
UC Berkeley
UC Berkeley Electronic Theses and Dissertations

Title
Integrating Chemoproteomic and Metabolomic Platforms for Target Identification and 
Toxicological Assessment of Environmental Chemicals

Permalink
https://escholarship.org/uc/item/8h63j2xp

Author
Medina-Cleghorn, Daniel Arthur

Publication Date
2015
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/8h63j2xp
https://escholarship.org
http://www.cdlib.org/


 
 

 

Integrating Chemoproteomic and Metabolomic Platforms for Target Identification and 
Toxicological Assessment of Environmental Chemicals 

 
 

by 
 

Daniel Arthur Medina-Cleghorn 
 
 
 

A dissertation submitted in partial satisfaction of the  
 

requirements for the degree of 
 

Doctor of Philosophy 
 

in 
 

Molecular Toxicology 
 

in the 
 

Graduate Division 
 

of the 
 

University of California, Berkeley 
 
 
 
 

Committee in charge: 
Professor Daniel K Nomura, Chair 

Professor John E Casida 
Professor Martyn T Smith 
Professor Sarah A Stanley 

 
 

Spring 2015 
 



 
 

 



 
 

1 

ABSTRACT 
 
 
 

Integrating Chemoproteomic and Metabolomic Platforms for Target Identification and 
Toxicological Assessment of Environmental Chemicals 

 
 

by 
 
 

Daniel Arthur Medina-Cleghorn 
 

Doctor of Philosophy in Molecular Toxicology 
 

University of California, Berkeley 
 

Professor Daniel K Nomura, Chair 
 
 

We are exposed to increasing numbers of chemicals, most of which have incomplete 
toxicological characterization. As many diseases have environmental causes, we must 
understand the molecular mechanisms of toxicity these chemicals elicit. Traditional 
toxicity testing relies on assessing indirect phenotypic outcomes, and deconvoluting the 
mechanism underlying these effects is challenging. Understanding the direct chemical-
protein interactions of environmental chemicals is crucial for revealing their mechanisms 
of action to link adverse health outcomes, predict potential toxicities, and inform safer 
design of future chemicals. This work demonstrates how integrated chemoproteomics 
and metabolomics platforms can identify direct protein targets of environmental 
chemicals and reveal their downstream biochemical effects. After describing the 
chemoproteomics and functional metabolomics technologies used here, I discuss an 
activity-based proteomics method used to reveal the proteome wide off-targets of the 
widely used insecticide chlorpyrifos in vivo in mice. Then, I show how a compound-
specific bioorthogonal chemical probe comprehensively reveals protein targets of the 
organophosphorus flame retardant triphenylphosphate, which causes dyslipidemia upon 
exposure. Finally, I use a broad chemoproteomic approach to profile the cysteine 
reactivity of multiple environmental electrophiles and identify enzyme targets of the 
fungicide chlorothalonil involved in fatty acid oxidation. These studies demonstrate the 
power and utility of combining chemoproteomics technologies to reveal the protein 
targets of environmental chemicals with metabolomics platforms to elucidate the 
biochemical effects of inhibition. This approach generated novel mechanistic detail to 
inform mechanism and predict toxicities of existing chemicals, and can be used to 
optimize design of future chemicals to protect human and environmental health. 
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INTRODUCTION 
 
Over the last several decades the number of chemicals produced for industrial, 
agricultural, consumer, and many other uses have increased dramatically 1. However, 
toxicity testing of this growing number of chemicals has not kept pace, and of the 
fraction of chemicals with any toxicity information, an even smaller proportion have 
mechanistic information that reveals the causes of toxicity 1. We are exposed to an 
increasing number of these chemicals regardless of their testing status, and it is 
becoming increasingly apparent that there are many diseases that are related to 
environmental exposure or to gene-environment interactions 2,3. As such, it is critical to 
fully characterize chemical toxicity in a detailed mechanistic fashion, to predict and 
prevent exposure-related diseases for existing chemicals and to design safer chemicals 
that avoid toxicities. 
 
