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Abstract 

In the last 10 years, several mass spectrometry-based proteomic techniques have 

been developed for the large-scale characterization of protein conformations, 

thermodynamic stabilities, and protein−ligand interactions. The main focus of this 

dissertation involves the development and application of several mass spectrometry-

based-methods in this current suite of proteomics techniques for the large-scale analysis 

of protein folding and stability measurement. One goal of this work is to investigate the 

use of protein folding and stability measurements to better detect and understand the 

biophysical properties of post-translational modifications. Another goal of this work is to 

develop a novel protein stability measurement technique for making thermodynamic 

measurements of protein folding and ligand binding interactions.  This technique, which 

involves a combination chemical denaturant and protein precipitation yields significantly 

better proteomic coverage and a largely reduced false discovery rate compared to its sister 

technique, Stability of Proteins from Rates of Oxidation (SPROX). 

The first part of this dissertation describes the application of the stability of 

proteins from rates of oxidation (SPROX) and limited proteolysis (LiP) on comparing the 

conformational properties of proteins in two MCF-7 cell lysates including one that was 

and one that was not dephosphorylated with alkaline phosphatase. A total of 168 and 251 

protein hits were identified with dephosphorylation-induced stability changes using the 
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SPROX and LiP techniques, respectively. The SPROX results revealed that the magnitudes 

of the destabilizing effects of dephosphorylation on the different aaRSs were directly 

correlated with their previously reported aminoacylation activity change upon 

dephosphorylation. The example of these aaRSs substantiates the close link between 

protein folding thermodynamic and function and helps establish the utility of 

thermodynamic stability measurements for understanding protein function. 

The second part of this dissertation describes the development of a new protein-

stability based proteomic method for identification and quantification of protein-drug 

interactions. The approach involves the evaluation of ligand-induced protein folding free 

energy changes (ΔΔGf) using chemical denaturation and protein precipitation (CPP) to 

identify the protein targets of drugs and to quantify protein−drug binding affinities. In 

the proof-of-principle studies performed here, the CPP technique was able to identify the 

well-known protein targets of cyclosporin A and geldanamycin in a yeast lysate. The 

technique was also used to identify protein targets of sinefungin in a human MCF-7 cell 

lysate. The CPP technique yielded dissociation constant (Kd) measurements for these well-

studied drugs that were in general agreement with previously reported Kd or IC50 values. 

The third part of this dissertation describes two protein target discovery 

applications of the CPP approach including one involving subglutinol A (a natural 

product with immunosuppressive activity) and one involving clemastine fumarate (an 

existing anti-histamine drug with recently discovered anti-malarial activity).  As part of 
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this work, about 800 proteins in a mouse 2B4 T hybridoma cell lysate were assayed for 

subglutinol A-induced stability changes, and deoxycytidine kinase was identified as the 

protein hit.  The magnitude of the ligand induced stability change was used to calculate a 

Kd value of 250 M, which is close to the reported cell based IC50. In the protein target 

discovery study on clemastine fumarate, a total of 800 yeast proteins were assayed for 

drug-induced stability changes and 8 protein with clemastine-induced stability changes 

were identified, including SEC14 cytosolic factor, glycerol kinase, asparagine--tRNA 

ligase, and inosine triphosphate pyrophosphatase. The latter two applications 

demonstrate that CPP can reliably identify and quantify protein-drug interactions in a 

complex biological mixture, making it a valuable addition to the current suite of proteomic 

methods for the large-scale detection and quantitation of protein-ligand binding 

interactions. 
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1. Introduction  

Portions of this chapter were taken from the introductory material in references 1-

31–3. 

1.1 Protein Folding and Stability 

1.1.1 Overview 

Proteins are large biomolecules that perform a variety of vital functions in the 

living organism, including catalyzing biological reactions, maintaining cell structure, and 

transporting small molecules. It is generally accepted that proteins unfold and fold into 

their physiological native states in a reversible manner. This equilibrium defines the 

thermodynamic stability of the protein and can be quantified by the equilibrium constant 

(Kf) and the folding free energy (Gf). The stability of a protein is determined intrinsically 

by its size, its amino acid sequence, and modifications on the amino acid residues, and 

also extrinsically by its interaction with solvent, small molecules, and macromolecules 

such as other proteins. As an important biological and physical property, protein stability 

is also closely related to a protein's function. In recent decades, protein stability 

measurements have been used in an increasing number of new biological applications, 

including identifying protein-drug interactions, looking for potential biomarkers for 

disease diagnosis, and studying protein functions. The use of protein stability 

measurements in these applications is briefly introduced in following sections. 
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1.1.2 Protein Stability Measurement 

 Protein thermodynamic stability measurement approaches have traditionally 

utilized calorimetric4,5 and spectroscopic6–9 techniques. In calorimetric approaches, the 

temperature difference between a reference cell filled with solvent and a sample cell 

containing protein of interest is monitored. As the temperature of both cells is increased, 

heaters on the sample cell input additional power to return the temperature difference to 

its initial value. The heat absorption peak can then be integrated to give direct calorimetric 

measurement of the enthalpy (Hf) for the process and melting temperature (Tm), 

assuming protein thermal denaturation is reversible10. Spectroscopic approaches using 

fluorescence or circular dichroism techniques have also been used for measuring protein 

thermodynamic stability. In those experiments, the protein folding equilibrium is 

perturbed by chemical denaturant or thermal denaturation. The fraction of native and 

denatured protein is then quantified by spectroscopic readout, and eventually protein 

folding free energy (Gf) can be calculated.  

A major limitation of the above-mentioned techniques is the requirement of a large 

amount of highly purified protein with relatively high concentration. For example, in a 

typical differential scanning calorimetry (DSC) experiment, the protein in the sample need 

to be 1 mg/mL with sample volume of 1-2 mL11. This significantly limits their application 

on high-throughput analysis on complex biological mixtures, such as cell lysates.  
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Recently, several mass spectrometry-based techniques have been developed to 

measure protein thermodynamic stability. Not only do these mass spectrometry-based 

techniques require dramatically less protein than conventional methods, they also enable 

the thermodynamic properties of proteins to be acquired on the proteomic scale (e.g., in 

complex cell lysates and in some cases intact cells). These attractive features further 

expand the application of protein thermodynamic stability measurement to several 

interesting biological problems, such as large-scale drug binding characterization and 

potential biomarker discovery. A number of these popular techniques are brief introduced 

in the following sections. 

1.1.2.1 Stability of Proteins from Rate of Oxidation (SPROX) 

 Analogous to conventional techniques, SPROX uses chemical denaturant to 

perturb the protein folding equilibrium in solution. Specifically, the protein mixture (e.g. 

cellular proteins from cell lysate) is incubated with increasing concentrations of a chemical 

denaturant such as urea or guanidium hydrochloride (GdmCl). The concentration range 

of chemical denaturant is chosen so that it covers the pre- and post-transitional folding 

region of the protein. The unfolded proteins are then covalently modified by selectively 

oxidizing solvent-exposed methionine residues into sulfoxide using 3% hydrogen 

peroxide. Methionine residues from native state proteins are largely protected from such 

oxidation. The reaction conditions (hydrogen peroxide concentration and reaction time) 

are typically set to ensure that the pseudo first-order oxidation reaction of an unprotected 
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methionine residue proceeds for 3 half-lives. After the specified reaction time, the 

oxidation reaction in each denaturant-containing buffer is quenched with excess 

methionine or triscarboxyethylphosphine. The proteins in the solution are then subjected 

to quantitative bottom-up proteomic analysis. Isobaric mass tag labelling (e.g. TMT, 

iTRAQ) and stable isotope labeling by amino acid (SILAC) strategies have both been 

coupled with SPROX to quantify the relative amount of unoxidized methionine residues 

in the protein using bottom-up proteomics techniques. Ultimately, the denaturant 

dependence of the methionine oxidation reaction is used to report on the protein 

thermodynamic stability. 

 SPROX has been applied to proteins from different species for a variety of 

purposes. For example, SPROX has been used in model studies to identify the protein 

targets of cyclosporin A12, β-nicotinamide adenine dinucleotide (NAD+)13, and  an 

adenosine triphosphate (ATP) analog14,15 in yeast and human cell lysates.  It has also been 

used to identify the protein targets of less well-understood drugs such as manassantin 

A16, tamoxifen17, and geldanamycin18 in yeast and human cell lysates. In addition to 

protein target discovery, SPROX has also been used to compare protein stabilities from 

various biological states, such as in different human breast cancer cell lines19,20 and tissues 

from differentially aged mice21. A recent study also utilized SPROX to characterize the 

correlation between allergens and protein stability in a dust mite lysate22.  
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 Advantages of the SPROX technique include its ability to quantify the affinities of 

drugs to proteins (i.e. evaluate dissociation constants or Kd values) from protein folding 

free energy changes (i.e., Gf values), and to report domain specific stability information. 

However, despite its successful use in these recent applications, SPROX suffers from its 

specialized workflow, where methionine-containing peptides have to be identified and 

quantified. Because only ~20% of the peptides identified in a typical bottom-up proteomic 

experiment contain methionine residue, the proteome coverage of a SPROX experiment is 

lower than common bottom-up proteomic studies. This limitation can, in part,  be 

remedied by incorporating a methionine-containing peptide enrichment strategy to 

increase the fraction of methionine-containing peptides detected to >70%23. Another 

SPROX-like technique was also described in which tryptophan residues can be modified 

in a tandem procedure with SPROX.  This tandem procedure increases the proteomic 

coverage about 50%24. Another limitation of SPROX roots from its peptide-level 

quantification, where the quantification is acquired from only one peptide. This 

contributes to relatively high quantification errors, which can negatively impact false 

discovery rates of hit peptide selection for any of its applications. 

1.1.2.2 Pulse Proteolysis 

Similar to SPROX, pulse proteolysis uses a modification reaction on the unfolded 

protein in the presence of chemical denaturant to report on protein stability. However in 

pulse proteolysis, the modification reaction is a non-specific peptide back cleavage 
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reaction with a non-specific protease like thermolysin. A typical proteomic-scale pulse 

proteolysis experiment starts with incubating protein mixture at a series of buffer with 

increasing concentration of urea. After equilibrating for protein reversible unfolding, a 

non-specific protease, (e.g., thermolysin) is added into each solution to selectively cleave 

the backbone of the denatured protein population. The reaction is then quenched by 

adding excess ethylenediaminetetraacetic acid (EDTA), fractionated, and the reaction 

products submitted to quantitative bottom-up proteomic analysis. The purpose of 

fractionation after enzyme cleavage is to separate protein fragments from intact proteins. 

Several fractionation approaches have been reported, including using gel 

electrophoresis25, TCA precipitation of intact proteins26, filter-assisted sample preparation 

(FASP)27, and a semi-tryptic peptide enrichment approach28. 

Pulse proteolysis has been mainly applied to the analysis of protein-drug 

interaction, including studies involving and ATP analog25,29,30, cyclosporin A25,28, and 

geldanamycin28. Similar to SPROX, using a chemical denaturant enables the measurement 

of protein folding free energy change (Gf) that can be used to calculate drug binding 

affinity Kd. Pulse proteolysis can also report domain-level stability information, assuming 

different domains fold and unfold in an independent manner. The main drawback of 

pulse proteolysis is the requirement of fractionation after thermolysin digestion, which 

largely reduces the total number of proteins can be assayed in LC-MS/MC analysis. If the 

quantification is based on the protein fragments instead of intact proteins, pulse 
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proteolysis requires the identification and quantification of thermolysin cleaved sites, 

which increases overall discovery errors because of using single peptide quantification.  

A recent semi-tryptic peptide enrichment strategy has been coupled with pulse 

proteolysis to provide high quality protein stability measurement by quantifying 

thermolysin cleaved peptides.28 

1.1.2.3 Thermal Protein Profiling (TPP) 

Unlike SPROX or pulse proteolysis, thermal protein profiling measures protein 

thermal stability. In TPP experiments, the temperature dependence of a protein 

aggregation reaction is used to report on the thermal denaturation properties of proteins31. 

The TPP protocol involves incubating the protein sample at a series of different 

temperatures for a given time (typically 3 min). After cooling the samples to room 

temperature, the proteins that are unfolded at a given temperature aggregate, and the 

aggregated proteins at each temperature are separated from the soluble (folded) proteins 

in an ultracentrifugation step. The soluble proteins recovered at each temperature are 

quantified in a bottom-up proteomics analysis using isobaric mass tags32. The aggregated 

proteins that are removed from solution during the ultracentrifugation step can also be 

quantified in a bottom-up proteomics analysis using isobaric mass tags33. TPP was mainly 

applied on drug protein target identification, and one major advantage over other 

techniques is its ability to identify drug targets in intact cells. 
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The quantification of TPP is protein-centered, so that the proteome coverage is 

similar to common bottom-up proteomics. Moreover, the quantification summed from 

multiple peptides contribute to lower false discovery errors. However, because thermal 

denaturation and precipitation is irreversible, apart from protein aggregate temperature 

Tagg, protein thermodynamic stability information cannot be measurement. This means 

that the drug binding affinity (Kd) cannot be quantified. This is because there is no general 

relationship between the drug binding affinity and the Tagg shift from a TPP experiment31. 

1.1.2.4 Drug Affinity Responsive Target Stability (DARTS) and Limited proteolysis 

(LiP) 

Both DARTS and LiP are qualitative approaches for the measurement of protein 

stability. They both involve study of a proteins’ native state (e.g., in the absence of 

denaturant) and do not typically involve making measurements under a series of 

conditions (e.g., different denaturing conditions).  

The DARTS approach is a limited proteolysis-based strategy that was originally 

developed to identify protein targets of small molecules34. It is based on the premise that 

drug binding induces conformational changes in proteins that either increase or decrease 

the susceptibility of the protein to proteolytic digestion with a nonspecific protease (e.g., 

thermolysin or proteinase K). In the original DARTS workflow, proteins with different 

cleavage patterns in the presence and absence of ligand were identified using a gel-based 

proteomics readout. More recently several gel-free LC−MS/MS-based proteomics 

approaches have been proposed and successfully demonstrated with DARTS35,36. The 
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LC−MS/MS approaches in DARTS (whether they are gel-based or gel-fee) are protein-

centered. That is, the bottom-up proteomics data generated in the LC−MS/MS analyses 

are used to generate quantitative information about the proteins to which they map.  

The LiP experiment is fundamentally similar to DARTS. As in DARTS, the LiP 

experiment involves treating the protein samples under study with a nonspecific protease, 

thermolysin or proteinase K, under solution conditions in which the proteins in the 

sample are in their native state. The nonspecific proteolysis reaction is quenched, and the 

differential cleavage pattern observed between the protein samples is determined using 

bottom-up proteomics methods. In contrast with DARTS, the LC−MS/MS readout in the 

bottom-up proteomics analysis is peptide-centered. That is, the differential cleavage 

patterns are directly ascertained from the tryptic (and semitryptic) peptides identified and 

quantified in the bottom-up proteomics analysis. Spectral counting37, SRM37, and SILAC38 

have all been employed in LiP experiments to quantify the relative amounts of fully (and 

semi-) tryptic peptides generated in the test protein samples.  

One advantage of DARTS and LiP is their use of native conditions, which means 

that the native structure and interaction of the proteins are preserved. Comparing to 

denaturation-based techniques which measures the global unfolding event of proteins, 

DARTS and LiP measures sub-global and local fluctuation of protein structure. One-point 

measurement also requires less amount of protein samples than denaturation-based 

techniques, however they also lose the possibility of quantifying protein thermodynamic 
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stability and drug binding affinity. Another limitation of DARTS is the requirement of 

separating intact proteins from cleaved fragments, which complicates the workflow and 

lowers the total protein coverage for a single experiment. LiP does not pre-fractionation 

before LC-MS/MS analysis, as it quantifies on the non-cleaved and cleaved peptides 

directly. The drawback of such peptide-level quantification is the associated higher 

variation and errors. In addition, the non-tryptic cleaved peptides in a typical LiP 

experiment only consist about 15% of all peptides38, which limits the number of cleaved 

sites being identified. Recently, a semitryptic peptide enrichment technique was 

reported28. This new approach, if coupled with LiP, can dramatically increase the fraction 

of cleaved peptides identified from a standard bottom-up proteomic analysis (a 5- to 10-

fold increase), and eventually increases total proteomic coverage and provides more 

protein structural information. 

1.2 Drug Target Identification 

1.2.1 Overview of Drug Discovery 

Modern drug discovery engages to design or identify molecules that selectively 

modulate the function of proteins, and eventually arrives at desired biological 

consequence. Historically, drugs were solely discovered from natural sources, including 

plant and animal extracts. Such natural sources have produced a number of new drugs 

that have entered clinical trials. According to an analysis of new medicines approved by 
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the US Food and Drug Administration (FDA) between 1981 and 2010, 34% of those 

medicines were natural product or their direct derivatives39. 

