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Abstract 

High-throughput quantitative proteomic platforms for discovery of functional protein 

modifications and interactions 

 

By Jun X. Huang Under Direction of Professor Raymond. E. Moellering 

 

Protein post-translational modification (PTM) represents an important functional 

regulatory mechanism in the cell. Technological advances in the field of LC-MS/MS-based 

quantitative proteomics have enabled massively parallel detection and identification of novel 

PTMs in the past few decades. However, conventional biochemical approaches to characterize 

PTM function remain labourious and low throughput, and we lack general methods with which to 

predict, or even prioritize, which modification sites are likely to be functional in the proteome.  

Here we developed a quantitative proteomic method, termed “Hotspot Thermal Profiling” 

(HTP), to enable the unbiased, global, and high-throughput measurements of protein stability 

changes in response to site-specific phosphorylation events in live cells. Our proof-of-concept 

dataset showed that phosphorylation-induced thermal stability shifts can serve as a readout on the 

biophysical and functional effect of a phosphosite. HTP measured thermal stability profiles of 

thousands of bulk, unmodified proteoforms and phosphomodiforms, and revealed trends related to 

protein function and structure. HTP rediscovered well-known phosphorylation-mediated protein-

protein interactions in protein 4EBP1 and enabled discovery of previously uncharacterized PTM-

mediated interaction GAPDH and Vinculin. In vitro functional experiments of GAPDH and 

Vinculin validated and elucidated the molecular functions of  



 xi 

Next, we developed two HTP method variants with aims to improve precision in sample 

processing, expand the depth of (phospho)proteome coverage, and increase the accuracy in LC-

MS/MS quantitative measurements. We termed these method variants “Label-Enrich”- and 

“Label-Fractionate-Enrich”-HTP and demonstrated that the thermal stability of different 

proteoforms be reliably measured in these variant methods.  

Lastly, we explored the application of different thermal profiling strategies to profile 

protein-metabolite interactions in cells. We used a modified HTP workflow with an additional 

fractionation step and developed a SILAC-based thermal stability method to interrogate the 

proteome under acute-glucose withdrawal in a kinetic series. The resultant dataset revealed the 

time-dependent shifts in thermal stabilities of thousands of proteins, including in glycolytic 

enzymes known to interact with glucose metabolites.  

 Overall, these new profiling approaches provided novel mechanistic insights into 

molecular interactions in the cell, and we envision that the extension HTP methods to diverse 

organisms, cell types, PTMs, and kinetic states can expand our understanding of the role of PTMs 

in regulating protein structure, function and signal transduction. 
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CHAPTER 1  

Introduction 

 

 

1.1 Background 

 
1.1.1 Heterogeneity of the proteome 

Proteins carry out a wide variety of essential processes in the cell including catalytic, 

regulatory, signaling and structural functions1, 2. Typically ranging between 50 to 1000 amino acids 

per polypeptide chain3, these small biological machineries are comprised of unique sequences of 

amino acid residues that determine not only their chemical and biophysical properties, but also 

three-dimensional architecture4. This unique primary sequence directs the folding of the native 

protein into three-dimensional shapes to enable specific functions, from serving structural 

purposes as the basic building block of the cytoskeleton in the cell (e.g. actin)5, 6, to mediating 

signaling pathways in a variety of signal transduction cascades (e.g. kinase and acetyltransferase)7-

9, and carrying out metabolic processes such as the breakdown of glucose molecules to provide 

sources of energy and biosynthetic precursors necessary for sustaining life (e.g. glycolytic 

enzymes)10, 11. 

The size of the human proteome is a core proteomics question. The human genome project 

estimated the number of protein-coding genes to be around ~20,000 genes12, but researchers 

project that there may be several million distinct protein forms in the human proteome13-15. The 

first source of proteome diversity is alternative RNA splicing which enables a single gene to code 

for multiple proteins (i.e. protein variants or isoforms)16. At least 95% of human genes are believed 
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to be alternative spliced17, 18 and the Uniprot database has recorded 77,027 distinct protein 

sequences in the human proteome so far19. In addition to splice variants, a process known as post-

translational modification (PTM) plays a key role in further expanding the diversity of the 

proteome. After their assembly on ribosomes and throughout their lifetimes, proteins are regularly 

modified with small, covalent chemical moieties on their amino acid side chains or N-terminus. 

PTMs are ubiquitous in all forms of life, and these chemical modifications can be both enzyme- 

(e.g. protein kinase)7 or non-enzyme mediated (e.g. reactive metabolites)20, 21. PTMs function to 

modulate protein activity, structural conformation, protein subcellular localization, biomolecular 

interactions, and many more, and thus play roles in many core aspects of biological processes. The 

reversible nature of PTMs also enables spatial and temporal control of protein function22. 

PTM is a major source of heterogeneity in the proteome. The very first protein modification 

was discovered in 1906 by Levene and Alsberg at Rockefeller University who detected a 

phosphate group on egg yolk protein vitellin while trying to study the chemical composition of 

amino acids23. Since then, more than 500 different protein modifications have been detected across 

all proteomes and all 20 canonical amino acids19, 22. PTMs can range from relatively small (e.g. 

methylation)24 to as large as thousands of Daltons in size (e.g. ubiquitination)25 (Figure 1.1). In 

addition to the sheer chemical diversities of protein modifications, multisite and different types of 

PTM can exist on a protein at the same time, which leads to a combinatorial explosion in the 

number of possible molecular states or proteoforms26. 
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Figure 1.1 Commonly detected protein post-translational modifications and their functions. 

 
 
 
 

The most commonly detected PTM in human is by far protein phosphorylation, clocking 

in at more than 38,000 entries in the Uniprot database and accounting for more than 70% of all 

annotated PTM sites in human2, 19 (Figure 1.2A). Phosphorylation is enzymatically installed onto 

protein side chains by kinases (“writer”) and removed by phosphatases (“eraser”)27. This reversible 

addition of a phosphate group PO43- can be found on serine, threonine, and tyrosine residues in 
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mammalian proteomes4, 28, as well as histidine and aspartate residues in bacterial and fungal 

proteomes29.  Protein phosphorylation is a major regulatory mechanism in many cellular processes, 

acting as “on” or “off” switches for many enzymes and receptors. The pioneering work of Edwin 

Krebs and Edmond Fischer in 1956 showed that protein phosphorylation can reversibly regulate 

the activity of phosphorylase in the breakdown of glycogen molecules to glucose subunits in the 

first known example of allosteric regulation30, 31. Many more years of research went into 

elucidating the regulatory mechanism of protein phosphorylation and dephosphorylation events. 

As protein phosphorylation drives regulation of cellular pathways, it’s no surprise that aberrant 

activity is implicated in many diseases. For example, in tumour suppressor protein p53, N-terminal 

residues are phosphorylated in response to cell stress which weakens the protein-protein 

interaction between p53 and E3 ubiquitin ligase MDM232. This leads to activation of p53 and 

upregulation of genes involved in cell cycle arrest and DNA damage repair33, 34. An imbalance in 

the phosphorylation/ dephosphorylation mechanism of p53 can lead to aberrant cell proliferation 

and cancer35. Phosphorylation also has important roles in signal transduction cascades. The 

mitogen-activated protein kinase (MAPK) pathway mediated by Ras kinases transmits signals and 

stimuli from cell surface receptors to intracellular processes7. The phosphate group functions as 

the “messenger” and communicates the signal as it is transmitted from one protein to the next in a 

cascading event. Defects in the phosphorylation signaling pathways is implicated in many diseases, 

making protein kinases a major therapeutic target. Many kinase inhibitors have been developed to 

great therapeutic success, including the blockbuster drug imatinib (Gleevec) which binds to the 

ATP binding site of BCR/ABL tyrosine kinase and inhibits autophosphorylation of the protein, 

effectively shutting down downstream signaling pathways that promote leukomogenesis36, 37. 

Tofocitinib, approved for the treatment of rheumatoid arthritis, binds to a small hydrophobic ATP 
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pocket of intracellular Janus kinases (JAK) and inhibits intracellular phosphorylation signaling 

pathways initiated by cytokines that lead to inflammatory responses38, 39. These are only a couple 

examples of the broadening research to develop therapeutics targeting protein kinases and 

phosphorylation signaling pathways. 

 

 

Figure 1.2 Number of human PTMs reported in databases 
A) Histogram of human PTMs recorded in UniProt. By far phosphorylation is the most frequently 
reported PTM at ~38,000 entries. B) Histogram of human PTMs with functional annotations 
involved in diseases. Data from A-B) are adapted from 2,40. 
 
 
 

Other common examples of enzyme-mediated protein modifications are illustrated in 

Figure 1.1. Currently, the most popular PTM to study is acetylation as the number of publications 

published annually just exceeded that of phosphorylation in recent years. Acetylation is a highly 

evolutionarily conserved modification occurring in both prokaryotes and eukaryotes41. Interest in 

this PTM exploded in the late 1990s after a slew of discoveries such as the identification of histone 

acetyltransferases (HATs) and deacetylases (HDACs)42, 43. Early studies of acetylation focused on 

the link of histone acetylation to epigenetics, though in recent years, acetylation research expanded 

its scope to non-histone acetylation events after the PTM was detected in hundreds of different 
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proteins throughout the cell42, 44. Acetylation on the C-terminal lysine residues of p53 was found 

to interfere with DNA binding and fine-tunes p53 function in a context-dependent manner33. 

Acetylation of heat shock protein HSP90 impairs its association with an essential co-chaperone 

p23, and resulting in the loss of chaperone-assisted protein folding activity of HSP9045. 

Acetylation on K145 of protein TDP43 was found to be implicated in amyotrophic lateral sclerosis 

(ALS) as it impairs protein-RNA binding and promotes protein aggregation resulting in neuronal 

damages46. This broad functional impact of acetylation resulted in deacetylases becoming 

desirable therapeutic. For example, vonriostat is a broad HDAC inhibitor that binds to the zinc 

atom of the catalytic site and is approved for the treatment of advanced primary cutaneous T cell 

lymphoma47. Other examples of well-characterized enzyme-mediated PTM include ubiquitination 

which is one of the most abundant PTM in the cell48. Ubiquitin is unique because it is not a small 

chemical moiety but a highly conserved regulatory protein containing 76 amino acids and it 

covalently conjugates to other proteins by ubiquitin ligases49. A homologous polyubiquitination 

chain can serves as a degradation signal for transferring proteins to the 26S proteasome50 while a 

mixed and branched linkage induces Epsin1-mediated endocytosis of major histocompatibility 

complex MHCI51. Enzyme-mediated PTMs remain highly sought after for both basic research and 

therapeutic development because of their tightly choreographed regulatory mechanisms. 

A new class of non-enzymatic PTMs called reactive metabolite PTM (rmPTM) is also 

gaining popularity in the field of protein modification studies in recent years52, 53. A representative 

example is a non-enzymatic lysine acylation discovered by Moellering and Cravatt20. The highly 

reactive primary glycolytic metabolite 1,3-bisphosphoglycerate (1,3-BPG) induces acylation on 

lysine residues to form 3-phosphoglyceryl-lysine (pgK) in a variety of glycolytic enzymes. The 

pgK modification has been shown to alter the chemical properties of target proteins and can induce 
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inhibitory effects on glycolytic proteins in response to glucose level in the cell. Lysine 

glutarylation is another recent example of non-enzymatic acylation54-56. Hyperglutarylation on 

carbamoyl phosphate synthase 1 (CPS1) results in the loss of enzyme activity and perturbation in 

mitochondrial nitrogen metabolism52. Another example of rmPTM is the reactive glycolytic 

metabolite methylglyoxal (MGx) which has been found to form a methylimidazole crosslink 

between proximal cysteine and arginine residues (MICA) in Kelch-like ECH-associated protein 1 

(KEAP1)21. The KEAP1-Nrf2 pathway is a master regulatory pathway of antioxidant responses57-

60. The non-enzymatic MICA modification on KEAP1 was shown to induce dimerization of the 

protein and disrupt the interaction between KEAP1 and the transcription factor Nrf2, resulting in 

upregulation of antioxidant genes by transcription factor Nrf2. The MICA modification 

exemplifies the regulatory crosstalk of biological networks mediated by PTMs.  

 In summary, protein post-translational modification is the primary source of proteome 

heterogeneity. The chemical diversity and combinatorial presence of PTMs allow them to regulate 

protein function in a wide variety of mechanisms across all biological processes in the cell. Many 

PTMs are reversible in nature which enables spatial and temporal control of protein chemistry and 

activity in response to stimuli. Aberrant modification networks are implicated in many human 

diseases and are therefore of great interest to the scientific community to elucidate the molecular 

mechanisms of PTMs.  
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1.1.2 Mass spectrometry-based studies of post-translational modifications 

 In recent years, advances in liquid chromatography-tandem mass spectrometry (LC-

MS/MS)-based technologies greatly accelerated the study of PTMs61. The first explosion of novel 

PTM discovery began in the 1980s with the development of electrospray ionization (ESI) mass 

spectrometry to study peptides and proteins22, which awarded the 2002 Nobel Prize in chemistry 

to Koichi Tanaka and John62. In ESI-MS, a liquid sample solution of biological macromolecules 

is ionized into charged droplets after passing through an electrically charged capillary before 

entering the mass spectrometer for mass analysis63, 64. In the tandem MS (i.e. MS/MS or MS2) 

approach, enzymatically digested peptides are further fragmented in a collision chamber with high 

energy gas, leading to the cleavages of peptide backbone between different amino acid residues 

and yielding b- and y-type fragments of varying lengths65. The resulting masses from MS/MS 

fragment ions spectra are matched with a protein sequence database with bioinformatic search 

engines which allows accurate determination of peptide sequences with amino acid resolution62. 

This peptide-based, “bottom-up” approach – also known as “shotgun proteomics” when performed 

in a large set of proteins such as cell lysate66, 67 – has allowed the massively parallel detection and 

confident identification of post-translationally modified peptides.  

 The second major advancement in PTM studies was the development of front-end 

enrichment strategies of modified peptides prior to LC-MS/MS analysis to enable to the detection 

of low abundant modified peptides. Typically, a modified proteoform only represents a minor 

member of the protein pool. This inadvertently puts a disadvantage on the detection of PTM-

peptides using data-dependent acquisition (DDA) mode which is the most popular method used in 

MS-based proteomics research today68, 69. After the first full MS scan, DDA mode selects the top 

10-15 most abundance precursor ions for MS/MS analysis in an attempt to minimize redundant 
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peptide precursor selection and maximize proteome coverage70, 71. As a result, low abundant PTM-

peptides often get overlooked as their signals are routinely masked by the more abundant non-

modified peptides. Different PTM-specific enrichment strategies have been developed to isolate 

modified peptides and reduce complexity of the sample. The most traditional method uses 

antibodies to purify specific PTM-peptides for MS-identification72. Immunoprecipitation 

enrichment was used in the first global acetylation proteomics profiling study44, and more recently, 

in the detection of acylation using polyclonal antibodies generated from immunizing rabbits with 

malonylated BSA73, as well as other less studied PTMs20. On the other hand, affinity 

chromatography using immobilized titanium oxide (TiO2) to enrich phosphopeptides is readily and 

commercially available74, which has helped the robust and deep detection of the phosphoproteome. 

Enrichment strategies that rely on the physiochemical properties of the modified peptides, such as 

strong cation exchange chromatography (SCX) to selectively isolate charge-reduced modified 

peptides, also enables robust enrichment of a variety of PTMs75. Lastly, a variety of chemical 

derivatization methods has also been developed to tag PTMs72, including chemical probes with an 

azide moiety that can be subsequently conjugated to an affinity linker that was used to enrich an 

O-GlcNac-modified proteome76.  

 More recently, novel quantitative proteomics methods have added another dimension to 

deriving the functional significance of modification sites. In addition to identity information (i.e. 

whether a PTM is present on a protein or not), quantitative strategies enable researchers to measure 

and compare the relative abundance of PTMs in different conditions to investigate the regulatory 

crosstalk of PTM networks in diverse cell states and in response to different stimuli. Several 

methods have been developed in the past decade to enable these quantitative measurements. In the 

metabolic isotopic labeling (SILAC) approach which allows multiplexing of up to three conditions, 
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cells are grown in a medium supplied with amino acids of different weight (light, medium, or 

heavy isotopes) which get incorporated into the cell proteomes77-79. Different metabolically and 

isotopically labeled peptides have the same chemical properties but a known mass shift allows the 

MS to differentiate them from one another. The relative signal intensity differences between the 

different versions of the same peptide can be used derive PTM abundance differences80. Using the 

SILAC approach, Olsen et al obtained a global view of time-dependent dynamic regulation by 

phosphorylation in HeLa S3 cells during mitosis in response to a growth factor stimulus79. In 

chemical labeling approaches, isobaric reagents can label the proteome at the peptide-level and 

allows quantitative comparisons of 8 (iTRAQ) to 16 (TMTPro) conditions simultaneously81-83. In 

isobaric tandem mass tagging (TMT), the reagents are comprised of an amine-reactive NHS ester 

group that reacts with peptide N-termini, a mass normalizing linker, and a mass reporter tag whose 

signal intensity in MS/MS spectra is used for  relative quantification83. Using this quantitative 

approach, Rose et al performed large scale quantification of ubiquitylation across 10 different 

tissue type to elucidate targets and mechanisms of ubiquitin-driven signaling systems in 

neurogenerative disease84.  

A typical proteomics experiment using strategies discussed are illustrated in Figure 1.3. 

Altogether, the increased sensitivity of MS-instrumentation, new enrichment strategies, and 

refined quantification methods have helped enhance the high-throughput detection of PTMs in a 

variety of proteomes.  
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Figure 1.3 Schematic of a typical proteomics workflow to study PTMs 
In a typical PTM proteomics experiment (phosphoproteomics is shown here as an example), 
proteins are isolated from cells and proteolyzed down to peptides. Modified peptides are 
enriched from the peptide pool using a variety of techniques such as immunoprecipitation, IMAC 
and TiO2 (for phosphopeptides). Peptides from different treatment conditions are labeled with 
different isobaric tags (i.e., TMT, ITRAQ) before multiplexing and analyzed using LC-MS/MS 
for quantitative proteomics analysis. 
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1.1.3 Deciphering the functions of PTMs 

 Despite the ever-growing list of novel PTM sites detected with LC-MS/MS-based 

proteomics technologies, very few modification sites have been functionally characterized. 

According to PhosphositePlus database, more than 380,000 unique modification sites from just 

seven types of PTMs have been detected in the human proteome alone85, 86; however, for PTMs 

that are implicated in human diseases, only ~6500 of them have been functionally validated (Figure 

1.2B). This stark contrast presents a major dilemma in the field of PTM studies: how do we 

prioritize which PTM from this long list to functionally validate? 

One common pitfall shared by the current state of quantitative PTM proteomics analyses 

is that they simply report on the “writing” and “erasing” status of PTMs. That is, whether a PTM 

is present or not during one cellular state versus another. These global PTM datasets may tell us 

the identity and stoichiometry of modification sites and help identify pathways that are implicated 

in diseases, such as global PTM profiles of Tau proteins to identify patient heterogeneity and stages 

of Alzheimer’s Disease87, they do not offer any mechanistic insight. In other words, LC-MS/MS-

based studies can provide “writing” and “erasing” information of PTMs, but they provide no 

dynamic “reading” information about how the modification site interacts with other biomolecules 

and induce functional changes in proteins.   

Despite the chemical diversity and functional complexity of PTMs, their molecular 

mechanism in regulating protein activity is rather straightforward. Through electronic and steric 

effects, PTMs impact intra- and intermolecular interactions of proteins. In phosphorylation, the 

negatively charged phosphate group can repel or attract other negatively or positively charged 

amino acid side chains from nearby intramolecular residues or an intermolecular biomolecules, 

resulting in changes to protein conformation and function4. Similarly, histone acetylation 
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diminishes the electrostatic affinity between histone proteins and DNA and regulates the 

transcription of genes in response to cellular stimuli88, 89. While these molecular mechanisms 

appear straightforward, conventional biochemical approaches to decipher PTM’s mode of action 

are low-throughput and laborious. For decades, PTM characterization are confined to individual 

proteins and isolated pathways. Researchers must first identify specific modification sites 

associated with a phenotype of interest, and then meticulously study the properties of the modified 

protein one-by-one. Endogenously modified proteins are often too low in abundance for 

purification to use in functional in vitro biochemical applications. On the other hand, it is near 

impossible to generate constitutively modified protein at a specific location with the desired PTM 

of interest. To mimic the modified protein, researchers commonly substitute the specific residue 

of interest with another amino acid that mimic the chemical properties of the modified residue. For 

phosphorylation, amino acids glutamate and aspartate are often used to mimic 

phosphoserine/threonine/tyrosine (pS/T/Y) since they provide the same negative charge and are of 

similar volume to the phosphoresidues (Figure 1)90. However, these mutations often fail to truly 

replicate the chemical properties of the modification, and many residue substitutions for other 

PTMs are not always possible91. To generate mimetic mutants, researchers need to perform lengthy 

site-directed mutagenesis and protein expression purification for each desired mimetic in order 

generate a large amount of the recombinant protein to use in follow up biochemical validation 

experiments. This lengthy functional PTM characterization process is exemplified in the study of 

phosphorylation of the cytoskeleton regulatory protein cofilin92. The researchers in the study 

generated various phosphomimetic cofilin mutants and characterized the PTM-mediated dynamic 

conformational and functional shift using cryo-EM. Phosphorylation at the Ser-3 position of cofilin 

was found to regulate actin binding and severing by “undocking” and repositioning the protein N-
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terminus away from the filament axis. In another example, a number of phosphomimetic mutants 

of translational initiation factor complex 3 (eIF3) were expressed to meticulously decipher the 

eIF3d-mediated translation of Jun during metabolic stress93. Although some data science attempts 

have been made to help identify functional PTMs from primary protein sequences94-96. In one 

report, PTM sites are mapped to proteins with available three-dimensional (3D) structural 

information in the Protein Data Bank (PDB) to predict sites that may affect protein-protein 

interactions96. However, the reliability of bioinformatics predictions remains to be seen.  

In summary, traditional biochemistry approaches used to characterize modifications 

remain the rate-limiting step in PTM functional characterization. Despite the ever-growing list of 

novel PTM sites detected by LC-MS/MS-based approaches in massively parallel formats, we lack 

general methods with which to predict, or even prioritize the studies of, protein modifications that 

are likely functional.  
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1.2 Scope of the dissertation 

 
My dissertation will focus novel method developments in the areas of LC-MS/MS-based 

quantitative proteomics to help identify PTMs with functional significance. The central questions 

remain at the core of PTM studies are how such small changes to the chemical structure of proteins 

alter the biophysical properties, and how these changes lead to signaling and phenotypic responses. 

I was involved in all aspects of the novel proteomics platforms development and applying them to 

discover previously known and unknown PTM-mediated interactions and pathways.  

Chapter 2 discusses our recent development of a high-throughput quantitative proteomics 

platform termed “Hotspot Thermal Profiling” (HTP) to discover functional PTMs. This method 

sets out to measure the melting temperature (Tm) of thousands of modified proteoforms in parallel 

and utilizes the modification-induced thermal perturbation as a readout for functional significance. 

This section also discusses follow-up functional characterizations of previously uncharacterized 

modification sites detected by the HTP method. 

Chapter 3 discusses the development of two HTP method variants with aims to improve 

precision in sample processing, expand the depth of (phospho)proteome coverage, and increase 

the accuracy in LC-MS/MS quantitative measurements. This section compares and contrasts the 

datasets generated with all three variants of HTP.  

Chapter 4 discusses the application of HTP to explore the thermal stability of cells under 

dynamic metabolic stress. We apply a modified proteome integral stability alteration assay in a 

kinetic series to track the proteome thermal stability over time.  
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Chapter 5 summarizes the future aspects of each research project in response to the 

development thermal profiling strategies in the studies of protein post-translational modifications  

and envisions the future research directions. 
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CHAPTER 2  

Hotspot Thermal Profiling (HTP) for the functional discovery post-

translational modifications* 

 

The work of this chapter is published: Huang et al, Nature Methods, 16.9 (2019): 894-901 

 

 

2.1 Introduction 

2.1.1 Cellular Thermal Shift Assay  

The phenomenon that low-molecular weight ligands binding to proteins can increase the 

stability of proteins has been known for over a century. In 1890, O’Sullivan and Tompson first 

observed that thermal damages to enzyme invertase could be significantly reduced in the presence 

of cane sugar97. The invention of analytical technologies such as differential scanning calorimetry 

(DSC) and differential scanning fluorimetry (DSF) have allowed more sophisticated and 

quantitative studies of this biophysical phenomenon across a variety of ligands in complex with a 

variety of proteins98-101. More modern examples of protein-ligand interaction characterizations 

include thermal denaturation studies of ribonuclease A in complex with small molecule inhibitors 

and nucleotides102, and tri-N-aceytylglucosamine (GlcNAc)3 binding to the active site of native 

lysozyme which led to significant stabilization of the protein to thermal guanidine hydrocholride 

 
* The author’s contribution to the studies presented in this chapter: The author conducted all 
experiments described in this chapter that led to the development of the HTP method, as well as 
target characterizations. The author designed and performed functional biochemical experiments, 
cell-based experiments, mass spectrometry experiments and analyzed data. The author wrote the 
manuscript with Raymond E. Moellering for the publication of this work. 
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denaturation103. In the latter example, the midpoint of the thermal denaturation curve (i.e. melting 

temperature Tm) of lysozyme increased by 5.3℃ in the presence of (GlcNAc)3.  