One challenge faced in studying toxic mechanisms of action is that traditional toxicity 
testing often relies on assessing indirect outcomes. Using phenotypic endpoints such as 
lethality, organ damage, and necrosis to determine mechanism of action is extremely 
difficult. More modern methods such as transcriptome profiling or using defined 
biochemical or receptor assays are potentially more revealing, but are far from 
comprehensive and may not reveal the direct molecular targets interacting with a 
chemical to cause toxicity. Overall, deconvoluting the mechanism underlying toxic 
effects using these indirect techniques has proven challenging. Understanding the direct 
chemical-protein interactions of environmental chemicals is crucial in revealing their 
mechanisms of action to link adverse health outcomes, predict potential toxicities, and 
inform safer design of future chemicals. 
 
In recent years new technologies in the fields of chemoproteomics and metabolomics 
have emerged that could address the limitations of existing toxicity testing methods. 
Chemoproteomic approaches can provide direct, comprehensive information on the 
protein targets of environmental chemicals in vitro and in vivo. Metabolomics profiling 
platforms can broadly assess the biochemical landscape of a living system, revealing 
the consequences of chemical-protein interactions. Here I describe my integration and 
application of these technologies to reveal the direct protein targets and biochemical 
consequences of environmental chemicals to assess their toxicity. 
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CHAPTER ONE: EXPLORING METABOLIC PATHWAYS AND REGULATION 
THROUGH FUNCTIONAL CHEMOPROTEOMIC AND METABOLOMIC PLATFORMS 
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Introduction 
 
Here in Chapter 1, the technologies used throughout this dissertation are described in 
detail. Specifically, chemoproteomics platforms are used for protein target identification 
and metabolomics platforms are used to profile the biochemical state of a living system 
to understand the initial and downstream effects of a given small molecule. 
 
One of the most provocative findings to come out of the Human Genome Project was 
the discovery of a large number of genes encoding proteins with unknown function, 
including many uncharacterized enzymes that participate in the metabolism of small-
molecule metabolites 4. These data revealed that our knowledge of cellular metabolism 
was far less complete than we thought, and opened up the possibility for a yet 
undiscovered landscape of metabolites and metabolic pathways. Indeed, even our 
understanding of well-characterized enzymes and their metabolic functions in normal 
physiology remains largely incomplete, especially in the pathological states where these 
pathways may be rewired or possess unique or novel functions. We are now faced with 
the grand challenge of deciphering these uncharacterized metabolic networks and 
disentangling the normal and disease roles of previously described metabolic pathways. 
This undiscovered metabolic space presents an exciting opportunity for discoveries in 
basic biology and opens up the potential for targeting unique or novel metabolic drivers 
of diseases related to dysregulated metabolism, such as obesity, diabetes, 
atherosclerosis, cancer, infection, and inflammatory diseases. Recent work has also 
demonstrated the regulatory importance of metabolite flux through a given pathway and 
the diverse roles of small biomolecules beyond classical metabolism, including signaling 
and epigenetic, transcriptional, and post-translational regulation of critical cell function. 
 
In this chapter I will describe how innovative techniques have been used to successfully 
identify, characterize, and pharmacologically target nodal metabolic pathways important 
in mammalian physiology and disease. Specifically, I will discuss chemoproteomic and 
metabolomic approaches that have been useful in globally assessing enzyme activities, 
developing chemical tools to interrogate enzyme function, and mapping the metabolic 
pathways and metabolite-driven regulation controlled by these enzymes. 
 

Chemoproteomic approaches to assess the functional state of enzymes in 
complex biological systems  
 
