholog,
we calculated three key parameters: the occurrence of protein (i.e., the number of distinct
species in which at least one protein with proline hydroxylation was found), the occurrence
of proline (i.e., the number of distinct species in which a proline was present at a given
aligned position of at least one protein with hydroxyproline sites within the metazoan
orthologs), and the occurrence of hydroxyproline (i.e., the number of distinct species in
which at least one hydroxyproline was present at a given aligned position within the

metazoan orthologs).

4.5.3 Data Collection and Preprocessing of Protein Turnover Analysis

285 that involved four

We obtained MS raw data from a pulse SILAC proteomics study
human cell lines: b-cells, hepatocytes, monocytes, and NK cells. Each cell line was
subjected to heavy amino acid culture media, and samples were harvested at four different
time points. The MS data from each cell line were processed using MaxQuant software
(Ver 1.5.3.12) and searched against an updated human FASTA database provided by
UniProt in February 2021. For the MaxQuant search, the multiplicity was set to two, with

the heavy group consisting of Argl0 and Lys8. Fixed modifications included Cysteine

carbamidomethylation, while variable modifications comprised proline hydroxylation, N-
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terminal acetylation, and methionine oxidation. Trypsin was used for protein digestion,
allowing for a maximum of three missed cleavages. To ensure high-confidence results, the
false discovery rate (FDR) for both proteins and peptides was set to 1%, and only peptides

with a minimum length of seven amino acids were considered.

4.5.4 Calculation of Half-Lives

To estimate the half-life of proteins and peptides containing hydroxyproline sites, we
employed a formula based on the protein decay rate method originally described by
Schwanhiusser et al.?” and modified by Mathieson T et al. 285, The formula used is as
follows:

2 3, t
i-(=11n(Rhli + 1) * tlz

Thairiife =

In this formula, t; represents the time point at which the measurement was taken, and Ry,

denotes the SILAC heavy-to-light ratio at the corresponding time point.

Before calculating SILAC ratios of proteins and peptides using the formula, we performed
data filtering steps. Records corresponding to potential contaminants and reverse decoys
were removed from the analysis. Additionally, sites with MaxQuant localization scores
lower than 0.75 were filtered out. The half-lives of hydroxyproline sites were determined
using SILAC ratios obtained from peptides containing the corresponding site. On the other
hand, the half-lives of proteins were calculated using the SILAC ratios of the corresponding

protein groups. As the half-life distributions were not normal distributions, we performed
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the Mann-Whitney U test between half-lives of hydroxyproline sites and their

corresponding proteins for four cell lines respectively.

4.5.5 Clustering of Turnover Analysis Results

To gain further insights into the hydroxyproline sites, we performed clustering based on
the ratio of hydroxyproline peptide half-life to the half-life of the corresponding protein.
This analysis allowed us to identify distinct clusters of hydroxyproline sites with varying
characteristics. For each cell line, we applied k-means clustering with a cluster size of four

using a custom Python code.

The resulting clusters, labeled as Cluster I to IV, were determined based on the ascending
order of the half-life ratio. Each cluster represents a group of hydroxyproline sites with
similar temporal dynamics. To investigate the functional implications of these clusters, we

conducted multiple enrichment analyses on the clustered results.

4.5.6 Melting Point Calculation of Identified Peptides

To determine the melting points of hydroxyproline peptides and protein groups, we
employed data obtained from a functional proteoform study'®?. The dataset comprised
measurements at eight different temperatures for each B lymphocyte cell line, with samples
from two cell lines labeled using a TMT16plex set. Analysis of the collected data was

performed using MaxQuant software (Version 2.2.0.0).

For the analysis, we utilized the "Reporter ion MS2" type and selected TMT16plex as the
isobaric labeling method. Fixed modifications included carbamidomethylation on cysteine

residues, while variable modifications encompassed hydroxylation on prolines, oxidation
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on methionines, and acetylation on protein N-terminals. Trypsin served as the protease,
with a maximum of two missed cleavages allowed. False discovery rate (FDR) thresholds
for proteins and peptides were set at 1%, and peptides were required to have a minimum

length of seven amino acids.