 Protein denaturation, or unfolding, describes the process from which the three-

dimensional biologically functional structure of the protein in the native state unfolds into a one-

dimensional sequence of amino acids in a random coil104-107. A typical protein with a two-state 

folding model follows a sigmoidal denaturation curve when it undergoes thermally-induced 

unfolding107. A characteristic melting temperature – Tₘ value – can then be calculated from the 

midpoint of the thermal denaturation curve. Upon ligand binding, the thermal stability of a protein 

often changes, resulting in a shift of Tₘ value103. This concept let to the development of the thermal 

shift assay (TSA) which has been used extensively in the drug discovery industry in the past two 

decades to perform compound library screens for protein-stabilizing small molecule drugs108-110, 

as well as ligands that promote protein stability to help with protein crystallization and structure 

determination in academic research111. Differential scanning fluorimetry (DSF)-based methods 

measure the temperature at which a protein unfolds accompanied by an increase in the fluorescence 

of a dye with affinity for hydrophobic parts of the protein, which are exposed as the protein 

unfolds101. An alternative TSA method uses Differential Static Light Scattering (DSLS) which 

quantifies the amount of unfolded proteins that rapidly aggregate and has been used to interrogate 

protein-metabolite interactions111. After TSA techniques were miniaturized into a microplate 

format109, it lead to the explosion of variant methods and platforms aimed at biomarkers and target 

identifications112, such family-wide profiling and analysis of inhibitors for protein kinases113 and 

poly-ADP-ribose polymerases114. In addition to protein-drug interactions studies, TSA has been 

used extensively to examine a variety of interactions such as protein-protein115 and protein-nucleic 

acid116 interactions. 
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However, conventional thermal shift assays are often done in vitro with purified proteins 

and cannot be used to measure directly in cells. This requirement limits the utility of the assay in 

global target discovery studies where the protein target is unknown; it also precludes the studies 

of proteins that cannot be easily purified. Isolating a protein from its native cellular environment 

to study protein-target interaction in vitro could also remove other endogenous factors such as 

intracellular localization, post-translational modifications, and interactions with other 

biomolecules that might be necessary for protein function. 

A novel variant of the classic thermal shift assay, termed Cellular Thermal Shift Assay 

(CETSA), was first introduced by Molina and Nordlund117 to study protein thermal stability in situ. 

The authors discovered that when cells are heated, many proteins rapidly unfold and precipitate 

out of solution in a similar fashion as do purified proteins. The amount of proteins that remain 

soluble correlated to the amount of proteins that remain folded, which could be isolated and 

quantified using simple techniques such as Western Blot117 or induced proximity of two target-

directed antibodies upon binding to soluble protein in solution118 to generate classic protein 

melting curves. Specifically, this assay involves taking aliquots of samples of various origins (i.e. 

cultured cells or patient-derived materials) and heating them to a range or temperatures before cells 

are lysed and the soluble proteins are isolated. As opposed to measuring the melting behaviour of 

purified proteins, CETSA can measure the thermal stabilities of endogenous proteins in their native 

cellular environment. When ligands or drugs are introduced to live cells, CETSA can measure the 

thermal stability shifts of not only the direct protein targets, but also the indirect and downstream 

targets of the ligand-induced interaction, allowing the surveillance of network wide effects119. 

CETSA was first established using Western Blot-mediated detection to characterize protein-drug 

binding in lysates, cells, and tissues to demonstrate the wide biological applicability of technique. 
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A dose-dependence measurement performed at constant temperature was later introduced to allow 

further characterization of target occupancy. This two-prong approach consisting of temperature-

varying and isothermal dose-dependent steps was used to discover and characterize the protein 

target of antifolate methotrexate in drug-resistant cancer cells117, and thymidylate synthase 

inhibitors in the first compound library screen based on CETSA120.  

 

2.1.2 Expansion of CETSA using mass spectrometry for the interrogation of proteome-

wide protein thermal stability 

Given the simple and transferable nature of the technique, the next evolution of CETSA is 

the marriage of the elegant assay with quantitative mass spectrometry, a rapidly growing technique 

and field. LC-MS/MS-based mass spectrometry was the logical next step because it allows high-

throughput detection of proteome-wide experiments. The first expansion of mass spectrometry 

based CETSA (MS-CETSA), termed Thermal Proteome Profiling (TPP), reported the use of 

isobaric labeling strategy to enable relative quantification of proteins from 10 different 

temperatures simultaneously121. Isobaric tandem mass tagging (TMT) reagents have the same 

nominal mass and chemical structure composed of a mass reporter, a spacer arm (mass 

normalization), and an amine-reactive NHS ester group that reacts with peptide N-termini83 

(Figure 2.3A). Two aspects of the TMT labeling strategy are integral to MS-CETSA. First, the 

isobaric tag allows barcoding of the whole, soluble proteome from different temperature samples. 

Second, the signal intensity of the mass reporter enables relative quantification of all detected 

proteins (measured at the peptide level) present at each temperature sample, ultimately allowing 

protein-specific melting curves to be fitted (Figure 2.3B). The MS-CETSA/TPP assays provide a 
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way to study target engagement by interrogating global protein stability across the proteome and 

experimental conditions in a high-throughput manner122. 

 
Figure 2.1 Mechanistic overview MS-CETSA/TPP 
A) Chemical structure of isobaric labeling reagent tandem mass tag (TMT). B) General workflow 
of MS-based thermal profiling to measure aggregate proteoform stability in live cells (i.e. the bulk 
population of a protein of interest). Bioactive ligands can cause 
altered protein stability, either because of direct ligand engagement or downstream effects on 
interactions with other biomolecules. 
 
 
 

The primary application of MS-CETSA/TPP assays has been the massively parallel 

interrogation of ligand-induced, protein-specific stabilization or destabilization for thousands of 

proteins. This was first demonstrated in live jurkat cells using the pan-kinase inhibitor 

stauorsporine caused significant Tₘ shifts in dozens of known protein kinases121. TPP has 

subsequently been deployed to identify lipid kinase PIP4K as the target of dual-inhibitory 

compound “a131”123, delineate the molecular mechanism of the CDK4/6 inhibitor Palbociclib-
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induced proteasome activation124, and validate the best-in-class MTH1 inhibitor in cancer cells125. 

In addition to mammalian proteomes, TPP has also been used to profile the “meltomes” of 

prokaryokes such as E. coli126, and P. falciparum127which led to the identification of nucleoside 

phosphorylase (PfPNP) as the elusive target of antimalaria drugs quinine and mefloquine. Lastly, 

TPP has been successfully deployed to detect endogenous biomolecular interactions. TPP 

metabolite interaction mapping identified cognate transmembrane receptor STING which is 

involved in immune signaling as the target of metabolite 2’3’-cGAMP in live cells128. Meanwhile, 

proteome-wide solubility and thermal stability profiling of ATP revealed ATP-dependent 

solubilization of the proteome129.    

 

2.1.3 Post-translational modifications as a low molecular weight covalent ligand 

 In many ways, post-translational modifications are very similar to low-molecular weight 

ligands in how they impact the biophysical properties of the much larger proteins. PTMs are small 

chemical impingements that covalently modify their protein of interests, leading to changes in 

protein structure or biomolecular interactions, and eventually signaling and phenotypic responses 

in the cell. Since small molecule ligand-binding can affect the thermal stability of a protein through 

impacting its chemical and biophysical properties, it is logical to deduce that PTMs may also have 

similar effects on thermal stability of proteins. This assumption sparks the idea that MS-CETSA 

may also be modified and applied to query thermal stability changes impacted by the presence of 

PTMs on proteins.  

There is a major advantage of this potential application of MS-CETSA to the studies of 

PTMs. In the original TPP workflow, the primary application is to interrogate ligand-induced 

thermal stability changes in the proteome. Although the method can potentially provide clues to 
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biomolecular interactions and network effects in response to a stimulus, it is impossible to 

differentiate whether a protein Tₘ shift is the result of a direct or indirect interaction with the small 

molecule. In other words, the ligand cannot be detected alongside its direct protein target and be 

directly associated with a protein Tₘ shift. TPP-generated Tₘ shift datasets, in their current form, 

simply provide a ranked list of proteins from most to least thermally perturbed in the presence of 

the added ligand and it is up to the researcher to follow up and decipher the functional significance 

of said Tₘ shift. On the hand, PTM can be detected alongside its direct protein target using LC-

MS/MS-based proteomics technology which provides peptide-level information with amino-acid 

resolution. The presence of a PTM can be directly correlated to the presence (or the lack) of a 

protein Tₘ shift since LC-MS/MS-based proteomics methods are based on a peptide-mapping 

approach and can differentiate discrete proteoforms. 

In this Chapter, we sought to develop a general method to overcome the limitations of 

current approaches to detect and discover functional PTMs. The quantitative proteomic approach 

utilizes principles from MS-CETSA/TPP approaches to enable direct, high-throughput 

interrogation of altered protein stability in response to endogenous, site-specific posttranslational 

modifications for thousands of proteins in parallel. This method, titled Hotspot Thermal Profiling 

(HTP), couples PTM-specific enrichments and isotopic labeling with TPP to globally detect and 

quantitatively measure the thermal stability of endogenous proteins and their site-specific, 

modified proteoforms, which we refer to herein as “modiforms,” from in vitro and in situ samples. 

We applied this method to examine phosphorylation, the most commonly detected and well-

studied PTM, as a proof-of-concept to demonstrate the utility of our approach. 
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2.2 Results  

2.2.1 Hotspot Thermal Profiling method development 

The HTP workflow begins with pulsed exposure of equivalent aliquots of live cells to 

temperatures ranging from 37 to 67°C for 3 minutes, followed by cooling to room temperature, 

rapid cell lysis in the presence of protease and phosphatase inhibitors, and centrifugation to remove 

unfolded proteins (Figure 2.2A). The soluble proteome remaining in the supernatant of each 

temperature-matched aliquot is then proteolyzed into tryptic peptides, and 5% of each peptide 

aliquot is labeled with specific tandem mass tag (TMT) isotope channels and reserved for protein-

level thermal profiling of the “unmodified, bulk” protein pool. The remaining 95% from each 

tryptic peptide aliquot is used for phosphopeptide enrichment by TiO2 resin, followed by TMT 

isotope labeling (Figure 2.2B). All aliquots of the unenriched and phosphorylated TMT tryptic 

peptides are subsequently combined into two respective pools, and used for LC-MS/MS proteomic 

analysis and quantitation of relative peptide levels across the temperature range. Finally, these 

peptide-level measurements are analyzed en masse with peptide identification, relative 

quantification and automated curve fitting algorithms to determine peptide-specific melting points 

(Tm) for tens of thousands of specific peptides in the same sample.  A core property of this approach 

is the fact that these quantitative proteomic measurements are performed on enzymatically 

digested peptides, which are used to identify and report on their parent proteins. As such, 

measurements made on a unique modified peptide (e.g., phosphorylated peptide) serve as a ‘bar-

code’ to report on any protein that contains a modification at that site to the thermal challenge in 

live cells. Therefore, this method does not report on single “proteoforms” as recently defined as 

the unique combination of modifications found on a protein at any given time130-132, but instead 

reports on an inclusive set of the protein pool that are unambiguously phosphorylated at the 
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detected site, which we define as the “phosphomodiform.” This is a key differentiation from 

measuring the effect of a modification on the bulk protein pool, such that HTP can specifically 

detect altered thermal stability even if a unique proteoform is only a minor member of all the 

modified proteoforms present in the cell.  

 
 

 

Figure 2.2 Schematic of Hotspot thermal profiling workflow 
A) Aliquots of live cells are exposed to short, varied temperature challenge in parallel, lysed by 
rapid freeze-thawing, and insoluble proteins are removed by ultracentrifugation. Remaining 
soluble proteome is processed for trypsinization, and split for bulk, unmodified protein Tₘ 
measurements (5%), and phosphopeptide enrichment (95%). B) Bulk and enriched peptide aliquots 
are subsequently isotopically labeled with independent tandem-mass tag channels, pooled and 
analyzed by LC-MS/MS. The output of each mass spectrometry run is searched using an integrated 
platform for peptide identification and quantification, Tₘ curve fitting, and integration for bulk, 
unmodified protein- or modification site-level Tₘ determination.  Unique phosphomodiforms and 
their daughter phosphopeptides are abbreviated as PhosA, PhosB…Phosx.  
  



 26 

2.2.2 HTP measures the in situ thermal stability changes in response to site-specific 

phosphorylation 

We applied the HTP method to detect and compare the Tₘ values of phosphorylated 

proteins to their bulk, unmodified protein pool in HEK293T cells. These experiments were 

performed in live cells in order to capture the effects of phosphorylation in the native cellular 

environment, which we hypothesized would enable detection of both intrinsic (e.g., structural 

changes) and extrinsic (e.g., intermolecular interactions) effects of site-specific phosphorylation. 

 

2.2.2.1 Effect of rapid temperature pulses on global phosphorylation level in live cells 

 To determine whether the 3-minute temperature pulse applied to live cells in the first step 

of the HTP workflow might have an effect on global phosphorylation level, and thus compound 

the experimental results derived from this method, we first measured the total phosphorylation 

level after different temperature pulses in HEK293T cells using Western blot. We exposed aliquots 

of cells to the same varied temperature series for 3 minutes, then lysed the cells and isolated the 

whole proteome – both soluble and insoluble fractions – and measured total phosphorylation from 

each temperature sample using a pan pS/T/Y antibody (Figure 2.3A). We performed densitometry 

quantification and determined that total phosphorylation level was not systematically affected by 

the short heat pulse (Figure 2.3B) and therefore any detectable melting curve shifts are the direct 

results of that phosphorylation site.  
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Figure 2.3 Effect of temperature pulse on global phosphorylation level 
A-B) Pan phospho-serine, threonine and tyrosine antibody-stained western blot (A) on whole cell 
lysate following indicated temperature pulse for three minutes. Densitometry quantification of 
immunoblot signal is shown in (B). Data points shown are mean and SEM, n = 2 independent 
biological replicates). 
 
 
 
 
2.2.2.1 Defining the qualitative and quantitative filters in the HTP data analysis pipeline 

 Given the complex nature of our quantitative proteomics-based method, it is imperative to 

define how the HTP data will be qualitatively and quantitatively analyzed. LC-MS/MS-based 

proteomics technology is based on a peptide-mapping approach; in the case of HTP, we will be 

comparing the “phosphorylated modiform” (also referred to as phosphomodiform) of a protein to 

its “unmodified, bulk proteoform”. We defined the first as all phosphopeptides that contain the 

same unique (combination of) phosphorylation site(s), and the latter pool as all unmodified 

peptides that map to a given protein of interest. The final Tₘ value assigned to the unmodified bulk 

protein reflects the bulk “reference” population of the protein present in the cells. 
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For the phosphomodiform pool, we grouped as all detected phosphopeptides that contain the same 

modification site(s) as the same modiform (Figure 2.4). This distinction is important because 

tryptic peptides often contain missed tryptic sites despite containing the exact same modifications. 

Therefore, the identity of a phosphomodiform is represented by the unequivocal presence of one 

single unique (or a combination of unique) phosphorylation site(s). All phosphopeptides that 

contain the same site (or sites) are grouped together and redesignated with a new ID (Gene_pSite) 

to indicate their unique phosphomodiform status. In addition, all detected phosphopeptides are 

further analyzed by LuciPHOR algorithm to test the confidence of the modification site 

localization before they are moved to the next step of the data analysis pipeline. Therefore, the 

final Tₘ value assigned to the phosphomodiform represents the melting temperature of the 

modiform that is unambiguously modified at a specific site regardless of if it is only a minor 

member of the proteome.  

 

Figure 2.4 Schematic that showing how phosphopeptides containing the same phosphosites 
are processed 
Unique phosphopeptides that map to a common phosphosite (i.e., different tryptic status or charge 
state) are collapsed to a single phosphosite reporter, and subsequently to a phosphomodiform Tₘ 
value. 
 
 
 
 In terms of how the quantitative data from independent peptide-level measurements will 

be used to generate modiform-level melting curves, TMT signal intensities from all peptides that 

map to the same proteoform – that is, all unmodified peptides for bulk proteome, or all 
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phosphopeptides containing the same combination of unique phosphosites – are combined to 

generate one single protein modiform specific melt curve and Tₘ measurement. Each melting curve 

must be quantified in all 10 TMT channels and have a high-quality sigmoidal curve fit (R2 > 0.8). 

Lastly, in order to obtain a high-quality ΔTₘ, an unmodified bulk protein must also be detected for 

every detected phosphomodiform of interested, and there must be n ≥ 2 high-quality melting curves 

on either side (Figure 2.5).  

 

2.2.3 HTP detects protein thermal stability shifts in live cells 

 We applied the HTP method in live HEK293T cells to explore the global thermal stability 

shift mediated by phosphorylation. 

 

2.2.3.1 Global Tₘ measurements of unmodified, bulk proteins and phosphomodiform  

 Using HTP, we detected >250,000 TMT-labeled peptides from thousands of proteins in 

HEK293T cells across all LC-MS/MS runs (n = 12 replicates for the unmodified, bulk proteome 

and n = 10 replicates for the phosphoproteome) (Figure 2.5). Statistical filtering at the peptide 

identification level identified 4,407 unique unmodified, bulk protein, and 10,800 unique 

phosphomodiforms after grouping distinct phosphopeptides that map to a common. Of those 

10,800 unique phosphomodiforms, 7,769 of them belong to proteins also detected in unmodified 

bulk proteome (Figure 2.6A). The application of stringent automated Tₘ curve fitting cutoffs (R2 > 

0.8) (and site-localization filter specifically for the phosproteome) resulted in a database of site-

specific Tₘ values for 4,293 unmodified, bulk proteins, and 9,695 distinct phosphomodiforms in 

the steady state HEK293T proteome (Figure 2.5). Finally, filtering of only high-confidence Tₘ 

values detected twice or more in both phospho- and unmodified, bulk proteomes, as well as 
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stringent modification site localization validation, yielded 2,883 high-quality ΔTₘ values (Figure 

2.5, Figure 2.6A).  

 

 

Figure 2.5 Schematic showing the total number of detected peptides and phosphopeptides in 
the unmodified, bulk proteome and phosphoproteome, and the data processing workflow. 
Stringent filters for qualitative, quantitative, and false localization analyses were used, which 
resulted in a total of 2,883 high quality ΔTₘ’s. 
 
 

Global comparison of the unmodified, bulk protein pool with the phosphoproteome 

revealed nearly identical mean Tₘ values of 51.2 and 51.0°C, respectively (Figure 2.6B). 

Subsequent comparison of a given protein to its specific phosphomodiforms yielded a diverse 

database of ΔTₘ values. The overall ΔTₘ distribution was Gaussian in nature, and the majority of 

phosphorylated modiforms did not exhibit altered thermal stability compared to the corresponding 

unmodified protein. There were a sizeable number of phosphosites, however, associated with 

markedly different thermal stability compared to their unmodified, bulk protein pool in live cells. 
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Specifically, 719 of the phosphosites had statistically significant ΔTₘ values relative to unmodified 

protein, defined by p-value < 0.05 calculated using 2-sided student’s t-test (Figure 2.6C).  

 

 

Figure 2.6 HTP identifies thousands of unmodified, bulk and phosphomodiform Tm’s in 
HEK293T cells 
A) The total number of unique phosphomodiforms detected in our dataset and criteria for 
identifying high-quality ΔTₘ values. B) Global distribution of unmodified, bulk protein-level, and 
phosphomodiform Tₘ values. FLS FDR: localization site false discovery rate. C) Volcano plot of 
high-confidence ΔTₘ values. Phosphomodiforms with significant shifts (P < 0.05, 2-sided t-test 
for within-protein comparisons) are shown in red (negative shift) and blue (positive shift). 
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It is important to note here that our analysis pipeline deliberately compares the thermal 

stability of specific phosphomodiforms (defined by unequivocal presence of a phosphorylation 

site) relative to the stability of the unmodified protein pool detected in cells (referred to as bulk, 

unmodified). In practice, this involves direct comparison of the mean Tₘ for a defined 

phosphomodiform to the mean Tₘ for the unmodified tryptic peptide pool for that protein in 

aggregate. We are not comparing each peptide to all other peptides one-by-one, as that represents 

a biochemically and statistically unique analysis. Therefore, each point on the volcano plot 

represents an internal comparison of two defined groups for each protein of interest, not 

comparisons among or between other populations (i.e., not a comparison of one Tₘ or ΔTₘ to all 

of the other Tₘ values as is common in analyses presented on volcano plots) (Figure 2.7A). We 

considered applying more stringent multiple testing adjustment and observed the percentages of 

significant ΔTₘ values go down uniformly: when we apply a population-level, multiple testing 

correction to generate q-values, the percentages of ‘significant’ ΔTₘ values are reduced from 25% 

(p-value < 0.05) to 11% with adjusted q-value cutoff at < 0.05 and 4.1% with adjusted q-value 

cutoff at < 0.01 (Figure 2.7B). 

 

2.2.3.2 Reproducibility of peptide-level and protein level Tₘ measurements 

Protein level Tₘ measurements were highly stable across biological and technical replicates 

validating the reproducibility of cellular and proteome-level manipulations in the HTP workflow; 

bulk, unmodified protein Tₘ correlation R2 between biological replicates is found to be 0.7 (Figure 

2.8A). To understand how small of a phosphorylation-induced ΔTₘ HTP can realistically capture, 

we looked into the how precise peptide-level Tₘ measurements are by examining the degrees of 

individual peptide-level Tₘ value deviations from the “aggregate” bulk protein Tₘ (Figure 2.8B). 
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Peptide-level Tₘ measurements across the proteome were found to be highly precise, with the 

median deviation for a given tryptic peptide Tₘ value relative to its aggregate protein-level Tₘ (i.e., 

the average Tₘ derived from many tryptic peptides in the same protein) being ~1.4ºC in four 

exemplary technical replicates, each comprised of >15,000 peptide and >3,000 composite protein 

melting curves (Figure 2.8C-F). These data indicate that even small shifts in thermal stability (e.g., 

~1.5ºC) can be reliably detected with statistical significance.  

 
Figure 2.7 Statistical comparison strategy used to analyze ΔTₘ values detected using HTP 
A) Schematic of statistical comparisons used which compares the means and error surrounding 
bulk Tₘ and phosphomodiform Tₘ and assesses whether a site significantly alters protein stability. 
B) Comparing the percentages of significant ΔTₘ values based on application of different statistical 
cutoffs. The percentages of significant ΔTₘ values with p-value < 0.05 are 25% using analysis 
pipeline as described. When we apply a population-level, multiple testing correction to generate 
q-values, the percentages of ‘significant’ ΔTₘ values are reduced. Specifically, application of q-
value < 0.05 produces 11% and q-value < 0.01 produces 4.1% significantly shifted ΔTₘ values.  
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Figure 2.8 HTP dataset reproducibility and error analysis 
A) Reproducibility of Tₘ values assessed with replicate experiments in bulk, unmodified proteome 
(linear regression). Only Tₘ values calculated from melting curves with R2 > 0.8 are used for 
analysis in this paper. Data generated from n = 12 MS technical replicates from n = 6 independent 
biological replicates. B) Schematic that shows how peptide ΔTₘ standard deviations are calculated 
for a typical MS technical run. Peptide ΔTₘ standard deviations are the median deviation for a 
tryptic peptide Tₘ value relative to its aggregate protein-level Tₘ and this value demonstrates the 
“base error” of the HTP workflow. Reporter ion intensities of detected peptides were combined 
and converted to relative abundance to generate protein composite melt curve (red line) for each 
protein. C-F) The average deviation for any given tryptic peptide Tₘ value relative to its aggregate 
protein-level Tₘ is 1.4°C from four representative datasets. 
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2.2.4 Trends and functional correlations in phosphorylation-induced thermal stability 

shifts detected by HTP 

 We first queried our dataset to understand the types of thermal stability shift that can be 

detected by HTP from a site-specific view. Next, we investigated whether there are global 

biophysical, functional, and chemical trends imparted by the introduction of a small covalent 

modification on a protein. The intuitive idea that a locally charged PTM can increase steric bulk 

on a protein and alter inter- or intramolecular interactions as a result of local chemical environment 

has been generally assumed but never systematically tested.  

 

2.2.4.1 HTP detects three types of site-specific thermal stability shifts 

 The resulting dataset demonstrated that three types of thermal stability shift that can be 

observed and detected with confidence by HTP. Many curves from parent protein-

phosphomodiform pairs were typified by sigmoidal curves that overlay almost exactly, 

exemplified by the paired amphipathic helix protein Sin3A and its pS832 modiform, corresponding 

to negligible ΔTₘ (Figure 2.9A) In contrast, numerous phosphomodiforms exhibited significantly 

different temperature-response curves compared to their unmodified, bulk protein counterpart, 

such as pY15 on cyclin-dependent kinase CDK1 (ΔTₘ = 7.1 ± 1.2°C, P = 7.1 × 10-7; Figure 2.8B), 

and pT926 on kinesin-like protein KIF11 (ΔTₘ = -5.4 ± 1.3°C, P = 2.7 × 10-3; Figure 2.8C). 

Interestingly, both of these phosphorylation sites are well-annotated to have critical roles in 

regulating the function of their target protein: the phosphorylation of Y15 has been shown to 

inactivate CDK1 through structural reorganization and autoinhibition133, 134, while phosphorylation 

of T926 controls intermolecular association of KIF11 with the spindle apparatus to establish 

bipolarity during mitosis135. Instead, the direct interrogation of phosphomodiforms with amino-
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acid resolution validates the ability to distinguish functional effects at different modification sites. 

Furthermore, the approach can provide a glimpse at co-occurrences of modification sites, as well 

as minor phosphomodiforms whose signal, and therefore function, would often be masked by other 

abundant forms of the same protein pool. For example, two distally located phosphorylation sites 

can be detected on glycolytic enzyme triosephosphate isomerase TPI with significantly different 

ΔTₘ values: the pS58 phosphomodiform of TPI1 is associated with significant destabilization (ΔTₘ 

= -3.6 ± 0.6°C, P = 7.4 × 10-6), while pT210 has no effect on its stability (ΔTₘ = -0.2 ± 0.7°C; 

Figure 2.8D). The difference in ΔTₘ values may signify that these two modification sites do not 

occupy TPI at the same time as they are associated with distinctively different melting behaviours. 

In summary, these data confirm that changes in protein stability in response to protein 

phosphorylation on diverse proteins can be detected by thermal profiling of the modified proteome. 