One of the key challenges of studying enzyme function has been the ability to assay for 
explicit metabolic enzyme activities of specific proteins in complex biological systems, 
especially for enzymes with no known substrate or function. Developing a method for 
global assessment of enzyme functionality remains difficult as: 1) enzymes can be 
regulated by post-translational events in vivo, which are poorly detected by standard 
gene and protein expression profiling; 2) a substantial proportion of the proteome 
remains functionally uncharacterized, preventing the use of substrate-activity assays; 
and 3) the physicochemical properties of many enzymes complicate their analysis in 
biological samples (e.g. low abundance, difficulty in enrichment). 
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One powerful method developed to address these challenges is activity-based protein 
profiling (ABPP), a chemoproteomic platform that employs activity-based probes (ABPs) 
that measure the functional state of enzymes en masse in complex biological samples 
5–7. An ABP consists of a chemical group that covalently reacts with the active sites of 
enzymes across a particular enzyme class based on chemical reactivity within a 
conserved catalytic architecture, and an analytical handle that facilitates a simultaneous 
read out enzyme activities (Figure 1-1A). This analytical handle can be a fluorophore for 
visualizing enzyme activities, or a biotin handle for enrichment, identification, and 
quantification of activities by mass spectrometry-based proteomics (Figure 1-1B). To 
date, there exist ABPs for more than a dozen enzyme classes, including hydrolases, 
proteases, kinases, phosphatases, glycosidases, caspases, oxygenases, 
oxidoreductases, and nitrilases 8–18. 
 
ABPP overcomes many of the traditional challenges facing enzyme activity assessment 
in complex samples. First, these probes selectively and simultaneously label all the 
active, but not inactive enzymes in a class, revealing changes in enzyme activity distinct 
from alterations in protein or transcript expression level 11,19. Second, ABPs enable 
enzyme activity assessment of uncharacterized enzymes, since these probes react with 
active sites based on class-wide conserved chemical reactivity 16,20,21. Third, ABPs allow 
enrichment of specific classes of enzymes based on shared functional properties, 
facilitating characterization of enzymes that may be in low abundance or are embedded 
in a membrane 20,22.  
 
Since the initial development by Cravatt and Bogyo, ABPP platforms have incorporated 
chemical and analytical methods that enable detecting enzyme activities in cells or in 
vivo, mapping sites of probe labeling in the proteome, and quantitative assessment of 
enzyme activities. One of the most significant advances in ABPP platforms has been 
the complementation with bioorthogonal “click chemistry” methods 23. Bioorthogonal 
ABPs bearing an alkyne handle (instead of rhodamine or biotin) can be treated in vitro, 
in situ, or even in vivo to label active enzymes, facilitating target identification by 
subsequently appending an analytical handle (e.g. rhodamine-azide or biotin-azide) in 
vitro through copper-catalyzed “click chemistry” 23. Another development has coupled 
ABPP with stable isotopic labeling of cells (ABPP-SILAC) (Figure 1-2A) for quantitative 
proteomic analysis of enzyme activities 24. To improve the throughput of gel-based or 
mass spectrometry-based ABPP, Bachovchin and colleagues adapted a method for 
high-throughput screening using fluorescence polarization (fluopol-ABPP) (Figure 1-2B), 
primarily used for inhibitor screening 25 . Recently, Weerapana and colleagues 
developed an ABPP platform called tandem orthogonal proteolysis ABPP (TOP-ABPP) 
16 to identify hyper-reactivity and functionality of specific amino acids within the 
proteome. In TOP-ABPP, alkyne-bearing ABPs or reactivity-based probes (RBPs) are 
“clicked” to azide-bearing tags that contain chemically- or TEV-protease cleavable 
linkers and a biotin handle, allowing enrichment of probe-bound proteins and 
subsequent release of probe-bound peptides upon tandem digestions with trypsin and 
TEV protease. This TOP-ABPP can be adapted for quantitative proteomics by 
incorporating an isotopically “heavy” labeled valine into the linker and measuring the 
ratio of heavy to light labeling on a protein or at a particular residue, a platform called 
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isotopic TOP-ABPP (isoTOP-ABPP) (Figure 1-2C) 22. These ABPP platforms have been 
successfully used to identify and characterize enzyme activities in various human 
diseases, including cancer, obesity, neurodegenerative diseases, and microbial 
infection 26–31. 
 