The emergence for target approach of drug development started following 

advances in pharmacology and medicinal chemistry in the early 20th century. Large 

numbers of enzymes were discovered and purified during this period, later becoming 

important molecular targets of drug discovery, with the technologic advances in 

molecular biological tools. Target-based drug discovery (TDD), also called reversed 

chemical genetics, starts with target identification relevant to a disease of interest, such as 

a cellular enzyme. Once the target has been identified and validated, assay development 

is initiated, followed by high-throughput screening (HTS) of chemical libraries to identify 

hits such as enzyme inhibitors against the target. After finding the candidate molecules 

for the desired target, further validation in cells or animals is then conducted by 

identifying drug-induced phenotypes40,41. In target-based drug discovery, large-scale 

identification of protein-drug interaction is important as it provides the information of the 

drug binding affinity, demonstrating drug binding selectivity, and discovering potential 

off-target binding targets of the drug candidates before proceeding to clinical trials. 

In contrast to the popular use of TDD approach in pharmaceutical industries, there 

has been a revival in interest in phenotypic drug discovery (PDD). In PPD, or forward 

chemical genetics, small molecules are directly tested for their impact on biological 

process, usually in cells or animals with different disease phenotypes. Because specific 
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targets or pathways were not pre-hypothesized, PDD provides the opportunity of 

discovery new therapeutic targets. In a typical phenotypic screen study, a varies of disease 

models are initial selected, such as primary human cell lines, tissues, or animals. Millions 

of compounds from large libraries are tested for their impacts on the phenotypes. 

Candidate molecules are then validated by target identification and elucidation of its 

mode-of-action. 

In both TDD and PDD approaches, large-scale characterization of protein-drug is 

essential in evaluating drug specificity and elucidating acting mechanism. Several 

proteomic-scale approaches are briefly reviewed in the following sections. 

1.2.2 Target Identification Approaches 

1.2.2.1 Affinity Chromatography 

Affinity chromatography, or affinity purification, is the conventional method in 

identifying drug binding target. It based on the direct physical interaction between 

proteins and the small molecule. In a typical affinity purification experiment, the proteins 

interested are first allowed to reversibly binds to the immobilized drug on the stationary 

phase. Non-binding proteins are washed out of the column, before the binding proteins 

are eluted. The fractions collected from the affinity chromatography are then quantified 

using protein quantification methods, such as activity assay or LC-MS/MS analysis. A 

variation of affinity chromatography utilized the irreversible photo-crosslinking reaction 

between the reactive functional group derivatized drug and the binding protein targets. 
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The modified proteins are then directly visualized or fractionated by the specific 

reversible binding between the derivatized drug and the stationary phase using affinity 

chromatography40. 

One major limitation inherent in affinity purification is the requirement of 

modification on the drug to immobilize on the stationary phase or to incorporate photo 

crosslinking reactive groups. Sometimes it is chemically difficult to modify such small 

molecule, and it is challenging to retain the cellular activity and binding affinity of those 

small molecules. In addition, affinity chromatography suffers from the false discovery for 

the large abundant proteins with weak binding interactions, because they are more easily 

to be purified. Despite to its disadvantages, affinity purification is the most widely applied 

technique for drug protein target identification because of its straight-forward principle. 

1.2.2.2 Protein Stability Approaches 

Recently, several protein stability-based approaches have been reported to 

identify small molecule binding targets. They are all based on the promise that interaction 

with drug changes the protein conformational stability. Such drug-induced 

conformational stability changes can then be detected and/or quantified using different 

methods. The principles of these methods, including the SPROX, pulse proteolysis, TPP, 

LiP and DARTS, are described above in the previous section. Outlined below is a general 

review and comparison among these methods.  
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Protein stability method can be broadly categorized as qualitative and quantitative. 

LiP and DARTS are examples of qualitative methods, as they only measures whether the 

protein conformation or stability is perturbed by the drug interaction. SPROX, pulse 

proteolysis, and TPP are examples of quantitative method. They provide for the 

measurement of a quantitative property of the protein, such as a folding free energy or a 

melting temperature. The advantage of using quantitative methods is the ability to 

evaluate drug binding affinity and specificity. However, they generally require more 

protein sample and higher ligand concentrations than LiP or DARTS. Considering the 

purpose of drug target identification, these techniques can be applied on discovery or 

validation experiments. For discovery experiments, the primary goal is to assay a large 

number of protein-drug interactions, so that potential binding target can be discovered. 

Considering the experimental workflows, SPROX, TPP and LiP are more applicable for 

such discovery experiments, because they generally have higher proteome coverage and 

simpler procedure if coupled with LC-MS/MS. In validation experiments, the goal is to 

validate potential protein-drug interactions discovered from a large-scale experiment. 

DARTS and pulse proteolysis are more feasible here, because the information can be easily 

acquired by immunoblot readout instead of a whole proteome analysis using LC-MS/MS. 

There are limitations of the current methods described above. The use of chemical 

denaturant in the SPROX and pulse proteolysis techniques is attractive because it enables 

the evaluation of thermodynamic stability measurements (e.g., folding and binding free 
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energies as well as the evaluation of protein−ligand dissociation constants Kd). However, 

one drawback to the SPROX and pulse proteolysis techniques is that the proteomic 

coverage obtained using these strategies can be limited due to demands imposed by the 

proteomic workflows (e.g., the demand to detect and quantify methionine-containing 

peptides in SPROX and the demand to separate intact protein from the proteolytic 

fragments in pulse proteolysis prior to the proteomics analysis). TPP has the advantage 

that the proteomics readout does not require the detection of special peptides. Therefore, 

the proteomic coverage is more similar to that observed in conventional bottom-up 

proteomics experiments. However, a drawback to the TPP approach is that it is a 

“nonequilibrium” approach, as the thermal denaturation of many proteins is irreversible. 

Also, beyond a Tagg value, it is difficult to extract thermodynamic parameters (e.g., ΔGf, 

ΔΔGf, and Kd values) from TPP data. Moreover, the magnitude of the protein’s Tagg shift 

upon ligand binding does not always correlate with the ligand binding affinity. 

In this dissertation, a newly developed technique, chemical denaturant and 

protein precipitation (CPP), was describe. This technique is a cross between SPROX and 

TPP, where it combined the advantage of high proteome coverage and true 

thermodynamic stability measurement. This new approach is further described in 

Chapter 3. 
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1.2.2.3 Other Approaches 

Affinity chromatography and protein stability methods directly studies the 

interaction between drug and proteins. Genetics and genomics based approaches, 

however provides indirect methods to identify the binding target of small molecules. 

These methods rely on the principle of genetic interaction, using genetic modifiers 

(enhancers or suppressors) to generate target hypotheses. For example, if a gene 

knockdown replicates the drug’s impact on phenotypes, it strengthened the confidence 

that the protein could be the target relevant to that phenotype. On the other hand, if a 

protein over-expression improves the resistance to a drug molecule, it suggests the protein 

could be a potential target of the drug40,42. Nonetheless, these approaches are more likely 

to be applied in validation experiment instead of discovery experiment, since they are 

targeting specific proteins. Thus, they are good techniques for validating potential drug 

binding proteins discovered in other direct identification experiments and are not the 

main focus of this dissertation. 

1.3 Protein Stability and Post-Translational Modifications 

 Large-scale protein stability measurements have been applied on a number of 

areas, including identifying ligand targets and disease state characterization. One goal of 

this dissertation is to extend the protein stability measurement to protein post-

translational modifications (PTMs). Reversible phosphorylation is one of the most 

prevalent PTMs in cellular metabolism. It is also an important PTM in cellular signal 
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transduction, and it plays a role in nearly all cellular processes by regulating protein 

functions. This control of protein function is accomplished by modulating protein−protein 

interactions and protein conformations, and it typically involves altering a protein’s 

biophysical properties such as its folding stability and kinetics43–45. By using modern mass 

spectrometry (MS)-based, phosphoproteomic techniques, a variety of biological samples 

(e.g., cell lines, biological fluids, and tissues) can be qualitatively and quantitatively 

analyzed for the presence of phosphorylated proteins46–50. Phosphoproteomic studies on a 

wide variety of biological samples have served to catalogue a number of different 

phosphorylation sites in proteins. However, one challenge in phosphoproteomic studies 

is identifying the functional significance of protein phosphorylation events.  

The first functional studies of protein phosphorylation were reported as early as 

the 1950s51,52. In the intervening 60 years, the structural and biophysical consequences of 

protein phosphorylation have been studied using various techniques including X-ray 

diffraction, autoradiography, circular dichroism (CD), and nuclear magnetic resonance 

(NMR)53–58. Studies have shown that protein phosphorylation can impact protein structure 

in many different ways including: stabilizing specific conformations, effecting allosteric 

conformational changes, acting as a steric blocking agent, or promoting protein 

order/disorder transitions45,59. Thus, there is much evidence that phosphorylation events 

can induce protein conformational changes. However, the techniques traditionally used 

to decipher such changes require relatively high concentrations of purified proteins. 
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Therefore, they are not amenable to high-throughput and large-scale analyses. Protein 

phosphorylation events can also modulate protein−protein and protein−ligand 

interactions. It has been estimated that about one-third of the protein complexes in the 

human database have significant binding energy changes upon phosphorylation60. 

Unfortunately, methods for the large-scale and unbiased search for proteins with such 

phosphorylation-induced functions (i.e., the ability to globally assess the general effects 

of phosphorylation on protein conformation and ligand binding) are lacking.  

 Recently, several proteomic techniques have been developed for the large-scale 

characterization of protein conformations, thermodynamic stabilities, and protein ligand 

interactions. Included in these techniques are the stability of proteins from rate of 

oxidation (SPROX) and limited proteolysis (LiP) techniques, which both enable the study 

of protein conformational changes in complex protein mixtures. SPROX can generate 

information about global thermodynamic stability of proteins, and LiP can generate 

information about more local conformational properties of proteins. Because of the close 

link between protein function and protein conformation, knowledge about 

phosphorylation-induced protein folding stability changes can lead to a better 

understanding of the functional effects of protein phosphorylation. Here in this 

dissertation, a large-scale characterization of phosphorylation-induced protein 

conformational changes using SPROX and LiP is described. 
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1.4 Dissertation Focus 

 This dissertation focuses on the development and application of mass 

spectrometry-based large-scale protein stability measurements. This work extends 

protein stability measurements to PTMs, which may provide novel perspectives for study 

of protein structure and functions. This work also introduces a complementary protein 

stability measurement technique that is a cross between two existing strategies, including 

the SPROX and TPP techniques.  The new approach uses a chemical denaturant like SPROX, 

so it enables a more rigorous thermodynamic measurement than in TPP, which uses 

temperature as the denaturant. The new approach uses a protein precipitation step like 

TPP, so it enables every identified peptide from a given protein and quantified in the 

proteomics readout to contribute information about the chemical denaturation behavior 

of the protein. This maximizes both data quality and the number of proteins in a sample 

that can effectively be assayed.   

 Included in this Introduction is a summary of the large-scale protein stability 

measurement techniques that have been developed as part of this thesis and that have 

been developed in the literature in recent years.  In chapter 2, a new application of protein 

stability measurements is described in which the SILAC-SPROX approach is used to study 

the thermodynamic effects of protein phosphorylation. Because of the close relationship 

between protein stability and protein function, this study provides information on the 

functional relevance of protein phosphorylation. It also provides evidence connecting 
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protein stability and protein function. In chapter 3, a new protein stability measurement 

technique, CPP, is developed and validated in the context of several model protein-ligand 

systems. This technique combines advantages of SPROX and TPP to increase total 

proteomic coverage, to reduce false discovery rate, and to extract quantitative protein 

thermodynamic stability information. The efficacy of CPP was evaluated using three 

small molecules, cyclosporin A, geldanamycin, and sinefungin, with well-known binding 

targets. Chapter 4 describes the application of CPP to two drug molecules, subglutinol A 

and clemastine fumarate, including one with an unknown mode-of-action (subglutinol A) 

and one with a recently discovered off-target effect (clemestine).  Identification of such 

protein-target profiling experiments with CPP is an important first step in understanding 

the molecular basis behind the mode(s) of action of these drugs.  Knowledge of such 

protein-targets can assist in the future biological validation and clinical applications of 

these drugs. 
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2. Characterization of Post-translational Modification 
Induced Protein Conformational and Stability Changes 

The work described in this chapter comes largely from the research paper titled 

“Proteome-Wide Characterization of Phosphorylation-Induced Conformational Changes 

in Breast Cancer” that was published in 2018 in the Journal of Proteome Research (vol. 

17(3), p. 1129-1137)2. 

2.1 Introduction 

 Described here is an application of the SPROX and LiP techniques to identify 

phosphorylation-induced conformational changes in proteins derived from a cell culture 

model of breast cancer, the estrogen receptor positive MCF-7 breast cancer cell line. A 

number of phosphoproteomic studies have been performed on the proteins from this and 

other cell culture models of breast cancer. However, these studies have primarily focused 

on mapping the specific sites of protein phosphorylation. Here, the SPROX and LiP 

techniques are utilized to study the protein folding stability changes, associated with 

protein phosphorylation on the proteomic scale. Because of the close relationship between 

stability and function, the described approach provides a means by which to generally 

probe the functional effects of phosphorylation including phosphorylation-induced 

conformational or ligand binding changes. In this chapter, bottom-up and top-down mass 

spectrometry workflows were incorporated with the protein stability and conformational 

change measurements.  
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Bottom-up MS and SPROX/LiP was applied on two MCF-7 cell lysates with one 

was and one was not dephosphorylated by alkaline phosphatase. This work was expected 

to identify overall impacts of protein phosphorylation on the protein structure and 

physical property. This study did not distinguish the protein proteoforms (i.e. 

differentially spliced and/or post-translationally modified proteins) and the measured 

stability change is actually the “weighted average” aggregated properties of all 

phosphorylated proteoforms comparing to the dephosphorylated proteins. This means 

that stability changes associated with lower level post-translational modification (PTM) 

are likely to be missed, reflecting only the most abundant proteoforms in such bottom-up 

SPROX and LiP experiments. This limitation results from the involved bottom-up 

proteomic procedure rather than the stability measurement techniques. During bottom-

up proteomic sample preparation, proteins were digested by trypsin to generate relatively 

shorter polypeptides. This enzymic cleavage simplifies the sample preparation and LC-

MS/MS analysis, however, also breaks the linkage among PTMs on the protein. As a result, 

the final LC-MS/MS readout cannot distinguish the original proteoforms of the identified 

polypeptides, and thus the information of number, sites, and coexistence of PTMs is lost 

during bottom-up proteomics. 

In order to acquire proteoform-specific stability measurement, top-down 

proteomics, where the intact protein is analyzed directly without digestion, can be 

incorporated with energetic-based methods, such SPROX. In recent decades, the 
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development of instrumentation has largely pushed forward the limit of top-down 

proteomics, so that thousands of proteoforms can be identified61. However, comparing to 

bottom-up proteomics, top-down approach is still challenging and requires further 

development. As a proof-of principle study, a top-down SPROX experiment with a 

ubiquitin-acetylation model system was investigated to demonstrate the ability of 

incorporating top-down MS with energetic-based protein stability measurement. The 

result of this work is expected to provide the impact of PTMs, including the number, sites, 

and coexistence of PTMs that were missed in bottom-up proteomics. 

2.2 Experimental Section 

2.2.1 Materials 

The following materials were from Sigma-Aldrich (St. Louis, MO): guanidine 

hydrochloride (GdmCl), urea, S-methylmethanesulfonate (MMTS), Tris(2-

carboxyethyl)phosphine hydrochloride (TCEP), dimethyl sulfoxide (DMSO), trypsin from 

porcine pancreas, alkaline phosphatase from bovine, centrifugal filter units 10k (Amicon 

Ultra-0.5), sodium hydroxide (NaOH), acetate anhydride, ubiquitin from bovine 

erythrocytes, catalase from bovine liver, proteinase K from tritirachium album, hydrogen 

peroxide (H2O2, 30%), trifluoroacetic acid (TFA), trichloroacetic acid (TCA), L-methionine, 

triethylammonium bicarbonate (TEAB) buffer, sodium dodecyl sulfate (SDS), and 

acetonitrile (MeCN). The following materials were from Thermo Scientific (Waltham, 

MA): 4-(2-aminoethyl)benzenesulfonyl fluoride hydrochloride (AEBSF), bestatin, E-64, 
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leupeptin, pepstatin A. MacroSpin columns (Silica C18) were from Nest Group 

(Southborough, MA). Phosphate-buffered saline (PBS, pH 7.4, 1× ) was from Gibco 

(Gaithersburg, MD). C18 ZipTip was from Millipore (Bedford, MA). 

2.2.2 Cell Culture and Preparation of Cell Lysates 

 The human breast cancer cell line, MCF-7 from American Type Culture Collection 

(ATCC), was cultured in a humidified 37 °C incubator with 5% CO2. Light SILAC-labeled 

MCF-7 cells were cultured following the ATCC guidelines. Heavy SILAC-labeled cells 

were cultured using heavy labeled lysine and arginine according to standard protocols62. 

The heavy labeled lysine was enriched with six 13C and two 15N (Cambridge Isotope 

Laboratories, Inc.). The heavy labeled arginine was enriched with six 13C.  

MCF-7 cells were lysed by mechanical disruption using a disruptor genie 

(Scientific Industries) and 1 mm diameter zirconia/silica beads (Biospec) in 20 mM Tris-

HCl buffer (pH 9.0) containing 10 mM NaCl, 1 mM MgCl2, and protease inhibitor cocktail 

(1 mM AEBSF, 500 μM Bestatin, 15 μM E-64, 20 μM Leupeptin, and 10 μM Pepstatin A). 