To calculate the melting points, we first summed up all eight corrected reporter intensities
in all spectra corresponding to each peptide identified respectively, where peptides with
either modification difference or sequence difference were considered as different peptides.
Then we selected the initial valid corrected reporter intensity from the ascending
temperature points for each peptide identified. This intensity was designated as the
reference with a ratio of one. Subsequently, we normalized the remaining valid corrected
reporter intensities by dividing them by the reference intensity, thereby obtaining ratios
corresponding to different temperatures for each hydroxyproline site or protein group.
Ratio series with fewer than six valid values from different temperatures were excluded

from further analysis.

To fit the temperature ratio series, we developed a custom Python code that employed a

sigmoid function:

1-f,
f(D) = o + T st-arm

In this function, T represents the temperature variable, while f,,, a, and b are parameters
determining the curve's shape!**%6, We determined the melting point by solving the

equation f (T,,) = 1/2. Melting curves that lacked a valid fit, did not yield a valid melting
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point solution or had a melting point beyond the temperature range of the experiments were

excluded from the exported data.

For peptides with hydroxyproline sites that possessed a valid melting point, we conducted
a one-sample t-test to compare this melting temperature with all other valid melting
temperatures of the same protein. The p-value significance threshold on the one-sample t-
test was set to 0.01 for sorting hydroxyproline peptides with significant melting temperate

changes.

4.5.7 Functional Enrichment Analysis

We performed functional enrichment analysis on two online platforms, Webgesgalt**® and

289 Both online tools were used to perform enrichment analysis, including Gene

Metascape
Ontology (GO) biological process, GO molecular function, GO cellular component, KEGG
pathway, CORUM complex, and protein-protein interaction. Analyzed results were

downloaded from their website, containing both tables with enrichment statistics and

figures generated corresponding to the results.

4.5.8 Motif Enrichment Analysis

For a group of functionally important sites that we were interested in the motif of the
neighboring sequence of the site, we performed motif analysis with homemade Python
code and the MoMo tool*! within the online MeMe suite*”®. Firstly, a +/-6 neighbor
sequence list was extracted from interesting sites with homemade Python code, based on
proteins and positions provided and proteins sequence fetched from UniProt API. Then the

neighbor sequence list was submitted to MoMo online tool using the fasta of whole HypDB
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human sequences as context sequences in motif-x mode, and compressed analyzed results
in figures and tables can be downloaded from the webpage when the job is done by the

online server.

4.5.9 Region and Domain Enrichment Analysis

We gathered information related to regions and domains in the UniProt database for the
protein list we were interested in. Then given the range of region and domain, we calculate
the number of hydroxyproline sites and proline sites regardless of their modification state
that resided in each type of region and domain respectively. Then we performed a
hypergeometry test with the two numbers above, total hydroxyproline sites in the protein

list and total proline sites in the protein list for each region and domain.
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Chapter V Conclusion and Future Perspectives

Yao Gong wrote this chapter
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5.1 Integrating Functional Information with PTM Identifications: Method

Development and Applications

This work addresses the challenge of exploring and interpreting the incompletely annotated
human proteome. By combining PTM identification and functional information, we not
only identified and quantified diverse proteoforms with different modifications but also

provided unbiased functional annotation from multiple perspectives.

Firstly, we developed UbE3-APA, a software that utilizes the enzyme-substrate interaction
network to analyze the quantitative ubiquitylome. This approach revealed changes in E3

ligase activities and relationships under different environmental conditions.

Secondly, in the HypDB project, we collected, analyzed, and curated human proteome MS
data from various sources to create a comprehensive collection of hydroxyproline sites. We
integrated site identification, quantification, and functional annotation databases to reveal
a global functional landscape of the hydroxyproline proteome across multiple levels,

including site, protein, and tissue.