Here I review several representative examples of how ABPP has been used to discover 
metabolic drivers of disease. ABPP has been widely used to study the serine hydrolase 
superfamily of enzymes using the serine hydrolase-directed ABPs fluorophosphonate 
(FP)-rhodamine and FP-biotin that covalently phosphorylate the active-site serine of 
nearly all of the >200 serine hydrolase enzymes 12,32,33. The serine hydrolase family is 
one of the largest metabolic enzyme classes in the mammalian genome, though many 
of the family members are poorly or incompletely characterized 34. This class 
encompasses many types of enzymes, including hydrolases, esterases, lipases, 
proteases, thioesterases, and peptidases 34. Through mining serine hydrolase activities 
with ABPP, several key metabolic or proteolytic drivers and biomarkers of cancer have 
been identified, including KIAA1363, monoacylglycerol lipase (MAGL), and 
retinoblastoma-binding protein 9 (RBBP9) 21,28,35,36. Serine hydrolase profiling was also 
used to discover that mutations in the poorly characterized alpha/beta-hydrolase 
domain-containing 12 (ABHD12) in patients with a neurodegenerative disease known as 
PHARC (polyneuropathy, hearing loss, ataxia, retinitis pigmentosa, and cataracts) 
encoded a functionally inactive ABHD12. Despite the lack of functional information 
regarding ABHD12, Blankman and colleagues used ABPP to reveal inactive ABHD12 in 
PHARC tissues and followed with metabolomics techniques (discussed later in this 
review) to describe ABHD12 metabolic activity and link that loss of function to PHARC 37. 
Serine hydrolase ABPs have also been used to identify important enzyme activities in 
bacterial and viral infections such as carboxylesterase 1 (CES1) as an upregulated 
enzyme activity in hepatitis C virus (HCV)-infected hepatoma cells critical in maintaining 
viral replication 26.  
 
Many other ABPs have been generated and validated in complex proteomes, including 
but not limited to: 1) 2-oxoglutarate-dependent oxygenase probes that employ a 
hydroxyquinoline template coupled to a photoactivatable crosslinking group and biotin 
handle 38, 2) S-adenosylmethionine (SAM)-dependent methyltransferase probes that 
consist of S-adenosylhomocysteine analogs with amino linkers attached to scaffolds 
containing photocrosslinkers and a biotin handle 39, 3) a suite of bioorthogonal 
cytochrome P450 ABPs against a wide cross-section of human P450s 40,41, and 4) 
pargyline and deprenyl-based bioorthogonal ABPs for monoamine oxidase 42. 
 
Bogyo and colleagues have been on the forefront of using ABPP in visualizing enzyme 
activities in cancer, generating ABPs to track cysteine protease activity in cancer cell 
progression and proteosomal substrate specificity 43,44. They have used quenched near-
infrared fluorescent ABP (qNIRF-ABP) to image cysteine protease activities in tumor 
xenografts in vivo in mice 45 and have also developed a highly selective aza-peptidyl 
asparadinyl epoxide qNIRF-ABP probe for legumain, a lysosomal cysteine protease 
upregulated in multiple human cancers, to visualize tumors. Recently, they generated a 
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caspase-directed ABP to visualize and quantify dexamethasone-induced apoptosis in 
the thymus and Apomab-induced apoptosis in tumor xenografts in vivo in mice 46.  
 
ABPP platforms have also been extended to map the endogenous reactivity of the 
proteome with reactive electrophile-based RBPs. Carroll and colleagues developed 
bioorthogonal dimedone and sulfenome RBP probes that selectively react with sulfenic 
acid cysteine modifications in the proteome and used these probes to identify redox 
regulated pathways such as the cysteine sulfenic acid-modified Gpx3 regulation of Yap1 
in yeast, involved in regulating epidermal growth factor receptor tyrosine kinase activity 
47–51. Weerapana et al. used isoTOP-ABPP to perform a massive quantitative proteomic 
profiling effort to comprehensively profile hyper-reactive cysteines in complex 
proteomes, in which cells first labeled with the cysteine-reactive iodoacetamide-alkyne 
bioorthogonal probe, after which proteomes subjected to click chemistry with an 
isotopically-labeled azide-linked cleavable biotin linker for enrichment and release of 
cysteine-labeled peptides for subsequent analysis by quantitative proteomics 22. The 
authors uncovered a wide range of hyper-reactive cysteines in the proteome that 
enriched in functional cysteines involved in a wide range of activities, including 
nucleophilic and reductive catalysis and sites of oxidative modification for both 
characterized and uncharacterized proteins across many different protein classes, 
including some metabolic enzymes 22. As demonstrated, isoTOP-ABPP is a broad and 
quantitative approach capable of assessing the specific sites involved in catalytic and 
regulatory function of large numbers of proteins and metabolic enzymes.  
 