The cell lysates were centrifuged at 14 000 × g for 15 min at 4 °C, and the supernatant was 

used to generate (+) and (−) phosphatase samples. The light and heavy labeled lysates 

were normalized to the same total protein concentration (4−5 mg/mL) using lysis buffer.  

Alkaline phosphatase from bovine was added to the heavy labeled lysate at a ratio 

of 0.5 units/μg total protein and incubated at 37 °C for 16 h to generate the (+) phosphatase 
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sample. The light labeled cell lysate was subjected to the same treatment except no 

alkaline phosphatase added. 

2.2.3 Bottom-up SILAC-LiP and SILAC-SPROX Analyses 

 The (+) and (−) phosphatase lysates were adjusted to 2 mg/ mL with 20 mM HEPES 

(pH 7.5), 150 mM KCl, and 10 mM MgCl2.37 The (+) and (−) phosphatase lysates were each 

divided into two 100 μL aliquots (four equal aliquots total) to generate a double digestion 

(DD) group and single digestion (SD) group. Proteinase K from tritirachium album was 

added to the two samples in the DD group, which included a (+) and a (−) phosphatase 

sample. The final ratio of proteinase K to total protein was 1:100 (w/w) enzyme. The 

mixtures were incubated for 5 min at room temperature, and the digestion reactions were 

quenched upon addition guanidine hydrochloride to a final concentration of 7.4 M. The 

digestions were heated at 100 °C for 3 min to ensure complete denaturation. The SD group 

was treated according to the same procedure as the DD group, except no proteinase K 

added. The light and heavy samples in the DD group were combined, as were the light 

and heavy samples in the SD group. The resulting light and heavy sample combinations 

were prepared for bottom-up proteomics analysis using trypsin (see below). 

 The SILAC-SPROX protocol employed here was similar to that which has been 

previously described.14 Briefly, 20 μL of the (+) and (−) phosphatase lysates was diluted 

into 75 μL of buffer solutions containing of 20 mM phosphate (pH 7.4) and urea 

concentrations ranging from 0 to 10 M. The final concentration of urea in each set of 
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denaturant-containing buffers ranged from 0 to 8 M. The (+) and (−) samples were 

equilibrated in each urea buffer for 2 h. The methionine oxidation reaction was initiated 

by adding 5 μL of hydrogen peroxide into each buffer to achieve a final concentration of 

0.5 M. The reactions in the denaturant-containing buffers were allowed to proceed for 6 

min before they were quenched with 653 μL of a 375 mM L-methionine solution. The (+) 

and (−) phosphatase samples at each concentration of urea were combined. TCA was 

added at final concentration of 16% (w/v) to precipitate the protein. After incubation on 

ice for 16−18 h, the samples were centrifuged at 8000 × g and 4 °C for 30 min. Supernatants 

were discarded, and the protein pellets were rinsed with 300 μL of ice-cold ethanol three 

times. The pellets were dried under vacuum and re-dissolved in 60 μL of 0.5 M TEAB 

containing 3 μL of a 2% stock solution of SDS. The protein solutions were then submitted 

to standard bottom-up proteomics analyses. 

2.2.4 Bottom-up Proteomics Sample Preparation and LC-MS/MS 
Analyses 

 The protein samples generated in the SILAC-LiP and SILAC-SPROX experiments 

were treated with TCEP (5 mM) for 1 h at 60 °C. The proteins were reacted with 10 mM 

MMTS at room temperature for 15 min to block cysteine side chains. The SILAC-LiP 

samples were diluted with 0.5 M TEAB buffer such that the final concentration of GdmCl 

was less than 2 M. Trypsin was added to each of the SILAC-LiP and SILAC-SPROX 

samples. In all cases, the ratio of trypsin to total protein was 1:20 to 1:50. The trypsin 

digestions were allowed to proceed at 37 °C for 16−18 h before quenching with 10% 
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trifluoracetic acid (TFA). The digested samples were desalted using C18 resin according 

to the manufacturer’s protocol. 

 The desalted samples were analyzed on a Q-Exactive Plus mass spectrometer 

system (Thermo Scientific, Inc.) equipped with a nanoAcquity UPLC system (Waters 

Corp.) and a nanoelectrospray ionization source. Samples were trapped on a Symmetry 

C18 300 mm × 180 μm trapping column for 3 min at 5 μL/min (99.9/0.1 v/v 

water/acetonitrile 0.1% formic acid) and separated on a 75 μm × 250 mm column packed 

with 1.7 μm Acquity HSST3 C18 stationary phase (Waters Corp.). Peptides were separated 

using a gradient of 3 to 30% acetonitrile with 0.1% formic acid over 90 min at a flow rate of 

0.4 μL/min. Data collection was performed in a data-dependent acquisition (DDA) mode 

with a resolution of 70 000 (at m/z 200) for full MS scan from m/z 375−1600 with a target 

AGC value of 1 × 106 ions, followed by 20 product ion scans at a resolution of 17 500 (at 

m/z 200), using an AGC target value of 1 × 105 ions, a max fill time of 60 ms, and 

normalized collision energy of 30 V.  

The three biological replicates of the double and single digestion samples 

generated in the SILAC-LiP experiments were each analyzed by LC−MS/MS in triplicate. 

The 12 SILAC-SPROX protein samples generated in each of the three biological replicates 

were subject to a single LC−MS/MS run (i.e., each biological replicate included 12 

LC−MS/MS runs). 
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The raw LC−MS/MS data were searched by MaxQuant 1.5.2.8 against the 20 265 

human proteins in the 2014−04 release of the UniProt Knowledgebase and exported into 

an excel spreadsheet. In the SILAC-LiP experiments, searches were performed using 

trypsin as the enzyme with semispecificity. In the SILAC-SPROX experiments, searches 

were performed using trypsin as the enzyme with specific cleavages after K and R. All 

searches set SILAC labeling of lysine and arginine, and MMTS as fixed modifications. 

Oxidized methionine, glutamine, and asparagine deamination, and acetylation of the 

protein N-terminus were set as variable modification. The mass tolerances for precursor 

ions was set to 20 and 10 ppm for first and main search, respectively. The mass tolerance 

for fragment ions was set as 0.02 Da. Match between runs and re-quantification were used 

for each search. The remaining parameters were set as the default values in MaxQuant. 

Peptides with false discovery rates <1% and positive heavy to light (H/L) ratios were used 

for subsequent data analysis. The mass spectrometry proteomics data have been 

deposited to the ProteomeXchange63 Consortium via the PRIDE64 partner repository with 

the data set identifiers PXD007878 and PXD007916 for the SILAC-LiP and SILAC-SPROX 

data, respectively. 

2.2.5 Bottom-up SILAC-SPROX and SILAC-LiP Data Analyses 

 In the SILAC-LiP experiment, the data were treated as described previously38. 

Briefly, in each biological replicate, a median H/L ratio was determined for each protein 

using all the peptides identified from the protein in the single digestion group. The H/L 
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ratios of peptides from the same protein in both single and double digestion groups were 

then normalized by the protein median in each biological replicate. This normalization 

accounted for protein abundance differences. The normalized H/L ratios were 

transformed to log base 2 values. Only peptides identified two or more times in both 

single and double digestion groups were considered for hit selection, which involved the 

use of a Student’s two-tailed t test to identify statistically significant H/L ratio differences 

between the single and double digestion groups. Peptides with p-values less than 0.05 

were selected as hits. Excel spreadsheets containing all the peptides and proteins 

identified in the three biological replicates of the SILAC-LiP experiment as well as the 

peptides and proteins assayed and selected as hits in the t test are available in the paper 

“Proteome-Wide Characterization of Phosphorylation-Induced Conformational Changes 

in Breast Cancer”. 

 In the SILAC-SPROX experiment, the data were analyzed as previously 

described20. The output files from Maxquant 1.5.2.8 were analyzed by an in-house 

developed script in Mathematica 11.0 in which only peptides identified with H/L > 0 from 

the output files were proceeded to following analysis. To account for protein expression 

level differences, the H/L from non-methionine-containing peptides were normalized by 

the median of proteins from non-methionine-containing peptides. The cutoffs for 

determine significant H/L shift were calculated as 0.05 and 0.95 quantile of the normalized 

H/L in non-methionine-containing peptides. Methionine-containing peptides were also 
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normalized by the protein medians, averaged by same sequence and charge state in same 

denaturant concentration, and log 2 transformed for better visualization. Methionine-

containing peptides identified in 7 or more denaturant concentrations were assayed, and 

assayed peptides with 2 or more consecutive H/L over cutoffs in the same direction were 

categorized as potential hits. Peptides that are consistent potential hits in all replicates 

were fitted using least-squares regression. The models for fitting, equation (1) and (2) for 

oxidized and wild-type methionine containing peptide respectively, are theoretically 

derived for SILAC-SPROX curves. 
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(2) 

 

In equation (1) and (2), A is the extend of the oxidization, kox is the second order rate 

constant of oxidation, t is the reaction time, G is the protein folding free energy, G is 

the protein folding free energy change, m1 and m2 are 
𝛿∆𝐺

𝛿[𝑈𝑟𝑒𝑎]
 , R is gas constant, and T is 

temperature. 

The quality of the fitting was evaluated by the R2 extracted from the fitting and a 

customized relative standard deviation using equation (3).  
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𝑅𝑆𝐷 =
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(3) 

   

In equation (3), n is the number of denaturant concentration identified, AExp,i is the H/L for 

the ith data point from experiment, AFit,i is the H/L for the ith data point calculated from the 

fitted model. Smaller RSD indicates better fitting. Typically, we categorized R2 > 0.8 and 

RSD < 0.2 as good fitting. 

In order to achieve better fitting results, the data were fit "n" more times 

systematically removing one point, where "n" is the number of denaturant concentrations 

identified. The best fitted curve was selected by highest R2 value.  

After fitting for each curve, the data points from the same biological with good fits 

were averaged and generate one new data set. The new data set was fit again by the same 

procedure described above, and peptides hits were selected only if they are good fitting. 

Values for C1/2 were calculated from the fitted parameters using equation (4) and (5) for 

heavy and light labeled peptides respectively, and a C1/2 value was calculated by 

evaluating the difference between the C1/2 values of the heavy and light labeled peptides. 

If the C1/2 value was determined to be outside of the denaturant concentration range, C1/2 

was set as the max or min value of the denaturant concentration range, and the 

corresponding C1/2 and G would be a range or not applicable rather than a specific 

value. 

 𝐶1/2,𝐻𝑒𝑎𝑣𝑦 =
−0.28 − ∆𝐺 − ∆∆𝐺

𝑚1
 (4) 
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  𝐶1/2,𝐿𝑖𝑔ℎ𝑡 =
−0.28 − ∆𝐺

𝑚2
 (5) 

   

The peptides and proteins assayed and identified as hits in the SILAC-SPROX 

experiments are available in reference 22. 

2.2.6 Acetylated Ubiquitin Preparation 

Ubiquitin was dissolved in 0.01 M NaOH solution with final concentration of 5 

mg/mL. Ice cold 10% acetic anhydride in methanol solution was slowly added dropwisely 

with pH monitored. 1 M NaOH solution was added to maintain the pH > 10 so that lysine 

residues and N-terminal of ubiquitin were selectively acetylated. The total molar ratio of 

ubiquitin to acetic anhydride is 1:9. The solution was let to react at 0 oC for 30 min before 

transferred into 10k centrifugal filters. Acetylated ubiquitin was rinsed 5 times with 

deionized water according to manufacturer’s protocol and stored at -20 oC. MALDI-TOF 

was used to check the extend of acetylation reaction, ensuring a random acetylation on 

ubiquitin with 0 - 8 acetyl groups. 

2.2.7 Top-down SPROX Analyses on Acetylated Ubiquitin 

 The stock acetylated ubiquitin was diluted with PBS, distributed into four equal 

aliquots, and equilibrated with increasing concentration of GdmCl buffer for 2 h. To 

initiate SPROX, 2 μL 30% H2O2 was added into each solution. The total volume of each 

solution was 20 μL. The final concentration of ubiquitin was 50 μM. The final 

concentration of H2O2 was 3%. The final concentrations of GdmCl was 2.0, 2.3, 2.7, and 3 

M. The SPROX reaction was quenched by adding 1 μL 25 unit/μL catalase into each 
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solution after 3 min. The solutions were acidified by 5 μL 2% TFA and then desalted by 

C18 ZipTip according to manufacturer’s protocol. The cleaned samples were dried and 

subjected to LC-MS/MS analyses. 

2.2.8 Top-down LC-MS/MS Analyses 

The samples were analyzed on Orbitrap Velos (Thermo Scientific, Inc.) mass 

spectrometer system. HPLC separation was employed on a 100 × 365 μm fused silica 

capillary microcolumn packed with 20 cm of polymeric reverse phase resin (PLRP-S, 5um, 

1000A, Phenomenex), with an emitter tip pulled to approximately 1 μm using a laser 

puller (Sutter instruments). Desalted samples (approximately 2 μg) were loaded on-

column at a flow rate of 500 nL/min for 30 minutes, and then eluted over 67 min at the 

same flow rate with a gradient of 5% to 85% ACN, in 0.1% formic acid. Full-mass (MS) 

scans were performed in the FT orbitrap between 550 and 2000 m/z at 100 000 resolution, 

followed by high-energy collisional dissociation (HCD) fragmentation scans (MS/MS) of 

the two highest intensity peaks in the MS spectrum at 60 000 resolution. HCD energy was 

set at 25 V with a 15 m/z isolation window. Dynamic exclusion was enabled with a repeat 

count of 2 over a duration of 120 s. 

2.2.9 Top-down SPROX Data Analyses 

The raw files were searched against the ubiquitin sequence with variable 

acetylation on seven lysine residues, acetylation on N-terminal, and oxidation on 

methionine residue using ProSight software through the TDPortal v1.3 at the National 
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Resource for Translational and Developmental Proteomics (NRTDP). The fraction of non-

oxidized methionine containing proteoform was calculated as the normalized sum 

intensity of the non-oxidized proteoform divided by the sum of non-oxidized and 

oxidized proteoforms. 

2.3 Results and Discussion 

2.3.1 Bottom-up SILAC-LiP Analyses 

 Prior to the SILAC-LiP analysis, heavy and light labeled MCF-7 cell lysates were 

treated with and without phosphatase, respectively. The cell lysate samples were then 

subjected to a SILAC-LiP analysis (Figure 1), which was essentially identical to that 

previously described in reference 3838. 
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Figure 1: Schematic presentation of the SILAC-LiP protocol used in this work. (a) 

Experimental workflow for generation of the single and double digestion samples. (b) 

Data expected from single and double digestion samples. 
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In total, over 6000 peptides from ∼1300 proteins were identified in the LC−MS/MS 

analyses of the double and single digestions samples in the three biological replicates. 

Ultimately, 3490 peptides from ∼700 proteins were assayed for proteinase K susceptibility 

changes induced by dephosphorylation. The assayed peptides included those that were 

successfully identified and quantified in two or more LC−MS/MS runs of the double and 

single digestion groups. From these assayed proteins, 566 unique peptides from 251 

proteins were assigned as hits with statistically significant H/L ratio value differences (p 

< 0.05). 

 To help eliminate potential false positives, the 566 peptides hits were compared to 

the peptide hits previously reported in a control experiment in which the SILAC-LiP 

protocol was used in a control experiment to analyze the proteins in a light- and heavy-

labeled MCF-7 cell lysate38. This comparison identified 31 peptide hits that were also 

identified as hits in the MCF-7 control experiment (i.e., they appeared as hits even when 

the heavy cell lysate was not treated with alkaline phosphatase). These were removed 

from the hit lists as they were likely false positives. An average fold-change value was 

calculated for each peptide and plotted versus the p-value of the peptide (Figure 2). Gray 

points represent the 2924 nonhit peptides (p-value > 0.05). Red points represent the 475 

hit peptides (p-value < 0.05) that were identified in two or more biological replicates in 

both single and double digestion groups. Blue points represent the 91 hit peptides that 

were identified in only one biological replicate in at least one of the single or double 
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digestion groups. Most hits (∼90%) were found to have fold-changes in the range of 1.1 to 

2.3, with the median value being 1.3. These characteristics of the hit peptides are similar 

to those observed for the hits in an earlier SILAC-LiP study on the proteins in several 

different cancer cell lines38. 

 

Figure 2: Volcano plot showing the statistical significance of the H/L ratios for the 

peptides assayed in the SILAC-LiP study. 

 Among the 535 peptide hits, ∼15% were semitryptic peptides resulting from 

proteinase K cleavage. This is consistent with semitryptic peptides being more difficult to 

detect and quantify compared to fully tryptic peptides. It is also similar to that observed 

in a previously reported SILAC-LiP experiment38. We note that the semitryptic peptide 

hits in the SILAC-LiP experiment are not due to nonspecific trypsin cleavages as any 

semitryptic peptides generated form the trypsin digestion would be present in both the L 

and H samples and have a L/H ratio of 1. Of the 535 peptide hits, 57% were found to be 

more susceptible to proteinase K cleavage upon treatment with phosphatase, with rest 
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being less susceptible to proteinase K. A large fraction (84%) of the 535 peptide hits in the 

SILAC-LiP experiment were identified in both the single and double digestion groups in 

two or more independent biological replicates. Among the 245 protein hits, 38% had two 

or more peptide hits. 