Most importantly, we posit that “hotspot” modification sites identified in this screen – those 

significantly shifted relative to the global protein Tₘ and even other sites within the same protein 

– may represent sites with disproportionate effects on protein structure and function under specific 

cellular conditions.  
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Figure 2.9 Types of Tₘ shifts detected by HTP 
Representative Tₘ curves from phosphomodiforms that do not affect (A), decrease (B), and 
increase (C), thermal stability. Distinct phosphomodiforms of the same protein exhibit unique ΔTₘ 
values, as exemplified in TPI1 (D). X-ray structure of human TPI1 is shown (grey) with detected 
phosphorylation sites shown as spheres. PDB accession: 1WYI. Tₘ curves and error bars in (A-D) 
correspond to mean and SEM. ΔTₘ P-value computed from 2-sided t-test. All data points were 
generated from n = 12 total technical replicates from n = 6 independent biological replicates (bulk, 
unmodified proteome) and n = 10 total technical replicates from n = 5 independent biological 
replicates (phosphoproteome). 
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2.2.4.2 Perturbation of protein stability by phosphorylation is site-specific, not systematic 

The idea that a covalent modification can change the chemical environment on a protein to 

alter inter- or intramolecular interactions has not been possible to query systematically because of 

the inability to test the effect of specific protein modifications on the stability of native proteins in 

parallel. With this global dataset in hand, we asked whether there were any systematic correlations 

between the types and contexts of protein phosphorylation sites and their effect on protein stability. 

Comparison of the ΔTₘ values for phosphorylation on different residues (serine, threonine and 

tyrosine) across all detected phosphomodiforms did not reveal any general bias for stabilization or 

destabilization (Figure 2.10A). Likewise, comparison of modiforms harboring multiple 

phosphorylation sites within the same quantified tryptic peptide, and therefore in high proximity 

on the protein, did not reveal strong differences. Evaluation of general ΔTₘ values among 

established kinase motifs also did not reveal significant correlations, indicating that the 

combination of phosphoamino acid and directly adjacent sequence context does not, at least on a 

global average in this dataset, impart a systematic stabilizing or destabilizing effect (Figure 2.10B). 

Detected phosphosites in our database showed enrichment in predicted loop- or coil secondary 

structural elements, which matches previous bioinformatic analysis of the PDB-deposited 

structures (Figure 2.10C)136-140. Phosphosites predicted to be in coil regions were correlated with 

increased stabilization relative to those that fell within helical or β-sheet secondary structures 

(Figure 2.10D). Additional computational predictions of solvent accessibility and local structure 

organization revealed a significant stabilizing trend for phosphosites located in exposed protein 

regions relative to those located in buried regions (Figure 2.10E-F). Taken together, these global 

measurements on native phosphomodiforms indicate that the effect of protein phosphorylation – 
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insofar as can be gleaned with this method - is governed by local context within proteins, as 

opposed to a systemic, biophysical “code” imparted by the phosphoamino acid or linear motif.   

 

 

Figure 2.10 Global relationships between local phosphosite environment and altered 
phosphomodiform stability 
A) Distribution of ΔTₘ values for tryptic peptides containing indicated phosphoamino acids or 
coincidental combinations thereof (P > 0.05, One-way ANOVA, only groups with n ≥ 25 are 
shown). B) Correlation between detected kinase substrate motifs and ΔTₘ values for identified 
sites (P > 0.05, One-way ANOVA). C) Distribution of predicted secondary structure elements in 
which all amino acids in the human proteome (left) and detected phosphosites (right) are found. 
D-F) Comparisons of ΔTₘ values and predicted secondary structure elements (D), (***P ≤ 0.0001, 
2-sided t-test), ordered structural elements surrounding the phosphosite of interest (E), (***P ≤ 
0.0001, 2-sided t-test), and solvent accessibility (F), (***P ≤ 0.0001, 2-sided t-test). Box plots 
(median, 1-99%) are shown in (A-B, D-F), with outliers shown as data points. 
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2.2.4.3 Functional significance and degrees of PTM-induced thermal perturbation  

Next, we asked if the degrees of Tₘ shift have any correlation with the functional 

significance of that phosphorylation site. We explored this concept of “functional significance” by 

looking into number of annotations per detected phosphosites as we reasoned that the functionally 

important sites must have studied more closely. However, despite phosphorylation being the most 

commonly detected and well-studied of all PTMs, we were surprised to find that a vast majority 

of sites (92.5%) detected in our dataset has no annotation according to the PhosphositePlus online 

database86. As a result, there is little to no global correlation between the degrees of Tₘ shift and 

functional annotations (Figure 2.11). Besides well-characterized, functional sites in proteins like 

Ribosomal protein S6 kinase beta-1 (RPS6KB1), cyclin-dependent kinase 1 (CDK1), signal 

transducer and activator of transcription 1 and 3 (STAT1/STAT3) which stood out on this 

annotation plot, the vast majority of PTM sites are uncharacterized in the human proteome.  

 
Figure 2.11 Plot of phosphosite ΔTₘ and number of annotations in PhosphositePlus database 
Besides several well characterized proteins, 92.5% of detected phosphosites in our dataset have no 
annotations. 
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2.2.5 HTP detects known phosphorylation-mediated protein-protein interaction in 4EBP1-

EIF4E 

Our previous correlation analysis between the number of annotations and degrees of Tₘ 

shifts revealed a cluster of highly perturbed and well-annotated sites belonging to the protein 4-

enhancer binding protein-1 (4EBP1) in the global annotation-ΔTₘ plot (Figure 2.11A). The 

unmodified, bulk 4EBP1 pool exhibited a Tₘ of 53.8 ± 0.8°C by HTP, whereas the 

phosphomodiforms containing phosphorylation sites in the N-terminal region were significantly 

less stable, with Tₘ values depressed by 4.7 ± 1.0°C on average (P = 4.4 x 10-6) (Figure 2.12A). 

These sites were clustered in peptide stretch known to be responsible for direct binding to 

eukaryotic translation initiation factor 4E (EIF4E), which prevents ribosome binding and 

translation141, 142. Biochemical studies have established a phosphorylation cascade that requires 

T37, T46 and intervening phosphorylation sites as initiating modifications, which then lead to 

phosphorylation of Y54, which is necessary and sufficient to block 4EBP1 binding to EIF4E143. 

The thermal shifts resulting from phosphorylation around this site are consistent with steric and 

electronic perturbation of the peptide surrounding Y54 binding the hydrophobic ledge in EIF4E 

(Figure 2.12B), which further suggests that the shift in thermal stability observed for 

phosphorylated 4EBP1 modiforms is likely measuring the bound and unbound forms of this 

protein on a macromolecular complex, respectively. Specifically, 4EBP1 proteins lacking N-

terminal modifications may demonstrate higher thermal stability due to involvement in the protein-

protein interaction with EIF4E and likely other members of a macromolecular complex. This is 

contrasted by significantly reduced thermal stability of N-terminal phosphorylated modiforms that 

are incapable of engaging in this interaction and are either free in solution or engaged in an 

alternate set of interactions (Figure 2.12C). While the data provided by HTP global analysis cannot 
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distinguish these scenarios per se, this method is able to detect these previously annotated 

functional “hotspot” sites in a global, unbiased manner, and indicate that HTP can detect the 

consequences of altered intermolecular interactions, which would be impossible to identify in 

purely in vitro systems. 

 

Figure 2.12 Effects of N-terminal phosphorylation sites on 4EBP1 protein stability and 
function 
A) Representative HTP curves for the unmodified, bulk and N-terminal phosphomodiforms of 
4EBP1. B) X-ray structure of the N-terminal helix-turn motif of 4EBP1 (grey) bound to EIF4E 
(tan), with the sidechain of Y54 in 4EBP1shown engaged with the hydrophobic ledge on EIF4E. 
The N-terminal phosphorylation sites upstream of T46 do not show electron density in this 
structure. C) Proposed model correlating high thermal stability of the non-phosphorylated 4EBP1 
bound to an EIF4E macromolecular complex, transitioning to decreased stability of the unbound, 
phosphorylated modiform. 
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Furthermore, HTP detected several additional phosphorylation sites on 4EBP1 with 

significantly different melting behaviours to the N-terminal phosphomodiforms. Contrary to the 

thermally destabilizing N-terminal phosphorylation cascade, C-terminal phosphosite pS101 is 

associated with significantly increased stability (6.7 ± 1.3°C, P = 7.8 x 10-3; Figure 2.13A). 

Phospho-S101 is known to be distal to the 4EBP1-eIF4E binding interface and not involved in the 

direct binding of these two proteins144. The large difference in ΔTₘ values and melting behaviours 

may signify that these modification sites do not occupy 4EBP1 at the same time. The ability for 

HTP to detect unique phosphomodiforms from the same protein may therefore provide information 

on the co-occurrence and potential cooperation of modifications, as well as their mutual exclusivity, 

on the same protein molecules (Figure 2.13B). 

 

 

Figure 2.13 Effects of C-terminal phosphorylation site on 4EBP1 protein stability and 
function 
A) HTP curve for C-terminal phosphomodiform S101. B) Schematic showing the location and 
relative ΔTₘ values for all detected phosphomodiforms of 4EBP1, with annotation of potentially 
co-occurring and exclusive modification patterns based on thermal response. 
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2.2.6 HTP detects previously uncharacterized phosphorylation-mediated intramolecular 

changes in Vinculin 

 Learning from the previous example that HTP can detect protein-protein interaction 

mediated by site-specific phosphorylation, we hypothesized that PTM-induced shifts in thermal 

stability resulting from changes to protein biophysical properties can permit discovery of novel 

functional hotspot sites that would be otherwise unannotated in the sea of detected sites. To test 

this hypothesis, we first investigated an uncharacterized phosphorylation sites in cytoskeletal 

protein Vinculin that induced a significant thermal stability shift.  

 

2.2.6.1 Significant thermal perturbation by pS721 in Vinculin 

 Vinculin exhibited typical unfolding in the unmodified, bulk protein population, which 

contrasted significantly with the pS721 phosphomodiform (ΔTₘ = +7.6 ± 0.7°C, P = 5.1 × 10-6; 

Figure 2.14A). Analysis of published X-ray structures of Vinculin revealed that S721 lies at the 

N-terminus of an α-helix in the D4 domain, between the ‘head’ and ‘tail’ lobes of the protein145 

(Figure 2.14B). Residues within this hinge region have been implicated in conformational 

switching between an active open form, in which the two lobes are extended, and an inactive form, 

in which contacts between the tail, D1, and D4 domains stabilize a closed conformation and close 

proximity of the two nodes. The functional outcome of this switching is the regulation of Vinculin 

clustering, recruitment to focal adhesions and binding to F-actin stress fibers in the open 

conformation, and inability to form these “adhesome” complexes in the closed form, although the 

mechanisms governing vinculin activation remain incompletely understood.  
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Figure 2.14 HTP detects significant phosphosite-induced thermal perturbation in Vinculin 
A) HTP curves for the unmodified, bulk and pS721 phosphomodiform of Vinculin. B) X-ray 
structure of human Vinculin with the uncharacterized phosphorylation site S721 shown as spheres 
packed in between the Vt (yellow) and D4 (green) domains. PDB accession: 1TR2. Inset images 
show close contacts between S721, D718, T219 and E770, which cap a buried helix in the D4 
domain. 
 
 
 
2.2.6.2 Phenotypic characterization of Vinculin phosphomimetics  

Given the proximity of S721 to critical contacts within the D4 domain, we hypothesized 

that phosphorylation of this residue may result in altered intramolecular contacts to shift the 

equilibrium toward one state, and that altered thermal stability might be detecting this change or a 

functional consequence thereof. We interrogated wild-type, non-phosphorylatable (S721A) and 

phosphomimetic (S721D) Vinculin constructs for the formation of characteristic focal adhesions, 

the hallmark phenotype for proper function of this protein146. Immunofluorescent visualization of 

FLAG-tagged, wild-type Vinculin in HeLa cells showed high localization to distal membrane 

regions, which overlapped with phalloidin-stained F-Actin and a marker of focal adhesions, 

Paxillin (Figure 2.15A). The phosphorylation dead S721A protein exhibited a similar overall 

distribution, with the majority of this mutant co-localizing to a similar size and number of focal-

adhesions per cell (Figure 2.15A-B). In contrast, localization of the phosphomimetic S721D 

mutant protein was significantly diminished, as measured by a 50% decrease (P = 0.002) in 

Vinculin/Paxillin co-localization compared to cells expressing S721A mutant (Figure 2.15C) as 
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well as a 58% reduction (P < 0.0001) in the average size Vinculin clusters (Figure 2.15D). These 

data are consistent with a model where phosphorylation at S721 is destabilizing the Vt-D4 contact 

in the closed form, and may stabilize an alternative, inactive conformation with diminished 

recruitment to focal adhesion complexes. Furthermore, we posit that the observed changes in 

thermal stability of the pS721 Vinculin phosphomodiform maybe capturing both a conformation 

change resulting from perturbed intramolecular contacts, as well as the stabilization of an alternate 

conformational state that is then capable of engaging in new intermolecular interactions. These 

data provide a proof-of-concept example of the effective prioritization and discovery of 

uncharacterized, but phenotypically relevant hotspot modification site by HTP.  
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Figure 2.15 In situ characterization of Vinculin phosphomimetics 
A) Confocal microscopy of wild-type, S721A and S721D FLAG-tagged vinculin constructs 
transiently expressed in HeLa cells. Merged, individual, and colocalization channels are 
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(Figure 2.15 continued) shown for Vinculin (cyan), Paxillin (green), and actin (purple). B) 
Representative focal adhesions at migrating fronts of the cell membrane are highlighted and show 
significant phenotypic differences between the three Vinculin constructs. C) Co-localization of 
Vinculin and Paxillin at Paxillin-positive focal adhesions, with each point represents percent 
colocalization in a quantified cell (n = 8, n = 7, and n = 6 cells, respectively). Each dot represents 
a distinct cell. D) Size of WT, S721A and S721D-Vinculin focal adhesions in n = 8, n = 7, and n 
= 6 cells, respectively. Each point represents a distinct focal adhesion. Scale bars in (C-D) = 10 
µm. Data points shown in (A) represent the mean and SEM from n ≥ 2 replicate measurements 
detected in n = 6 (bulk, unmodified) and n = 5 (phospho) biological replicates. ΔTₘ P-value 
computed from 2-sided t-test. Experiment in (C-D) was independently repeated three times with 
similar results. Box plots (median, 1-99%) are shown in (E-F); *P ≤ 0.05, **P ≤ 0.001, ***P ≤ 
0.0001, n.s. P > 0.05, One-way ANOVA.  
 
 
 

2.2.7 HTP detects previously uncharacterized phosphorylation-mediated protein-

metabolite interaction in GAPDH 

 Expanding on the potential to discover novel functional phosphorylation sites, we next 

interrogated one of the most well-characterized protein, glycolytic enzyme glyceraldehyde-3-

phosphate dehydrogenase (GAPDH) which displayed significant altered thermal stability in 

response to phosphorylation.  

 

2.2.7.1 Significant thermal perturbations by pS210 in GAPDH 

The pS210 phosphomodiform of the GAPDH exhibited a significant destabilization ΔTₘ 

of -6.3 ± 0.8°C relative to the unmodified, bulk GAPDH pool (Figure 2.16A). Due to high 

abundance of GAPDH in the proteome, we were also able to detect and measure the melting curve 

of GAPDH modiform that is unambiguously unphosphorylated at S210 through direct tryptic 

peptide comparison. GAPDH_pS210 modiform is significantly destabilized compared to the S210 

unphosphorylated GAPDH modiform which has identical melting curve as the bulk, unmodified 

(Figure 2.16A). Other detected sites, such as pT154, were not associated with a significant ΔTₘ 
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shift (Figure 2.16B). X-ray crystal structures show that S210 is located at the entrance of the D-

glyceraldehyde 3-phosphate (GAP) substrate binding pocket, where it packs closely to L194 and 

by extension K195, which is involved in substrate binding (Figure 2.16C). Meanwhile, T154 is 

distal to the active site pocket which may explain its lack of impact on thermal stability of the 

enzyme. These results indicated that this previously observed yet uncharacterized site may affect 

GAPDH substrate binding and catalysis due to proximity to the GAP binding pocket.  

 

 
Figure 2.16 HTP detects phosphosite-induced thermal perturbations in GAPDH 
A) Representative HTP curves for the bulk, unmodified and corresponding modiforms of GAPDH 
in HEK293T cells. B) Representative HTP curve of GAPDH pT154 phosphomodiform showing 
no significant ΔTₘ relative to the bulk, unmodified GAPDH. C) X-ray structure of human GAPDH 
active site (grey) bound to NAD+ (tan). The site of phosphorylation, S210, and adjacent residues 
lining the GAP substrate binding site are shown as spheres. The active site nucleophile, C152, 
demarcates the GAP binding tunnel. PDB accession: 1ZNQ. 
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2.2.7.2 Thermal stabilities of GAPDH modiforms under acute glucose-withdrawal  

To further understand the functional relationship between pS210 and substrate binding in 

GAPDH, we performed HTP on cells under the limiting metabolic environment of acute glucose 

withdrawal. After HEK293T cells were incubated in glucose-free media for 30 minutes, cellular 

GAP metabolite levels were depleted by 4-fold (Figure 2.17A). Under these conditions, the 

thermal shift between the bulk, unmodified GAPDH pool and the pS210 phosphomodiform 

disappeared (Figure 2.17B). However, the thermal stability of the pS210 phosphomodiform was 

not affected in the presence of lower GAP levels (Figure 2.17C), which contrasted with the 

significant destabilization of the bulk, unmodified GAPDH protein pool under low-glucose 

cellular environment (Figure 2.17D). These data suggested that GAP availability and binding 

contribute to the thermal stability of GAPDH protein that is not phosphorylated at S210, and the 

negative shift in stability associated with the pS210 phosphomodiform may be capturing the 

reduced substrate occupancy of these proteins in cells.  

 

 
Figure 2.17 Thermal stability of GAPDH modiforms under acute glucose withdrawal 
A) Relative intracellular GAP level after 30 minutes of acute glucose withdrawal (n = 2 biological 
replicates, four technical replicates each). C-D) HTP curve comparisons for unmodified and pS210 
GAPDH after acute glucose restriction. 
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2.2.7.3 Phenotypic characterization of GAPDH phosphomimetics 

To specifically test the effect of pS210 on GAP binding and catalytic activity of GAPDH, 

we interrogated the enzyme kinetics of wild-type GAPDH relative to mutants that are incapable of 

phosphorylation (S210A) or that mimic phosphorylation (S210D). Indeed, the reaction kinetics 

and Km value for GAP was indistinguishable between the non-phosphorylatable S210A mutant 

and wild-type enzyme (Figure 2.18A-B). By contrast, the phosphomimetic S210D mutant 

remained active but exhibited decreased kinetics and a significantly increased Km for GAP 

consistent with altered ability to bind GAP (Figure 2.18A-B). To test whether these effects are 

unique S210, we tested the enzymatic kinetics of a nearby detected site, T182, that is shown to be 

close in proximity to the GAP binding pocket (Figure 2.18C).  Phosphomimetic mutants of T182 

did not affect enzyme kinetics or Km value for GAP (Figure 2.18 D-E).  

Together, these data suggested a molecular model in which phosphorylation at S210 may 

be directly affecting the thermal stability of GAPDH by regulating GAP substrate binding. The 

high thermal stability of non-phosphorylated GAPDH may be directly correlated with the GAP-

bound state of GAPDH in basal metabolic condition. Meanwhile, low thermal stabilities of pS210 

in both basal metabolic and acute glucose withdrawal conditions may be directly correlated to low 

GAP occupancy of the enzyme (Figure 2.19). 
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Figure 2.18 Phenotypic characterization of GAPDH phosphomimetics 

A-B) Representative in vitro kinetic measurement of wild-type, S210A, and S210D mutant 
GAPDH (A) and Michaelis-Menten kinetic analysis (B) of wild-type, S210A and S210D mutant 
GAPDH confirmed a significant increase in KM toward GAP for the phosphomimetic-containing 
enzyme (n = 3 biological replicates, **P ≤ 0.001, 2-sided t-test). C) Crystal structure showing 
close proximity of T182 to S210 and GAP binding pocket. PDB accession: 1ZNQ. D) 
Representative Michaelis-Menten kinetic measurement of wild-type, T182A, and T182D mutant 
GAPDH (n = 3 biological replicates). E) Graph of Km toward GAP for wild-type (WT), T182A 
and T182D GAPDH enzymes (mean and SEM, two-sided t-test). 
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Figure 2.19 Proposed model of phosphoserine 210 function in GAPDH 
High thermal stability of non-phosphorylated GAPDH may be directly correlated to the GAP-
bound state of GAPDH in basal metabolic condition. Meanwhile, low thermal stabilities of pS210 
in both basal metabolic and acute glucose withdrawal conditions may be directly correlated to low 
GAP occupancy of the enzyme.  
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2.3 Conclusion and Discussion 

Protein post-translational modification represents an important mechanism for cells to 

regulate biological processes and rapidly respond to stimuli. Despite functional significance of 

these small covalent molecular moieties resulting in intense interest in PTM studies in the research 

community for the past decades, conventional biochemical approaches to determine the molecular 

mechanism of various PTMs have been labourious and low throughput. Recent technological 

advances such as mass spectrometry-based proteomics platforms have enabled high-throughput 

detection of thousands of novel modification sites in parallel. However, we still lack general 

methods with which to predict, or even prioritize, which modification sites are likely to be 

functional in the proteome.  

Here we established a quantitative proteomic method to enable the unbiased global 

detection of protein stability changes in response to site-specific phosphorylation events on 

thousands of proteins (Figure 2.20). We hypothesized that phosphorylation-induced thermal 

stability shifts may serve as a readout on the biophysical and functional effect of a phosphosite on 

the protein of interest. We began by applying the HTP approach on live, steady state HEK293T 

cells and generated a proof-of-concept database consisting of 4,293 “bulk, unmodified” protein 

Tm’s, 9,695 phosphomodiform Tm’s, as well as 2,883 confident ΔTₘ’s. In contrast to traditional 

discovery-mode LC-MS/MS studies, the HTP method provides several novel insights into the 

functional effects of protein posttranslational modifications. First, it provides site-specific, 

quantitative relationships between the “unmodified, bulk” population of a protein with its distinct 

phosphomodiforms in the endogenous context of live cells. We defined the first pool as all 

unmodified peptides that map to the same protein to represent the “reference” protein pool. 

Similarly, we defined the pool of phosphomodiform as all modified peptides that contain the same 



 55 

(combination of) modification site(s) to represent the pool of proteoforms that are unequivocally 

modified at a specific location. This approach enables the detection of modiforms even if they are 

only a minor member of the proteome. The resultant dataset showed that the vast majority of 

phosphorylation sites do not have an impact on the thermal stability of the protein of interest. 

However, a small but significant portion of sites can positively or negatively shift the thermal 

stability and these thermal shifts can be directly linked to a modification site thanks to the amino-

acid resolution of LC-MS/MS proteomics detection. Global systematic trends analysis using this 

dataset also showed that the effect of protein phosphorylation on protein stability is entirely based 

on local chemical environments of the larger protein, instead of a biophysical barcode.  

 
Figure 2.20 Simplified schematic of the HTP workflow 

 
We next demonstrated that HTP can support the detection of both intrinsic alterations in 

protein structure, as well as the potential for context-specific intermolecular events such as protein-

protein, and protein-metabolite interactions128. HTP rediscovered a well-known phosphorylation-

mediated protein-protein interaction between protein 4-enhancer binding protein-1 (4EBP1) and 

eukaryotic translation initiation factor 4E (eIF4E). High thermal stability of unmodified 4EBP1 
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represented the bound form of the protein in the 4EBP1-eIF4E complex, and the low thermal 

stabilities of various N-terminally phosphorylated 4EBP1 modiforms represented the unbound 

form of the protein.  

We also posit that the ability to perform HTP profiling under steady state and comparative 

“kinetic” conditions in response to small molecules or signaling events can be used to discover 

and characterize novel PTM-mediated interactions. We demonstrated this attribute of HTP through 

the identification of previously uncharacterized phosphorylation sites in extremely well-

characterized proteins like GAPDH, as well as less studied cytoskeleton proteins like Vinculin. In 

Vinculin, we detected a novel, previously uncharacterized phosphosite that induced a functional 

and conformational shift to the protein. Vinculin phosphosite S721 resulted in significant thermal 

perturbation to the protein. Functional characterization of Vinculin phosphomimetics revealed a 

molecular model in which pS721 may be responsible for the conformational switch of Vinculin 

protein, resulting in an alternative, inactive conformation with diminished recruitment to focal 

adhesion complexes and increased thermal stability. In GAPDH, we revealed that previously 

uncharacterized phosphorylation at S210 may be directly impacting protein-metabolite interaction 

in GAPDH, which is demonstrated by low thermal stabilities of pS210 in both basal metabolic and 

acute glucose withdrawal conditions.  

These results demonstrated that, beyond basic detection of phosphorylation sites, the 

biophysical information gained through HTP profiling of phosphomodiforms adds another 

functional layer to that measured by quantifying the abundance of modification sites in the 

proteome. These traditional studies can report on relative “writing” and “erasing” of modifications 

across the proteome but provide no information on the dynamic biophysical “reading” of these 

modifications. HTP profiling alone, or in concert with datasets focused on mapping protein-
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protein147 and metabolite-protein128, 148 interactions will provide novel insights into the functional 

and interconnected roles of site-specific modification in the proteome. 

It is important to consider the limitations in the interpretation of HTP-derived ΔTₘ values 

in assuming functional impact on a protein of interest. First, this method specifically interrogates 

the inclusive pool of proteins that unambiguously contain a defining modification site – what we 

have described here as a “modiform.” Thus, this method cannot determine the modification status 

of other sites that do not fall within this peptide on the same protein molecule149. This limitation 

is intrinsic to massively parallel detection by LC-MS/MS. We do not view this aspect of the 

approach as a limitation per se, because the primary goal of this approach is to correlate specific 

modification sites with putative changes to protein structure and function in cells, regardless of the 

inherent heterogeneity of the protein pool. As such, HTP may under-sample certain combinations 

of modifications, or miss them entirely, but it can unequivocally connect changes in apparent 

stability to the presence of site-specific, “hotspot” modifications. Additionally, the response of 

individual phosphomodiforms to thermal challenge under a defined cellular condition may be used 

to provide information about the co-occurrence or mutual exclusivity of specific modification sites 

on the same molecules in the larger protein pool, as we discussed here for TPI1, 4EBP1 and 

GAPDH. While beyond the scope of the current manuscript, we hope that focused bioinformatics 

analyses of this and future datasets could shed light on this aspect of the HTP method.  