As described above, ABPP has proven to be a powerful technology in probing enzyme 
activities across a wide range of enzyme classes and across many physiological and 
cellular contexts, though like any approach, this technology is not without its limitations. 
While many ABPs and RBPs have been developed by the chemical biology community, 
there are still many metabolic enzyme classes that cannot be assayed by ABPP-based 
methods. Furthermore, while higher throughput ABPP methods have been developed to 
screen large numbers of compounds against one enzyme, the broad profiling of large 
numbers of enzyme activities is still medium to low-throughput using gel-based and 
proteomic-based methods. These limitations notwithstanding, as described here, ABPP 
is a versatile platform can be used not only for target identification of enzymes important 
in various diseases, but also for characterization of unknown enzymes, for visualizing 
enzyme activities, and even uncovering hyper-reactivity and function across the 
proteome. 
 

Chemoprotomics for Developing Selective Small-Molecule Inhibitors for 
Metabolic Enzymes 
 
In addition to target discovery, and imaging applications, ABPP can also be used in a 
competitive mode to screen for enzyme inhibitors 6. Inhibitor screening by competitive 
ABPP exhibits several advantages over conventional substrate assays. First, enzymes 
can be tested in native proteomes without the need for recombinant expression or 
purification 21,24,52,53, and second, inhibitors can be developed for uncharacterized 
enzymes without prior knowledge of endogenous substrates 21,24,32,52,54. Because 
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inhibitors are tested against many enzymes in parallel, inhibitor potency can be 
simultaneously assessed with selectivity, guiding medicinal chemistry efforts to develop 
highly specific and effective enzyme inhibitors 52,53,25,55,24. Thus, competitive ABPP 
provides a universal assay for inhibitor discovery applicable to any enzyme regardless 
of existing knowledge of its function as long as there is a cognate ABP or RBP for the 
enzyme. Competitive ABPP has emerged as a powerful approach for developing potent 
and selective small-molecule inhibitors for both characterized and uncharacterized 
enzymes, which are then used to inform the functions of metabolic enzymes in complex 
systems. As described previously with standalone ABPP approaches, competitive 
ABPP can be employed in a low-throughput/high resolution mass spectrometry-based 
proteomics format with biotin-tagged activity-based probes using a Multidimensional 
Protein Identification Technology (ABPP-MudPIT), a medium-throughput gel-based 
format with fluorescent activity-based probes (gel-based ABPP), or a high-throughput 
screening format using fluorescence polarization with ABPs against large compound 
libraries (fluopol-ABPP) 24,25,32,52.  
 
Competitive ABPP platforms have been remarkably successful in generating small-
molecule inhibitors of serine hydrolases using the fluorophosphonate ABP. Chang et al. 
developed the compound JW480, a highly selective, irreversible, in vivo efficacious, and 
orally bioavailable inhibitor of the previously uncharacterized enzyme KIAA1363 that 
selectively inhibited KIAA1363 activity in various tissues and in tumor xenografts, and 
impaired cancer cell migration and in vivo tumor growth 52. Bachovchin et al. generated 
a library of >140 serine hydrolase inhibitors based on the carbamate scaffold and tested 
all of these inhibitors against a library of >70 recombinantly expressed serine 
hydrolases in a “library versus library” screening effort, and successfully identified lead 
inhibitors for >40 % of enzymes tested 32. Competitive ABPP platforms have also been 
used to generate selective inhibitors for the serine hydrolases MAGL and fatty acid 
amide hydrolase (FAAH), which degrade the endocannabinoid signaling lipids 2-
arachidonoylglycerol (2-AG) and anandamide, respectively. MAGL inhibitors found 
through a competitive ABPP screen of a structurally diverse carbamate library and 
subsequent optimization led to the development of the carbamate JZL184 as the first 
potent, selective, and in vivo active MAGL inhibitor 53.  As described later in this review, 
JZL184 has been used extensively to characterize the biochemical functions of MAGL 
using metabolomics approaches, in the process revealing this enzyme as a therapeutic 
target for cancer, inflammation and inflammatory diseases, neurodegenerative diseases, 
anxiety, and pain. Ahn et al. have also used ABPP to generate the highly selective and 
in vivo efficacious biaryl ether piperidine urea FAAH inhibitor PF-3845. The authors also 
generated a bioorthogonal analog of PF-3845 bearing an alkyne handle to show that 
PF3845-yne only inhibited FAAH in vivo 56. 
 