 A search of the PhosphoSitePlus65 Knowledge database 

(http://www.phosphosite.org) revealed that 157 of the 245 protein hits have one or more 

previously reported phosphorylation site(s). The experimental approach used here was 

designed to detect the overall influence of dephosphorylation on unpurified proteins in a 

complex cell lysate. Therefore, it is not surprising that a fraction of the hit proteins did not 

have known phosphorylation sites. Presumably these proteins hits are the result of 

indirect effects from altered protein−protein interactions involving a phosphorylated 

protein (e.g., dephosphorylation of a site on one protein either induces or precludes the 

binding of a second protein). We note that a small fraction (7%) of the SILAC-LiP peptide 

hits were actually known to contain phosphorylation sites in their sequence. 

2.3.2 Bottom-up SILAC-SPROX Analyses 

 The heavy and light labeled MCF-7 cell lysate samples treated with and without 

phosphatase, respectively, were also subject to the SILAC-SPROX protocol outlined in 

Figure 3. 
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Figure 3: Schematic presentation of SILAC-SPROX protocol use in this work. 
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The proteomic coverages observed in the SILAC-SPROX experiment are 

summarized in Table 1. Assayed peptides include those identified and quantified in 

samples from at least seven different urea concentrations. Overall, 2939 peptides from 

1023 proteins were assayed, and 212 peptides from 168 proteins showed 

dephosphorylation-induced thermodynamic stability changes. Representative SILAC-

SPROX data sets for several hit peptides are shown in Figure 4.  

The dephosphorylated samples contained alkaline phosphatase. Thus, it is 

possible that some of the thermodynamic stability changes observed in the SILAC-SPROX 

(and SILAC-LiPs) protein hits are due to alkaline phosphatase interactions. However, the 

alkaline phosphatase concentration (1 μM) was relatively low; therefore, to appear as a 

hit, the alkaline phosphatase binding interaction would have to be relatively tight (e.g., 

Kd in the nanomolar range). While such alkaline phosphatase binding may explain a small 

fraction of hits, it is unlikely to explain the relatively large number of detected hits or 

generate the correlations of conformational changes with changes in protein function that 

are described below. 

Table 1: Proteomic coverages obtained in SILAC-SPROX experiments on proteins in 

MCF-7 cell lysate 

biological 

replicate 

identified Met-containing 

peptides (proteins) 

assayed Met-containing 

peptides (proteins) 

hit peptides 

(proteins) 

1 3171 (924) 985 (461) 212 (168) 

2 5300 (1154) 2437 (833) 

3 5454 (1130) 2337 (800) 

Total 7024 (1538) 2939 (1023) 
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Figure 4: Representative SILAC-SPROX data. (a) Data obtained on the oxidized 

methionine-containing peptide VCM(ox)DFNIIR from isoleucine--tRNA ligase, 

which was destabilized upon dephosphorylation. (b) Data obtained on the 

methionine-containing peptide LTGMAFR from GAPDH, which was also 

destabilized upon dephosphroylation. (c) Data obtained on the oxidized methionine-

containing peptide (ac)M(ox)EVTGDAGVPESGEIR from the DNA fragmentation 

factor subunit alpha, which was stabilized upon dephosphorylation. In all plots, the 

data point not included in each fitting is indicated with a red X. The solid black 

curves represent the best fit of the data to the equation derived. The dark and light 

grey dotted curves represent the predicted SPROX curves (i.e., peptide intensity 

versus [Urea] data using arbitrary units for better visualization) for the heavy and 

light labeled peptides. The dashed vertical lines indicate the C1/2,SPROX values 

determined from the SPROX curves. 

L
o
g

2
(H

/L
)

R
e
la

ti
v
e
 A

b
u
n
d
a
n
c
e

(a
rb

it
ra

ry
 u

n
it
)

[Urea] / mol×L-1

XX

0 2 4 6 8

- 0.5

0.0

0.5

1.0

XX
0 2 4 6 8

- 1.5

- 1.0

- 0.5

0.0

0.5

XX

0 2 4 6 8
- 1.5

- 1.0

- 0.5

0.0

0.5

a.

b.

c.

L
o
g

2
(H

/L
)

L
o
g

2
(H

/L
)

R
e
la

ti
v
e
 A

b
u
n
d
a
n
c
e

(a
rb

it
ra

ry
 u

n
it
)

R
e
la

ti
v
e
 A

b
u
n
d
a
n
c
e

(a
rb

it
ra

ry
 u

n
it
)

[Urea] / mol×L-1

[Urea] / mol×L-1



 

42 

A search on the PhosphoSitePlus65 database revealed that 130 of the 168 proteins 

in the final SILAC-SPROX hit list have at least one previously reported phosphorylation 

site. The dephosphorylation induced stability changes detected in these 130 proteins are 

likely to be directly related to the phosphorylation. The stability changes detected in the 

remaining 38 protein hits are likely due to indirect effects of protein phosphorylation as 

described above. We note that a small fraction (5%) of the SILAC-SPROX peptide hits 

were actually known to contain phosphorylation sites in their sequence. 

 Approximately half of the peptide hits resulted from dephosphorylated-induced 

stabilizations. Ultimately, 88 peptides had sufficient data to quantitatively evaluate the 

transition midpoint and folding free energy changes (i.e., ΔC1/2 and ΔΔGf values, 

respectively). The median ΔC1/2 and ΔΔGf values were 2.7 mol•L−1 and 1.6 kcal•mol−1, 

respectively. Over 80% of the hit peptides had ΔC1/2 values ranging from −5.0 to 5.0 

mol•L−1 and ΔΔGf values ranging from −5.0 to 5.0 kcal•mol−1. However, it is important to 

note that the measured ΔC1/2 and ΔΔGf values may not necessarily be the results of a single 

site in the protein being dephosphorylated but rather the aggregate effect of all the 

dephosphorylations on the protein. 

 An over-representation analysis of the SILAC-SPROX hit proteins compared to the 

assayed protein using GOrilla66 revealed a statistically significant enrichment of proteins 

with aminoacyl-tRNA ligase activity (GO:0004812; p-value = 0.0005) including a number 

of aminoacyl-tRNA synthetases (aaRSs). aaRSs are essential enzymes in the production of 



 

43 

proteins in the cell, where they catalyze the transfer of AMP activated amino acid to 3′ 

end of their cognate tRNA to form aa-tRNA. Several studies have demonstrated that 

phosphorylation events play a key role in regulating the biological activity of aaRSs67–69. 

For example, the phosphorylation of Ser886 and Ser999 in glutamyl-prolyl tRNA 

synthetase (EPRS) has been reported to be essential to the function of this aaRS68. 

 A total of 37 protein hits were identified in both the SILAC-SPROX and SILAC-

LiP experiments. These 37 proteins represent only a small percentage of the SILAC-

SPROX and SILAC-LiP hits (15% and 22%, respectively). The relatively low fraction of 

overlapping protein hits is not surprising, as the LiP and SPROX experiments probe 

different types of protein conformational changes. The LiP experiment is amenable to the 

detection of more local conformational changes (e.g., the unravelling an α-helix), whereas 

the SPROX experiment is amenable to the detection of more global conformational 

changes (e.g, a change in the opening and closing rates of a protein folding domain). A 

similarly low percentage of overlapped hits (∼20%) observed between LiP and SPROX 

experiments was also observed in a disease state studies on human breast cancer cell 

lines20. 

2.3.3 Comparison of Bottom-up SILAC-SPROX and SILAC-LiP with 
Other Large-Scale Phosphoproteomic Studies 

 To better understand the disease relevance of the stability changes observed in this 

work, we correlated the SILAC-SPROX and LiP protein hits with traditional quantitative 

phosphoproteomic results reported on six cell culture models of human breast cancer 
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including MCF-7, HCC1937, BT549, BT20, MDA-MB-231, and MDA-MB-46840 cells that 

differ in molecular features and degree of invasiveness. The phosphoproteomic results 

from the MCF-7, HCC1937, BT549, BT20, MDA-MB-231, and MDA-MB-468 cell lines 

included 13730 phosphorylated sites in 3880 proteins in total. The conformational studies 

in this work involved phosphatase treated proteins from an MCF-7 cell lysate. Therefore, 

the proteins with sites that were phosphorylated in MCF-7 and not phosphorylated (or 

less so) in the above cell lines were of most interest. Summarized in Table 2 are the 

numbers of proteins with such differential phosphorylation in the above cell lines and 

those that overlapped with the protein hits identified in the SPROX and LiP experiments 

described in this work. Because changes in conformation are closely linked to changes in 

protein function, the 49 overlapping protein hits that were found are likely to be 

functionally regulated by phosphorylation in the different breast cancer phenotypes. 

Indeed, some of these 49 proteins (e.g., PGAM170, STUB171, EBP172, TACSTD273, and 

TPD52L274) are known to have cancer related functions induced by phosphorylation. 

Table 2: Summary of proteins with lower levels of phosphorylation in five human 

breast cancer cell lines compared to the MCF-7 cell line 

cell line less phosphorylated 

proteins 

proteins assayed in 

LiP/SPROX 

protein hits in 

LiP/SPROX 

HCC1937 1392 33/63 21/12 

BT549 1138 33/59 21/15 

BT20 1120 33/63 21/12 

MDA-MB-231 1140 31/55 21/16 

MDA-MB-468 1124 32/65 22/11 

Total 2048 54/100 34/24 
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We have previously used SILAC-SPROX to detect breast cancer related 

conformational changes in proteins derived from selected cell culture models of breast 

cancer19,20. In these earlier studies, the molecular basis of the detected conformational 

changes was not clear. As part of this work, we examined the correlation between the 

dephosphorylation-induced changes observed in the MCF-7 cell line used in this work 

and the general breast cancer related conformational changes observed in our earlier 

studies. We hypothesized that some of the protein stability differences observed in our 

earlier studies, which compared the thermodynamic stability of proteins in different cell 

culture models of breast cancer to those in the MCF-7 cell line (see Table 3), might be the 

result of differential phosphorylation in the different breast cancer cell lines. Therefore, 

we compared the SILAC-SPROX protein hits generated in this work to the protein hits 

found in our earlier SILAC-SPROX studies, and ultimately searched for the overlapping 

proteins in the available phosphoproteomic data summarized in Table 2.  

Table 3: Protein hits identified in SPROX with previously reported stability 

differences in four human breast cell lines as compared to proteins in the MCF-7 cell 

line 

cell line proteins with previously 

reported stability changes 

proteins assayed 

in SPROX 

protein hits 

identified in SPROX 

MCF-10A 84 36 9 

MDA-MB-231 102 54 11 

MDA-MB-468 445 367 90 

BT-474 242 186 53 

Total 645 449 98 
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Out of the 11 and 90 overlapped proteins that have different stability in the MDA-

MB-231 or MDA-MB-468 cell line compared to MCF-7 (see Table 3), we found three and 

nine of these protein hits, respectively, that were less phosphorylated in MDA-MB-231 

and MDA-MB-468 (respectively) than in MCF-7 (see Table 4). This correlation of the 

SILAC-SPROX results in the current dephosphorylation study with the results in our 

earlier SILAC-SPROX on the different cancer cell lines suggests that the stability changes 

detected for these three and nine proteins are due to dephosphorylation-induced changes 

in those cell lines. 

Table 4: Summary of protein hit that were different stabilized and less 

phosphorylated in human breast cancer cell lines than in MCF-7 

cell line protein 

identifier 

protein name 

MDA-MB-231 

vs MCF-7 

Q09666 Neuroblast differentiation-associated protein AHNAK 

Q00839 Heterogeneous nuclear ribonucleoprotein U 

P22626 Heterogeneous nuclear ribonucleoproteins A2/B1 

MDA-MB-468 

vs MCF-7 

Q09666 Neuroblast differentiation-associated protein AHNAK 

P14618 Pyruvate kinase PKM 

Q00839 Heterogeneous nuclear ribonucleoprotein U 

A8MXP9 Matrin-3 

P08238 Heat shock protein HSP 90-beta 

P30041 Peroxiredoxin-6 

P50502 Hsc70-interacting protein 

P04406 Glyceraldehyde-3-phosphate dehydrogenase 

Q32Q12 Nucleoside diphosphate kinase 
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2.3.4 Correlation of Conformational Changes with Changes in Protein 
Function 

 Some protein hits in this study have previously reported functional changes 

induced by phosphorylation. For example, pyruvate kinase (PKM2) has been reported to 

have reduced activity by the direct phosphorylation on Y105, which disrupts formation 

of active tetrameric PKM2 by releasing cofactor fructose-1,6-bisphosphate (FBP)75. Our LiP 

results suggest that after dephosphorylation, PKM2 has a more compact conformation 

around the FBP binding pocket and a more protease susceptible conformation in the 

vicinity of Y105 (Figure 5a). Our SILAC-SPROX results also revealed a 

dephosphorylation- induced stabilization for a methionine-containing peptide in the FBP 

binding pocket of PKM2. The LiP and SPROX data are consistent with the previous study 

on the functional effect of Y105 phosphorylation, as higher affinity to FBP caused by 

dephosphorylation of Y105 would probably stabilize the binding domain of PKM2. 

Another protein hit, glyceraldehyde-3-phosphate dehydrogenase (GAPDH), is also well-

known to have its function regulated by post-translational modifications76–81. In our study, 

multiple peptides from GAPDH showed significant protease susceptibility changes upon 

dephosphorylation. These peptides surround the NAD binding pocket of the protein 

(Figure 5b). The SPROX and LiP data collected here suggest that dephosphorylation of 

amino acid residues around the GAPDH binding pocket destabilizes this region of the 

protein. This is consistent with the results of earlier studies, where it was suggested that 
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phosphorylation of Y94, S98 and T99 in GAPDH increased the protein’s NAD binding 

affinity82. 

 

Figure 5: Schematic representation of the three-dimensional structure of two selected 

protein hits identified in both the LiP and SPROX experiments. (a) Three-

dimensional structure of PKM2 in complex with FBP, K+, Mg2+, and oxalate ion (PDB: 

3BJF). Y105 is shown in green. The regions to which selected peptide hits identified in 

SPROX mapped are shown in yellow, and both were stabilized in the 

dephosphorylated sample. (b) Three-dimensional structure of GAPDH in complex 

with NAD (PDB: 1ZNQ). Y94, S98, and T99 are shown in green. The region to which 

selected the peptide hit identified in SPROX mapped is shown in yellow, and it was 

destabilized in the dephosphorylated sample. In both panels a and b, the regions to 

which selected peptide hits identified in LiP mapped are shown in red and blue, 

depending on whether the hit peptide was more or less (respectively) susceptible to 

proteolysis. Images were generated in Kinemage, Next Generation (KiNG)83. 
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 The SILAC-SPROX experiment enabled us to quantify the protein stability 

changes induced by dephosphorylation for a number of aaRSs (Table 5). Most of the aaRSs 

were destabilized upon alkaline phosphatase treatment, indicating that phosphorylation 

of aaRSs stabilizes these proteins. We also found that the magnitudes of the destabilizing 

effects of aaRS dephosphorylation were well-correlated with their previously reported 

aminoacylation activity change upon dephosphorylation (with only on exception, 

histidyl-tRNA synthetase) (Figure 6)84. This correlation helps substantiate the close 

connection between protein stability and protein function. 

Table 5: Summary of dephosphorylation-induced stability and activity changes for 

aaRS proteins detected as hits in the SILAC-SPROX experiment 

aaRS class gene 

name 

hit peptide dephosphorylation 

induced stability 

change 

ΔΔGf / kcal•mol-1 

log 2 based 

dephosphorylation 

induced activity fold-

change 

Ala AARS CLSVMEAK 0.91 1.42 

Arg RARS LANIDEEMLQK > 0.71 2.72 

Asp DARS2 MPTGEIEIK -0.60 0.479 

Bifunctional 

Glu/Pro 

EPRS LGVENCYFPMFVSQS 

ALEK 

> 1.15 N/A 

Gly GARS CSVLPLSQNQEFMPF 

VK 

1.77 1.79 

His HARS YDGLVGMFDPK -0.65 4.06 

Probable 

His 

HARS2 YGEDSGLMYDLK 0.49 N/A 

Ile IARS VENMVDQLLR 3.72 3.29 

VCMDFNIIR 2.32 

Thr TARS MGGEEKPIGAGEEK -0.56 0.606 
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Figure 6: Correlation between the dephosphorylation-induced changes in folding free 

energies (ΔΔGf) measured for aaRSs hits identified in SILAC-SPROX experiment and 

the dephosphorylation-induced changes in activity of the aaRSs determined 

elsewhere84. The filled circles represent aaRSs with defined ΔΔGf values and were 

included in the linear regression analysis. The open circles represent aaRSs that were 

not included in the linear regression analysis because either (1) the SILAC-SPROX 

data points were too few to calculate a specific ΔΔGf value and could only establish a 

lower bound, which is the case for arginine (Arg) tRNA-synthase, or (2) the data point 

appears to be an outlier, which is the case for histidine (His) tRNA-synthase data 

point that significantly reduced the correlation coefficient (R2 = 0.2238). 