The major advance with this method is the ability to globally interrogate native modified 

proteins in relevant biological contexts to identify and prioritize sites for further study and provide 

mechanistic hypotheses for functional validation. In several cases presented here, the site of 

modification had been previously observed in numerous datasets, but had eluded dedicated study, 

which underscores the low-throughput nature of current PTM annotation. We expect the 
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phosphorylation dataset herein, as well as the extension of the HTP method to diverse organisms, 

cell types, and PTMs will greatly expand our current understanding of role of protein modifications 

in regulating protein structure, function and signal transduction.  
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2.4 Materials and Methods 

Cell Culture 

HeLa and HEK293T cell lines were propagated in RPMI 1640 with 2mM L-glutamine (HyClone) 

supplemented with 10% fetal bovine serum (Corning) and 1% penicillin-streptomycin (Thermo 

Fisher Scientific). All cell lines were grown at 37°C in a 5% CO2 humidified incubator.  

 

HTP Proteomic Sample Preparation 

HEK293 cells were grown to 90% confluency in 15 cm cell-culture treated plates (Denville). Cells 

were scraped from plates, briefly washed, and resuspended in PBS with EDTA-free protease 

inhibitor tablet (Roche) and phosphatase inhibitor cocktail 3 (Sigma-Aldrich) before being divided 

into ten equal aliquots. Each aliquot of live cells was exposed to a steady temperature between 

37°C to 67°C for 3 minutes in parallel, incubated at 25°C for another 3 minutes, and lysed by rapid 

freeze-thawing. Insoluble proteins and cell debris were removed by centrifugation at 17,000g for 

10 minutes. Small amount of supernatant from the 37°C aliquot was set aside to use for protein 

quantification by Bradford’s assay. The remaining fraction of whole cell lysates was denatured in 

8 M urea, followed by disulfide reduction with DTT (10 mM, 30 minutes, 65°C), alkylation 

(iodoacetamide, 15 mM, 30 min, room temperature, protected from light) and quenching (DTT, 

5mM, 10 minutes, room temperature). The proteome solution was diluted 4-fold with ammonium 

bicarbonate solution (50 mM, pH 8.0), CaCl2 added (1 mM) and digested with sequencing grade 

trypsin (~1:100 enzyme/protein ratio; Thermo Pierce) at 37 ˚C while rotating overnight. Peptide 

digestion reactions were stopped by acidification to pH 2-3 with 1% formic acid, and peptides 

were then desalted with Sep-Pak tC18 cartridges (50 mg, Waters), dried under vacuum, 

resuspended with LC-MS grade water (Sigma-Aldrich) and then lyophilized. A small fraction (5%) 
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reserved for bulk unmodified proteome thermal profiling was split from each aliquot and 

lyophilized separately. 

 

Phosphopeptide Enrichment and TMT Labeling 

The major fraction of lyophilized peptides (95%) was re-dissolved in 28.5% lactic acid (Sigma-

Aldrich), 57% acetonitrile (LC-MS grade, Sigma-Aldrich), 0.28% TFA (Sigma-Aldrich), and 

applied to TiO2 spin tips (88303, Thermo Pierce) for phosphopeptide enrichment according to 

manufacturer’s protocol. Eluted phosphopeptides were acidified with formic acid (pH 2-3), 

desalted using ZipTip C18 tips (100 µL, Millipore), and lyophilized. The two sets of peptides 

(phospho-enriched and unenriched) were separately labeled with 10-plex isobaric tandem mass 

tags (90406, Thermo Scientific) according to manufacturer’s protocol with slight modification. 

TMT reagents were reconstituted to 8 mg/mL in anhydrous acetonitrile (Sigma-Aldrich) and added 

to lyophilized peptides dissolved in 100 µL of 200 mM HEPES buffer, pH 8.0 (~8:1 

reagent/peptide ratio). Labeling reaction was carried out at room temperature for 1 hour with gentle 

shaking and quenched with 5 µL of 5% hydroxylamine (Thermo Scientific). Labeled peptides were 

combined into a single pool per experiment, acidified with formic acid (pH 2-3), desalted using 

ZipTip C18 tips (100 µL, Millipore), and lyophilized. The final processed peptides were dissolved 

in LC-MS/MS Buffer A (H2O with 0.1% formic acid, LC-MS grade, Sigma-Aldrich) for LC-

MS/MS analysis. 

 

Proteomic LC-MS/MS and Data Analysis 

LC-MS/MS experiments were performed with an Easy-nLC 1000 ultra-high pressure LC system 

(ThermoFisher) using a PepMap RSLC C18 column (75 μm x 50 cm; 3 μm, 100 Å, Thermo 
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Scientific) heated to 40˚C coupled to a Q Exactive HF orbitrap and Easy-Spray nanosource 

(ThermoFisher). TMT-labeled digested peptides in MS/MS Buffer A were injected onto the 

column and separated using the following gradient of buffer B (0.1% Formic acid acetonitrile) at 

300 nL/min: 0-10% buffer B in 5 minutes, 10-40% buffer B in 240 minutes, 40-90% buffer B over 

6 minutes, and hold at 90% for 20mins. MS/MS spectra were collected from 0 to 250 minutes 

using a data-dependent, top-10 ion setting with the following settings: full MS scans were acquired 

at a resolution of 120,000, scan range of 375-1500 m/z, maximum IT of 60 ms, AGC target of 1e6, 

and data collection in profile mode. MS2 scans was performed by HCD fragmentation with a 

resolution of 60,000, AGC target of 1e5, maximum IT of 60 ms, NCE of 30, and data type in 

centroid mode. Isolation window for precursor ions was set to 1.0 m/z with an underfill ratio of 

0.5%. Peptides with charge state 1 and undefined were excluded and dynamic exclusion was set 

to 20 seconds. Furthermore, S-lens RF level was set to 60 with a spray voltage value of 2.60kV 

and ionization chamber temperature of 300˚C. 

 

MS2 files were generated and searched using the ProLuCID algorithm in the Integrated Proteomics 

Pipeline (IP2) software platform. Human proteome data were searched using a concatenated 

target/decoy UniProt database (UniProt_Human_reviewed_04-10-2017.fasta). Basic searches 

were performed with the following search parameters: HCD fragmentation method; monoisotopic 

precursor ions; high resolution mode (3 isotopic peaks); precursor mass range 600-6,000 and initial 

fragment tolerance at 600 p.p.m.; enzyme cleavage specificity at C-terminal lysine and arginine 

residues with 3 missed cleavage sites permitted; static modification of +57.02146 on cysteine 

(carboxyamidomethylation), +229.1629 on N-terminal and lysine for TMT-10-plex tag; 4 total 

differential modification sites per peptide, including oxidized methionine (+15.9949), and 
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phosphorylation (+79.9663) on serine, threonine, and tyrosine (only for phospho-enriched 

samples); primary scoring type by XCorr and secondary by Zscore; minimum peptide length of 

six residues with a candidate peptide threshold of 500. A minimum of one peptide per protein and 

half-tryptic peptide specificity were required. Starting statistics were performed with a Δmass 

cutoff = 10 p.p.m. with modstat, and trypstat settings. False-discovery rates of peptide (sfp) were 

set to 1%. TMT quantification was peformed using the isobaric labeling 10-plex labeling algorithm, 

with a mass tolerance of 5.0 p.p.m. or less in cases where co-eluting peptide interfere. Reporter 

ions 126.127726, 127.124761, 127.131081, 128.128116, 128.134436, 129.131417, 129.13779, 

130.134825, 130.141145, and 131.13838 were used for relative quantification.  In general all 

quantified peptides have mass error within 3 p.p.m.. 

 

Modification Site Localization Analysis 

Phosphorylation site localization analysis was performed using the LuciPHOR algorithm available 

on the Integrated Proteomics Pipeline (IP2). A global FDR score was calculated for every detected 

phosphopeptide from each MS run. Phosphosites, and therefore phosphomodiforms, were included 

in the dataset only if they satisfied a global FDR localization score of < 0.01.  

 

Melting Curve Analyses 

All detected phosphopeptides that map to the same phosphorylation sites were grouped together 

and given a new identifier (Gene_pSite). For example, 4 different tryptic peptides mapping to the 

same GAPDH phosphorylation site pS210 were often detected: 

R.DGRGALQNIIPAS(79.9963)TGAAKAVGK.V, R.DGRGALQNIIPAS(79.9963)TGAAK.A, 

R.GALQNIIPAS(79.9963)TGAAKAVGK.V, and R.GALQNIIPAS(79.9963)TGAAK.A. These 
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peptides were systematically re-labeled with the new custom identifier “GAPDH_pS210”. TMT 

reporter ion intensities of phosphopeptides with the same identifier were combined for each 

temperature fraction from the same MS run. Fold change values were calculated using the lowest 

temperature fraction as the reference. Similarly, for the bulk unmodified proteome, TMT reporter 

ion intensities of all unmodified peptides mapped to the same protein were combined and fold 

change values relative to the lowest temperature condition were calculated. To generate 

unmodified protein and phosphosite-specific melt curves, relative fold changes as a function of 

temperature was fitted to the equation derived from the chemical denaturation theory using R. Tₘ 

values were calculated at which the sigmoidal curve crosses the 0.5-fold change level. Only Tₘ 

values calculated from melting curves with curve R2 > 0.8 are used in subsequent analyses.  Shift 

in Tₘ values (e.g., ΔTₘ) induced by phosphorylation were determined by subtracting the Tₘ of the 

unmodified protein from the Tₘ of the phosphomodiform:  

ΔTₘ = T_Phosphomodiform - Tm_Unmodified, bulk protein 

ΔTₘs could only be calculated for phosphosites belonging to proteins that were also detected in 

the unmodified proteome. ΔTₘs were not determined for phosphosites that were detected in fewer 

than 2 MS technical replicates. Tₘ values of all unmodified proteins and phosphorylation sites, and 

their ΔTₘ values and P-values are summarized in Data Tables. 

 

Error Analyses 

In our workflow, a composite protein-level Tₘ is calculated by averaging Tₘ values derived from 

all detected tryptic peptides of the same protein. To estimate the overall “base error” of our peptide-

level Tₘ measurements, i.e., on average how far a peptide Tₘ deviates from its composite protein-

level Tₘ, we took 4 representative datasets and calculated the median peptide ΔTₘ standard 
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deviation. We individually curve fitted every detected tryptic peptide as well as their composite 

protein to calculate Tₘ values. Each dataset is comprised of between 10,000 to 16,000 peptide 

and >2,900 protein melt curves. We then subtracted the composite protein-level Tₘ from each 

peptide-level Tₘ to obtain peptide ΔTₘs and calculated the standard deviation of each set of peptide 

ΔTₘ’s. We plotted the distributions of the peptide ΔTₘ s.d. of the 4 representative datasets which 

resulted in median peptide ΔTₘ s.d. between 1.3 to 1.5°C. The average value of 1.4°C was used as 

vertical cutoff (aka smallest high confidence ΔTₘ value) in the ΔTₘ volcano plot.  

 

In situ measurement of polar metabolome by LC-MS/MS 

For acute glucose withdrawal studies, confluent 15 cm plates of HEK293T cells were switched 

from RPMI media containing 10 mM glucose into glucose-free RPMI media and grown for 30 

minutes, whereas fresh, glucose-containing media was replaced for control cells. In both 

conditions, cells were scraped into ice-cold PBS and isolated by centrifugation at 1,400g at 4°C. 

Cell pellets were resuspended in 300 μl of an 80:20 mixture of MeOH/H2O. Internal deuterated 

standards, 10 nmol d3-serine, were added to the extraction solution for quantification and sample 

normalization. LC-MS/MS analysis was then performed as described29.  

 

Western blot 

To determine the effect of the 3-min heat pulses on global phosphorylation level, we exposed cells 

to the thermal profiling heat pulses as detailed above, but directly homogenized whole preoteome 

by addition of 4X Laemmli buffer containing 50 mM DTT. Samples were prepared for SDS-PAGE 

by heating to 95˚C for 5 minutes, cooled to room temperature, resolved on 10% SDS-page gel and 

transferred onto nitrocellulose membranes by standard western blotting methods. Membranes were 
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blocked in 2% BSA in TBS containing 0.1% tween-20 (TBST) and probed with primary and 

secondary antibodies. Antibodies used in this study include: anti-pS/T/Y (1:1000, ab15556, 

AbCam). Secondary anti-mouse (Licor) was used at 1:10,000 dilution in 2% BSA-containing 

TBST and incubated for 1hourprior to washing and imaging on a Licor infrared scanner. 

Densitometry measurements were performed with ImageJ software. 

 

Vinculin Expression and Focal Adhesion Confocal Microscopy Assays 

Full-length Myc-DDK-tagged-human vinculin (NM_003373, Origene) was used to generate 

mutants with PCR primers in Table 1 according to the QuikChange II Site-Directed Mutagenesis 

Kit manufacturer protocol (200523, Agilent). HeLa cells were grown to 70% confluency in 6-well 

plates before transfection of 500 ng plasmid with Lipofectamine 2000 (Invitrogen). After 4 hours, 

cells were reseeded onto round glass cover slides. After 24hourcells were washed once with PBS 

and fixed at 4°C for 10 min in 4% paraformaldehyde-containing PBS. Fixed cells were then 

washed three times with PBS, and blocked with 2% BSA with 0.05% Triton in PBS for 30 minutes 

at room temperature. Slides were stained with primary antibodies rabbit α-FLAG (1:500, Cell 

Signaling) and mouse α-Paxillin (1:100, Millipore) overnight at 4°C. Cells were washed three 

times with 0.05% Tween in TBST for 5 minutes and then stained with secondary antibodies 

Alexafluor488-conjugated goat-α-rabbit (1:200; Sigma-Aldrich), Alexa568-conjugated goat α-

mouse (1:200; Sigma-Aldrich), and Alexa647-conjugated phalloidin (1:25, Invitrogen) for 30 

minutes in 37°C. Finally, slides were washed three times with TBST and quickly dipped in DI 

water before mounting in Slow Fade Gold Antifade (ThermoFisher). 
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Images were taken using Metamorph (Molecular Devices) acquisition software on Nikon Eclipse 

Ti-PFS inverted microscope with a Yokogawa CSU-X1 confocal scanhead with Spectral Applied 

Research Laser Merge Module (491 nm, 561 nm, and 643 nm Lasers). Images were obtained using 

Andor Zyla sCMOS camera with a 60x Plan Apo TIRF 1.49NA objective (Nikon). Image 

processing and quantification was done in ImageJ. A single focal plane was acquired in which the 

lamella was in focus, as indicated by basal actin stress fibers stained with phalloidin and Paxillin. 

Paxillin and Vinculin channels were background subtracted. Paxillin channel was thresholded and 

made into a binary mask to calculate the area of focal adhesions (FAs) as indicated by Paxillin. 

The binary mask was then overlaid onto the vinculin channel for segmentation and area calculation 

(threshold at 0.5 µm2) of Vinculin incorporation into the FAs. For linescans analysis, fluorescence 

intensity line profiles over vinculin and paxillin channels were merged (raw images that were 

background subtracted) and done in ImageJ. 

 

GAPDH Expression, Purification and Kinetic Assays 

Full-length, human GAPDH (NM_002046, Origene) was used to generate GAPDH mutants with 

PCR primers in Table 1 according to the QuikChange II Site-Directed Mutagenesis Kit 

manufacturer protocol (200523, Agilent). Mutant GAPDH plasmids were verified by sequencing 

[CMV (forward), and XL39 (reverse)]. Wild type and GAPDH mutants were transiently expressed 

from a pCMV6 entry vector with a C-terminal Myc-DDK tag in confluent 10 cm plates of 

HEK293T cells by transfection of 2 μg plasmid with Lipofectamine 2000 (Invitrogen) according 

to manufacturer’s protocol. After 24 hours, cells were harvested by scraping, pelleted by 

centrifugation, washed twice with PBS and lysed in PBS containing EDTA-free complete protease 

inhibitor (Roche), pH 8.0. After ultracentrifugation, lysates were added to Anti-Flag M2 affinity 
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resin (Sigma-Aldrich) and rotated overnight at 4˚C. Resins were washed 5x with PBS before 

eluting bound protein with 3X-FLAG peptide (100 μg/mL, 150 μL, twice, Sigma-Aldrich) in PBS 

for 1 hours. Relative protein levels were assessed by SDS-PAGE and enzymes were used without 

further purification. 

 

Michaelis-Menten kinetic assays to assess the catalytic activities of GAPDH proteins were 

performed on a Tecan Infinite M200 plate reader. GAPDH proteins were supplemented with 

constant NAD+ (0.278 mM) and serial three-fold dilutions of D/L-glyceraldehyde-3-phosphate 

(1.36 to 0.0056 mM) and NADH production (340nm absorbance) was monitored. Enzyme velocity 

at different GAP concentrations was measured in the first 4 minutes and Michaelis constants (KM) 

were generated by applying a Michaelis-Menten curve fit to the plot of enzyme velocity as a 

function of [GAP] in Prism 5 software. 

 

Kinase Substrate Motif Analysis 

Motif analysis was performed by comparing peptide sequence containing the target 

phosphorylation site to commonly described kinase/phosphatase substrate consensus motifs listed 

in the Human Protein Reference Database (http://www.hprd.org/serine_motifs). Nine common 

kinase motifs were chosen for this analysis. 

 

Secondary Structure, Solvent Accessibility, and Protein Disorder Prediction 

Secondary structure, solvent accessibility, and protein disorder were predicted using RaptorX 

(http://raptorx.uchicago.edu)43 Protein FASTA sequences were uploaded to RaptorX Structure 

Prediction portal as described. To calculate the secondary structure percentage, the number of 
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residues predicted to be alpha-helix, beta-sheet, or loop was divided by the total number of residues 

of all detected proteins. The secondary structure per centage of the phosphosites was calculated by 

dividing the number of sites predicted to be alpha-helix, beta-sheet, or loop over the total number 

of detected phosphosites. Secondary structure elements, solvent accessibility and disorderness of 

detected phosphosites were plotted against their ΔTₘ values. 

 

Phosphosite Annotation Analysis 

The number of annotations with site-specific biochemical studies was extracted from the 

PhosphoSite database (https://www.phosphosite.org) and plotted against ΔTₘ values. 
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2.5 Tables 

 

Protein Mutation Primer (Forward) Primer (Reverse)  

GAPDH S210A 5'-

gcagcgccagtagcggcagggatgatg-

3’ 

5'-catcatccctgccgctactggcgctgc-3’ 

S210D 5'-
cttggcagcgccagtatcggcagggatga
tgttc-3’ 

5'-
gaacatcatccctgccgatactggcgctgccaag-
3’ 

T182A 5'-
cttctgggtggcagcgatggcatggactg
-3' 

5'-cagtccatgccatcgctgccacccagaag-3' 

T182D 5'-
ccacagtccatgccatcgatgccacccag
aagactg-3' 

5'-
cagtcttctgggtggcatcgatggcatggactgtg
g-3' 

Vinculin S721A 5'-
ctgaagcatccaacagagctttggtatcaa
tggcttcg-3' 

5'-
cgaagccattgataccaaagctctgttggatgcttc
ag-3’ 

S721D 5'-
gaagcatccaacagatctttggtatcaatg
gcttcgtccacc-3’ 

5'-
ggtggacgaagccattgataccaaagatctgttgg
atgcttc-3’ 

Table 2.1 Primers used for site-directed mutagenesis of GAPDH and vinculin 

 

Primer  Sequence  

CMV 5'-cgcaaatgggcggtaggcgtg-3' 

XL39 5’-attaggacaaggctggtggg-3’ 

Vinculin middle 5'-tggtctcggctgctcgtatcttac-3' 

Table 2.2 Sequencing primers used to verify GAPDH and vinculin mutant plasmids 
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CHAPTER 3  

Diverse Hotspot Thermal Profiling methods detect phosphorylation-

dependent changes in protein stability* 

 

We are preparing for the publication of the work described in this chapter. 

 

 

3.1 Introduction 

In the previous Chapter, we established a quantitative proteomic workflow titled Hotspot 

Thermal Profiling (HTP) that enables the unbiased global detection of protein stability changes in 

response to site-specific modifications in live cells149. The resulting proof-of-concept dataset 

demonstrated 1) that peptide-level thermal stability information can be obtained through HTP 

which allows physical interrogation of protein modiforms – in this case, phosphomodiforms and 

their unmodified, bulk proteoforms – in live cells a high-throughput, global, and unbiased manner 

using LC-MS/MS-based quantitative proteomics; 2) HTP can measure and detect site-specific 

PTMs that significantly affect proteoform Tₘ or solubility and these “hotspot” sites likely represent 

functionally relevant PTMs that perturb protein structure and function; 3) uncharacterized 

modifications that impact inter- and intramolecular interactions can be discovered and prioritized 

for subsequent functional studies. Specifically, our first HTP dataset detected phosphorylation-

 
* The author’s contribution to the studies presented in this chapter: The author conducted 
experiments described in this chapter that led to the development of the HTP variants method. 
Benjamin D. Stein and David Wu contributed to the development the LFE-HTP method, 
performed cell-based and mass spectrometry experiments. The author designed and performed 
cell-based experiments, mass spectrometry experiments and analyzed data.  
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induced thermal stability shifts of thousands protein modiforms in parallel in live cells, and 

supported the discovery of novel, previously uncharacterized intra- and intermolecular interactions 

mediated by phosphorylations in glycolytic protein GAPDH and cytoskeleton protein Vinculin.  

Our primary goal for developing the original HTP workflow was to demonstrate proof-of-

concept and applicability of the method. There are two important and practical benefits to the 

original workflow as developed (Figure 2.2): significant reagent cost- and instrument usage time-

savings. First, the TMT isobaric labeling reagents are the one of the most expensive reagents used 

in the workflow, costing up to $5,000 per reagent kit. Therefore, there is a significant cost-saving 

to isobarically labeling the enriched phosphoproteome at the very end. Rather than labeling the 

bulk proteome before enrichment just for 90% of it to be discarded after the phospho-enrichment 

step, tagging the final phospho-enriched proteome requires almost 10 times less TMT reagents 

upfront. Secondly, we performed 1D proteomics analysis, meaning that one single bulk injection 

was run for each biological experiment. This translates to about 6 hours of total instrument running 

time, allowing more biological experiments to be performed and boosting statistical confidence of 

the final dataset. These two practical advantages gave rise to the first iteration of the HTP workflow 

and allowed the proof-of-concept dataset to be produced in a reasonable cost and amount of time.  

We have since examined some areas that can be improved upon to further strengthen the 

depth of proteome coverage and precision of the method. We mentioned previously that TMT 

labeling enables parallel multiplexing of up to 16 independent quantitative measurements81, 82, 150. 

In the original HTP workflow, the labeling and multiplexing step is delayed until the very end 

which may contribute to additional sample handling variability. The second area of improvement 

is proteome coverage. Since our original publication, several off-line fractionation approaches and 

products became more widely used. Chief among them are high pH reverse phase fractionation 
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columns that demonstrated deep proteome coverage across a variety of samples and proteomes151-

153.  The last area of improvement has to do with a phenomenon known as ratio suppression or 

interference contamination of TMT reporter tags (Figure 3.1)154-158. As described in the previous 

chapter, TMT isobaric tags have the same nominal mass but different versions of mass reporters83. 

After identical peptides derived from different temperature fractions are labeled with different 

versions of the tags, they appear indistinguishable in the full mass spectra scan (MS1). At the MS2 

step where peptide ions are isolated and fragmented, each differentially labeled peptide produces 

a unique reporter ion that correspond to the version of TMT tag that the peptide was labeled with. 

In theory, the signal intensity of the reporter ion should reflect the relative amount of its precursor 

ion. But in reality, the signal intensity can often be distorted due to coisolation and cofragmentation 

of nearby interfering ions that are near-isobaric. It has been reported in a series of publications that 

the accuracy and precision of quantitative ratios from TMT experiments can be affected by the 

interference phenomenon resulting in a ratio suppressive effect154-158. The contaminating isobaric 

ions are isolated and fragment together with the target reporter ions, and their signal intensities are 

erroneously attributed to those of the target ions, resulting in the ratio differences between species 

that are less prominent than what they should be in actuality (Figure 3.1).  

 



 73 

 
Figure 3.1 Schematic showing interference contamination from TMT reporter tags using 
MS2 quantification 
A) After tryptic peptides are TMT-labeled, they undergo full-spectrum MS1 mode before target 
ions are isolated and further fragmented in MS2 mode for quantification. B) Contaminating ions 
are isolated together with the target ion inside the same isolation window, interfering with the 
accurate quantification of the target ion. 
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Several strategies have been proposed to address this interference phenomenon. The first 

is to narrow ion isolation window using mass spectrometers that has a higher isolation efficiency 

at narrower mass windows159. It has been reported that narrowing the precursor-ion isolation 

window from 2 to 0.5 on a LTQ Orbitrap Velos mass spectrometer can reduce ratio suppression 

effect by up to 56%158. However, using an isolation window that is too narrow to boost 

quantification accuracy increases the risk of losing spectral identifications, which accounted for 

up to a quarter of peptide identifications loss in some cases. The second strategy to minimize 

isobaric ion contamination is to reduce the complexity of the sample by extensive offline and 

multidimensional LC fractionation, such as acidic pH reverse phase, strong cation exchange (SCX), 

and high pH reverse-phase 159. It has been reported that SCX fractionation can reduce the ratio 

suppression effect by up to 14%158. High pH reverse phase (also referred to as basic-reverse phase 

or bRP later) fractionation columns have not been tested on reducing TMT ratio suppressive effect, 

but they have been shown to generate deep proteome coverage across a variety of samples and 

proteomes151-153. The last strategy is to perform an additional isolation and fragmentation event 

known as a MS3 scan158, 160, 161. In a MS3-experiment, after a peptide ion is isolated and fragmented 

in the MS2 step for identification, a selected fragment ion is isolated and fragmented again to 

produce an MS3 spectrum used for quantification. Only the most high-intensity target fragment 

ion belonging to the correct reporter tag is selected for MS3, thus near completely eliminating the 

interference effect. MS3 methods such as MultiNotch MS3 method have been shown to enable 

more accurate quantifications, at the loss of spectral identifications of a small reduction (13%) of 

peptide identifications158.  
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In this Chapter, we proposed several variants of the original HTP workflow with the 

intentions of improving precision in sample processing, the depth of (phospho)proteome coverage, 

and LC-MS/MS quantitative measurement precision.  