Adibekian et al. used competitive ABPP-SILAC platforms to show that the 1,2,3-triazole-
urea scaffold is ideal for generating irreversible serine hydrolase inhibitors. The authors 
generated a library of triazole urea inhibitors and optimized the highly selective 
inhibitors AA74-1, AA39-2, and AA44-2 for acyl peptide hydrolase, platelet activating 
factor acetylhydrolase 2, and uncharacterized hydrolase ABHD11, respectively 24. Using 
this scaffold, Hsu et al. have generated the triazole urea inhibitors KT109 and KT172 for 
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the 2-AG-synthesizing enzyme diacylglycerol lipase (DAGL) and confirmed selectivity of 
these inhibitors in situ by ABPP-SILAC and in vivo by ABPP-MudPIT 57. 
 
Screening large inhibitor libraries via high-throughput fluopol-ABPP has led to 
identification of several small molecule inhibitors of metabolic enzymes. These include 
selective inhibitors of anti-cancer targets protein methyl esterase 1 (PME1), glutathione 
transferase-omega (GSTO), and RBBP9, as well as an inhibitor for the anti-
inflammatory target protein arginine deaminase 4 25,55,58,59. 
 
As demonstrated above, competitive ABPP platforms are very useful in developing 
inhibitors for metabolic enzymes. The ability to assess inhibitor selectivity and target 
occupancy of inhibitors in cells or even in vivo has been a particularly useful feature of 
this approach, towards providing highly specific chemical tools for further biological 
discovery, leads for clinical development, and biomarkers for inhibitor efficacy 6.  
 

Metabolomics to Annotate the Functions of Uncharacterized Metabolic Enzymes  
 
Chemoproteomic strategies like ABPP have greatly facilitated efforts to assess 
metabolic enzyme activities and developing chemical tools to disrupt these activities in 
complex biological systems. However, these strategies still need to be integrated with 
functional metabolomic approaches to decipher the metabolites that are regulated by 
these enzymes and how these metabolites and their associated metabolic pathways are 
involved in (patho)physiology. The metabolome is generally considered a collection of 
small-molecule metabolites that include nutrients and their biosynthetic intermediates to 
provide biomass (nucleic acids and DNA/RNA, amino acids and proteins, fatty acids 
and membrane lipids) and energy for cell growth and function. However, this view is 
rapidly expanding to encompass diverse metabolite constituents that serve as 
intracellular and extracellular signaling molecules influencing physiological processes 
such as neurotransmission (e.g. acetylcholine, glutamate, 2-AG, anandamide) 60–62, 
inflammation (e.g. sphingosine-1-phosphate, prostaglandins) 63, and cancer (e.g. 
eicosanoids and lysophosphatidic acid) 64,65, as well as endogenous nuclear hormone 
receptor ligands that influence transcriptional regulation 66, and metabolites that confer 
post-translational and epigenetic regulation onto the proteome and genome (e.g. UDP-
GlcNAc and glycosylation, acetyl-coA and acetylation) 67. The metabolome is the 
functional output of enzymes that generate, degrade, or convert biomolecules. Thus 
functional metabolomic strategies, uncovering metabolite changes that occur upon 
disruption of a specific metabolic enzyme, are essential in deciphering biochemical 
functions and (patho)physiological roles of enzymes in complex living systems. 
 