2.3.5 Top-down SPROX Analyses on Acetylated Ubiquitin 

The top-down SPROX workflow employed in this work was shown below (Figure 

7). The randomly acetylated ubiquitin proteoforms was incubated with increasing 

concentration of GdmCl to achieve folding equilibrium. As a proof-of-principle study, 

GdmCl concentration distribution was specifically selected to be close to the ubiquitin 

folding transition region. Ubiquitin proteoforms was then oxidized by H2O2 at same 

condition of bottom-up SPROX, so that only exposed methionine residues were selectively 

modified. The denaturant dependent extend of oxidation on each ubiquitin proteoforms 
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was quantified by label-free top-down proteomic analysis, which can report back to 

proteoform specific thermodynamic stability.  

 

Figure 7: Schematic workflow of top-down SPROX employed in this work. 
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From the top-down proteomic analyses, in total, 138 ubiquitin isoforms that were 

differentially acetylated or oxidized were identified. Quantitative, label-free data on the 

non-oxidized and methionine-oxidized versions of 46 differentially acetylated 

proteoforms in all 4 samples were obtained. This quantitative data was used to generate 

denaturation data sets for each proteoform. Preliminary data obtained for several 

ubiquitin proteoforms are shown below in Figure 8. The result indicates the ubiquitin 

proteoform K33Ac is more stable than the other three proteoforms with an about 0.3 M 

higher transition midpoint. 

 

Figure 8: Top-down SPROX data obtained on 4 different acetylated ubiquitin 

proteoforms generated by random acetylation with acetic anhydride. 

2.4 Conclusion 

 A large-scale proteomic analysis of the protein conformational changes associated 

with phosphorylation in MCF-7 breast cancer cells using the bottom-up SRPOX and LiP 

techniques resulted in the identification of a subset of 168 and 251 proteins, respectively, 

with phosphorylation-induced stability changes. Many of the protein hits are known to 
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be differentially phosphorylated or differentially stabilized in different human breast 

cancer subtypes, suggesting that the observed phosphorylated-induced stability changes 

detected in this work are disease related. A bioinformatics analysis revealed that the 

SPROX hits were enriched in proteins with aminoacyl-tRNA ligase activity, including 

many aaRSs that are known to have their catalytic activity modulated by 

phosphorylation events. The SPROX results, which enabled the magnitudes of the 

stabilizing effects of dephosphorylation on the different aaRSs to be evaluated, revealed 

that the magnitudes of the destabilizations were well-correlated with their previously 

reported change in aminoacylation activity upon dephosphorylation. This substantiates 

the close link between protein folding and function.  

 Our preliminary results from top-down SPROX in Figure 8 suggest that the 

generation of proteoform specific chemical denaturation data is possible using the top-

down SPROX protocol outline in Figure 7. Compared to bottom-up SPROX, proteoform 

specific stability information can provide more information of the functional significance 

and biological relevance of PTMs on proteins. This approach can be extended to real 

complex biological samples, and thus connect more directly to the disease phenotype and 

protein interactions than bottom-up proteomics.  



 

54 

3. Chemical Denaturation and Protein Precipitation 
Approach for Discovery and Quantitation of Protein–
Drug Interactions 

The work described in this chapter comes largely from the research paper titled 

“Chemical Denaturation and Protein Precipitation Approach for Discovery and 

Quantitation of Protein–Drug Interactions” that was published in 2018 on the Analytical 

Chemistry (vol. 90(15), p. 9249–9255). 

3.1 Introduction 

Described here is an experimental approach, termed chemical denaturation and 

protein precipitation (CPP), for the large-scale detection and quantitation of protein−drug 

interactions. The described approach is a cross between the SPROX and TPP techniques. 

It utilizes chemical denaturant like SPROX but employs a protein precipitation strategy 

(analogous to that utilized in TPP) to separate folded and unfolded proteins in the 

chemical denaturant containing buffers. Use of a chemical denaturant enables a more 

rigorous thermodynamic measurement than the use of temperature. Not only is the 

chemical denaturation of proteins more generally reversible than the thermal 

denaturation of proteins, but also the relationship between the chemical denaturant-

induced unfolding properties of a protein and it’s folding free energy is well established85. 

Use of the protein precipitation step also enables every peptide from a given protein that 

is identified and quantified in the proteomics readout to contribute information about the 

chemical denaturation behavior of the protein. This maximizes both data quality and the 
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number of proteins in a sample that can effectively be assayed. As part of this work, the 

CPP approach is evaluated using three model drugs including: cyclosporin A, 

geldanamycin, and sinefungin. 

3.2 Experimental Section 

3.2.1 Materials 

The following materials were from Sigma-Aldrich (St. Louis, MO): guanidine 

hydrochloride (GdmCl), S-methylmethanesulfonate (MMTS), dimethyl sulfoxide 

(DMSO), urea, centrifugal filter units 10k (Amicon Ultra-0.5), sinefungin, 

tris(hydroxymethyl)aminomethane hydrochloride (Tris·HCl), and trypsin from porcine 

pancreas (used in the yeast geldanamycin binding experiment). The following materials 

were from Thermo Scientific (Waltham, MA): 4-(2-aminoethyl)benzenesulfonyl fluoride 

hydrochloride (AEBSF), bestatin, E-64, leupeptin, pepstatin A, and trypsin protease MS 

grade (Pierce, used in experiments other than yeast geldanamycin binding). Tris(2-

carboxyethyl)phosphine hydrochloride (TCEP) was from Santa Cruz Biotechnology 

(Dallas, TX). MacroSpin columns (Silica C18) were from Nest Group (Southborough, MA). 

Phosphate-buffered saline (PBS, pH 7.4, 1×) was from Gibco (Gaithersburg, MD). 

Geldanamycin (≥98 wt %) was from Chem-Impex International, Inc. (Wood Dale, IL, 

USA). Cyclosporin A (CsA) was purchased from LKT Laboratories, Inc. 
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3.2.2 Cell Culture and Lysis 

The yeast GAL1 overexpression strains YDR155C from Y258 host library were 

purchased from Open Biosystems. A yeast colony from each strain was incubated in 50 

mL YPD medium at 30 °C overnight to reach an OD600 of ~1.6. YPD medium (1 L) was 

inoculated with 20 mL of the overnight culture to give an OD600 of ~0.3. The inoculated 

medium was incubated at 30 °C until the OD600 of the solution was in the range of 1.2-

2.0. Yeast pellets were generated by centrifuging 250 mL fractions of the final YPD 

medium. The pellets were stored at -20 °C. Yeast cell pellets were lysed in PBS with 

protease inhibitor cocktail (1 mM AEBSF, 10 μM pepstatin A, 20 μM leupeptin, 15 μM E-

64, and 500 μM bestatin). Cell lysis was accomplished using glass beads (0.5 mm) at 4 °C 

with 20 s of disruption 20 times with 1 min intervals on ice in between. Lysate was 

centrifuged at 14 000 × g and 4 °C for 10 min, and the supernatant was saved for 

subsequent analysis. 

MCF-7 cells from ATCC were cultured in a humidified 37 °C incubator with 5% 

CO2 according to ATCC guideline. MCF-7 cell pellets were lysed in PBS with protease 

inhibitor cocktail (1 mM AEBSF, 10 μM pepstatin A, 20 μM leupeptin, 15 μM E-64, and 

500 μM bestatin). Cell lysis was accomplished using zirconia/silica beads (1 mm) at 4 °C 

with 20 s of disruption 20 times with 1 min intervals on ice in between. The cell lysate was 

centrifuged at 14 000 × g and 4 °C for 10 min, and the supernatant was saved for 

subsequent analysis. 
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The total protein concentration in all lysates was determined using a Bradford 

assay and ranged from 7 to 15 mg/mL. For each analysis, the test lysate was divided into 

two equal portions. One portion was spiked with a solution of the test ligand prepared in 

DMSO (CsA and geldanamycin) or PBS (sinefungin), and one was spiked with DMSO or 

PBS as vehicle. The solutions were equilibrated for either 1 (CsA and sinefungin) or 24 h 

(geldanamycin). 

3.2.3 CPP Analyses 

In all experiments, the (+) and (−) ligand-containing lysate samples were 

distributed into a series of GdmCl-containing buffers (PBS pH 7.4) with the final GdmCl 

concentrations ranging from 0 to 2.5 M. The final volume in each buffer was 20 μL. The 

final concentration of drug was 100 μM in the CsA-binding experiment, 20 μM in the 

geldanamycin binding experiment, and 0.2, 1.2, or 2.5 mM in the sinefungin binding 

experiments. The solutions were equilibrated at room temperature for 10 min before 480 

μL of deionized water was added into each solution to initiate protein precipitation. After 

10 min, the samples were centrifuged. The (+) and (−) ligand samples in the 2.5 mM 

sinefungin binding experiment were centrifuged at 100 000 × g and 4 °C for 20 min. All 

the samples in the other experiments were centrifuged at 14 000 × g and 4 °C for 20 min. 

The same volume of supernatant in each (+) and (−) ligand sample (typically between 200 

and 300 μL) from each centrifuged sample was transferred into a 10k centrifugal filter unit. 

The precipitated protein pellets in the 1.2 mM sinefungin binding experiment were rinsed 
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with 200 μL of ice-cold deionized water three times and re-dissolved in 200 μL of 0.1 M 

Tris·HCl buffer (pH 8.5) containing 8 M urea and 5 mM TCEP, before 120 μL of each 

solution was transferred into a 10k centrifugal filter unit. All the samples were subjected 

to a filter aided sample preparation (FASP) protocol that involved reduction with TCEP, 

reaction with MMTS, digestion with trypsin, and labeling with a TMT-10plex reagent kit 

according to the manufacturer’s protocol. The TMT-10plex labeling scheme involved 

labeling the protein samples derived from each of the denaturant concentrations in the (−) 

ligand samples with the reagents from one TMT-10plex and labeling each of the 

denaturant concentrations in the (+) ligand samples with the reagents from another TMT-

10plex. 

3.2.4 Quantitative LC-MS/MS Analyses 

LC-MS/MS analyses were performed on a Q Exactive HF high-resolution mass 

spectrometer (Thermo) with a nano-Acquity UPLC system (Waters) and a 

nanoelectrospray ionization source fitted with a SilicaTip emitter (New Objective). 

Samples were trapped on a 2D Symmetry C18 trapping column with dimensions of 180 

μm × 20 mm, particle diameter of 5 μm, and pore size of 100 Å. The trapping time was 5 

min at 5 μL/min (99.9:0.1 v/v water/acetonitrile 0.1% formic acid). The samples were 

separated on a 75 μm × 250 mm high strength silica (HSS) T3 column with 1.8 μm particle 

diameter (Waters) heated to 55 °C. Peptides were separated using a gradient of 3−30% 

acetonitrile with 0.1% formic acid over 90 min at a flow rate of 0.3 μL/min. Data collection 
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was performed in a data-dependent acquisition (DDA) mode with a resolution of 120 000 

(at m/z 200) for full MS scan from m/z 375−1600. The target AGC value was 3 × 106 ions; 

the maximum ion trap fill time was 50 ms, and the normalized collision energy was 27 V. 

This MS scan was followed by 20 product ion scans at a resolution of 30 000 (at m/z 200), 

using a minimum AGC target value of 2.25 × 106 ions, an isolation window of 1.2 m/z, and 

a dynamic exclusion time of 20.0 s. 

3.2.5 Proteomic Data Analyses 

Proteome Discoverer 2.2 was used to search the raw LC-MS/MS files against either 

the yeast or human proteins in the 2017−06−07 release of the UniProt Knowledgebase. The 

searches were performed with fixed MMTS modification on cysteine, TMT-10plex 

labeling of lysine side chains and peptide N-termini, variable oxidation of methionine, 

variable deamidation of asparagine and glutamine, and acetylation of the protein N-

terminus. The precursor mass tolerance was set at 10 ppm. The fragment mass tolerance 

was set at 0.02 Da. Trypsin was set as the enzyme, and up to two missed cleavages were 

allowed. For peptide and protein quantification, reporter abundance was set as intensity; 

coisolation threshold was set as 60%, and normalization mode and scaling mode were 

each set as none. Also, only proteins with protein FDR confidence labeled as “high” (i.e., 

FDR < 1%), with at least 2 PSMs quantified, and with no more than 2 quantification 

channels being 0 were used for the following analysis. 
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Data analysis was accomplished using a Mathematica 11.0 script that was 

developed in-house. Briefly, the exported protein intensities at the same GdmCl 

concentration were summed for the (−) ligand and (+) ligand samples in each experiment. 

These summed intensities from the (−) ligand and (+) ligand samples in each experiment 

were normalized by the mean of their two highest intensities to rescale the intensities from 

0 to ∼1, which are hereafter referred to as super intensities. The super intensity data for 

each experiment is shown in Figure 9. For experiments involving the MCF-7 cells, 

averaged super intensities were calculated by taking the mean of the super intensities 

from the (−) ligand and (+) ligand sample in each experiment. These averaged super 

intensities were fit to equation (6) or (7) (see below), and the ratio of the predicted 

intensities from the best fit to the actual super intensities in the (−) ligand and (+) ligand 

group was calculated. These ratios obtained from a global analysis of the data were used 

to normalize the intensity data generated for each individual protein. This normalization 

accounted for systematic errors between the (−) and (+) ligand groups. In the yeast 

experiments, the above normalization was not necessary because the super intensities in 

the (−) and (+) ligand groups were nearly identical (see Figure 9). To be assayed in a given 

experiment, a protein had to be successfully quantified in both the (−) ligand and (+) ligand 

sample. 

The normalized protein intensities from above were subject to a second 

normalization in which they were divided by the mean of the two highest intensities in 
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each protein denaturation curve to rescale the normalized intensities from 0 to ∼1. A 

distribution of the final normalized protein intensity differences between the (−) and (+) 

data was generated for each experiment (see Figure 10). 

 

Figure 9: Super intensity plots for CPP experiments. (A) yeast - CsA; (B) yeast - 

geldanamycin; (C) MCF7 - sinefungin 0.2 mM; (D) MCF7 - sinefungin 1.2 mM 

supernatant; (E) MCF7 - sinefungin 1.2 mM pellet; (F) MCF7 - sinefungin 2.5 mM. In 

all plots, black and red filled circles represent super intensity in (-) and (+) ligand 

group, respectively. The black and red curves represent the best fit of the (-) and (+) 
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ligand data (respectively) to equation (6) or (7). The super intensity observed in the 

10th quantification channel in the (+) ligand group in MCF7 - sinefungin 2.5 mM 

binding experiment was indicated by arrow in F. The low intensity of this data point 

was determined to be due to poor labeling efficiency of the isobaric mass tag in this 

experiment. Therefore, the data (from either both the (-) or the (+) sample) at this 

denaturation concentration was not used in the data analysis. 
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Figure 10: Intensity difference distributions for the six CPP experiments. (A) yeast - 

CsA; (B) yeast - geldanamycin; (C) MCF7 - sinefungin 0.2 mM; (D) MCF7 - sinefungin 

1.2 mM supernatant; (E) MCF7 - sinefungin 1.2 mM pellet; (F) MCF7 - sinefungin 2.5 

mM. 
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The standard deviation (σ) of the distribution, which ranged from 0.064 to 0.12 

depending on the experiment, was used to generate an intensity difference cutoff (see hit 

selection criteria below). The denaturation data for proteins that passed the intensity 

difference cutoff filter were fit to equation (6) or (7), depending on whether the protein in 

the supernatant or in the pellet was quantified. 

 
𝐼𝑠𝑢𝑝𝑒𝑟𝑛𝑎𝑡𝑎𝑛𝑡 = 1 −

𝐴

1 + 𝐸𝑥𝑝 (−
∆𝐺𝑓 +𝑚 × [𝐺𝑑𝑚𝐶𝑙]

𝑅𝑇 )

 
(6) 

 
𝐼𝑝𝑒𝑙𝑙𝑒𝑡 =

1

1 + 𝐸𝑥𝑝 (−
∆𝐺𝑓 +𝑚 × [𝐺𝑑𝑚𝐶𝑙]

𝑅𝑇 )

 
(7) 

 

In equations (6) and (7): Isupernatant and Ipellet are the normalized protein intensities 

generated from the bottom-up proteomics analysis of the proteins in the supernatant and 

pellet (respectively); A is the precipitation efficiency (i.e., 1 - the post-transition baseline 

value); ΔGf is the folding free energy; m is 
𝑑∆𝐺𝑓

𝑑[𝐺𝑑𝑚𝐶𝑙]
, R is the ideal gas constant; T is 

temperature in Kelvin. The goodness of fit was evaluated using the normalized root mean 

squared error (RMSE).  

As described by Myers and co-workers86 the folding free energy of a protein free 

of ligand, ∆𝐺𝑓,(−), in chemical denaturant [𝐺𝑑𝑚𝐶𝑙](−) can be expressed as 

 ∆𝐺𝑓,(−) = ∆𝐺𝑓 +𝑚 × [𝐺𝑑𝑚𝐶𝑙](−)  = −𝑅𝑇𝑙𝑛𝐾𝑓,(−) (8) 

 

, where ∆𝐺𝑓,(−)  is the folding free energy of the protein in the absence of GdmCl, 

[𝐺𝑑𝑚𝐶𝑙](−) is the GdmCl concentration, and 𝐾𝑓,(−) is the equilibrium constant between the 
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folded and unfolded state of the protein. Similarly, the folding free energy of a protein in 

the presence of ligand, ∆𝐺𝑓,(+), in chemical denaturant can be expressed as 

 ∆𝐺𝑓,(+) = ∆𝐺𝑓 + ∆∆𝐺𝑓 +𝑚 × [𝐺𝑑𝑚𝐶𝑙](+)  = −𝑅𝑇𝑙𝑛𝐾𝑓,(+) (9) 

 

, where ∆∆𝐺𝑓  is the observed ligand-induced protein folding free energy change (i.e., the 

binding free energy). 