 

 

3.2 Results 

3.2.1 “Label-Enrich” Hotspot Thermal Profiling (LE-HTP) workflow 

The first HTP variant, termed “Label-Enrich” Hotspot Thermal Profiling (LE-HTP), is 

similar to the original HTP (also referred to as “Enrich-Label” or EL-HTP later) with two major 

differences: 1) the TMT labeling step happens before phosphoenrichment, and 2) one single TiO2 

enrichment is performed on the multiplex sample instead of ten separate TiO2 enrichments on the 

non-multiplexed sample (Figure 3.2). The rationale behind switching the order of these two steps 

is to take full advantage of the parallel multiplexing capability that isobaric labeling offers. We 

posit that combining the temperature fractions as early as possible should reduce sample 

processing variability.   

The start of the LE-HTP workflow is the same as that of the original HTP: equivalent 

aliquots of live cells are exposed to a 3-minute heat pulse of temperatures ranging from 37 to 67°C, 

followed by cooling to room temperature, rapid cell lysis in the presence of protease and 

phosphatase inhibitors, and centrifugation to remove unfolded proteins. The soluble proteome 

remaining in the supernatant of each temperature-matched aliquot is then proteolyzed into tryptic 

peptides. Starting from here, LE-HTP workflow differs from the original HTP in that all peptides 

from each temperature aliquot is labeled with specific tandem mass tag (TMT) isotope channels 

and combined into one single pool. After multiplexing, 5% of the combined pool of TMT-labeled 
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sample is set aside for protein-level thermal profiling of the “unmodified, bulk” protein pool. The 

remaining 95% of the TMT-labeled multiplexed sample is enriched in one single TiO2 enrichment 

step to generate the phosphoproteome pool. The two respective pools undergo 1D LC-MS/MS 

proteomic analysis and quantitation of relative peptide levels across the temperature range. Finally, 

these peptide-level measurements are analyzed en masse with peptide identification, relative 

quantification and automated curve fitting algorithms to determine peptide-specific melting points 

(Tm) for tens of thousands of specific peptides in the same sample.   

 

 

Figure 3.2 Comparison of new variant HTP workflows 
Proteomic workflow schematics of the three HTP variants: EL (enrich-label), LE (label-enrich), 
and LFE (label-fractionate-enrich).  
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3.2.2  “Label-Fractionate-Enrich” Hotspot Thermal Profiling (LFE-HTP) workflow 

The second HTP variant, termed “Label-Fractionate-Enrich” Hotspot Thermal Profiling 

(LFE-HTP), differs from the original HTP in several ways (Figure 3.2). First, the TMT labeling 

step happens before phosphoenrichment, which is similar to the LE-HTP workflow described 

previously. Second, the multiplexed TMT sample is separated by offline high pH reverse phase 

(bRP) columns to generate 11 fractions. This fractionation step not only helps reduce sample 

complexity by minimizing the effects of quantitative TMT ratio suppression, but also significantly 

expands the depth of (phospho)proteome coverage. Lastly, the LFE-HTP method performs 11 LC-

MS/MS runs aided by the use of Multi-Notch MS3 acquisition mode to reduce TMT ratio 

compression and improve precision in TMT quantification of phosphopeptides.  

The start of the LFE-HTP workflow is the same as the original HTP and LE-HTP described 

in the previous section. After the live cell heat-pulses, rapid cell lysis, isolation of soluble proteome, 

and digestion into tryptic peptides, all peptides from the same temperature aliquot are labeled with 

specific tandem mass tag (TMT) isotope channels and combined into one single pool. After 

multiplexing, the combined pool of TMT-labeled sample undergoes offline bRP fractionation into 

11 different fractions. From each bRP fraction, 5% is reserved for protein-level thermal profiling 

of the “unmodified, bulk” protein pool, and the remaining 95% from each bRP fraction undergoes 

separate phosphopeptide enrichment by TiO2 resin. Each series fractionated of two proteome pools 

undergo 11 LC-MS/MS proteomic analyses and multi-notch MS3 acquisition quantitation of 

relative peptide levels across the temperature range.  Finally, these peptide-level measurements 

are analyzed en masse with peptide identification, relative quantification and automated curve 

fitting algorithms to determine peptide-specific melting points (Tm) for tens of thousands of 

specific peptides in the same sample.   
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3.2.3 Global thermal stability profiles comparison between methods 

Using LE-HTP workflow, we detected 4,076 proteins in HEK293T cells across all LC-

MS/MS runs (comprised of n = 4 biological replicates, each biological replicate of the unmodified, 

bulk proteome or the phosphoproteome underwent n = 1 technical LC-MS/MS injections) (Figure 

3.3C). Statistical filtering at the peptide identification level identified 3,476 unique unmodified, 

bulk protein, and 4,186 unique phosphomodiforms from 1,544 unique proteins after grouping 

distinct phosphopeptides that map to a common site according to description in the previous 

chapter. Of those 4,186 unique phosphomodiforms, 3,108 of them belong to proteins also detected 

in unmodified bulk proteome. The application of stringent automated Tₘ curve fitting cutoffs (R2 > 

0.8) (and site-localization filter specifically for the phosphoproteome) resulted in a database of 

site-specific Tₘ values for 3,131 unmodified, bulk proteins, and 3,719 distinct phosphomodiforms 

in the steady state HEK293T proteome (Figure 3.3D). The LE-HTP dataset was overall smaller 

than that of the original HTP because of fewer biological replicate experiments (Figure 3.3A-B).  

Using LFE-HTP workflow, we detected significantly more proteins and phosphosite-

specific Tₘ compared to LE-HTP and the original EL-HTP dataset. This was expected of the 

fractionation method used to reduce the complexity of the sample which allows for a deeper 

phospho- and global proteome coverage. Specifically, we detected 6,613 unique proteins in 

HEK293T cells across all LC-MS/MS runs. The dataset is comprised of n = 4 biological replicates, 

and each biological replicate underwent 11 LC-MS/MS injections (one per bRP fraction) for the 

unmodified, bulk proteome series, and another 11 injections for phosphoproteome series. 

Statistical filtering at the peptide identification level identified 5,175 unique unmodified, bulk 

protein, and 15,621 unique phosphomodiforms (Figure 3.3E). Of those 15,621 unique 

phosphomodiforms, 12,637 of them belong to proteins also detected in unmodified bulk proteome. 
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The application of stringent automated Tₘ curve fitting cutoffs (R2 > 0.8) (and site-localization 

filter specifically for the phosproteome) resulted in a database of site-specific Tₘ values for 4,626 

unmodified, bulk proteins, and 14,143 distinct phosphomodiforms (Figure 3.3F).  

 

 

Figure 3.3 Global Tₘ values measured by three HTP variant workflows 
The total number of unique phosphomodiforms and high-quality ΔTₘ values detected in EL-HTP 
(A-B), LE-HTP (C-D), and LFE-HTP (E-F). Global Tm distribution of unmodified, bulk protein-
level, and phosphomodiform Tₘ values detected in EL-HTP (A-B), LE-HTP (C-D), and LFE-HTP 
(E-F). 
 

 

Global comparisons of the LE-HTP of unmodified, bulk protein pool with the 

phosphoproteome showed that median Tm values of 52.4 and 50.8°C, respectively, which were 

nearly identical to those of the original HTP dataset. In LFE-HTP, they were 52.5°C for bulk, 

unmodified proteome and 50.4°C for the phospho pool. The overall ΔTₘ distributions were all 

Gaussian in nature. Filtering of only high-confidence Tₘ values detected twice or more in both 
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phospho- and unmodified, bulk proteomes, yielded 1,110 high-quality ΔTₘ values for LE-HTP 

(Figure 3.3C), and 5,145 ΔTₘ values for LFE-HTP (Figure 3.3E). Specifically, within the segment 

of ΔTₘ values, ~25% and ~26% of the phosphosites had statistically significant ΔTₘ values relative 

to unmodified protein in LE-HTP and LFE-HTP respectively, which was defined by p-value < 

0.05 calculated using 2-sided student’s t-test. These percentages were nearly identical to that 

observed in our original HTP dataset.  

 

3.2.4 Data reproducibility comparison between methods 

 Compared to our published method and dataset, LFE-HTP variant method  

resulted in significantly higher precision as various areas of improvements have been addressed. 

The LFE-HTP dataset has a bulk Tₘ biological replicate correlation R2 of 0.78 (Figure 3.4A), and 

a phospho-Tm biological replicate correlation R2 of 0.72 (Figure 3.4B). This significant 

reproducibility improvement is the result of earlier multiplexing of the temperature fractions 

before phosphoenrichment to help reduce sample processing variability (Figure 3.2). Furthermore, 

the LFE-HTP dataset has an even better precision due to increased fractionation resulting in 22 (vs 

2 in LE- and EL-HTP) MS runs per biological replicate which significantly boosted the depth of 

the proteome as well as Multi-Notch MS3 quantification which eliminated TMT ratio suppression. 

Compared to our published EL-HTP dataset, LE-HTP variant method resulted in moderate 

improvement in phospho-Tm reproducibility correlation (R2 = 0.5, Figure 3.4D). The 

reproducibility improvement is the result of the multiplexing step taking place before further 

sample processing as well as only one TiO2 enrichment step compared to ten separate enrichments 

in EL-HTP. LE-HTP variant resulted in no improvement in bulk-Tm reproducibility correlation, 
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which is not unexpected as the bulk-Tm sample preparation protocol is essentially the same 

between EL- and LE-HTP.  

  
Figure 3.4 Representative Tₘ correlation plots in LFE- and LE-HTP datasets 
A-B) LFE-HTP representative bulk, unmodified proteome (A) and phospho (B)Tₘ correlation 
plots demonstrate significant improvements in Tm measurement reproducibility. C-D) LE-HTP 
representative bulk, unmodified proteome (B) showed similar Tm reproducibility to the original 
HTP dataset, meanwhile the representative phosphoproteome Tₘ correlation plot shows 
improvements in reproducibility. 
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3.2.5 Global trends 

Global relationships between phosphosite environment and stability were similar to that 

reported in our original HTP dataset. We first compared the ΔTₘ values for phosphorylation on 

different residues (serine, threonine and tyrosine) across all detected phosphomodiforms, including 

modiforms that harbor multiple phosphosites within the same quantified tryptic peptide. The 

screen did not reveal any general bias for stabilization or destabilization in neither LE- nor LFE-

HTP datasets (Figure 3.5A-C). Next, we performed, for LE-HTP and LFE-HTP datasets, structural 

elements (secondary structure, disordered regions, and solvent accessibility) analysis on proteins 

detected in the original HTP dataset (Figure 3.5D-L). We saw similar trends to those of our original 

HTP. These analyzes and comparisons reconfirmed that the effect of phosphorylation on the 

thermal stability is governed by local context within proteins as opposed to a systemic, biophysical 

“code” imparted by the sequence or identity of phosphoamino acids. This observation was 

reproducibly detected by different HTP variant methods.  
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Figure 3.5 Comparing global relationships between local phosphosite environment and 
altered phosphomodiform stability of the 3 HTP variants 
A-C) Distributions of ΔTₘ values for tryptic peptides containing indicated phosphoamino acids or 
coincidental combinations thereof for Huang et al 2019 EL-HTP (A), LE-HTP (B), and LFE-HTP 
(C). D-L) Comparisons of ΔTₘ values and predicted secondary structure elements (D-F), ordered 
structural elements surrounding the phosphosite of interest (G-I) and solvent accessibility (J-L) of 
the three datasets respectively. For secondary structure (E-F), disordered regions (H-H) and 
solvent accessibility (K-L) analyses performed for LE-HTP and LFE-HTP datasets, only proteins 
detected in the original Huang et al. publication149 are included in the analyses. For E) and K), the 
number of values obtained for “Sheet*” and “Buried*” are too few (<15) to allow for meaningful 
statistical analyses. For D-L), ***P ≤ 0.0001, **P ≤ 0.001, *P ≤ 0.05, two-sided t-test. Box plots 
(median, 1–99%) are shown in A-L), with outliers shown as data points.  
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3.2.6 Site-specific thermal stability profiles comparison between methods 

In agreement with our original published dataset, we observed replication of previous 

hotspot phosphosite ΔTₘ values in our two new datasets. SIN3A_pS832, which did not affect 

proteoform stability in our original dataset, likewise showed overlaid curves in the LE-HTP and 

LFE-HTP datasets (Figure 3.6A). Other phosphosites highlighted in our first dataset, including 

pT926 in KIF11 (Figure 3.6B) and pS58 in TPI1 (Figure 3.6C), showed highly similar and 

statistically significant ΔTₘ values across our three HTP workflows and datasets. Consistent shifts 

were observed in all datasets for pS58 in TPI1, which led to modest statistical significance in our 

LE dataset (P = 0.03). We also observed similar changes in stability for phosphosites in 4EBP1 

(Figure 3.6D) and GAPDH (Figure 3.6E). Because the depth of coverage in LE-HTP was low, 

KIF11_pT926 and GAPDH_pS210 were only detected once. Comparisons of datasets show 

consistent reproductions of both the fraction of phosphosites that were significantly shifted relative 

to corresponding bulk, unmodified proteoforms, as well as specific ∆Tm values for highlighted 

proteins. Finally, in line with the main assertions of our previous study, we also observed many 

other phosphorylation sites that significantly impact protein thermal stability across these new 

datasets and in diverse protein families.  
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Figure 3.6 Site-specific thermal stability profiles comparison between methods 
A-E) Representative Tₘ curves of bulk, unmodified protein (black) and indicated 
phosphomodiforms (red) from SIN3A (A), KIF11 (B), TPI1 (C), 4EBP1 (D), and GAPDH (E). 
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(Figure 3.6 continued) Left, middle, and right column belong to melting curves generated from 
original EL-HTP, new LE-HTP and LFE-HTP datasets respective. Only curves with R2 > 0.8 are 
plotted, including cases where only one curve for specific bulk or phosphosites were detected and 
passed this criterion (denoted by an *). Curves and error bars in A-E) correspond to mean and 
SEM; ΔTₘ P-values calculated with two-sided t-test.  
 
 

3.2.7 LFE-HTP detects uncharacterized phosphorylation sites in ALDOA 

 Among novel phosphosites that significantly impacted protein thermal stability detected in 

the new datasets were several sites belonging to Aldolase A (ALDOA) that caught our attention. 

Significant negative thermal stability shifts were detected in pS46 (ΔTm = -7.6 ± 0.5°C, P = 9.7 x 

10-5), pS360 (ΔTm = -9.0 ± 0.4°C, P = 2.0 x 10-5), and pY364 ΔTm = (-10.1 ± 1.0°C, P = 9.2 x 10-

4) (Figure 3.7A). These three phosphosites had been all been detected in the past according to 

PhosphositePlus database but not none of them had been functionally characterized. Two 

conformations of ALDOA had been reported in the literature with different positionings of the C-

terminal tail where residues Y360 and Y364 are located. In the monomeric conformation, the C-

terminal residue pY364 is located deep inside the enzyme active site while the rest of the flexible 

C-term tail wraps around the protein (PDB: 1ALD, Figure 3.7B)162. Meanwhile, in the 

homotetramer conformation, the C-terminal tail is much more open and exposed, with the tail no 

longer tugged inside the active site but located next to the tetramer binding interface (PDB: 5KY6, 

Figure 3.7C). It has been reported homotetramer ALDOA is catalytically less active than 

monomer163 and tetramerization of the enzyme promotes its association with actin filament of the 

cytoskeleton164. We posit that the significant decrease in ALDOA thermal stability is due Y364 

and S360 phosphorylations interfering with the substrate binding ability of the protein. 

Phosphorylation on Y364 may also affect subcellular localization of ALDOA by promoting the 

tetramerization of the enzyme and recruitment to the cytoskeleton. Although tetrameric ALDOA 
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is reportedly very thermally stable in vitro165, association with the cytoskeleton in the cell makes 

a protein less soluble, and increases its chance to be co-aggregated and co-precipitated with the 

rest of the cytoskeleton during thermal denaturation process. It is interesting to note pS46 is located 

near the entrance of the substrate binding pocket, but it is unlike pS364 which is densely packed 

inside. The smaller ΔTm value of pS46 may be reflective of its lesser influence on regulating 

enzyme-substrate interaction. Phenotypical characterizations could be used to uncover the full 

extent of these three phosphorylation sites’ regulations on ALDOA activity and conformation. 

 

 
Figure 3.7 Phosphorylation induced thermal stability shifts and structural correlation in 
aldolase A 
A) Phosphosites pS46, pS360, and pY364 induced significant and similar negative thermal 
stability shifts on aldolase A. B-C) In the monomeric conformation, S46 (yellow) is adjacent to 
R43 (blue) which has been shown to be involved in ALDOA recruitment to F-actin (B), meanwhile, 
C-terminal Y364 (red) and S360 (pink) are packed deep inside the enzyme active sites (blue) (C) 
(PDB: 1ALD). D) In the tetramer structure Y364 (red) and S360 (pink) are far away from the 
active site (blue) but packed next to the dimer interface (PDB: 5KY6). Curves and error bars in A) 
correspond to Tm mean and SEM; Only curves with R2 > 0.8 are plotted. ΔTm P-value is 
calculated using 2-sided student’s t-test. 
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3.2.8 Different data analysis pipelines and statistical treatments, but not upfront 

biochemical workflow, can affect the significance threshold of ΔTm values 

Following our report of the EL-HTP method, several other reports have used the approach 

in various forms to measure the effect of protein modifications or mutations on thermal stability166. 

Among these, a method similar to our LFE-HTP approach was reported to also employ up-front 

TMT labeling and fractionation167. Despite significant differences in the subsequent biochemical 

workflow and data analysis pipeline used in this workflow, the researchers reported that their 

methodology yielded substantially fewer significantly Tm shifted phosphorylation sites (~3%) 

relative to our original report using the EL-HTP method (24%) (Figure 3.8). In light of the fact 

that our analogous LFE-HTP dataset also reported similar percentage (26%) to our EL-HTP report, 

we were intrigued by the conclusion of Potel et al. and wanted to explore reasons behind the 

difference. 

We noticed the first major difference between the two methodologies is in the statistical 

comparison. Our HTP data analysis pipeline deliberately compares the thermal stability of specific 

phosphomodiforms (defined by unequivocal presence of a phosphorylation site) relative to the 

stability of the unmodified protein pool detected in cells (referred to as bulk, unmodified). In 

practice, this involves direct comparison of the mean Tm for a defined phosphomodiform to the 

mean Tm for the unmodified tryptic peptide pool for that protein in aggregate (Figure 3.9). We are 

not comparing each peptide to all other peptides one-by-one, as that represents a biochemically 

and statistically unique analysis. Therefore, each point on the volcano plot represents an internal 

comparison of two defined groups for each protein of interest, not comparisons among or between 

other populations (i.e., not a comparison of one Tm or ΔTm to all of the other Tm values as is 

common in analyses presented on volcano plots). The statistical test applied for each modified 
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proteoform/bulk protein pool pair is therefore no different than that applied to compare the relative 

abundance change of a phosphosite/total protein pair between two conditions168, where multiple 

hypothesis testing correction is not applied. Meanwhile, the Potel et al. method employed an 

alternative and more stringent statistical comparison pipeline that involves comparing each 

phosphopeptide Tm to the Tm of every tryptic peptide from that protein individually. This 

represents a different set of biochemical comparisons and empirically imposes more stringent 

statistical bar to detect significant shifts where multiple hypothesis testing correction is required.  

 

 
Figure 3.8 Percentage of significantly shifted phosphosites reported in different HTP 
datasets 
Datasets generated using the three HTP variants (EL-, LE-, and LFE-) all report a similar 
percentage of significantly shifted Tm values, which stand in contrast with reported percentage 
by Potel et al.  
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Figure 3.9 Schematic of statistical comparisons used in our HTP methods 
Our data analysis pipeline compares the means and error surrounding bulk Tm and 
phosphomodiform Tm and assesses whether a site significantly alters protein stability. A two-side 
t-test is used to compare the Tm values. 

 

 

Nonetheless, this approach and resulting dataset provided an appropriate comparator to the 

EL-HTP and LFE-HTP methods. We were particularly intrigued by the conclusion that their 

methodology yielded only ~3% of all detected phosphorylation sites with a significantly shifted 

Tm value (Figure 3.8). To understand this discrepancy, we directly analyzed their raw data using 

our published data analysis pipeline and statistical treatment, which reproduced nearly identical 

Tm curves and ΔTm values for the phosphomodiforms LYN_pY397, LMNA_pT19pS22, and 

CARHSP1_pS41 highlighted in their dataset (Figure 3.10A). Therefore, despite differences in the 

overall analysis pipelines and statistical treatment of the resulting data (i.e., comparing a 

phosphopeptide to an aggregate protein-level Tm, or comparing a phosphopeptide to each 

unmodified peptide one-by-one), their analysis pipeline objectively reproduces the curves and 

shifts in thermal stability generated by our published analysis method, and vice versa.  

Next, since both analysis pipelines produce essentially identical shifts on a site-by-site and 

protein-by-protein basis, we performed a global reanalysis of their data and compared to our 

published profile. This objective reanalysis confirmed that their data harbors just as many 

significantly shifted phosphorylation sites as our original dataset. In particular, their alternative 
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HTP workflow yields a dataset in which ~29% of detected phosphorylation sites have a ΔTm with 

P-value < 0.05; this value was 23% in our original study, and 26% in our analogous LFE-HTP 

dataset (Figure 3.8, Figure 3.10B).  

 

 
Figure 3.10 Comparing data analysis pipelines 
A) Reanalysis of dataset produced by Potel et al. with our published data analysis pipeline directly 
reproduced the melting curves highlighted in their commentary and yielded identical ΔTm values 
for specific reported modiforms. Curves in (A) are directly reproduced from Potel et al.1 for 
comparison. B) Global ΔTm volcano plots from Huang et al., 2019 (left) and Potel et al., 
commentary (right). The Potel et al. dataset produces contains a near-identical (24%) percentage 
of significantly shifted phosphomodiforms relative to our published dataset (23%) when data are 
analyzed head-to-head with our published analysis pipeline).  
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Diving deeper into their dataset, we also find that ΔTm’s for many of the anecdotal ‘hotspot’ 

phosphorylation sites detected in both our EL- and LFE-HTP datasets are reproduced in their 

dataset. While not presented in their analysis, their HTP workflow detects significant shifts in the 

stability of phosphomodiforms of TPI1_pS58, CDK1_pY15, 4EBP1 (several sites in the N-

terminal tail) and GADPH_S210 (Figure 3.11A). The last two are notable as the observed shifts 

are not captured by their computational workflow due to arbitrary cutoffs imposed on curve shape 

and plateaus. Additionally, we found that pT926 in KIF11, which was highlighted in our first EL-

HTP dataset and showed highly similar and statistically significant ΔTm values in other HTP 

workflows and datasets such as LFE-HTP, was not considered significantly shifted (P = 0.4 by 

their analysis) by the Potel et al. analysis, despite a near identical ΔTm as reported in our datasets 

(Figure 3.11B). Furthermore, we found that the application of a more stringent multiple testing 

adjustment brings the perceived significant hits down in their dataset and ours, but they come down 

uniformly (Figure 3.11). This comparison is useful as it is important to weigh the relative merits 

of including more or less strict significance filters for hypothesis-generating experiments, and it is 

unsurprising that application of divergent significance comparisons to a dataset after the fact will 

yield different results.  

Taken together, these comparative data analyses demonstrated that the primary driver of 

difference in “percentage of significantly shifted phosphosite Tm” is driven by the use of a 

divergent downstream statistical processing pipeline. Different data analysis pipelines and 

statistical treatments – not upfront biochemical workflow – can affect the significance threshold 

of ΔTm values.  

 

 



 93 

 

Figure 3.11 Comparing of anecdotal phosphosites measured by different data analysis 
pipelines 
A) Representative melting curves with significant shifts in thermal stability reported in our original 
publication including TPI1 (modiform pS58), CDK1 (modiform pY15), 4EBP1 (several 
modiforms in the N-terminal tail) and GADPH (pS210) were reproduced in the Potel et al. dataset. 
B) Potel et al. reported a near identical ΔTm in pS926 in KIF11 as in our LFE-HTP dataset, but is 
considered statistically insignificant using their statistical analysis pipeline.  
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Figure 3.12 Comparing the percentages of significant ΔTm values based on application of 
different statistical cutoffs 
The percentages of significant ΔTm values with P-value < 0.05 are 25% (Huang) and 29% (Potel) 
of the two datasets using our published analysis pipeline. When we apply a population-level, 
multiple testing correction to generate q-values, the percentages of ‘significant’ ΔTm values are 
reduced. Specifically, application thresholds values of q-value < 0.05 reduced the percentage of 
significant ΔTm to 11% (Huang) and 10% (Potel). Meanwhile, q-value < 0.01 reduced the 
percentages further to 4.1% (Huang) and 2.9% (Potel) significantly shifted ΔTm values.  
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3.3 Conclusion and Discussion 

We explored several modifications to the HTP workflow that could affect the depth of 

(phospho)proteome coverage, precision in sample processing, LC-MS/MS measurement precision, 

and data interpretation. We hypothesized that separate TMT-labeling of bulk and phosphopeptide 

fractions, use of TiO2 spin-tips and LC-MS/MS acquisition with a single chromatographic 

separation could collectively contribute to lower measurement precision in our original workflow. 