Compared to the genome and the proteome, the metabolome presents unique 
challenges for global analysis due to the significant physicochemical diversity in 
metabolite size, molecular weight, hydrophobicity, chemical stability, charge, volatility, 
abundance, and ionization inherent in biological samples. Several types of technologies 
and methodologies have been used in metabolomic profiling to attempt near global 
detection and analysis. NMR, gas chromatography-mass spectrometry (GC-MS), and 
liquid chromatography-MS (LC-MS) are the most common techniques used for 
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metabolomic profiling 68, and metabolomics analysis is often performed using “targeted” 
or “untargeted” methods that capture complementary information (Figure 1-3). Using 
targeted metabolomic methods, a series of known metabolites are quantitatively 
measured, in which a mass spectrometer targets a list of known metabolites by their 
mass-to-charge ratio (m/z) and/or the transition of the “parent” m/z of metabolites to 
their respective ms2 fragment “daughter” ions (known as multiple reaction monitoring). 
Targeted metabolomics enables sensitive, simultaneous quantification of hundreds of 
known metabolites based on availability of standards, and is very useful in studying 
defined metabolic pathways and quantifying specific, very low abundance metabolites 68. 
However, targeted metabolomic detection is restricted to quantifying known metabolites 
for which there are existing standards. Untargeted metabolomics can prove especially 
useful for uncovering the function(s) of uncharacterized enzymes, when deciphering 
unique and novel roles of previously characterized enzymes, or identifying new 
metabolites. Untargeted metabolomic analyses in which the mass spectrometer is set to 
scan a wide m/z range and collect all mass spectra are used as a complementary 
approach to targeted analyses to improve metabolome coverage 68–71. This large 
amount of collected mass spectral data can then be analyzed by bioinformatic platforms 
such as XCMS or MAVEN to identify, integrate, and compare all detectable ions to 
identify those ions that are changed between comparison groups 68,72–74. This data can 
then be used to identify potentially novel metabolites altered in abundance between 
groups using metabolomic databases like METLIN, HMDB, and Lipid Maps and 
traditional analytical chemistry methods 75–78. 
 
Both targeted and untargeted functional metabolomic approaches have recently 
revealed the functions of previously uncharacterized enzymes. Blankman and 
colleagues used untargeted metabolomics to uncover the function of the previously 
uncharacterized enzyme ABHD12, a serine hydrolase mutationally inactivated in 
patients with PHARC, as a lysophosphatidylserine (LPS) hydrolase (Figure 1-4A) 37. 
Blankman et al. showed that ABHD12-deficient mice show elevated levels of the toll-like 
receptor agonist LPS, leading to neuroinflammation and motor and auditory defects 
reminiscent of PHARC 37.  
 
Inhibitors developed through competitive ABPP platforms have also been used to 
interrogate the functions of uncharacterized enzymes, which then led to insights into 
their pathophysiological roles. Using untargeted metabolomics and the selective 
KIAA1363 inhibitor AS115 developed by competitive ABPP efforts, Chiang et al. 
discovered that KIAA1363 is a 2-acetyl-monoalkylglycerol (2-acetyl MAGE) hydrolase 
that generates monoalkylglycerol ether (MAGE) leading to the generation of the 
oncogenic signaling lipid alkyl-lysophosphatidic acid, which in turn fueled cancer cell 
pathogenicity and tumor growth 21. 
 
Both targeted and untargeted metabolomics have been used in conjunction with genetic 
manipulation to reveal the functions of bacterial metabolic enzymes. Baran et al. used 
the combined metabolomic platforms to characterize and validate genes related to 
specific metabolite utilization in bacteria by profiling libraries of mutant strains in 
Escherichia coli and Shewanella oneidensis MR-1. Through this approach, the authors 
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identified genes with known functions as well as novel transport proteins and enzymes 
required for utilization of tested metabolites. Specifically, they uncovered a predicted 
ABC transporter encoded by genes SO1043 and SO1044 required for citrulline 
utilization and a predicted histidase encoded by the gene SO3057 required for utilization 
of ergothioneine by S. oneidensis 79. 
	  