By rearrangement, 

 

∆∆𝐺𝑓 = −𝑚 × ([𝐺𝑑𝑚𝐶𝑙](+) − [𝐺𝑑𝑚𝐶𝑙](−)) + 𝑅𝑇𝑙𝑛
𝐾𝑓,(−)

𝐾𝑓,(+)
  

                       = −𝑚 × ∆[𝐺𝑑𝑚𝐶𝑙] + 𝑅𝑇𝑙𝑛
𝐾𝑓,(−)

𝐾𝑓,(+)
 

(10) 

 

In the case of proteins that do not display cooperative folding/unfolding behavior 

(e.g., large multi-domain proteins), the soluble and insoluble protein fractions are not 

good estimates of the folded and unfolded protein fractions. Thus, the denaturant 

concentration at which the protein is expected to be completely precipitated was used to 

estimate [𝐺𝑑𝑚𝐶𝑙](+) and  [𝐺𝑑𝑚𝐶𝑙](−) , and ultimately generate a ∆[𝐺𝑑𝑚𝐶𝑙]  value (see 

Figure 11). Also, at these denaturant concentrations 𝐾𝑓,(−)  and 𝐾𝑓,(+)  are equal, so the 

second term of equation (10) is zero. 
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Figure 11: Chemical denaturation data obtained on cyclophilin A in the yeast - CsA 

binding experiment. Black and red filled circles represent normalized protein 

intensity in (-) and (+) ligand group. Black and red solid curves were best fit for (-) and 

(+) ligand group using equation (6). Black and red dashed lines represent the tangent 

line at which the protein precipitated 50% of max possible precipitation (1 - baseline). 

[𝑮𝒅𝒎𝑪𝒍](+) and [𝑮𝒅𝒎𝑪𝒍](−) were the denaturant concentrations at which the 

extrapolated line crosses with the baseline.  

The final expression of [𝐺𝑑𝑚𝐶𝑙](+)  and [𝐺𝑑𝑚𝐶𝑙](−)  expressed by the parameter 

estimates from least-square regression are: 

 [𝐺𝑑𝑚𝐶𝑙](−) =
2𝑅𝑇�̂�

�̂��̂�
−
∆�̂�𝑓
�̂�

 (11) 

  [𝐺𝑑𝑚𝐶𝑙](+) =
2𝑅𝑇(2�̂�𝐿 − �̂�)

�̂�𝐿�̂�𝐿
−
∆�̂�𝑓,𝐿
�̂�𝐿

 (12) 

 

, where parameters with no subscript L are from least-square regression estimates in (-) 

ligand group, parameters with subscript L are from least-square regression estimates in 

(+) ligand group. If quantification on protein pellets, all �̂� and �̂�𝐿 is 1. 

The change in folding free energy upon ligand binding (∆∆𝐺𝑓) was eventually 

evaluated using equation (13): 

 ∆∆𝐺𝑓 = −𝑚𝑀 × ∆[𝐺𝑑𝑚𝐶𝑙] (13) 
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, where mM is the m-value for the whole protein, which was estimated using the protein 

size and the data in Myers et al86. 

Protein hits were selected using the following criteria: (i) the normalized protein 

intensities in the (−) and (+) ligand groups were significantly different (i.e., different by at 

least 1.645σ or 3σ, depending on the experiment) at one or more GdmCl concentration(s); 

(ii) the sum of the normalized protein intensity difference across all GdmCl concentrations 

was larger than 1.645σ × 2 or 3σ × 2; (iii) the normalized protein intensities observed in the 

(−) and (+) ligand groups were well-fit to equation (6) or (7) (i.e., normalized RMSE < 0.15); 

(iv) the denaturation curves for the (−) and (+) ligand samples were significantly shifted 

(i.e., |(∆𝐺𝑓 𝑚⁄ )
(+)
− (∆𝐺𝑓 𝑚⁄ )

(−)
| = |∆(∆𝐺𝑓 𝑚⁄ )| > 0.1 mol•L-1, and |∆∆𝐺𝑓| > 1 kcal•mol-1, 

where (∆𝐺𝑓 𝑚⁄ )
(+)

 and (∆𝐺𝑓 𝑚⁄ )
(−)

are the denaturant concentrations at which the protein 

was 50% precipitated in the (+) and (-) ligand groups, respectively). These values of 0.1 M 

and 1 kcal·mol−1 represent approximately 1σ, based on a global analysis of the data (Figure 

12). 

The dissociation constant, Kd, for each hit protein was calculated using equation 

(14): 

 𝐾𝑑 =
[𝐿]

𝑒−∆∆𝐺𝑓/𝑅𝑇 − 1
 (14) 
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, where [L] is the concentration of free ligand in the denaturant-containing buffers, R is 

the ideal gas constant, T is the temperature in Kelvin, and ∆∆𝐺𝑓 is as defined in equation 

(13). 

 

Figure 12: Distribution of (A) ∆(∆𝑮𝒇/𝒎) and (B) ∆[𝑮𝒅𝒎𝑪𝒍] values all from all four 

sinefungin binding experiments. (A) 6 and (B) 8 values less than -1.5 mol•L-1 and 

greater than 1.5 mol•L-1 are not shown, as they are likely due to overfitting and not 

likely to be physiologically relevant. 

3.3 Results and Discussion 

3.3.1 Experimental Workflow 

The CPP protocol developed here (Figure 13) involves incubating the test protein 

mixture (e.g., cell lysate) with and without ligand before aliquots of each sample are 

distributed into a series of buffers containing increasing concentrations of GdmCl. The 

protein samples in each GdmCl-containing buffer are equilibrated and diluted with water 

to reduce the concentration of GdmCl in each sample to <0.1 M, a concentration that is not 

likely to affect protein solubility. When the GdmCl concentration is reduced, the unfolded 

proteins in the original GdmCl-containing buffers aggregate. The aggregated proteins are 
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then separated from the folded proteins in solution by centrifugation. After 

centrifugation, proteins in the supernatant and/or the pellet can then be quantified using 

a standard quantitative bottom-up proteomic analysis with isobaric mass tags. The CPP 

protocol is directly analogous to that used in the conventional proteome-wide SPROX 

experiment, except that no hydrogen peroxide is utilized, and a protein precipitation step 

is incorporated before the protein samples are prepared for a bottom-up proteomics 

analysis. 

 

Figure 13: Workflow of the chemical denaturant-induced unfolding and protein 

precipitation method developed in this work. 

In the CPP approach, the soluble protein fraction decreases as a function of the 

GdmCl concentration in the original buffers and the precipitated protein fraction 

increases as a function of the GdmCl concentration in the original buffers. The direct 

binding of drug to a target protein will shift the target protein’s folding equilibrium in the 

original GdmCl-containing buffers such that the fraction of unfolded protein (and 
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ultimately the fraction of protein precipitated) is reduced. The extent to which the drug 

shifts the fraction of unfolded protein can be used to quantify the protein−drug 

interaction. The shifted unfolding equilibrium of the protein is not limited to the direct 

binding of ligand to a target protein. Shifts may also occur as a result of altered 

protein−protein interactions in the presence of the ligand (i.e., indirect effects of drug 

binding). 

3.3.2 Yeast Protein Target Discovery with CsA and Geldanamycin 

The CPP protocol outlined in Figure 13 was initially applied to two small molecule 

drugs, CsA and geldanamycin, with well-known protein targets. CsA is known to directly 

bind cyclophilins87,88, and geldanamycin is known to directly bind Hsp9089. These model 

drugs were chosen for this study because the protein targets of these drugs are well-

known, and the binding interactions of these drugs with their protein targets have been 

well-studied by conventional methods and by the SPROX methodology12,18, which is 

fundamentally identical to the CPP approach described here. 

Overall, close to 1000 and 600 yeast proteins were assayed in the CsA and 

geldanamycin binding experiments, respectively (see Table 6). The lower coverage of 

proteins in the geldanamycin binding experiment is most likely an artifact of the batch of 

trypsin used for digestion prior to LC-MS/MS analysis (see Materials). We note that, while 

fewer tryptic peptides were identified in the geldanamycin experiment compared to the 

CsA experiment, there was a relatively large number of semitryptic peptides identified in 
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the geldanamycin experiment (i.e.., 5416 out of 8252 total unique peptides compared to 

1539 out of 13 065 total unique peptides in the CsA experiment, data not shown). Only 

tryptic peptides were considered in the assay. 

Table 6: Summary of proteomic coverages and hits observed in the CsA and 

geldanamycin ligand binding experiments using the proteins in a yeast cell lysate 

ligand ligand 

concentration 

assayed 

proteins 

hits using 3σ 

(known targets) 

hits using 1.645σ 

(known targets) 

CsA 100 μM 1013 24 (CPR1, CPR3, 

CPR6) 

47 (CPR1, CPR3, 

CPR6) 

geldanamycin 20 μM 590 17 (HSP82) 41 (HSP82) 

 

The accuracy and sensitivity of the hit selection criteria for the CPP technique were 

investigated using two different statistically significant cutoffs, 3σ (99.7% two tail 

confidence interval, p = 0.003) and 1.645σ (90% two tail confidence interval, p = 0.1), for 

the normalized protein intensity differences used for hit selection. Using the more 

stringent cutoff of 3σ, 24 hit proteins were identified as CsA protein targets. These hits 

included three of the assayed cyclophilins (Figure 14A-C), each of which has been 

previously reported to bind or be inhibited by CsA90–92. In the geldanamycin binding 

experiment, 17 protein hits were identified using the more stringent cutoff of 3σ. These 

hits included HSP82 (a HSP90 family protein) (Figure 14E), which was the only identified 

hit with known geldanamycin binding behavior. Two representative nonhit proteins from 

the CsA and geldanamycin binding experiments are also shown in Figure 14D, F, 

respectively. The number of protein hits nearly doubled using the less stringent cutoff of 
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1.645σ. However, none of the additional protein hits had previously known binding 

interactions with either ligand. Unfortunately, it is difficult to determine if these 

additional protein hits are false positives or previously unknown targets of CsA and 

geldanamycin. However, if all the protein hits other than the cyclophilins in the CsA 

binding experiment and the HSP82 in the geldanamycin experiment are taken to be false 

positives, an upper bound of ∼2% can be established as the false positive rate of protein 

hit discovery using the most stringent cutoff of 3σ in CPP.  

In theory, the CPP approach is amenable to the detection of indirect protein targets 

of drugs (i.e., drug-induced protein-protein interactions). However, a well-known 

indirect target of CsA, calcineurin91, was not detected in this work. Calcineurin A and B 

subunits were both assayed in the CPP experiment but neither displayed an observable 

stability change. The binding of CsA to cyclophilin is known to induce a protein-protein 

interaction between cycophilin and calcinerin with a reported dissociate constant (i.e., Kd 

value) in the range of 0.12−0.17 μM93,94. The final concentration of cyclophilin in the 

GdmCl-containing buffers employed in this work was ∼0.1 μM based on protein 

expression data95. This is very close to the Kd value for calcineurin and the cyclophilin-

CsA complex. Thus, the expected folding free energy change associated with calcineurin 

(0.36 kcal·mol−1) is relatively small and less than that which was used in the hit selection 

criteria (i.e., >1 kcal/ mol). The inability to detect this indirect protein target underscores 

an important caveat associated with in vitro experiments using cell lysates, which is the 
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need to have sufficiently high protein and ligand concentrations to produce a measurable 

stability change. 

 

Figure 14: Representative denaturation curves of proteins in CsA (A− D) and 

geldanamycin (E and F) binding experiments using quantification on supernatant.  

For all plots, filled squares represent normalized intensity in the (+) ligand group, 

open squares represent normalized intensity in the (−) ligand group, the solid line 

represents the best fit curve for the (+) ligand group, and the dashed line represents 

the best fit curve for the (−) ligand group. 



 

74 

3.3.3 Protein Target Discovery with Sinefungin 

The CPP protocol in Figure 13 was also evaluated in a protein target discovery 

experiment using sinefungin and the proteins in an MCF-7 cell lysate. Sinefungin is a 

broad-based methyltransferase (MTase) inhibitor with IC50 values in the range of 0.1−20 

μM96. The sinefungin protein target discovery experiments described here involved the 

use of three sinefungin concentrations, (0.2, 1.2, and 2.5 mM) and two different 

centrifugation conditions (14 000 × g and 100 000 × g). In the 1.2 mM sinefungin 

experiment, we also examined the behavior of the proteins in both the supernatant and in 

the pellet. 

The proteomic coverages in the sinefungin experiments using the proteins in an 

MCF-7 lysate averaged about ∼1200 proteins (Table 7). This is substantially higher than 

the ∼800 proteins assayed in a recent drug mode of actions study using SPROX to identify 

protein targets of tamoxifen in a similar MCF-7 cell lysate97. This increase was realized 

with even just one LC-MS/MS run in the CPP experiment. The SPROX experiment 

included multiple LC-MS/MS runs and a specific methionine-containing peptide 

enrichment strategy97. This highlights the ability of CPP to significantly increase the 

proteomic coverage over that observed in SPROX without even using multiple LC-MS/MS 

runs on a highly fractionated sample. 
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The control experiment involved a comparison of the data in the (−) ligand groups 

from the 200 μM and 2.5 mM sinefungin binding experiments. The result suggests that 

the false discovery rate (FDR) of CPP is less than 0.5% if using 3σ cutoff for hit selection. 

Table 7: Summary of proteomic coverages and hits observed in the sinefungin 

binding experiments using the proteins in an MCF-7 cell lysate 

sinefungin 

concentration 

group assayed 

proteins 

Hits using 3σ 

(MTases) 

Hits using 1.645σ 

(MTases) 

200 μM supernatant 1201 (10) 7 (0) 49 (PRMT1, PRMT6) 

1.2 mM supernatant 1076 (7) 8 (PRMT6) 33 (PRMT1, PRMT6) 

 pellet 1237 (14) 36 (PRMT6, 

PCMT1) 

86 (PRMT1, PRMT6, 

PCMT1) 

 overlapped 680 (7) 1 (PRMT6) 3 (PRMT1, PRMT6) 

2.5 mM supernatant 1279 (12) 18 (PRMT1, 

PRMT6, RNMT) 

70 (PRMT1, PRMT6, 

PCMT1, RNMT, 

SHMT2) 

control supernatant 1160 (10) 5 (0) 40 (0) 

 

Representative denaturation curves for two of the methyltransferase hits (PRMT6 

and PRMT1) are shown in Figure 15A-C. As expected, increasing the sinefungin 

concentration in the assay increased the magnitude of the denaturation curve shifts for 

the hits, while there was no observable shift for the nonhit (ARMT1) at any of the 

sinefungin concentrations (Figure 15D). Not surprisingly, the total number of hits 

observed using the more stringent intensity difference cutoff of 3σ resulted in the 

detection of fewer hits (∼60−80% fewer hits) than were detected using the 1.645σ. The 

largest number of methyltransferase hits, 5, was detected using the 1.645σ cutoff and the 
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highest sinefungin concentration, 2.5 mM. The protein hit, PRMT6, with the highest 

affinity for sinefungin was the most consistently observed hit. 

 

Figure 15: Representative denaturation curves of proteins in three sinefungin binding 

experiments. (A, B, and D) Denaturation curves of PRMT6, PRMT1, and ARMT1 in 

three concentrations of sinefungin using quantification on supernatant. (C) 

Denaturation curve of PRMT6 using quantification on pellet. In all figures, filled 

circles, squares, and triangles represent normalized protein intensity in the (+) ligand 

group with sinefungin concentrations of 0.2, 1.2, and 2.5 mM, respectively. Open 

circles, squares, and triangles represent normalized protein intensity in the (−) ligand 

group with sinefungin concentrations of 0.2, 1.2, and 2.5 mM, respectively. The solid 

line represents the best fit curve for the (+) ligand group, and the dashed line 

represents the best fit curve for the (−) ligand group. 

In an effort to help differentiate true positives from false positives, the soluble 

proteins and the proteins in the pellet obtained after the centrifugation step in the 1.2 mM 

sinefungin experiment were both subject to identical quantitative bottom-up proteomics 

analyses. We reasoned that true positives would appear as hits in both analyses. In total, 
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1200 proteins were assayed in the pellet group. The same methyltransferases identified in 

the supernatant as well as one additional methyltransferase (PCMT1) that was not 

identified in the supernatant were identified as hits compared to the supernatant group. 

A comparison of the hits obtained in the supernatant and pellet groups revealed 3 

overlapping hit proteins. Two of these three were the methyltransferases, PRMT1 and 

PRMT6, which were the most consistently observed hits in the different sinefungin 

binding experiments. 

In order to evaluate the effect of centrifugation speed on the data collected using 

the CPP protocol, the centrifugation speed was increased from 14 000 × g to 100 000 × g in 

one of the sinefungin experiments. Increasing the centrifugation speed appeared to have 

no effect on the quality of the data (see Figure 15). Our results suggest that a benchtop 

centrifuge can be used successfully in the CPP protocol. 