The resulting datasets generated from the two novel HTP variant workflows, termed LE-HTP and 

LFE-HTP, demonstrated varying degrees of improvements to the original HTP workflow. Notably, 

phospho-Tm measurements have a higher reproducibility under LE-HTP as a result of performing 

the TMT-labeling/multiplexing step before phosphoenrichment, as well as only having to perform 

one single TiO2 enrichment instead of ten separate enrichments on ten different temperature 

samples. Meanwhile, LFE-HTP workflow produced a significantly deeper coverage of the 

proteomes as well as overall greater Tₘ measurements reproducibility in both the bulk, 

unmodified- and phosphoproteomes. This is due to deep-fractionation of the proteome, resulting 

in 11 separate LC-MS/MS injections as well as MultiNotch MS3 quantification that helped to 

eliminate TMT ration suppression effects153, 158, 160, 161. We also discovered significant thermal 

perturbations from three previously uncharacterized phosphosites on ALDOA. We suggested a 

molecular model on how these phosphorylation sites may impact the substrate-binding ability of 

ALDOA as well as the enzyme conformation and subcellular localization. 

The resulting datasets generated from the two novel HTP variant workflows support the 

notion that more cost- and resource-intensive protocols for deeper profiling should result in higher 

precision within runs. It is interesting to note that anecdotal proteins and phosphomodiforms 

detected in the original HTP dataset demonstrated similar melting profiles in the two novel HTP 
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variant datasets. Despite lower precision in the original HTP workflow, highly abundant proteins 

can still be reliably detected and generate highly reproducible Tₘ curves regardless of which 

method was used. Depending on what the goal of the experiment is, researchers may consider 

whether more resource-intensive workflows such as LE- and LFE-HTP justify the experimental 

data gains. Nevertheless, all HTP variant workflows demonstrate that they can reliably capture 

peptide-level thermal stability information to enable biophysical interrogation of proteoforms. All 

HTP variant method can measure and detect site-specific PTMs that significantly affect 

proteoform Tₘ or solubility and discover novel uncharacterized modifications that impact 

biophysical properties of proteins.  
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3.4 Materials and Methods 

Cell Culture 

HEK293T cells were propagated in RPMI 1640 with 2mM L-glutamine (HyClone) 

supplemented with 10% fetal bovine serum (Corning) and 1% penicillin-streptomycin (Thermo 

Fisher Scientific) and grown at 37°C in a 5% CO2, humidified incubator.  

 

LE-HTP Cell Harvesting and Proteomic Sample Preparation 

LE (Label-Enrich) HTP proteomic samples were prepared as reported previously with several 

modifications1. Briefly, HEK293T cells were grown to 90% confluency in 15 cm cell-culture 

treated plates (Denville). Cells were scraped from plates, briefly washed, and resuspended in 

PBS with EDTA-free protease inhibitor tablet (Roche) and phosphatase inhibitor cocktail 3 

(Sigma-Aldrich) before being divided into ten equal aliquots. Each aliquot of live cells was 

exposed to a steady temperature between 37°C to 67°C (37, 40, 44, 47, 50, 53, 56, 60, 63, and 

67°C) for 3 minutes in parallel, incubated at 25°C for another 3 minutes, and lysed by three 

cycles of rapid freeze-thawing. Insoluble proteins and cell debris were removed by centrifugation 

at 17,000 x g for 10 minutes. A small amount of supernatant from the 37°C aliquot was set aside 

to use for protein quantification by Bradford’s assay. The remaining fraction of the soluble 

fraction was denatured in 8 M urea, followed by disulfide reduction with DTT (10 mM, 30 

minutes, 65°C), alkylation (iodoacetamide, 15 mM, 30 min, room temperature, protected from 

light) and quenching (DTT, 5 mM, 10 minutes, room temperature). The proteome solution was 

diluted 4-fold with ammonium bicarbonate solution (50 mM, pH 8.0), CaCl2 added (1 mM) and 

digested with sequencing grade trypsin (~1:100 enzyme/protein ratio; Thermo Pierce) at 37°C 

while rotating overnight. Peptide digestion reactions were stopped by acidification to pH 2-3 
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with 1% formic acid, and peptides were then desalted with Sep-Pak tC18 cartridges (50 mg, 

Waters), dried under vacuum, resuspended with LC-MS grade water (Sigma-Aldrich) and then 

lyophilized.  

 

LFE-HTP Cell Harvesting and Proteomic Sample Preparation 

For LFE (Label-Fractionate-Enrich) HTP samples, cells were lifted using TrypLE Express and 

neutralized following 5-minute incubation using complete media (DMEM + 10% FBS 

penicillin/streptomycin) and centrifuged at 1100 r.p.m. for 4 minutes. The cell pellet was 

reconstituted in 10 mL PBS containing protease and phosphatase inhibitors (Roche) and 

centrifuged again at 1100 RPM for 4 minutes.  Following centrifugation, the cell pellet was 

resuspended in 1 mL PBS with inhibitors and distributed into a thin-wall PCR tubes at 100 μL of 

cell suspension in each tube. Thermal denaturation was performed as previously described1, and 

the resulting cellular suspension was transferred to clean 1.5 mL microcentrifuge tubes and PCR 

tubes were additionally rinsed with 30 μL of PBS with inhibitors to ensure complete transfer of 

cellular suspension. Cellular suspension was next snap frozen in liquid nitrogen for 1 minute 

followed by thawing and re-equilibration back to room temperature. This freeze-thaw cycle was 

repeated 2 additional times and the soluble fraction of each lysate was generated by 

centrifugation at 20,000 x g for 30 minutes at 4°C. Supernatants were transferred to clean 1.5 mL 

microcentifuge tubes, and protein was quantified in the supernatant for temperatures 37°C and 

41°C by micro BCA assay (Thermo Pierce). Following quantification, the average of the two 

lowest temperatures was taken and the volume equivalent to 30 μg of protein in the lowest 

temperature was moved from each temperature fraction into a clean 1.5 mL tube. Following 

distribution of protein, each tube was brought to a final volume of 300 μL by addition of PBS 



 99 

with inhibitors, followed by precipitation with trichloroacetic acid (TCA) to a final concentration 

of 25%, vigorously vortexed and incubated on ice overnight. TCA precipitates were centrifuged 

at 20,000 x g for 30 minutes at 4°C, washed twice in 500 µL of ice-cold acetone, and centrifuged 

at 20,000 x g for 10 minutes after each wash. Following precipitation and washes, pellets were 

allowed to completely dry at room temperature. Dry pellets were re-suspended in 100 μL of 100 

mM TEAB, 0.5% SDS and reduced with 9.5 mM tris-carboxyethyl phosphine (TCEP) for 60 

minutes at 55°C. Following reduction of disulfide bonds with TCEP, the denatured protein mix 

was centrifuged at 20,000 x g for 5 minutes then alkylated with 4.5 mM iodoacetamide (IAA) for 

30 minutes in the dark at room temperature. After reduction and alkylation of disulfide bonds, 

the denatured protein mixture was precipitated out of solution by addition of 600 µL of ice-cold 

acetone and placed in the -20°C freezer overnight. The following day precipitated proteins were 

centrifuged at 8,000 x g for 10 minutes to pellet precipitated protein.  Following centrifugation 

supernatant was decanted off and pellets were allowed to air-dry at room temperature. Once dry, 

protein pellets were reconstituted in 100 µL 100 mM TEAB and CaCl2 was supplemented to a 

final concentration of 1 mM, 1 mg of sequencing grade Trypsin (Promega) was added, and 

reactions were placed in the dark on a thermal mixer (Eppendorf) set to 37°C and shaking at 800 

r.p.m. for 16 hours. The next day, digested samples were centrifuged at 20,000 x g for 10 

minutes and proceeded to TMT labeling of digested samples.  

 

LE-HTP Phosphopeptide Enrichment and TMT Labeling  

For LE-HTP (Labeled-Enriched) experiments, lyophilized peptides were labeled with 10-plex 

isobaric tandem mass tags (90406, Thermo Scientific) according to manufacturer’s protocol with 

slight modification. TMT reagents were reconstituted to 16 mg/mL in anhydrous acetonitrile 
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(Sigma-Aldrich-) and added to lyophilized peptides dissolved in 50 µL of 50 mM HEPES buffer, 

pH 8.0 (~4:1 reagent/peptide ratio). Labeling reaction was carried out at room temperature for 1 

hour with gentle shaking and quenched with 5 µL of 5% hydroxylamine (Thermo Scientific). 

Labeled peptides were combined into a single pool per experiment, acidified with formic acid 

(pH 2-3), desalted using ZipTip C18 tips (100 µL, Millipore), and lyophilized. A small fraction 

(5%) reserved for bulk unmodified proteome thermal profiling was split from the labeled pool 

and lyophilized separately. The major fraction of lyophilized TMT-labeled peptides (95%) was 

re-dissolved in 40% acetonitrile, 6% TFA before phosphopeptide enrichment with Titansphere 

TiO2 beads (GL Sciences). Titansphere TiO2 beads were reconstituted in buffer containing 80% 

acetonitrile, 6% TFA, and 2,5-dihydroxybenzoic acid (20 mg/mL) and rotated for 15 min in 

25°C. Equal amount of beads slurry (~10:1 beads-to-peptide ratio based on concentration of 

peptides in 37°C aliquot) was added to each temperature aliquot of reconstituted peptides and 

rotated for 20 minutes at 25°C. Beads were then washed twice times with higher percentages of 

acetonitrile (10% and 40%) in 6% TFA and supernatant was removed by centrifugation at 500 x 

g for 2 min. Washed beads were then added to self-packed stage tip with C8 SPE (Sigma-

Aldrich) and washed once more with 60% acetonitrile in 6% TFA. Phosphopeptides were first 

eluted with 5% NH4OH, then 10% NH4OH, 25% acetonitrile, and dried with speedvac. Dried 

phosphopeptides were reconstituted in 5% acetonitrile, 1% TFA, desalted with self-packed stage 

tip with C18 SPE (Sigma-Aldrich), and dried with speedvac once more. The two sets of peptides 

(phospho-enriched and unenriched) were separately dissolved in LC-MS/MS Buffer A (H2O 

with 0.1% formic acid, LC-MS grade, Sigma-Aldrich) for LC-MS/MS analysis. 

 

LFE-HTP TMT Labeling, Fractionation, and Phosphopeptide Enrichment 
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For LFE-HTP (Label-Fractionate-Enrich) experiments, TMT labeling was performed generally 

as above in LE-HTP experiments. Briefly, each TMT tag was re-suspended in 164 μL anhydrous 

acetonitrile with intermittent vortexing for 10 minutes.   Following resuspension, 41 μL was 

added to corresponding temperatures (TMT-126 = 37°C; four separate aliquots of each for 

subsequent desalting and fractionation) and labeling reaction was allowed to proceed for 1 hour 

at room temperature.  Reactions were quenched by addition of 8 μL of 5% hydroxylamine in 100 

mM TEAB and incubated for 15 minutes. Labeled temperature fractions were pooled, desalted 

on 1cc/50 mg C18 SepPAK columns (Waters # WAT054955) on a vacuum manifold and 

desalted peptides were dried down in a speedvac.  Dried peptides were reconstituted in 300 µL of 

0.1% TFA in H2O, high-pH reverse phase spin-columns (Pierce/Thermo-Fisher) were 

equilibrated, and samples fractionated per manufacturer’s instructions into 8 fractions, 2 washes 

and a flow-through fraction (11 total). Separate samples from the same fractions were then 

combined and dried. Peptide fractions were reconstituted in 200 µL of 5% acetonitrile, 0.1% 

TFA in water, and 10 µL was removed for bulk HTP analysis. The remaining fractionated 

labeled peptides dried and re-dissolved in 40% acetonitrile, 6% TFA in water before 

phosphopeptide enrichment with Titansphere TiO2 beads (GL Sciences) according to protocol 

described above for LE-HTP experiments. Each high-pH reverse-phase fraction was enriched 

separately with equal amounts of beads (~10:1 beads-to-peptide ratio). The final processed 

phosphopeptides were reconstituted in 5% acetonitrile, 0.1% TFA in water for LC-MS/MS 

analysis. 
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LC-MS/MS and Data Acquisition (QExactive HF) 

LC-MS/MS experiments were performed with an Easy-nLC 1000 ultra-high pressure LC system 

(ThermoFisher) using a PepMap RSLC C18 column (75 μm x 50 cm; 3 μm, 100 Å, Thermo 

Scientific) heated to 40˚C, and coupled to a Q Exactive HF orbitrap and Easy-Spray nanosource 

(ThermoFisher). TMT-labeled digested peptides in MS/MS Buffer A were injected onto the 

column and separated using the following gradient of buffer B (0.1% formic acid, acetonitrile) at 

300 nL/min: 0-10% buffer B in 5 minutes, 10-40% buffer B in 240 minutes, 40-90% buffer B 

over 6 minutes, and hold at 90% for 20 minutes. MS/MS spectra were collected from 0 to 250 

minutes using a data-dependent, top-10 ion setting with the following settings: full MS scans 

were acquired at a resolution of 120,000, scan range of 375-1500 m/z, maximum IT of 60 ms, 

AGC target of 1e6, and data collection in profile mode. MS2 scans were performed by HCD 

fragmentation with a resolution of 60,000, AGC target of 1e5, maximum IT of 60 ms, NCE of 30, 

and data type in centroid mode. Isolation window for precursor ions was set to 1.0 m/z with an 

underfill ratio of 0.5%. Peptides with charge state 1 and undefined were excluded and dynamic 

exclusion was set to 20 seconds. Furthermore, S-lens RF level was set to 60 with a spray voltage 

value of 2.60 kV and ionization chamber temperature of 300˚C. Raw files were parsed into MS1 

and MS2 spectra using RawConverter. 

 

LC-MS/MS Analysis and Data Acquisition (Orbitrap Fusion Lumos) 

High-pH reverse-phase fractions were run on a 4-hour instrument method with an effective linear 

gradient of 180 minutes from 5% to 25% mobile phase B with the following mobile phases: A: 

0.1% formic acid in H2O, B: 80% acetonitrile/0.1% formic acid in water on a 50 cm Acclaim 

PepMap RSLC C18 column (#164942) operated by a Dionex ultimate 3000 RSLC nano pump 
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with column heating at 50°C connected to an Orbitrap Fusion Lumos.  Briefly, the instrument 

method was a data-dependent analysis and cycle time set to 3 seconds total.  Each cycle 

consisted of one full-scan mass spectrum (400-1500 m/z) at a resolution of 120,000, RF Lens: 

60%, maximum injection time of 100 ms followed by data-dependent MS/MS spectra with 

precursor selection determined by the following parameters: AGC Target of 4.0 e5, maximum 

injection time of 100 ms, monoisotopic peak determination: peptide, charge state inclusion: 2-7, 

dynamic exclusion 10 sec with an intensity threshold filter: 5.0 e3.  Data-dependent MS/MS 

spectra were generated by isolating in the quadrupole with an isolation window of 0.4 m/z with 

CID activation and corresponding collision energy of 35%, CID activation time of 10 ms, 

activation Q of 0.25, detector type Ion Trap in Turbo mode, AGC target of 1.0 e4 and maximum 

injection time of 120 ms.  Data-dependent MS3 was done in synchronous precursor selection 

mode (SPS, multinotch MS3) with the following settings:  Precursor selection Range; Mass 

Range 400-1200, Precursor Ion Exclusion Properties m/z Low: 18 High: 5, Isobaric Tag Loss 

Exclusion Properties: TMT.  Number of SPS precursors was set to 10 and data-dependent MS3 

was detected in the Orbitrap (60,000 resolution, scan range 120-500) with an isolation window of 

2 m/z HCD activation type with collision energy of 55%, AGC target of 1.2 e5 and a maximum 

injection time of 150 ms. Raw files were parsed into MS1 and MS2 spectra using RawConverter. 

 

Data Analysis 

Both data generated from QExactive HF and Orbitrap Fusion Lumos were searched using the 

ProLuCID algorithm in the Integrated Proteomics Pipeline (IP2) software platform. Human 

proteome data were searched using a concatenated target/decoy UniProt database. Basic searches 

were performed with the following search parameters: HCD fragmentation method; 
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monoisotopic precursor ions; high resolution mode (3 isotopic peaks); precursor mass range 600-

6,000 and initial fragment tolerance at 600 p.p.m.; enzyme cleavage specificity at C-terminal 

lysine and arginine residues with 3 missed cleavage sites permitted; static modification of 

+57.02146 on cysteine (carboxyamidomethylation), +229.1629 on N-terminal and lysine for 

TMT-10-plex tag; 4 total differential modification sites per peptide, including oxidized 

methionine (+15.9949), and phosphorylation (+79.9663) on serine, threonine, and tyrosine (only 

for phospho-enriched samples); primary scoring type by XCorr and secondary by Zscore; 

minimum peptide length of six residues with a candidate peptide threshold of 500. A minimum 

of one peptide per protein and half-tryptic peptide specificity were required. Non-unique 

peptides were included in search. Starting statistics were performed with a Δmass cutoff = 10 

p.p.m. with modstat, and trypstat settings. False-discovery rates of peptide (sfp) were set to 1%. 

TMT quantification was performed using the isobaric labeling 10-plex labeling algorithm, with a 

mass tolerance of 5.0 p.p.m. or less. Reporter ions 126.127726, 127.124761, 127.131081, 

128.128116, 128.134436, 129.131417, 129.13779, 130.134825, 130.141145, and 131.13838 

were used for relative quantification. 

 

Statistical and Melting Curve Analysis 

The LE-HTP dataset is comprised of n = 4 independent experiments derived from materials from 

independent cell cultures. Each independent experiment corresponded to n = 2 unique mass 

spectrometry measurements (n = 1 for bulk proteome, n = 1 for phospho-enriched proteome). 

The LFE-HTP dataset is comprised of n = 4 independent experiments derived from materials 

from independent cell cultures. Each independent experiment corresponded to n = 22 unique 

mass spectrometry measurements (n = 11 for fractionated bulk proteome, n = 11 for fractionated 
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phospho-enriched proteome). For melting curve analysis, all detected phosphopeptides that map 

to the same phosphorylation sites were grouped together and given a new identifier 

(Gene_pSite). For example, 4 different tryptic peptides mapping to the same GAPDH 

phosphorylation site pS210 were often detected: 

R.DGRGALQNIIPAS(79.9963)TGAAKAVGK.V, R.DGRGALQNIIPAS(79.9963)TGAAK.A, 

R.GALQNIIPAS(79.9963)TGAAKAVGK.V, and R.GALQNIIPAS(79.9963)TGAAK.A. These 

peptides were systematically re-labeled with the new custom identifier “GAPDH_pS210”. TMT 

reporter ion intensities of phosphopeptides with the same identifier were combined for each 

temperature fraction from the same MS run. Fold change values were calculated using the lowest 

temperature fraction as the reference. Similarly, for the bulk unmodified proteome, TMT reporter 

ion intensities of all unmodified peptides mapped to the same protein were combined and fold-

change values relative to the lowest temperature condition were calculated. To generate 

unmodified protein and phosphosite-specific melting curves, relative fold-changes as a function 

of temperature was fitted to the equation derived from the chemical denaturation theory using the 

R package and used in the original HTP 

manuscript121121121121121121121121121121121121121121121121121121121121121 118 . Tm values were calculated at 

which the sigmoidal curve crosses the 0.5 fold-change level (which is not necessarily the 

inflection point, as discussed in the main text). Only Tₘ values calculated from melting curves 

with curve R2 > 0.8 were used in subsequent analyses.  Shift in Tₘ values (e.g., ΔTₘ) induced by 

phosphorylation were determined by subtracting the Tₘ of the bulk, unmodified protein from the 

Tₘ of the phosphomodiform: 

ΔTₘ = Tm_Phosphomodiform - Tm_Unmodified, bulk protein 
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ΔTₘs could only be calculated for phosphosites belonging to proteins that were also detected in 

the unmodified proteome. Tₘ values calculated by the R script of all unmodified proteins and 

phosphorylation sites are summarized in Supplementary Tables. For proteins highlighted in 

Figure 3.6, normalized relative abundance ratios were plotted and fitted with variable-slope 

(four-parameter) curve fit function in Prism5 (GraphPad). For proteins and phosphomodiforms 

highlighted in which the R script was unable to generate a curve fit, the variable-slope (four-

parameter) curve fit function Prism5 was used to generate a Tₘ value for Δ Tₘ calculation. To 

calculate p-value for ΔTₘ values, two-sided student’s t-test was used to compare the mean Tₘ ± 

SEM for a defined phosphomodiform of interest to the mean Tₘ ± SEM for the bulk, unmodified 

protein pool, both derived from independent measurements from unique MS runs. 
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CHAPTER 4  

Application of thermal profiling methods to interrogate dynamic cell states * 

 

 

4.1 Introduction 

4.1.1 Deregulation of glucose metabolism in diseases 

 The long road to elucidating the molecular mechanism of glycolysis first began in the 

1850s when French scientist Louis Pasteur investigated why wine sometimes failed to ferment into 

alcohol169. He described the oxygen-independent anaerobic fermentation process of glucose as the 

Pasteur effect. Over the next century, many collaborative efforts went into characterizing this 

ancient metabolic pathway that converts glucose to pyruvate via a series of intermediate 

metabolites170-172. With generating two ATP and two NADH molecules in the process, glycolysis 

plays an essential role in central carbon metabolism by supplying both free energy and biosynthetic 

precursors for the cell.  

Deregulation of the glycolytic pathway has been linked to a number of diseases, including 

aging-related diseases such as Alzheimer’s173-176 , diabetes177, 178, and cancers179-181. In brain of 

patient with Alzheimer’s, glucose metabolism is dramatically decreased due to damages to 

glycolytic proteins resulting in impairment to many downstream processes of glycolysis173. One 

study suggests that reduced glycolytic flux results in NADH deficiency and mitochondrial hypo-

 
* The author’s contribution to the studies presented in this chapter: The author conducted all 
experiments described in this chapter. The author designed and performed functional 
biochemical experiments, cell-based experiments, mass spectrometry experiments and analyzed 
data.  
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metabolism, impairing synaptic functions and leading to neuronal death174, 182. Accumulation of 

glycolysis intermediate DHAP causes spontaneous decomposition into reactive glycolytic 

metabolite methylglyoxal (MGx) which is thought to be responsible for much age-related 

formation of advance glycation end-products (AGEs)183. In type 2 diabetes, multi-omics studies 

have associated glycolysis deregulation with reduced mitochondrial metabolism as the main driver 

of diabetes progression 184. The progressive failure of pancreatic β-cells to secrete adequate level 

of insulin which is used stimulate cellular-uptake of glucose leads to intracellular deregulation of 

glycolytic flux. In cancer, proliferating tumour cells overwhelmingly rely on glycolysis for energy 

production even in the presence of sufficient oxygen to support mitochondrial oxidative 

phosphorylation to produce ATP, in a phenomenon known as Warburg effect180, 181. Cancer cells 

prefer to “ferment” most glucose to lactate and recent studies have discovered that in non-small 

lung cancer cells, lactate can be used as a fuel source in vivo179.  

Glycolysis also has an important role in maintaining cellular homeostasis by directly 

communicating and regulating other pathways in the cell. It has been recently reported that glucose 

metabolism directly influences the KEAP1-NRF2 pathway which serves as a central regulator of 

cell stress21. Reactive glycolytic metabolite MGx functions as a signaling molecule to induce a 

non-enzymatic covalent modification of KEAP1, subsequently resulting in activation of NRF2 

transcriptional program of antioxidant genes57-60. 

 Although glycolysis is the most well-known and well-studied pathway in nutrient 

metabolism, much remains unknown about how glycolysis mediates crosstalk between pathways 

and what role it has in a wide variety of biological functions.  
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4.1.2 Proteome thermal stability under low-glucose cellular environment 

 In Chapter 2, we touched upon the potential to perform proteome-wide interrogation of the 

effect of glycolytic flux on the thermal stability of the proteome. At first, we applied the HTP 

approach to investigate proteome thermal stability of cells under a steady-state environment 

without additional stimuli. While trying to understand the phosphorylation-induced thermal 

stability shifts in GAPDH and its phosphomodiform GAPDH_pS210, we performed HTP in live 

cells under an acute glucose withdrawal environment and discovered a novel phosphosite-

mediated protein-metabolite interaction in GAPDH (Figure 2.17 – 2.19). Specifically, 

phosphorylation on S210 reduces the enzymatic activity of GAPDH by inhibiting GAP substrate-

binding to the active site. As a proof-of-concept, we generated a small HTP profile of cells under 

low-glucose metabolic stress to show melting curves of the two GAPDH modiforms (bulk, 

unmodified- and phosphomodiform) under two metabolic conditions (steady-state and glucose-

starved).  

 The ability to interrogate thermal stability of the proteome under different metabolic 

conditions presents another dimension of information to help further deconvolute the functional 

relevance of a modification site or protein to the stimuli introduced. In our pilot study investigating 

the functional significance of GAPDH_pS210, we observed that the GAPDH_pS210’s negative 

Tm shift is only present under steady-state environment and disappears when cells are deprived of 

glucose for 30 minutes. This two-dimensional, two-state Tm shift information directly linked 

GAPDH_pS210 to glucose metabolite level in the cell and provided deep mechanistic insights into 

how glycolytic flux and phosphorylation regulate the activity of a major glycolytic enzyme. The 

data provided clues to the molecular mechanism of phosphoserine S210 before conventional and 
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labourious biochemistry efforts were carried out to exhaustively characterize the functional role of 

the PTM.  