Thirdly, we gathered MS data from functional proteomics studies, which inherently contain
functional information. We identified and quantified hydroxyproline sites, integrated
functional annotation databases, and incorporated credibility profiles from HypDB to
create detailed functional profiles for individual hydroxyproline proteomes. Integrated
analysis across different functional studies highlighted hydroxyproline sites with functional

changes in multiple studies, such as position 230, 235, and 238 on PRDX3.
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The functional annotation approaches implemented in these projects have significantly
advanced the field of functional proteomics and deepened our understanding of the
complex molecular function network influenced by diverse PTMs. Furthermore, the
integration of additional approaches and the incorporation of functional proteomes in future
studies will continue to enhance our understanding of functional PTM proteomics.
Collectively, these methods and accumulated information offer valuable insights into the
impact of PTMs, particularly those within the dark proteome, on various biological

processes within the intricate landscape of the human proteome.

5.2 Building an Integrated Platform and Website for Multi-dimensional PTM

Functional Annotations and Future Expansion

Establishing a comprehensive database that consolidates annotation knowledge from
various approaches is of paramount importance. Furthermore, it is crucial to create a
platform for sharing novel discoveries with the scientific community and obtaining
valuable feedback. With these principles in mind, we developed the HypDB platform to
facilitate hydroxyproline research, a PTM known for its crucial roles in oxygen sensing
and cellular structure but lacking a centralized database. Leveraging the sites we identified,
verified, and quantified through spectra analysis, and integrating the results of diverse
functional annotations, we constructed the HypDB platform, accessible through a user-
friendly webpage supported by a MySQL database. To validate the utility of HypDB, we
conducted analyses of DIA MS data from previous cancer proteomics studies, comparing
the HypDB spectral library to the original spectral library obtained from DDA data of the

same study. Additionally, the platform serves as a means to gather new datasets and
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continually enrich our collection. Our goal is not only to include sites from current
workflows but also to incorporate results from uncovered species and functional
approaches. This contains functional proteomics methods we have analyzed, including
evolutional conservation across species, protein turnover rate with and without
modification and thermal stability changes upon PTMs, and others that may deepen our
understanding of the functional proteome. By expanding the number of collected sites, the
number of covered species, and incorporating different dimensions of functional
information, HypDB will serve as a comprehensive framework for interpreting the
functions of both studied and previously unexplored hydroxyproline sites, thereby

advancing the field related to hydroxyproline research.

5.3 Multidimensional Functional Proteomics Data: Unveiling the

Complexities of Protein Interactions and PTM Functions

Proteins exhibit dynamic and intricate interactions, operating within a high-dimensional
space that makes it challenging to comprehensively interpret their individual functions or
pathways. To overcome this challenge, our research integrated functional information from
various dimensions across all three projects. In the UbE3-APA project, we combined gene
mutation data with the E3 ligase-substrate network. In the HypDB project, we incorporated
stoichiometries of hydroxyproline sites, tissue specificity, and functional annotation
databases. Additionally, we integrated results from three distinct types of functional

proteomics studies. These multidimensional analyses provided a clearer understanding of
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the functional profiles of PTMs while narrowing down the number of PTM sites that may

be functionally important in specific pathways or conditions.

The rapid expansion of proteomics data, coupled with the need for a global perspective on
functional proteomics, suggests that integrating multiple dimensions of functional
proteomics data is crucial. Existing projects like Galaxy-P have successfully integrated
RNA expression levels, protein-protein interaction data, and proteomics analysis*®! 2%,
Furthermore, advancements such as AlphaFold, a model bridging the gap between protein
sequence, structure, and function, showed promising potential'*’-14315° When combined
with emerging deep learning algorithms, these approaches may ultimately elucidate the
entire functional landscape of the human proteome. They can explain regulatory pathways,
uncover interaction residues, and reveal the enzymatic activity mechanisms of proteins

with different PTMs. Such advancements will greatly contribute to genome engineering,

enzyme discovery, drug development, and precision therapeutics.

In summary, by integrating multiple dimensions of functional proteomics information,
identifying and quantifying PTMs, and employing computational models, we can
significantly deepen our understanding of both well-studied and under-studied proteins and
PTMs. These advancements will ultimately elevate the overall level of human health and

well-being.
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