3.3.4 Evaluation of Dissociation Constants for Protein-Drug 
Interactions 

The use of chemical denaturant in the CPP protocol is especially advantageous for 

quantitative analyses of protein-ligand binding interactions. The relationship between the 

folding free energy of a protein and chemical denaturant is well established86. This creates 

the opportunity to utilize the CPP technique to measure protein-drug binding affinities, 

by evaluating the binding free energy (i.e., ∆∆𝐺𝑓 value) associated with a protein-drug 

complex and using this ∆∆𝐺𝑓 value to calculate a dissociation constant (Kd) for the protein-
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drug interaction (see the Experimental Section). Table 8 summarizes the Kd values 

calculated from the CPP data generated on the protein-drug complexes in this study. 

Table 8: Summary of dissociation constants calculated for the protein-drug 

interactions detected in this work 

ligand protein calculated Kd reported Kd (IC50) 

geldanamycin HSP82 3 nM 9 nM 

cyclosporin A CPR1 0.13 μM 0.03 - 0.2 μM 

sinefungin PRMT6 0.13 μM (0.26 – 1.5 μM) 

sinefungin PRMT1 1.4 μM (1- 1.63 μM) 

sinefungin PCMT1 184 μM N/A 

sinefungin RNMT 0.78 μM (0.56 – 0.62 μM) 

sinefungin SHMT2 57 μM N/A 

 

The Kd (or IC50) values for several of the protein-ligand binding interactions in 

Table 8 have been previously determined87,98–104. In the case of geldanamycin and CsA, the 

CPP derived Kd values were in good agreement (within 3-fold) of those previously 

reported. In the case of sinefungin, the CPP derived Kd values were generally in line with 

the previously reported IC50 values. 

3.3.5 Correlation of Protein Precipitation Baseline and Protein Size 

One assumption under the CPP technique requires the protein’s refolding rate 

being substantially lower than the protein precipitation rate. This prerequisite ensures 

unfolded proteins in the chemical denaturant precipitate before refolding to their native 

states upon abrupt dilution. Therefore, the precipitation efficiency of proteins in the CPP 

technique should be correlated with the protein's refolding rate. That is, proteins with 

slower refolding rates should more efficiently precipitate out of solution; whereas 
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proteins with relatively fast refolding rates will not effectively precipitate out of solution. 

The latter proteins will have pre- and post-transition baselines in CPP analyses of the 

pelleted and soluble proteins (respectively) that are not 0.     

Unfortunately, the refolding rates of proteins have not yet been determined on the 

proteomic scale. However, larger proteins are expected to generally have slower refolding 

rates that smaller proteins. Therefore, the correlation between the protein precipitation 

baseline and the total amino acid number of the proteins from the control group in the 

model study involving yeast and CsA was examined. 

 

Figure 16: Plot of CPP post-transition baseline values from the soluble protein to the 

total amino acid number from 1001 yeast proteins in CsA binding control experiment. 

The correlation plot of CPP baseline to total amino acid number of each protein 

was shown in Figure 16. The baseline from all proteins ranges from about 0.8 to 0, with 

the range being smaller for larger proteins. While there is a trend of decreasing baseline 
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values for proteins of increasing size indicating that larger proteins tend to precipitate 

more than smaller ones, there are a number of smaller sized proteins with a wide range 

of baseline values. Indeed, the baseline variance of similarly sized 200-300 amino acid 

proteins is large, and in fact ranges from 0 to 0.8. Therefore, factors other than simply size 

must affect the precipitation efficiency. We also examined the correlations between 

baseline values with factors such as protein isoelectric point and hydrophobic amino 

acids, but the observed correlations are low. We believe the protein precipitation 

efficiency must be affected by multiple factors and cannot be explained by a simple model 

or factor.  
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4. Protein Target Discovery using CPP 

 This chapter describes the application of CPP to identify novel protein targets two 

small molecules: subglutinol A and clemastine fumarate. The study on subglutinol A is a 

collaborative work with professor Jiyong Hong at Duke University. The study on 

clemastine fumarate is a collaborative work with professor Emily Derbyshire at Duke 

University. 

4.1 Introduction 

Subglutinol A (Figure 17) is an -pyrone diterpenoid isolated from Fusarium 

subglutinans, which is an endophytic fungus from the vine Tripterygium wilfordii. T. 

wilfordii has been used as an anti-inflammatory drug in traditional Chinese herbal 

medicine for over two thousand years. In addition, formulated extracts made from T. 

wilfordii are Chinese FDA approved drugs (Lei Gong Teng tablets, CFDA approval 

#Z42021534) for rheumatoid arthritis, psoriasis, lupus-associated autoimmune nephrotic 

syndrome, and autoimmune hepatitis. The immunosuppressive activity of subglutinol A 

was highly potent in the mixed-lymphocyte reaction (MLR) and thymocyte proliferation 

(TP) assays (IC50 = 0.1 μM)105,106. Moreover, due to its low toxicity, it is expected to be a 

potential immunosuppressive drug. 
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Figure 17: Structure of subglutinol A. 

A previous study of the mechanism of subglutinol A showed that it profoundly 

inhibited T cell proliferation, survival, and pathogenic cytokine production by fully 

differentiated Th1 and Th17 cells in vitro, potentially by aggravating mitochondrial 

damage in T cells106. However, the detailed molecular mode-of-action of subglutinol A is 

still unknown. As a part of this work, the protein targets of subglutinol A were 

investigated using the proteins in a mouse 2B4 T cell lysate and the protein stability 

approach CPP. The goal of this work was to identify novel protein targets of subglutinol 

A. Such target proteins are expected to provide a novel perspective on subglutinol A's 

mode of action ultimately facilitating its future development, biological validation and 

clinical application. 

The second drug studied in this chapter is a molecule with previously established 

anti-malarial activity. Malaria is a mosquito-borne infectious disease affecting humans 

and other animals caused by single-celled eukaryotic parasites belonging to the 

Plasmodium group. In 2018, the World Health Organization reported over 200 million 
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malaria cases with over 400 thousand deaths. These parasites have multiple 

developmental stages, and in human hosts, the overwhelming majority of parasites are 

either in the liver or in the blood developmental stage. 

 In previous work, Derbyshire and colleagues identified clemastine fumarate 

(Figure 18) as a potential anti-malarial drug in both liver and blood stage with IC50 values 

below 1 μM107. Clemastine fumarate is an FDA-approved over-the-counter histamine H1 

antagonist used to treat or prevent allergy symptoms. However, the known human 

protein target of clemastine fumarate has no obvious homology in malaria parasite.107 In 

order to clarify the mode-of-action of clemastine fumarate on malaria parasite, large-scale 

profiling of clemastine fumarate protein target was the main focus of this work. Because 

of the difficulty in acquiring malaria parasite proteins, the target of clemastine fumarate 

was initially studied in the context of yeast protein matrix. However, the malaria parasite 

protein homologs of yeast potential binding targets are still expected to provide valuable 

information of clemastine fumarate anti-malarial mechanism. 

 

Figure 18: Structure of clemastine fumarate. 
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4.2 Experimental Section 

4.2.1 Materials 

The following materials were from Sigma-Aldrich (St. Louis, MO): guanidine 

hydrochloride (GdmCl), S-methylmethanesulfonate (MMTS), dimethyl sulfoxide 

(DMSO), urea, centrifugal filter units 10k (Amicon Ultra-0.5), tris(hydroxymethyl)-

aminomethane hydrochloride (Tris·HCl), thermolysin from geobacillus 

stearothermophilus, and clemastine fumarate. The following materials were from Thermo 

Scientific (Waltham, MA): 4-(2-aminoethyl)benzenesulfonyl fluoride hydrochloride 

(AEBSF), bestatin, E-64, leupeptin, pepstatin A, and trypsin protease MS grade. Tris(2-

carboxyethyl)phosphine hydrochloride (TCEP) was from Santa Cruz Biotechnology 

(Dallas, TX). MacroSpin columns (Silica C18) were from Nest Group (Southborough, MA). 

Phosphate-buffered saline (PBS, pH 7.4, 1x) was from Gibco (Gaithersburg, MD). 

Ethylenediaminetetraacetic acid (EDTA, 0.5 M, pH = 8.0) was from Mediatech, inc 

(Manassas, VA). Subglutinol A was synthesized and provided by Hyeri Park from 

professor Jiyong Hong lab at Duke University. DCK Antibody (H-3, sc-393099) was from 

Santa Cruz Biotechnology, Inc (Dallas, TX). Laemmli sample buffer (4x) was from Bio-Rad 

(Hercules, CA). 

4.2.2 Cell Culture and Lysis 

 Mouse 2B4 T hybridoma cells were cultured according to standard protocol and 

provided by Renze Ma from Professor Michael C. Fitzgerald lab at Duke University. Cell 
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pellets were lysed in PBS with protease inhibitor cocktail (1 mM AEBSF, 10 μM pepstatin 

A, 20 μM leupeptin, 15 μM E-64, and 500 μM bestatin). Cell lysis was accomplished using 

zirconia/silica beads (1 mm) at 4 °C with 20 s of disruption 20 times with 1 min intervals 

on ice in between. The cell lysate was centrifuged at 14 000 × g and 4 °C for 10 min, and 

the supernatant was saved for subsequent analysis. 

 Yeast were cultured and lysed according to standard protocol which is identical 

to that described in section 3.2.2 Cell Culture and Lysis.  

The total protein concentration in all lysates was determined using a Bradford 

assay and in case was found to be about 10 mg/mL. For each analysis, the test lysate was 

divided into two equal portions. One portion was spiked with a solution of the subglutinol 

A prepared in DMSO or clemastine fumarate prepared in PBS and one was spiked with 

DMSO or PBS as vehicle. The solutions were equilibrated for 1 hour before CPP analysis. 

4.2.3 CPP Analyses 

The CPP analyses applied on this work is identical to that outlined in Chapter 3 of 

this thesis and previously reported in reference3. The (+) and (−) ligand cell lysate samples 

were distributed into a series of GdmCl-containing buffers (PBS pH 7.4) with the final 

GdmCl concentrations ranging from 0 to 2.5 M. The final volume in each buffer was 20 

μL. The final concentration of subglutinol A and clemastine fumarate was 100 μM and 2 

mM, respectively. The solutions were equilibrated at room temperature for 15 min before 

480 μL of deionized water was added into each solution to initiate protein precipitation. 
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After 10 min, the samples were centrifuged at 14 000 × g and 4 °C for 20 min. The same 

volume of supernatant in each (+) and (−) ligand sample containing no more than 80 μg 

proteins from each centrifuged sample was transferred into a 10k centrifugal filter unit. 

The precipitated protein pellets were rinsed with 200 μL of ice-cold deionized water three 

times and re-dissolved in 200 μL of 0.1 M Tris·HCl buffer (pH 8.5) containing 8 M urea 

and 5 mM TCEP, before the same volume of each solution containing no more than 80 μg 

proteins was transferred into a 10k centrifugal filter unit. All the samples were subjected 

to a filter aided sample preparation (FASP) protocol that involved reduction with TCEP, 

reaction with MMTS, digestion with trypsin, and labeling with a TMT-10plex reagent kit 

according to the manufacturer’s protocol. The TMT-10plex labeling scheme involved 

labeling the protein samples derived from each of the denaturant concentrations in the (−) 

ligand samples with the reagents from one TMT-10plex and labeling each of the 

denaturant concentrations in the (+) ligand samples with the reagents from another TMT-

10plex. 

4.2.4 Quantitative LC-MS/MS Analyses 

LC-MS/MS analyses were performed on a Q-Exactive HF high-resolution mass 

spectrometer (Thermo) with a nano-Acquity UPLC system (Waters) and a 

nanoelectrospray ionization source fitted with a SilicaTip emitter (New Objective). 

Samples were trapped on a 2D Symmetry C18 trapping column with dimensions of 180 

μm × 20 mm, particle diameter of 5 μm, and pore size of 100 Å. The trapping time was 5 
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min at 5 μL/min (99.9:0.1 v/v water/acetonitrile 0.1% formic acid). The samples were 

separated on a 75 μm × 250 mm high strength silica (HSS) T3 column with 1.8 μm particle 

diameter (Waters) heated to 55 °C. Peptides were separated using a gradient of 3−30% 

acetonitrile with 0.1% formic acid over 90 min at a flow rate of 0.3 μL/min. Data collection 

was performed in a data-dependent acquisition (DDA) mode with a resolution of 120 000 

(at m/z 200) for full MS scan from m/z 375−1600. The target AGC value was 3 × 106 ions; 

the maximum ion trap fill time was 50 ms, and the normalized collision energy was 27 V. 

This MS scan was followed by 20 product ion scans at a resolution of 30 000 (at m/z 200), 

using a minimum AGC target value of 2.25 × 106 ions, an isolation window of 1.2 m/z, and 

a dynamic exclusion time of 20.0 s. 

4.2.5 Proteomic Data Analyses 

Proteome Discoverer 2.2 was used to search the raw LC-MS/MS files against home 

mouse (mus musculus) or yeast proteins in the 2017−06−07 release of the UniProt 

Knowledgebase. The searches were performed with fixed MMTS modification on 

cysteine, TMT-10plex labeling of lysine side chains and peptide N-termini, variable 

oxidation of methionine, variable deamidation of asparagine and glutamine, and 

acetylation of the protein N-terminus. The precursor mass tolerance was set at 10 ppm. 

The fragment mass tolerance was set at 0.02 Da. Trypsin was set as the enzyme, and up to 

two missed cleavages were allowed. For peptide and protein quantification, reporter 

abundance was set as intensity; co-isolation threshold was set as 60%, and normalization 
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mode and scaling mode were each set as none. Also, only proteins with protein FDR 

confidence labeled as “high” (i.e., FDR < 1%), with at least 2 PSMs quantified, and with 

no more than 2 quantification channels being 0 were used for the following analysis. 

Data analysis was accomplished identically to previous described in 3.2.5 

Proteomic Data Analyses using a Mathematica 11.0 script that involves intensity 

normalization, least-square regression, hit selection, and Kd calculation. For hit selection, 

3 criterion was used to ensure low false discovery rate with high data quality. 

4.2.6 Gel-Based Pulse Proteolysis on DCK – Subglutinol A Binding 

Pulse proteolysis was done collaboratively with Renze Ma and Kun Xiang from 

Duke University. The (+) and (−) subglutinol A cell lysate samples were distributed into a 

series of GdmCl-containing buffers (PBS pH 7.4) with the final urea concentrations 

ranging from 1.25 to 3 M. The final volume in each buffer was 30 μL. The final 

concentration of subglutinol A in each buffer was 100 μM, 1 μM, or 0 μM depending on 

the experiment. The solutions were equilibrated at room temperature for 1 hour before 0.5 

μg thermolysin in 1 μL PBS was added into each solution. The final ratio of thermolysin 

to total protein is 1:10 (w/w). The reaction was quenched by adding 1 μL 0.5 M EDTA after 

1 min. Each protein solution was mixed with Laemmli sample buffer, heated to 95 oC for 

5 min, separated by 10% SDS–PAGE and then transferred to a Hybond membrane 

(Amersham). The membranes were incubated with DCK antibody in 5% milk/TBST buffer 

(25 mM Tris pH 7.4, 150 mM NaCl, 2.5 mM KCl, 0.1% Triton-X100) overnight, and then 
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probed for 1 h with secondary horseradish peroxidase-conjugated anti-mouse IgG (Santa 

Cruz). After extensive wash with PBST, the target proteins were detected on membrane 

by enhanced chemiluminescence (Pierce). 

4.3 Results and Discussion 

4.3.1 Identification of Subglutinol A Protein Targets 

Initially, the CPP technique was employed to identify the protein targets of 

subglutinol A in a T cell lysate. The CPP protocol employed here is identical to that 

described in section 3.3.1 Experimental Workflow. Briefly, the experiment involves 

incubating the 2B4 T cell lysate with and without subglutinol A before aliquots of each 

sample are distributed into a series of buffers containing increasing concentrations of 

GdmCl. The protein samples in each GdmCl-containing buffer are equilibrated and 

diluted with water, so that the unfolded proteins in the original GdmCl-containing buffers 

aggregate. The aggregated proteins are then separated from the folded proteins in 

solution by centrifugation. After centrifugation, proteins in the supernatant and the pellet 

were then quantified using a standard quantitative bottom-up proteomic analysis with 

isobaric mass tags. The soluble protein fraction decreases as a function of the GdmCl 

concentration in the original buffers and the precipitated protein fraction increases as a 

function of the GdmCl concentration in the original buffers. The direct binding of drug to 

a target protein will shift the target protein’s folding equilibrium in the original GdmCl-

containing buffers such that the fraction of unfolded protein (and ultimately the fraction 
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of protein precipitated) is reduced. The extent to which the drug shifts the fraction of 

unfolded protein can be used to quantify the protein−drug interaction. 

In comparison to other protein stability techniques, such as SPROX, pulse 

proteolysis, limited proteolysis, and TPP, the CPP provides relatively high proteome 

coverage, relatively low false discovery rates, and quantitative thermodynamic 

information. These combined capabilities of CPP made it an attractive method by which 

to discover the potential binding target of subglutinol A in this work. As part of this work 

two biological replicates of the CPP technique were performed.  The results obtained from 

these two biological replicates are summarized in Table 9. 