We envision the application of deep thermal profiling of non-steady state proteomes such 

as low-glucose cellular environments would help with functional discoveries of signaling 

pathways and targets. However, this kind of dynamic thermal profiling involving the generation 

of  several massively parallel datasets across multiple cellular states presented new challenges to 

the workflow and data collection. First, the accuracy of HTP data is dependent on a confident Tm 

calculation. The curve fitting algorithm biases towards smooth sigmoidal melting curve that 

generally comes from proteins with a classic two-state unfolding model. This strict prerequisite 

leaves out portions of the proteome that do not follow the bimodal modal185, 186. Proteins that have 

intermediate conformation(s), proteins that have high thermal resistance and thus do not melt 

within the temperature range tested, and proteins that change in solubility with temperature would 

be missed because of poorly fitted melting curves. Secondly, the melt curve generating method 

require a high sample input because each temperature point must be independently quantified. This 

could restrict the utility of HTP in interrogating sample types such as clinical tissue samples that 

are limited in quantity.  

 An alternate thermal stability approach has been proposed by Gaetani et al.187 to address 

the curve-fitting and sample limiting issues. Termed Proteome Integral Solubility Alteration 

(PISA), the assay measures area-under-the-curve of a protein melting profile and calculates a 

single Sm (signal) value per protein to describe its unfolding behaviour. Using area-under-the-

curve as a qualitative and quantitative measurement of protein thermal stability allows the PISA 

method to bypass sigmoidal curve-fitting issue which increases the risk of excluding potentially 

mechanistically important proteins that do not follow a bimodal unfolding mechanism.  
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The PISA assay has been used to profile 9 different drugs in human lung carcinoma A549 cells 

and rediscovered many known protein targets of the drugs187. Furthermore, the selection of a subset 

heating temperatures closer to the medium range of human protein Tm124 has been shown to 

improve the sensitivity and sampling handling throughput of the PISA assay188.  

 

 

Figure 4.1 Schematic showing the data quantification difference between CETSA and PISA 
assays 
A) In a classic CETSA assay, protein melting follows a sigmoidal curve. Protein melting 
temperature Tm is measured at which half of proteins population remain soluble. B) The PISA 
assay measures the total area-under-curve of the protein melting curve. A new term Sm is assigned 
to describe the melting behaviour. The difference between Sm values (ΔSm) of different treatment 
groups is used to measure the thermal stability shifts.  
 

 

 In this Chapter, we sought to explore the application of the original HTP workflow in 

dynamic cellular states (acute glucose starvation and steady state) with the intension of 

significantly increasing the depth of proteome coverage to further our understanding of the 

proteome thermal stability impact of glycolytic flux. Then, we apply a modified PISA assay in a 

kinetic series of time-dependent acute glucose starvation to profile the dynamic thermal stability 

changes of the proteome.  
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4.2 Results 

4.2.1 Deep HTP profiling of proteome under acute glucose withdrawal 

 To generate a deep thermal stability profile of the proteome under acute glucose withdrawal, 

we performed an updated HTP workflow specifically looking at the bulk, unmodified proteome. 

We incubated HEK293T cells in either normal growth media (steady-state), or glucose-free media 

(acute glucose withdrawal) for 30 minutes to deplete cellular glucose level before live cell heat-

pulses, rapid cell lysis, isolation of soluble proteome, and preoteolyzation into tryptic peptides 

(Figure 4.2). All peptides from the same temperature aliquot are labeled with specific tandem mass 

tag (TMT) isotope channels and combined into one single pool. After multiplexing, the combined 

pool of TMT-labeled sample undergoes offline bRP fractionation into 8 different fractions. Each 

series fractionated of two proteome pools undergo 8 LC-MS/MS proteomic analyses and MS2-

based acquisition quantification of relative peptide levels across the temperature range. Peptide-

level measurements are analyzed en masse with peptide identification, relative quantification and 

automated curve fitting algorithms to determine peptide-specific melting points (Tm) for tens of 

thousands of specific peptides in the same sample.   
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Figure 4.2 Schematic of showing thermal proteome profiling workflow with deep bRP 
fractionation 

 
 

 We detected 6,251 proteins in HEK293T cells across all LC-MS/MS runs. The dataset is 

comprised of n = 3 biological replicates from either steady-state or acute glucose withdrawal 

proteome. Each biological replicate underwent 8 LC-MS/MS injections (one per bRP fraction) for 

the unmodified, bulk proteome series. Statistical filtering at the peptide identification level 

identified a total 5,658 and 4,979 unique proteins in the basal metabolic and (-)-glucose proteomes 

respectively (Figure 4.3A). More than 63% (3,931) of them are common in both proteomes. The 

application of stringent automated Tm curve fitting cutoffs (R2 > 0.8) resulted in a database of site-

specific Tm values for 5,163 and 4,515 proteins under basal metabolic and acute (-)-glucose 

conditions respective (Figure 4.3B). The Tm distributions are Gaussian and the average Tm values 

between two proteomes are nearly identical at 50.9℃ and 51.5℃ for basal metabolic and (-)-

glucose respectively. The volcano plot shows a small enrichment of positive ΔTm values. 

Surprisingly, there are very few proteins with significantly thermal perturbation when compared 

to the difference between phosphomodiform and bulk, unmodified proteome.  
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Figure 4.3 Deep global thermal proteome profiles of proteome under acute glucose 
withdrawal perturbation 
A) The total number of unique proteins detected in the datasets. B) Global Tm value distribution 
of the basal metabolic (BM) and acute glucose withdrawal (NG) datasets. C) Volcano plot of high-
confidence ΔTₘ values. Proteins with significant shifts (P < 0.05, 2-sided t-test for protein-to-
protein comparisons) are shown in red (negative shift) and blue (positive shift). D) Global Sm value 
distribution of the basal metabolic (BM) and acute glucose withdrawal (NG) datasets. Sm values 
are generated from Tm curves by calculating the area-under-curve of the protein melting curves. E) 
Volcano plot of high-confidence ΔSₘ values. Proteins with significant shifts (P < 0.05, 2-sided t-
test for protein-to-protein comparisons) are shown in red (negative shift) and blue (positive shift).  
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 Next, we converted melting curves to area-under-curve Sm values in in the style of a PISA 

dataset. Signal intensities of all TMT channels are combined to generate a single Sm value for each 

protein. The Sm value distributions are mainly Gaussian in nature, but there is a slight enrichment 

in the high Sm value range (Figure 4.3D). This is not surprising as AUC quantification allows 

proteins that do not readily melt, and therefore have a low confidence sigmoidal fit, to still be 

captured. As expected, every detected protein was quantified using AUC style quantifications. The 

volcano plot of ΔSm shows an even distribution (Figure 4.4E).  

 Despite small in number, a small subset of proteins was significantly thermally perturbed 

under acute glucose withdrawal condition. These include potassium channel tetramization 

BTB/POZ domain-containing protein (KCTD12) which showed a large Tm of 7.8℃ (P = 0.001) 

and an equally large converted ΔSm of 1.5 (P = 0.02) (Figure 4.4A). Enzyme glyoxalase I (GLO1) 

showed a large Tm of 4.8℃ (P = 0.008) but a small converted ΔSm of 0.26 (P = 0.8) (Figure 4.4B). 

In the opposite thermal stability shift is protein junction plakoglobin (JUP) which has negative 

ΔTm and ΔSm values (Figure 4.4C). 
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Figure 4.4 Representative protein melting curves 
Representative protein melting curves of KCTD12 (A), GLO1 (B) and JUP (C) are shown. Their 
ΔTm and converted ΔSm values are show below. 
 
 
 
 
 
4.2.2 Deep dynamic PISA profiling of proteome under acute glucose withdrawal 

 To generate a deep dynamic PISA profile of the proteome under acute glucose withdrawal, 

we performed an updated PISA workflow adapted from Gaetani et al to specifically look at the 

bulk, unmodified proteome. We incubated heavy and light SILAC HEK293T cells in normal 

growth media (basal metabolic or steady state condition) and in glucose-free media (acute glucose 

withdrawal) respectively for 30, 60, and 120 minutes before live cell heat-pulses, rapid cell lysis, 

isolation of soluble proteome (Figure 4.5). Corresponding SILAC cells from the same incubation 

time point are multiplexed, proteolyzed, and undergo offline bRP fractionation into 8 different 

fractions. Each timepoint series undergoes 8 LC-MS/MS proteomic analyses. Peptide-level 

measurements are analyzed en masse with peptide identification, and relative quantification of 

heavy and light peptide ratios to determine protein-specific area-under-the-curve values for tens 

of thousands of proteins in the same sample.  
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Figure 4.5 Schematic of modified PISA assay using SILAC cells for dynamic profiling of 
acute glucose withdrawal 
 
 
 
 
 We detected 6,429 proteins in HEK293T cells across all time points and all LC-MS/MS 

runs (Figure 4.6A). The dataset is comprised of n = 3 biological replicates for each time-point and 

each biological replicate underwent 8 separate LC-MS/MS injections (one per bRP fraction). 

Because we used a SILAC generate this data, we defined the AUC Sm value as the L/H ratio, in 

which light cells were incubated with glucose-free media and heavy cells were incubated with 

regular growth media. For peptides that are detected only in either the light or heavy proteome 

(also known as singletons), a log2(L/H) value of +/- 6 is manually assigned. The distribution of 

L/H ratios are evenly distributed, with a small but global negative thermal shift in both T30 and 

T60 timepoints (Figure 4.6B) meanwhile T120 time-point had a small but positive global thermal 

shift. Volcano plots also reveal a similar enrichment of negatively shifted proteins after 30 and 60 

minutes of glucose-free media incubation (Figure 4.6 C-D) and a small positively shifted proteins 

after in the 120-minute timepoint (Figure 4.6 E) 
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Figure 4.6 Deep global PISA thermal stability profiles of cells under acute glucose 
withdrawal perturbation 
(A) Total number of unique proteins detected across the timepoints. B) The global distribution of 
L/H values for the three incubation timepoints of HEK293T cells in glucose-free media: 30-, 60- 
and 120-min. D-E) Volcano plots of high-confidence L/H values in the 30-min (C), 60-min (D), 
and 120-min (E) time points. Proteins with significant shifts (P < 0.05, 2-sided t-test for protein-
to-protein comparisons) are shown in red (negative shift) and blue (positive shift). 
 

 
 
To understand whether there is a systematic effect of glucose-withdrawal on the thermal 

stability of the entire proteome, we looked at proteins that are known to interact with glucose 

metabolites. Glycolytic enzyme GAPDH was previously reported to demonstrate significant 

negative Tm shift after cells were incubated with glucose-free media for 30 minutes149. Indeed, this 

effect on GAPDH is observed again (Figure 4.7A). The magnitude of negative thermal shift 
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increased after 60 minutes and appeared to be slightly stabilizing after 120 minutes of cells-

incubation in glucose-free media. This profile is also observed in glycolytic enzymes GPI, 

ALDOA, TPI1, PGK1, and ENO1 (Figure 4.7B-F). However, this profile is different in HK1 in 

which the enzyme remained consistently destabilized throughout the three timepoints (Figure 

4.7G).  

 
 

 
 

Figure 4.7 Glucose-deficiency induced stability shifts in glycolytic enzymes  
The thermal stability shifts in glycolytic enzymes after HEK293T cells underwent 30-, 60-, and 
120-min incubation in glucose-free media are shown: glyceraldehyde 3-phosphate dehydrogenase 
(A), glucose-6-phosphate isomerase (B), aldolase A (C), triosephosphate isomerase 1 (D), 
phosphoglycerate kinase 1 (E), alpha-enolase 1 (F), and hexokinase 1 (G). 
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4.3 Conclusion and Discussion 

 We applied a modified HTP workflow to generate a deep proteome dataset of protein 

thermal stabilities under acute glucose withdrawal. We were able to detect significantly more 

proteins compared to the first generation of HTP dataset thanks to offline fractionation approaches 

we employed. This dataset revealed surprisingly few proteins with significant thermal perturbation 

but helped provide a proof-of-concept that Tm melting curve data can be converted to a PISA style 

data output to capture proteins that would normally be missed in using stringent curve fitting 

strategies.  

 We next developed a modified version of the original PISA method187. Instead of using 

TMT labeling, we performed the experiment in SILAC cells to investigate the thermal stabilities 

of proteomes after 30, 60, and 120 minutes of incubation with glucose-free media. The resultant 

dataset revealed a small global negative shift in the first two timepoints but not in the last. Looking 

at specific proteins that are known to interact with glucose metabolites, we observed that only a 

subset of glycolytic enzymes is affected by the acute glucose-deficiency. These data may suggest 

that the thermal stability response to acute glycose flux is mainly protein specific.  

The SILAC-PISA approach has a great advantage over the classic thermal shift assay which 

best captures proteins that undergo two-state unfolding model but may miss or overlook proteins 

that do not display prototypical melting behaviours with a sigmoidal protein melting curve. 

Meanwhile, the PISA assay does not require sigmoidal curve fitting, since the method takes into 

account the entire melting curve and uses total area under the protein melting curve as a signal 

readout. PISA can help capture proteins that have atypical melting behaviour that would otherwise 

be missed by the more stringent sigmoidal curve fit. We believe that SILAC-PISA offers a greater 

multiplexing capability that could enable profiling different conditions more easily. 
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4.3.1 Future directions 

 The kinetic glucose-withdrawal SILAC-PISA dataset revealed surprising shifts in thermal 

stabilities in the proteome. We propose several future directions to investigate the underlying 

mechanisms in regulating the global proteome as well as protein-specific thermal stability shifts 

induced by the glucose-deficient environment in cancer cells. A destabilizing trend in the global 

proteome was observed after 30 and 60 minutes of glucose-free media incubation. Digging deeper 

into the dataset, we also measured thermal destabilization of many glycolytic proteins, with 

maximal negative shifts detected in the 60-minute time point. This destabilizing trend was 

expected of glycolytic proteins as they are known to interact with glucose metabolites. For example, 

we previously demonstrated that low substrate occupancy could thermally destabilize GAPDH 

(Chapter 2.2.7). However, thermal destabilization was nearly abolished in the 120-minute time 

point and even trended marginally positive for several glycolytic enzymes. Among them, the only 

enzyme that remained negatively shifted was hexokinase-1 (Figure 4.7G). Hexokinase is the first 

enzyme in glycolysis and a rate-limiting enzyme for glycolysis189. Overexpression of hexokinase 

was found to be associated with aerobic glycolysis and to help maintain the high glycolytic 

phenotype in multiple tumours190. Given the importance of the enzyme as a metabolic target in 

cancer treatment, an immediate next step is to validate and understand how glucose-deficiency 

progressively and consistently thermally destabilizes hexokinase in a time-dependent manner. To 

determine whether protein abundance may also have a role in altering the thermal stability of 

glucose-dependent proteins, we propose to perform relative quantification experiments of the 

proteome to provide insights on the reversal of thermal stability trend after 120-minute of glucose-

deplete environment in the cell.  
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Against the consistently destabilization trend in hexokinase, several downstream glycolytic 

enzymes, including GAPDH, TPI1, ALDOA and GPI1, were able to seemingly recover from the 

destabilization effect after 120 minutes of glucose-withdrawal treatments. It was recent reported 

that glycolytic enzymes coalesce in non-membrane-bound granules known as G bodies under 

stress191, 192. This liquid-liquid phase-separation event is an adaptive stress response to concentrate 

glycolytic enzymes and glucose metabolites to increase glycolytic output. We hypothesize that G 

bodies formation may play a role in the widespread thermal stabilization of glycolytic enzymes 

after 120 minutes of glucose-deficiency through interactions with chaperone proteins in the non-

membrane-bound granules. To validate this hypothesis, we propose to perform microscopy 

experiments with GFP-tagged glycolytic proteins to observe the formation of G bodies under a 

kinetic series of glucose-depleted environments. To understand how phase separation affects the 

stabilities of proteins, we also suggest comparing and contrasting the thermal stabilities of 

cytosolic and phase-separated glycolytic enzymes by isolating G bodies and performing thermal 

shift assays using intact G bodies. A purification strategy for G bodies were recently developed by 

Jin et al.191.  Quantitative proteomics experiment can also be performed to measure the abundance 

of phase-separated glycolytic proteins to demonstrate time-dependent recruitment of proteins to G 

bodies under metabolic stress. 

The next category of future directions is in fine-tuning the SILAC-PISA workflow. The 

proof-of-concept SILAC-PISA dataset interrogating thermal stabilities of the global proteome 

after a kinetic series of glucose-withdrawal perturbation demonstrated the feasibility of the method 

to screen through different conditions in a hypothesis generating experiment. However, despite the 

more straight-forward sample handling and higher multiplexing capabilities, the magnitude of 

thermal shifts captured in the SILAC-PISA glucose-withdrawal dataset was relatively small. We 
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wonder if improvements can be made to the current PISA workflow to enhance sensitivity. The 

first area of improvement is in the selection of temperature ranges used to thermally perturb the 

proteome. In an attempt to match the conditions used in HTP workflow, we used a wide range of 

temperatures between 25℃ and 70℃ in the health pulse step. It was recently suggested by Li et 

al. that an optimized selection of temperature ranges could improve sensitivity and dynamic range 

of PISA measurments188. A subset of temperature ranges between 45-55℃ where the majority of 

proteome unfold was reported to capture the biggest thermal shifts. It was also shown that fewer 

temperature points could be used as long as they stay within the dynamic range of melting 

temperatures. Using fewer temperature points also provide the added benefit of requiring less 

sample input and which could be hugely beneficial when working with limited sample such as 

primary patient tissues or sensitive cell lines. The next step in profiling the thermal stability effects 

of glucose withdrawal using PISA is to fine tune the workflow to maximize dynamic range of 

PISA ratio measurements.   

The SILAC-PISA workflow we developed in this Chapter does not allow direct thermal 

stability comparison between bulk, unmodified proteins and phosphoproteoforms. This is due to 

the fact that PISA compares abundance differences between two of the same species of modiforms, 

meanwhile phosphomodiforms and unmodified proteoforms are different species that have 

different abundance level in the cell. In CETSA, the Tₘ value of a protein is self-normalizing since 

the melting curve is constructed using relative fold-change compared to the lowest temperature 

time fraction. This means even if the abundance level of the PTM modiform and unmodified 

proteoform is different, it is still possible to compare and contrast the two since the calculated Tm 

value is derived from relative fold change that is internally normalized within each protein or 

modiform. For a PISA-style method to work for protein modiform comparisons, an internal 
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normalizing parameter must be incorporated so that the PISA ratios between PTM modiform and 

the unmodified protein can be directly compared. We propose an altered SILAC-PISA workflow 

in which a set of heavy cells acting as the internal reference is kept at isobaric temperature, while 

a matched set of light SILAC cells is treated to a 3-minute heat pulse (Figure 4.8). The two sets of 

SILAC cells then undergo rapid cell lysis, isolation of soluble proteome, combined into one SILAC 

2-plex sample. After multiplexing, 5% of the combined SILAC pool is set aside for protein-level 

thermal profiling of the “unmodified, bulk” protein pool. The remaining 95% of SILAC 

multiplexed sample is enriched in one single TiO2 enrichment step to generate the 

phosphoproteome pool. The two respective pools undergo 1D LC-MS/MS proteomic analysis or 

fractionated further before quantitative proteomics analysis. TMT labeling can also be performed 

on each SILAC 2-plex sample if multiple timepoints or treatment conditions are performed. A 

SILAC-TMT experiment requires significant amount of bioinformatics computation power in 

order to search and quantify these complex peptides that are multiply modified (i.e., first 

metabolically labeled with heavy amino acids and then isobarically labeled with TMT reagents), 

therefore the method might not be doable in every research lab. However, the multiplexing 

capability of PISA-based approach holds huge potential for thermal profiling of protein modiforms 

in a high-throughput manner.  
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Figure 4.8 Workflow schematic for the proposed PTM-PISA method 
A set of heavy SILAC cells which acts the internal reference is kept at isobaric temperature, while 
a matched set of light SILAC cells is treated to a 3-minute heat pulse, before they both undergo 
rapid cell lysis, isolation of soluble proteome, and combined into one SILAC 2-plex sample. After 
SILAC multiplexing, 5% of the combined SILAC pool is set aside for protein-level thermal 
profiling of the “unmodified, bulk” protein pool, while the remaining 95% is enriched to generate 
the phosphoproteome pool.  
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4.4 Materials and Methods 

Cell Culture 

HEK293T cell lines were propagated in RPMI 1640 with 2mM L-glutamine (HyClone) 

supplemented with 10% fetal bovine serum (Corning) and 1% penicillin-streptomycin (Thermo 

Fisher Scientific). SILAC HEK293T cells were propagated in SILAC RPMI1640 with 2mM L-

glutamine (Thermo) supplemented with 10% fetal bovine serum (Corning), and 1% penicillin-

streptomycin (Thermo Fisher Scientific). “Light” and “Heavy media were supplemented with 

natural lysine and arginine (0.1 mg/mL), and 13C-, 15N- labeled lysine and arginine (0.1 mg/mL) 

respectively. All cell lines were grown at 37°C in a 5% CO2 humidified incubator.  

 

Thermal proteome profiling Sample Preparation 

HEK293 cells were grown to 90% confluency in 10 cm cell-culture treated plates (Denville). Cells 

were then incubated with 5 mL of glucose-free RPMI media (Hyclone) for 30 minutes before they 

are scraped from plates, briefly washed, and resuspended in PBS with EDTA-free protease 

inhibitor tablet (Roche) and phosphatase inhibitor cocktail 3 (Sigma-Aldrich) before being divided 

into ten equal aliquots. Each aliquot of live cells was exposed to a steady temperature between 

37°C to 67°C for 3 minutes in parallel, incubated at 25°C for another 3 minutes, and lysed by rapid 

freeze-thawing. Insoluble proteins and cell debris were removed by centrifugation at 17,000g for 

10 minutes. Small amount of supernatants from the 37°C aliquot was set aside to use for protein 

quantification by Bradford’s assay. The remaining fraction of whole cell lysates was denatured in 

8 M urea, followed by disulfide reduction with DTT (10 mM, 30 minutes, 65°C), alkylation 

(iodoacetamide, 15 mM, 30 minutes, room temperature, protected from light) and quenching (DTT, 

5mM, 10 minutes, room temperature). The proteome solution was diluted 4-fold with ammonium 
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bicarbonate solution (50 mM, pH 8.0), CaCl2 added (1 mM) and digested with sequencing grade 

trypsin (~1:100 enzyme/protein ratio; Thermo Pierce) at 37 ˚C while rotating overnight. Peptide 

digestion reactions were stopped by acidification to pH 2-3 with 1% formic acid, and peptides 

were then desalted with Sep-Pak tC18 cartridges (50 mg, Waters), dried under vacuum, 

resuspended with LC-MS grade water (Sigma-Aldrich) and then lyophilized. 

 

PISA Proteomic Sample Preparation 

SILAC HEK293 cells were grown to 90% confluency in 10 cm cell-culture treated plates 

(Denville). Light SILAC cells are incubated with 5 mL of glucose-free RPMI media (Hyclone) for 

30, 60, or 120 minutes. At the same time, fresh normal growth media is added to heavy SILAC 

cells to act as the basal metabolic control. Cells were scraped from plates, briefly washed, and 

resuspended in PBS with EDTA-free protease inhibitor tablet (Roche) and phosphatase inhibitor 

cocktail 3 (Sigma-Aldrich) before being divided into eight equal aliquots. Each aliquot of live cells 

was exposed to a steady temperature between 25°C to 70°C for 3 minutes in parallel, incubated at 

25°C for another 3 minutes, and lysed by rapid freeze-thawing. Insoluble proteins and cell debris 

were removed by centrifugation at 17,000g for 10 minutes. The isolated supernatant from different 

temperature fractions were combined, then small amount of combined supernatant was used for 

protein quantification by Bradford’s assay before light and heavy fractions are mixed at 1:1 ratio. 

The combined SILAC lysates was denatured in 8 M urea, followed by disulfide reduction with 

DTT (10 mM, 30 minutes, 65°C), alkylation (iodoacetamide, 15 mM, 30 min, room temperature, 

protected from light) and quenching (DTT, 5mM, 10 minutes, room temperature). The proteome 

solution was diluted 4-fold with ammonium bicarbonate solution (50 mM, pH 8.0), CaCl2 added 

(1 mM) and digested with sequencing grade trypsin (~1:100 enzyme/protein ratio; Thermo Pierce) 
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at 37 ˚C while rotating overnight. Peptide digestion reactions were stopped by acidification to pH 

2-3 with 1% formic acid, and peptides were then desalted with Sep-Pak tC18 cartridges (50 mg, 

Waters), dried under vacuum, resuspended with LC-MS grade water (Sigma-Aldrich) and then 

lyophilized. 

 

TMT Labeling 

Lyophilized peptides were labeled with 10-plex isobaric tandem mass tags (90406, Thermo 

Scientific) according to manufacturer’s protocol with slight modification. TMT reagents were 

reconstituted to 8 mg/mL in anhydrous acetonitrile (Sigma-Aldrich) and added to lyophilized 

peptides dissolved in 100 µL of 200 mM HEPES buffer, pH 8.0 (~8:1 reagent/peptide ratio). 

Labeling reaction was carried out at room temperature for 1 hour with gentle shaking and quenched 

with 5 µL of 5% hydroxylamine (Thermo Scientific). Labeled peptides were combined into a 

single pool per experiment, acidified with formic acid (pH 2-3), desalted using ZipTip C18 tips 

(100 µL, Millipore), and lyophilized. The final processed peptides were dissolved in LC-MS/MS 

Buffer A (H2O with 0.1% formic acid, LC-MS grade, Sigma-Aldrich) for LC-MS/MS analysis. 

 

High-pH Reverse Phase Fractionation 

High-pH reverse phase fractionation was performed on both SILAC PISA sample and TMT- 

labeled TPP samples. Dried peptides were reconstituted in 300 µL of 0.1% TFA in H2O, high-pH 

reverse phase spin-columns (Pierce/ThermoFisher) were equilibrated, and samples fractionated 

per manufacturer’s instructions into 8 fractions, 2 washes and a flow-through fraction (11 total). 

Only 8 fractions were used for LC-MS/MS analysis 
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Proteomic LC-MS/MS and Data Analysis 

LC-MS/MS experiments were performed with an Easy-nLC 1000 ultra-high pressure LC system 

(ThermoFisher) using a PepMap RSLC C18 column (75 μm x 50 cm; 3 μm, 100 Å, Thermo 

Scientific) heated to 40˚C coupled to a Q Exactive HF orbitrap and Easy-Spray nanosource 

(ThermoFisher). TMT-labeled digested peptides in MS/MS Buffer A were injected onto the 

column and separated using the following gradient of buffer B (0.1% formic acid in acetonitrile) 

at 300 nL/min: 0-10% buffer B in 5 minutes, 10-40% buffer B in 240 minutes, 40-90% buffer B 

over 6 minutes, and hold at 90% for 20 minutes. MS/MS spectra were collected from 0 to 250 

minutes using a data-dependent, top-10 ion setting with the following settings: full MS scans were 

acquired at a resolution of 120,000, scan range of 375-1500 m/z, maximum IT of 60 ms, AGC 

target of 1e6, and data collection in profile mode. MS2 scans was performed by HCD 

fragmentation with a resolution of 60,000, AGC target of 1e5, maximum IT of 60 ms, NCE of 30, 

and data type in centroid mode. Isolation window for precursor ions was set to 1.0 m/z with an 

underfill ratio of 0.5%. Peptides with charge state 1 and undefined were excluded and dynamic 

exclusion was set to 20 seconds. Furthermore, S-lens RF level was set to 60 with a spray voltage 

value of 2.60kV and ionization chamber temperature of 300˚C. 

 

MS2 files were generated and searched using the ProLuCID algorithm in the Integrated Proteomics 

Pipeline (IP2) software platform. Human proteome data were searched using a concatenated 

target/decoy UniProt database (UniProt_Human_reviewed_04-10-2017.fasta). Basic searches 

were performed with the following search parameters: HCD fragmentation method; monoisotopic 

precursor ions; high resolution mode (3 isotopic peaks); precursor mass range 600-6,000 and initial 

fragment tolerance at 600 p.p.m.; enzyme cleavage specificity at C-terminal lysine and arginine 
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residues with 3 missed cleavage sites permitted; static modification of +57.02146 on cysteine 

(carboxyamidomethylation), +229.1629 on N-terminal and lysine for TMT-10-plex tag; 4 total 

differential modification sites per peptide, including oxidized methionine (+15.9949), and 

phosphorylation (+79.9663) on serine, threonine, and tyrosine (only for phospho-enriched 

samples); primary scoring type by XCorr and secondary by Zscore; minimum peptide length of 

six residues with a candidate peptide threshold of 500. A minimum of one peptide per protein and 

half-tryptic peptide specificity were required. Starting statistics were performed with a Δmass 

cutoff = 10 p.p.m. with modstat, and trypstat settings. False-discovery rates of peptide (sfp) were 

set to 1%. TMT quantification was performed using the isobaric labeling 10-plex labeling 

algorithm, with a mass tolerance of 5.0 p.p.m. or less in cases where co-eluting peptide interfere. 

Reporter ions 126.127726, 127.124761, 127.131081, 128.128116, 128.134436, 129.131417, 

129.13779, 130.134825, 130.141145, and 131.13838 were used for relative quantification.  In 

general all quantified peptides have mass error within 3 p.p.m.. 

 

Melting Curve Analyses 

For the bulk proteome, TMT reporter ion intensities of all unmodified peptides mapped to the same 

protein were combined and fold change values relative to the lowest temperature condition were 

calculated. To generate protein melt curves, relative fold changes as a function of temperature was 

fitted to the equation derived from the chemical denaturation theory using R. Tₘ values were 

calculated at which the sigmoidal curve crosses the 0.5 fold change level. Only Tₘ values 

calculated from melting curves with curve R2 > 0.8 were used in subsequent analyses.  Shift in Tₘ 

values (e.g. ΔTₘ) induced by phosphorylation were determined by subtracting the Tₘ of the 
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unmodified protein from the Tₘ of the phosphomodiform: ΔTₘ = Tm_(-)-glucose - Tm_basal. ΔTₘs 

could only be calculated for proteins found in both basal metabolic and (-)-glucose conditions.  
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CHAPTER 5  

Summary and Perspective 

 

 

5.1 Summary 

Protein post-translational modification represents an important mechanism for cells to 

regulate biological processes and rapidly respond to stimuli. Through electronic and steric effects, 

PTMs impact the chemical and biophysical properties of proteins to alter their intra- and 

intermolecular interactions. Technological advances in the field of LC-MS/MS-based quantitative 

proteomics have enabled massively parallel detection of PTMs in the past few decades. Yet a 

central question remains at the core of PTM studies – how these small changes are altering protein 

function and leading to phenotypic responses in the cell. Conventional biochemical approaches for 

PTM characterization are usually confined to individual proteins and isolated pathways, and 

therefore are labourious and low throughput in nature. With the ever-expanding gap between the 

number of novel PTM sites detected by LC-MS/MS approaches and the number of sites that have 

been functionally validated, we lack general methods with which to predict, or even prioritize, 

which modification sites are likely to be functional in the proteome.  

In Chapter 2 of this thesis, I described the development of a quantitative proteomic method, 

termed “Hotspot Thermal Profiling” (HTP)149, to enable the unbiased, global, and high-throughput 

measurements of protein stability changes in response to site-specific phosphorylation events in 

live cells (Figure 5.1A). We hypothesized that 1) phosphorylation-induced thermal stability shifts 

may serve as a readout on the biophysical and functional effect of a phosphosite on the protein of 

interest, and 2) this information can help identify modification marks with functional significance. 
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Using HTP, we generated steady-state thermal stability profiles of thousands of bulk, unmodified 

proteoforms and phosphomodiforms. This dataset provided site-specific information about the 

biophysical properties impacted by phosphorylation. HTP rediscovered a well-known 

phosphorylation-mediated protein-protein interaction between translation initiation factor proteins 

4EBP1 and eIF4E, in which a large negative ΔTₘ indicated the unbound form of 

hyperphosphorylated-4EBP1. HTP also enabled the discovery two previously uncharacterized 

functional PTMs. In cytoskeleton protein Vinculin, we revealed that phospho-S721 may impact 

the intramolecular interactions in Vinculin, resulting in a conformational shift and phenotypical 

change. In glycolytic enzyme GAPDH, we revealed S210 may impact protein-metabolite 

interactions, resulting in altered substrate occupancy of the protein.  

Next, in Chapter 3, we discussed modifications to the original HTP workflow to increase 

the depth of (phospho)proteome coverage, precision in sample processing, LC-MS/MS 

measurement precision, and data interpretation. We termed these method variants “Label-Enrich”- 

and “Label-Fractionate-Enrich”-HTP. The resulting datasets generated from the two HTP variant 

workflows support the notion that more cost- and resource-intensive protocols for deeper profiling 

should result in higher precision within runs. In particular, the LFE-HTP method resulted in 

significantly increased proteome coverage and Tm measurements reproducibility due to the 

addition of a fractionation step and multi-notch MS3 acquisition resulting in 22 LC-MS/MS runs. 

In addition, both datasets revealed that, via anecdotal proteins and phosphomodiforms detected in 

the original HTP dataset, highly abundant proteins could be still be reliably detected with highly 

reproducible Tₘ curves regardless of which method was used. We also explored how different 

biochemical processing and statistical analyses may affect the global Tm profiles. We discovered 
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that different data analysis pipelines and statistical treatments – not upfront biochemical workflow 

– can affect the significance threshold of ΔTm values. 

Lastly, in Chapter 4 we explored the application of thermal profiling strategies to profile 

proteomes under different metabolic states. Using HTP workflow modified with a fractionation 

step to reduce sample complexity and increase proteome coverage, we measured thousands of 

protein Tm’s under acute glucose-withdrawal. The dataset also showed that Tₘ melting curves data 

can be converted to an area-under-curve data output to capture proteins that would normally be 

missed in using stringent curve fitting strategies. We next developed a modified version of the 

original PISA method187 that we called SILAC-PISA to investigate the thermal stabilities of 

proteomes under acute-glucose withdrawal in a kinetic series (Figure 5.1B). The resultant dataset 

revealed the time-dependent shifts in thermal stabilities of thousands of proteins, including in 

glycolytic enzymes known to interact with glucose metabolites. The SILAC-PISA demonstrated a 

more straightforward data processing workflow as well as the higher multiplexing capabilities of 

the method. 

 We envision that the extension of HTP methods to diverse organisms, cell types, PTMs, 

and kinetic states will greatly expand our current understanding of the role of protein modifications 

in regulating protein structure, function and signal transduction. 
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Figure 5.1 Schematics of thermal stabilities profiling approaches described in this thesis 
HTP enables the measurement of modiform-specific thermal stability perturbations in melting 
temperature shifts (A), meanwhile SILAC-PISA (B) collapses the Tₘ information into a one-
dimensional SILAC ratio value to inform on the shifts in protein thermal stability. 
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5.2 Perspectives and Future Directions: integrating interaction profiling methods to 

elucidate PTM-mediated signaling mechanisms 

LC-MS/MS-based proteomics strategies ushered in a new era of massively paralleled 

detection and discovery of proteome information. This unbiased, global view provides a 

comprehensive examination of biomolecular interactions in the proteome in response to stimuli193. 

The functional readouts can be as simple as abundance changes of proteins and PTMs, which is 

used in more traditional and straightforward protein identification and quantitative proteomics 

studies, and as complex as biophysical property changes such as shifts in protein melting 

temperature or solubility. In this section, we will discuss future directions in integrating different 

interaction profiling methods for the unbiased discovery of proteins interactions, functional PTMs, 

and pathways, to provide a unique and dynamic view into the mechanistic inner workings of 

cellular signaling networks for both basic and translational biological studies.  

 

5.2.1 Orthogonal strategies to complement proteome thermal stability profiling of PTMs 

Thermal stability-based assays measure protein melting temperature or solubility shifts to 

report on complex biophysical property changes to report on biomolecular interactions117, 119, 150. 

In cellular thermal shift-based assays (CETSA), changes in protein melting temperature Tₘ are 

used to indicate functional perturbations induced by protein-biomolecular interactions. While 

these thermal stability shift-based strategies have been successfully employed to interrogate 

protein-drug120, 194, protein-protein147, protein-metabolite129, and intramolecular interactions149, 

there are caveats to the technique and thus there is great value in applying orthogonal assays in 

conjunction to best capture protein stability shifts information in the cell.   
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The first caveat with the classic thermal shift assay is that the method best captures proteins 

that undergo two-state unfolding model and therefore may miss or overlook proteins that do not 

display prototypical melting behaviours with a sigmoidal protein melting curve. Orthogonal 

approaches that do not rely on sigmoidal curve fitting could be used in parallel to complement 

CETSA-style proteome thermal stability screenings. One of such approach is the proteome integral 

stability alteration (PISA) assay which is based on a similar premise that proteins will unfold and 

aggregate upon heating187. The advantage that PISA assay has over CETSA is that it does not 

require sigmoidal curve fitting, since the assay takes into account the entire melting curve and uses 

total area under the protein melting curve (AUC) as a signal readout. PISA can help capture 

proteins that have atypical melting behaviour that would otherwise be missed by the more stringent 

sigmoidal curve fit. This advantage has been demonstrated in Chapter 4 in which the modified 

PISA assay developed, called SILAC-PISA, was able to capture more Sm than Tm values in the 

same experiment (Figure 4.3). Because of multiplexing capability of the assay, PISA can be used 

as a higher throughput technique to screen through kinetic conditions to provide targets 

identification before the “higher resolution” approach of CETSA is used to further characterize 

protein melting behaviour.  

A second category of orthogonal strategies to complement thermal shift profiling 

approaches consists of methods that are capable of disrupting protein stability without heat. In 

principle, any method that affect the molecular attribute of protein structure or chemical state could 

be used to detect altered protein interactions in response to biomolecular interactions. Similar to 

heat-induced protein unfolding, chemical denaturants can disrupt proteome stability and have been 

mainly used to interrogate ligand-induced protein stabilization in vitro195-198. Unlike thermal 

stability shift approaches which cannot extract any thermodynamic parameters beyond the Tm 
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value, chemical denaturation has the added bonus of enabling thermodynamic parameters (e.g., 

ΔGf, ΔΔGf, and Kd values) to be derived since the relationship between the chemical denaturant-

induced unfolding properties of a protein and it’s folding free energy is well established199. One 

of such approach termed chemical denaturation and protein precipitation (CPP) uses increasing 

concentrations of guanidium chloride (GdmCl) to denature the proteome, followed by removal of 

precipitated proteins and quantitative proteomic analysis to generate protein denaturation curves 

to find ligand-induced shifts in protein’s folding equilibrium196. Similarly, the use of organic 

solvent as a chemical denaturant has also been developed197. Because of similarity in sample 

processing between chemical and heat denaturation approaches, we posit that chemical 

denaturation methods can be applied alongside thermal profiling techniques such as HTP to 

interrogate and validate PTM-induced stability shifts in proteins. 

 The last category of orthogonal strategies consists of methods that take advantage of 

increased protease resistance of protein surfaces that are engaged in biomolecular interactions147, 

200-202. Drug affinity response sensitivity (DARTS)201, 202 and limited proteolysis-mass 

spectrometry (LiP-MS)147 both measures the kinetics of proteolytic cleavage in whole proteome, 

and compare between conditions to identify proteins that are likely engaged in differential 

interactions (Figure 5.2). DARTS has been successfully used to identify a novel protein target for 

the metabolite α-ketoglutarate203. Meanwhile, LiP-MS expands upon the fundamental principles 

of DARTS and utilizes LC-MS/MS to enable mass detection of biomolecular-induced protein 

stabilizations148. In LiP-MS, the nonspecific protease Proteinase K is incubated with cell lysate 

after treatment with a small molecule of interest. The binding of ligands can locally alter the 

protease accessibility of its target proteins and protects the binding interfaces from non-specific 

protease digestion. A secondary proteolysis step using trypsin is performed which digests binding 
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interface regions into peptide sequences with recognizable terminal residues. Tryptic peptide 

abundances are then measured by LC-MS/MS which yields structural fingerprints for protein 

surfaces that interact with the ligand of interest.  LiP-MS was used to identify more than 1,000 

metabolite-protein interactions in E. coli and more than 7,000 putative binding sites involved in 

those interactions148. We posit that limited proteolysis strategies can be applied to the discovery of 

functional protein modifications because the presence of PTM on a daughter peptide may represent 

an PTM-induced binding event that limited protease accessibility to the target protein. Utilizing 

LiP-MS alongside HTP could generate both protein stabilities and structural elements data in PTM 

studies. 

 

 
Figure 5.2 Schematics of limited-proteolysis profiling approaches 
Ligand binding in lysates leads to stabilization or protection of specific protein surfaces against 
proteolysis. Quantitative LC-MS/MS detection and peptide-level mapping can identify proteins 
and specific sites that are protected, and thus candidate ligand binding sites. (DARTS, drug 
affinity response sensitivity; LiP-MS, limited proteolysis-mass spectrometry). Figure is adapted 
from 193. 
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5.2.2 Proximity profiling strategies to elucidate local protein networks  

 Global profiling approaches are a powerful first-stop shop in hypothesis-generating 

experiments as they provide an unbiased view of network interactions in the proteome. These so-

called “top-down” profiling approaches we describe in this Chapter are assays such as MS-CETSA 

that can observe both direct and indirect interactions in the proteome in a massively parallel 

manner. Despite the large scale of information that can be generated using these global profiling 

methods, it is very difficult to differentiate direct and indirect targets of biomolecular interactions 

and these datasets do not provide detailed mechanistic insight into the local protein networks. We 

posit that the next step in omic-based profiling experiments, after the first “top-down” hypothesis-

generating dataset is completed, is to perform “bottom-up” approaches in parallel to enable a 

comprehensive interrogation of targeted molecular interactions of interest193.  

We describe a “bottom-up” approach as methods that zoom in on a more localized view of 

interaction networks that originates from a protein or PTM site of interest193. Early examples of 

such “bottom-up” approaches are intracellular proximity labeling strategies such as BioID204, 205 

and TurboID206 (Figure 5.3). Both employ an engineered biotin ligase fused to a protein of interest 

which generates a biotinoyl-50-AMP product that can covalently label surface amines on proximal 

proteins. An updated variant is the APEX system207-209 which utilizes an engineered fusion enzyme 

comprised of horseradish peroxidase and ascorbic acid peroxidase to convert an exogenous biotin 

phenol probe into a reactive phenoxyl radical in the presence of heme and H2O2 to label proximal 

proteins at a distance shorter than BioID and Turbo ID (Figure 5.3). Lastly, a more recent example 

of proximity protein labeling that provides an even shorter diffusion distance is the light-activated 

photoproximity protein interaction (PhotoPPI) profiling method210. In PhotoPPI, cells expressing 

the SNAP-Tag-fusion protein-of-interest are treated with the photoproximity probe. Upon light 
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excitation, dual photocleavage events happen which release a reactive carbene from the probe to 

covalently label proximal proteins (Figure 5.3). This modular system enables the identification of 

direct protein-binding partners and interrogation of local interaction networks from the view of the 

protein of interest and provides one of shortest diffusion distance of labeling methods. These three 

technologies offer different experimental properties, and we posit that once a protein or PTM target 

of interest is identified from a “top-down” hypothesis generating approach such as HTP, proximity 

labeling strategies that offer varied intracellular distances could be applied in parallel to provide a 

mechanistic insight from the protein level and differentiate between direct and indirect interactions.  

 
Figure 5.3 Schematics of “bottom-up” proximity profiling methods 
Overview of intracellular proximity methods BioID/TurboID, APEX, and Photo PPI that rely on 
production of a diffusible reactive probe. Figure is adapted from 193. 
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Lastly, we propose that integrating the two layers of profiling approaches – “top-down” 

and “bottom-up” – in a kinetic series of experiments could enable tracking of network cascades in 

response to signaling events. For example, kinetic monitoring of protein or phosphomodiform Tm 

shifts using HTP could enable proteome-wide tracking of altered and progressively changing 

biophysical interactions that originate at sites of direct molecular interactions and subsequently 

flow outward within protein-protein and other protein-biomolecule interaction networks193 (Figure 

5.4). Differentiating between direct and indirection interactions is a current bottleneck in the 

analysis of global “top-down” datasets. We suggest that “bottom-up” approaches such as proximity 

labeling methods should be used after identification of candidates with progressively altering 

responses in “top-down” experiments to help differential between direct and secondary targets as 

well as to validate interactions. Integrating these multi-omic interaction profiling techniques could 

significantly enhance the mechanistic understanding of proteins and pathways that are impacted 

by biological signals.  

 

 

 



 143 

 
Figure 5.4 Schematic depiction of integrating interaction profiling strategies in a kinetic 
series to discover protein targets and signaling networks 
The direct (red) and secondary (blue) targets of the stimulus (in this case a bioactive small molecule) 
would theoretically be the most significantly altered proteins in “top-down” datasets in early 
timepoints, as depicted in hypothetical volcano plots. Subsequent timepoints can capture signal 
propagation as interactions ripple outwards through affected protein networks and pathways. 
“Bottom-up” proteome profiling approaches can then be applied in parallel to validate direct 
protein targets and discover proximal pathways. Figure is adapted from 193. 
  



 144 

5.2.3 Top-down proteomics to interrogate thermal stability of intact proteoforms   

Top-down proteomics (not to be confused with “top-down” profiling techniques described 

in the previous section) is an emerging field that directly analyzes intact proteins using mass 

spectrometry211-214. It offers a unique type of proteoform identity information that the more 

commonly used bottom-up proteomics methods cannot provide. In bottom-up proteomics, proteins 

are digested by protease to generate short peptide segments which are then directly analyzed by 

LC-MS/MS to infer protein identification (Figure 5.5). Because peptides from different 

proteoforms are mixed and matched in a bottom-up experiment, it is impossible to reconstruct the 

complete proteoform from these peptide measurements, and information about the unique 

combination and co-occurrence of PTMs on a protein is lost. On the other hand, top-down 

proteomics analyze intact proteins that have not been digested, which allows for the direct 

detection of specific proteoforms including the location and identity of PTMs215 (Figure 5.5).  

Top-down proteomics is a still developing field with many analytical challenges. Low 

abundance of many proteoforms, low signal-to-noise ratios, low proteome coverage and resolution 

due to mass spectrometry instrumentation limitations, and challenging data analysis pipeline due 

to the complexity of intact proteoform MS data are current bottlenecks in this field. Recent 

developments with better fractionation and separation techniques216, 217 have been combined to 

reduce the complexity of samples delivered to the mass spectrometer to enhance detection of low 

abundance proteoforms. Hardware innovations on mass spectrometer side such as the Field 

Asymmetric Ion Mobility Spectrometry (FAIMS)218 that enables multidimensional on-line 

fractionation has been used in top-down proteomics studies to improve sign-to-noise ratio and 

proteoform coverage219-221.  A recent study has identified more than 1,000 unique proteoforms in 

CD3+ T cells using a combination of technical improvements219.  We previously discussed the 
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possibility of inferring co-occurring PTM information based on the degrees of thermal shifts from 

our HTP datasets in Chapter 2. With top-down proteomics, information about the combination and 

co-occurrence of PTMs can be easily determined as the method directly measures whole proteins. 

Although top-down proteomics is still at its infancy with many analytical challenges, we envision 

that our upfront HTP sample processing steps could be modified to suit a top-down proteomics 

workflow derive PTM-induced thermal stability shifts of intact proteoforms. Although the 

proteome coverage of top-down techniques is still limited compared to what the more sophisticated 

and robust bottom-up technologies can offer, thermal profiling of intact proteins can provide novel 

mechanistic insights about what PTMs and proteoforms have functional relevance in cellular 

biological processes. 

 

 
Figure 5.5 Differences between top-down and bottom-up proteomics methods 
In bottom-up proteomics, proteins are proteyolyze down to peptide segments before analysis by 
LC-MS/MS. Information about which proteoform a peptide came from is lost. Meanwhile, in 
top-down proteomics, intact proteins are analyzed by LC-MS/MS and information about the 
unique combination of modifications on different proteoforms is preserved.   
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5.2.4 Integrating kinetic profiling strategies to derive mechanism of a novel PTM 

PTMs are typically enzymatically installed on proteins, such as phosphorylation by kinases, 

ubiquitination by ubiquinases, and methylation by methylases. In Chapter 1, we introduced a novel 

class of enzyme independent PTMs which have been discovered in recent years called reactive 

metabolites modifications (rmPTM)20, 21, 222. These nonenzymatic modifications occur via 

spontaneous chemical reactions between reactive metabolites and nucleophilic residue in proteins. 

However, the scope and broad functional significance of nonenzymatic PTMs remain poorly 

understood.  

One particular rmPTM of interest is the 3-phosphoglyceryl-lysine (pgK)20. This 

nonenzymatic modification originates from the reaction of lysine with primary glycolytic 

metabolite, 1,3-bisphosphate-glycerate (1,3-BPG), which is the end-product and substrate of 

glycolytic enzymes glyceraldehyde 3-phosphate dehydrogenase (GAPDH) and phosphoglycerate 

kinase 1 (PGK1), respectively. The pgK modification has been detected in more than 200 proteins 

of diverse classes20, but for most proteins, pgK is only detected on a single conserved lysine. The 

fact that the pgK modification is not indiscriminately modifying any surface lysine of nearby 

proteins underscores the high level of specificity and potential functional significance of this PTM. 

It has been shown that pgK modifications can change the structure and functions of proteins within 

glycolysis20. Also, as the level of 1,3-BPG changes due to metabolic flux, pgK modifies and 

accumulates on nearby glycolytic proteins to create a potential feedback loop, resulting in carbon 

flow rewiring to alternate biosynthetic pathways. Other central glycolytic metabolites have also 

been observed to impact metabolic pathways such as the Keap1-Nrf2 pathway21. Since glycolysis 

is a ubiquitous and ancient pathway as well as the fact that pgK modifications have been detected 

in non-glycolytic proteins, one has to ask what important biological function this modification 
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provides and if there are other pathways that also respond to this intrinsically reactive and highly 

conserved metabolite.  

In order to begin to provide answers to these overarching questions, we previously coupled 

pgK-specific enrichment and isotopic labeling to profile pgKylation in S. elongatus. Using 

quantitative proteomics, we profiled the level pgKylation over a 24-hour period of light and dark 

cycles. Cyanobacteria S. elongatus contains the simplest circadian rhythm clock system which is 

defined as a self-sustained cycle that allows organisms to prepare for regular environmental 

changes such as light/dark or temperature changes occurring within 24-hour periods223. Circadian 

rhythms are widely observed in many different species of organisms, from plants to animals to 

bacteria, and are believed to have evolved at least 2.3 billion years ago224. Although cyanobacteria 

S. elongatus consists of a small proteome of ~2,400 proteins, more than 369 unique pgK sites were 

detected in our preliminary dataset (Figure 5.5A). The number of pgK found in the simple 

organism stands in stark contrast to the <150 pgK sites detected in human20 and 280 

phosphorylation sites detected in the bacteria223. Additionally, we tracked the levels of pgKylation 

over a 24-hour period of light and dark cycles and detected a subset of pgK sites follow a similar 

pattern attuned to the light and dark cycles (Figure 5.5B).  

Given that the regulatory mechanism of the central circadian rhythm is not well defined, 

we wonder if the pgK modifications play role in these widely observed and evolutionarily 

conserved pathways. We propose that a kinetic series of in vitro HTP experiments can be 

performed on S. elongatus over a 24-hour period to elucidate the effect of pgKylation on proteome 

function and stability. Cell lysates are extracted from different timepoints can undergo HTP sample 

processing and analysis. We posit that the HTP platform can help discover functional pgK sites in 

the cyanobacteria to elucidate molecular mechanisms of pgK and their correlation to important 
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pathways such as circadian rhythm in the organism. We also envision that this approach can be 

applied to other classes of PTMs of interest in any organisms.  

 

 

Figure 5.6 Global kinetic quantitative profiling of pgK sites in S. elongatus 
A) Number of unique pgK modification sites detected in human and S. elongatus compared to the 
number of phosphorylation sites detected in S. elongatus. B) Quantitative profiling of pgK 
modification sites in S. elongatus over a 24-hour light and dark cycle shows that a subset of pgK 
sites have elevated abundance level during the dark periods.  
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