Table 9: Summary of proteomic coverages and hits observed in the subglutinol A 

binding CPP experiments on proteins from 2B4 T cell lysate. 

replicates group assayed protein hits 

1 supernatant 1276 32 

 pellet 1243 39 

 overlapped 811 1 (DCK) 

2 supernatant 1137 22 

 pellet 1121 17 

 overlapped 708 1 (DCK) 

 

The proteome coverages for both sets of experiment, each with one supernatant 

and one pellet, were similar to that was previously reported in the first proof-of principle 

paper. The hit rates observed in each analysis of the supernatant and pellet ranged from 

1.5 ~ 3.1%, which is similar to the hits rates and false discovery rates found during the 

initial development and validation of the CPP technique described in Chapter 3 and 
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published in reference 33. This indicates the hits observed in each of four experiments may 

contain many false discovered proteins. A comparison between the soluble protein hits in 

supernatant and aggregated protein hits in pellet should exclude most false discoveries, 

since true positives would appear as hits in both analyses. Indeed, in both replicates, there 

is only one protein target that were overlapped, and interestingly, the only overlapped hit 

protein is same in both replicates. This one protein, deoxycytidine kinase (DCK), is a high 

confidence hit indicating that is a target of subglutinol A, and very likely involved in the 

drug's mode of action. 

It is noteworthy that requiring a CPP protein hit to appear both in the supernatant 

and the pellet analysis brings the false positive rate to nearly 0.  In fact, the development 

work in Chapter 3, if such a requirement is imposed on the protein hits, the false positive 

rates in the model systems was indeed 0.   

The DCK denaturation curves acquired from CPP in both replicates are shown in 

Figure 19. The DCK denaturation curves were consistent when comparing between 

biological replicates, and when comparing across the pellet and supernatant groups. This 

suggests high confidence in the DCK denaturation curves acquired in the CPP 

experiment. 
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Figure 19: Denaturation curves of DCK obtained from two CPP experiments. A) 

Denaturation curves acquired for DCK – subglutinol A using quantification on 

supernatant. B) Denaturation curves acquired for DCK – subglutinol A using 

quantification on pellet. Solid and dashed lines represent the best fit curve for data 

from ligand and control CPP experiment, respectively. 

4.3.2 Target Validation of Subglutinal A with Pulse Proteolysis 

 The binding interaction between DCK and subglutinol A was further validated 

using a targeted pulse proteolysis. Because pulse proteolysis utilizes a different 

denaturant and different quantification method, it is believed to be a good complementary 

validation method for large-scale target discovery, such as CPP. The experiment 

procedure was similar to the original reported pulse proteolysis108. However, a 

immunoblot readout was acquired instead of direct gel visualization so that the protein 

binding can be detected in a complex mixture. The actual pulse proteolysis workflow was 

shown in Figure 20. As binding with ligand typically stabilized the protein, it is expected 
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to observe higher amount of non-cleaved protein with ligand than the vehicle, which 

indicates a shift of the denaturation curve to higher urea concentration.   

 

Figure 20: Pulse proteolysis with immunoblot readout workflow for target validation. 

The final immunoblot readout was presented in Figure 21. A clear stabilization 

effect of subglutinol A (final concentration of 100 μM) to DCK was observed at urea 

concentration 1.5 – 2.75 M, indicating a shift of around 1.25 M urea. Using this denaturant 

shift and the m value calculated from DCK amino acid sequence86, a dissociation constant 

2B4 T cell lysate

Urea Urea

(+) subglutinol A (-) control

1. 1:10 thermolysin 1 min
2. Quench with EDTA

Immunoblot for intact DCK

Urea Urea
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Kd of 0.21 μM can be estimated. This value is in good agreement with the Kd calculated 

from the CPP discovery experiment and the cell-based IC50. The pulse proteolysis 

experiment demonstrated here thus serves to validate the binding interaction between 

subglutinol A and DCK, and also supplement the Kd calculation from CPP. 

 

Figure 21: Western blot readout of pulse proteolysis on subglutinol A and DCK 

binding. 

Because indirect binding of ligand can also stabilize the protein, previously 

described experiment cannot distinguish direct or indirect interaction between DCK and 

subglutinol A. One possible mechanism of indirect stabilization effect is that only the 

complex of subglutinol A and another protein interacts with DCK. In order to test this 

hypothesis, the pulse proteolysis experiment was done with a much lower concentration 

of subglutinol A (1 μM), but however still higher than most proteins concentration in the 

cell lysate. Given the cell-based IC50 being order of 0.1 μM, the direct stabilization effect 

on DCK should be hardly observable with 1 μM subglutinol A. However, if subglutinol 

A acts as the above indirect hypothesis, the indirect stabilization effect of DCK is 

1.25M Urea 1.5M Urea 1.75M Urea 2M Urea

2.25M Urea 2.5M Urea 2.75M Urea 3M Urea lysate

100μM      1μM     vehicle  100μM   1μM    vehicle    100μM    1μM     vehicle    100μM   1μM    vehicle

100μM   1μM  vehicle     100μM    1μM     vehicle   100μM    1μM      vehicle    100μM   1μM     vehicle

DCK

DCK

Subglutinol A

Subglutinol A
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determined by the concentration of the complex of subglutinol A and another protein, 

which is barely correlated with the concentration of subglutinol A, since the limiting 

reagent is the ligand interacting protein. Therefore, the indirect stabilization effect of 

subglutinol A will be similar to the 100 μM experiment. The result shown in Figure 21 

indicates that the immunoblot result from 1 μM experiment is similar to the vehicle rather 

than the 100 μM experiment. Therefore, the interaction between DCK and subglutinol A 

is more likely to be direct binding instead of the indirect hypothesis. 

4.3.3 Identification of Clemastine Fumarate Protein Targets 

Among energetic protein-ligand measurement techniques, CPP was used in this 

study because of its relatively high proteome coverage, easily employed workflow, and 

low false discovery rate. The CPP workflow employed in this study is identical to that 

described in 3.3.1 Experimental Workflow. In order to reduce false discovery rate, the 

binding experiment data was generated on protein derived both from the supernatant and 

the pellet. The final proteomic coverage result is summarized in Table 10. 

Table 10: Summary of proteomic coverages and hits observed in the clemastine 

fumarate binding CPP experiments on proteins from yeast cell lysate 

group assayed proteins hits 

supernatant 993 26 

pellet 1300 42 

overlapped 788 8 

 

 In total, around 1000 proteins were assayed in supernatant and pellet experiment, 

which is similar to previous proof-of-principle experiment and the subglutinol A binding 
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experiment described in section 3.3 Results and Discussion and 4.3.1 Identification of 

Subglutinol A Protein Targets. The protein hit rate is about 3%, which is close to the false 

discovery rate of CPP using either quantification on supernatant or pellet. In order to 

reduce false discovery rate, the protein hits were compared across supernatant and pellet 

group. In total 8 proteins were identified as potential binding targets in both supernatant 

and pellet group. A list of these proteins was summarized in Table 11, and two 

representative examples of protein precipitation curves were shown in Figure 22. 

Table 11: Potential protein targets of clemastine fumarate in a yeast lysate 

accession number protein name P. falciparum homolog 

P00128 cytochrome b-c1 complex subunit 7  

P24280 SEC14 cytosolic factor XP_966281.1 

P32190 glycerol kinase XP_001350228.1 

P38707 asparagine--tRNA ligase, cytoplasmic XP_001349624.1 

P47119 inosine triphosphate pyrophosphatase XP_001349110.1 

P54838 dihydroxyacetone kinase 1  

Q00764 alpha,alpha-trehalose-phosphate 

synthase [UDP-forming] 56 kDa subunit 

 

Q04062 26S proteasome regulatory subunit RPN9  

 

All eight protein hits were destabilized after treated with clemastine fumarate. 

This suggests the interaction of clemastine fumarate with these proteins are possibly 

through an indirect mechanism. For example, clemastine fumarate may disrupt the 

interaction between the hit protein and another small molecule or protein in the lysate, so 

that the hit protein is destabilized. 



 

97 

The protein hits observed in CPP experiment are most interesting if they also have 

homology to that presents in malaria parasite proteome. The protein homologs in P. 

falciparum were identified by standard protein BLAST (National Center for Biotechnology 

Information) with e value threshold of 10-5 and were summarized in Table 11. Four of the 

eight potential protein hits actually have their homolog present in malaria parasite 

proteome. These four proteins are SEC14 like cytosolic factor, glycerol kinase, asparagine-

-tRNA ligase, and inosine triphosphate pyrophosphatase. Since these protein hits were 

identified with potential interaction with clemastine fumarate with the yeast proteins in 

this study, it is likely that the homologous proteins in malaria parasite may also be targets 

of the drug. Future studies are in progress to investigate such protein targets in malarial 

parasites. 
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Figure 22: Denaturation curves of two representative hit proteins from clemastine 

fumarate binding experiment. A) SEC14 cytosolic factor (SEC14). B) inosine 

triphosphate pyrophosphatase (HAM1). Both proteins showed destabilization effect by 

clemastine fumarate. Solid and dashed lines represent the best fit curve for data from 

ligand and control CPP experiment, respectively. 
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4.4 Conclusion 

 In a part of this work, a large-scale protein ligand interaction profiling technique 

CPP was used to identify the binding target of subglutinol A, a potential 

immunosuppressive natural product. From two biological replicate, about 1000 proteins 

were assayed, and several dozens of potential targets were identified. Using comparison 

between supernatant and pellet, false discovery can be largely reduced. Only one protein, 

deoxycytidine kinase (DCK), was consistently identified from the comparison in both 

replicates. The calculated dissociation constant Kd of DCK is in general agreement with 

the reported cell-based IC50 of subglutinol A, which indicates its potential role in 

subglutinol A’s mode-of-action. A western blot pulse proteolysis was then used to 

validate the interaction between DCK and subglutinol A. The pulse proteolysis results 

suggested that DCK binds to subglutinol A, and the calculated Kd is in agreement with 

the Kd calculated from CPP experiments. Pulse proteolysis also suggested the interaction 

between subglutinol A and DCK is more likely to be a direct binding mechanism rather 

than an indirect mechanism. Further biological validation of this interaction is still under 

investigation in our lab. 

In another part of this work, around 1000 proteins in a yeast lysate were assayed 

for their interaction with clemastine fumarate, a potential anti-malarial drug, using newly 

developed CPP approach. Among these proteins, 8 were identified in both supernatant 

and pellet groups, which suggests the highest confidence. These 8 proteins were all 
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destabilized by clemastine fumarate, which indicates possible indirect interaction 

between the protein and the drug. 4 out of these 8 proteins were of most interests for 

further study since their homologs were present in the malaria parasite proteome. Further 

studies are still in progress in our lab.  
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5. Conclusions 

This dissertation describes the development and application of proteome-wide 

methods for making protein folding stability measurements. Understanding protein 

stability is important because this biophysical property is closely related to protein 

function. As demonstrated by the work in this dissertation, protein stability 

measurements can provide valuable information about protein structure, protein-ligand 

interactions, and protein post-translational modifications. The ability to make protein 

folding stability measurements on proteins in unpurified samples is not only 

experimentally convenient but also fundamentally important. The extensive protein 

purification procedure can be avoided and moreover, protein-protein interactions within 

the protein matrix will be preserved. Protein stability measurements are also extremely 

useful as they can be done with unpurified samples, such as cell lysate, so that they are 

readily applicable to real-life samples.  

As an emerging field in structural biology, large-scale protein stability 

measurements promising tool that is still under development. The goal of this work was 

to make progresses on the technique itself and extend it to new study area. The major 

contribution of this work included (1) the extension of proteome-wide thermodynamic 

stability measurements to characterize the effects of protein post-translational 

modifications, (2) the development of a new large-scale protein stability measurement 

approach that can be used to identify and quantify protein-ligand interactions, and (3) the 
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application of this newly developed approach to two small molecules with biological 

activities and unknown modes-of-action. 

Chapter 2 of this dissertation described an extension of previously reported 

protein stability measurement into protein post-translational modification. The result of 

this study provided functional understanding of protein phosphorylation through their 

effect on protein conformation and stability. Specifically, SILAC-LiP and SILAC-SPROX 

were used to study protein conformational changes induced by dephosphorylation by 

alkaline phosphatase. These two techniques identified 168 and 251 proteins with 

phosphorylation-induced local fluctuation or global unfolding structural changes. 

Interestingly, the folding free energy change of dephosphorylation on different aaRSs 

were found to be directly correlated with their previously reported aminoacylation 

activity change upon dephosphorylation, which substantiate the close relationship 

between protein function and protein stability. Due to the limitation from bottom-up 

proteomics, site-specific effect of PTMs on protein stability cannot be measured using the 

above-mentioned workflow. SPROX was then extended to proteoform level using top-

down MS approach. The proposed workflow was employed on a proof-of-principle study 

using acetylated ubiquitin, and the ability to extract thermodynamic property of 

proteoforms using top-down MS was demonstrated. 

Chapter 3 described the development of a chemical denaturation and protein 

precipitation (CPP) technique for identifying protein-drug interactions. Previously 
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reported techniques, such as TPP, SPROX and pulse proteolysis, suffer either from the 

inability to quantify thermodynamic properties (TPP) or from relatively low proteome 

coverage and relatively high false positive rates due to the need for peptide level 

quantitation in the bottom up proteomics experiment (SPROX). A newly designed CPP 

technique combined the advantages of TPP (e.g., high proteome coverage and relatively 

low false positive rates due to the protein level quantification in the bottom up proteomics 

experiment) with the advantages of SPROX (e.g., the ability to quantify the 

thermodynamic properties of protein ligand interactions). The CPP technique was 

initially tested on three model drugs with well-known binding target, and yielded results 

that were consistent with the known protein binding interactions. This work expands the 

toolkit that is available to identify and quantify protein-ligand interaction in a complex 

mixture. Expansion of the toolkit is important as there are relatively few techniques for 

doing protein target discovery experiments on the proteomic scale. Also, with the few that 

do exist it can be difficult to differentiate false positives from true positives. With 

additional techniques, it becomes possible to use one technique to help validate the results 

obtained in another technique. 

Chapter 4 described the application of CPP technique to two small molecules, 

subglutinol A and clemastine fumarate. Subglutinol A is a potential immunosuppressive 

drug and clemastine fumarate is a potential anti-malarial drug, both with unknown mode-

of-action. In each case the CPP technique assayed about 1000 proteins for small molecule 
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binding and identified several potential binding targets. In the subglutinol A study, only 

one protein, deoxycytidine kinase (DCK), was identified as the binding target. This result 

was further validated with a targeted pulse proteolysis experiment. The pulse proteolysis 

experiment also suggested the interaction between DCK and subglutinol A is likely direct 

binding. In the clemastine fumarate experiment, 8 proteins from yeast lysate were 

identified as protein targets of this small molecule. Four of those proteins actually have 

their homologs in malaria parasite proteome, which provided most interests for further 

studies. Discovering the binding targets of subglutinol A and clemastine fumarate helps 

to clarify the mode-of-action of these drugs, to identify their potential off-target effects, 

and may eventually facilitate their future biological validation and clinical applications. 

In conclusion, this dissertation demonstrates the ability of proteome-wide 

thermodynamic profiling strategies to provide a new paradigm for the characterization of 

phosphorylation. This strategy can be extended to a variety of post-translational 

modifications on proteins, such as acetylation, methylation, glycosylation, where current 

functional studies were still limited. Understanding the role of PTMs are important as 

they are closely related to protein structure and functions. Coupled with SPROX, 

proteoform-specific stability measurement can be readily achieved with label-free top-

down proteomics. Incorporating top-down MS with thermodynamic stability 

measurement can further extend into the study of site-specific and coexist of post-

translational modification, which contains more physiological meaning than any isolated 
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PTM. This dissertation also demonstrated the feasibility of detecting protein-drug 

interaction using CPP. Inherently similar to other thermodynamic stability measurement, 

CPP can also be applied to study disease states, such as human breast cancer cell lines, 

and PTM-related protein structural changes. Final data improvement can be expected as 

CPP has higher proteome coverage and data quality than many other energetic-based 

techniques. The results from CPP are expected to complement and cross-validate the 

protein stability changes that were observed from previous SPROX studies on disease 

states and PTMs. 

Recently, a “one-pot” approach was reported where proteins, after pulse 

proteolysis or TPP treatment, from different denaturant containing buffers or 

temperatures were pooled together before any further quantification109. This strategy 

provided similar readout with conventional procedures, where protein from every 

denaturant or temperature were quantified. However, since only the pooled samples were 

quantified, this strategy is expected to largely reduce the experimental complexity and 

costs of isobaric-tag based large-scale protein stability measurements such as pulse 

proteolysis, CPP, SPROX and TPP. Moreover, this new strategy also eliminated the 

limitation of no more than 10 different denaturant concentration or temperatures raised 

by the TMT-10plex isobaric-tag, so that a wider range and smaller spacing of denaturant 

concentration or temperature can be easily achieved, which eventually increases the 

stability measurement data quality. Development of “one-pot” coupled proteome-wide 
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protein stability measurements (pulse-proteolysis, CPP, SPROX, and TPP) is still in 

progress in our lab. 
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