Metabolomics to Reveal Unique and Novel Roles for Previously Characterized 
Enzymes  
 
While many “characterized” metabolic enzymes have putative biochemical functions, 
often these enzyme functions have only been determined in vitro or may be described 
solely based on sequence homology or by association with an enzyme family, and may 
not have been validated in in vivo systems. Furthermore, enzymes may play alternate or 
additional roles or be linked to different metabolic pathways depending on the tissue or 
cell type, or in dysregulated and rewired disease states. Functional metabolomics has 
proven critical in mapping rewired, retasked, or novel functions of enzymes in tissue- or 
cell-specific or disease-specific contexts.  
 
De Carvalho et al. utilized an untargeted metabolomic approach to describe the 
Mycobacterium tuberculosis enzyme Rv1248c, which was characterized at the time as a 
thiamine diphosphate-dependent a-ketoglutarate decarboxylase. Using metabolomic 
approaches, the authors found that Rv1248c was misannotated and that its actual 
function was to catalyze the conjugation of a-ketoglutarate and glyoxylate to yield 2-
hydroxy-3-oxoadipate, which decomposes to 5-hydroxylevulinate, possibly involved in 
glyoxylate detoxification, glutamine metabolism, or heme biosynthesis 80.  
 
Targeted and untargeted metabolomics also used to show the tissue-specific and 
disease-specific roles of MAGL in coordinating multiple lipid signaling pathways that 
underlie inflammation, pain, mood, and cancer (Figure 1-4B). Competitive ABPP was 
used to generate JZL184, the first selective MAGL inhibitor, subsequently used to show 
that MAGL blockade caused large elevations in the levels of the endocannabinoid 2-AG 
in mouse brain, leading to cannabinoid receptor type 1 (CB1)-dependent antinociceptive, 
anxiolytic, and anti-inflammatory effects 53,81–84. Using both targeted and untargeted 
metabolomic approaches, subsequent studies showed that MAGL blockade in specific 
tissues such as brain, liver, and lung also lowered arachidonic acid and arachidonic 
acid-derived pro-inflammatory eicosanoids such as prostaglandins and thromboxanes. 
This resulted in neuroprotective and hepatoprotective effects in degenerative and 
inflammatory diseases through suppressing inflammation, thereby linking anti-
inflammatory endocannabinoid signaling to pro-inflammatory eicosanoid signaling 
through MAGL 29,53,85–8788–90.   
 
Metabolomics has also been fundamental in understanding how cancer cells alter their 
metabolism to fuel their pathogenic properties. In a very unique discovery of a 
neopmorphic function for a mutated enzyme, Dang et al. used untargeted metabolomic 
profiling to show that a mutant form of the tricarboxylic acid cycle enzyme isocitrate 
dehydrogenase 1 (IDH1), IDH1 R132H, found in multiple types of cancers, generated a 
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novel oncometabolite 2-hydroxyglutarate (2-HG) 91, which in turn caused epigenetic 
changes that fuels cancer progression 92.  
 
Nomura et al. used untargeted metabolomic platforms to find that MAGL plays a distinct 
role in regulating fatty acid release for the generation of fatty acid-derived 
lysophospholipids and eicosanoids that drive aggressive features in cancer 93,94. In 
another example, Benjamin et al. used targeted and untargeted metabolomic 
approaches to show that inactivating the ether lipid-generating enzyme alkylglycerone 
phosphate synthase (AGPS) in aggressive cancer cells dramatically reduced structural 
and oncogenic signaling ether lipid levels. AGPS inactivation also diverted the flux of 
arachidonic acid away from other tumor-promoting signaling lipids such as 
prostaglandins, and towards structural acylglycerophospholipids, leading to impaired 
cancer pathogenicity and tumorigenesis 95 (Figure 1-4C).  
 
Looking further at cancer metabolism, Locasale and Possemato independently showed 
phosphoglycerate dehydrogenase (PHGDH) is a critical metabolic node in cancer cells, 
diverting glucose metabolism into serine and glycine metabolism 96,97. Locasale et al. 
utilized heteronuclear single quantum coherence spectroscopy NMR and isotopic 
tracing using targeted LC/MS-based metabolomics of 13C-glucose labeled cells to show 
significant 13C incorporation into 3-phosphoserine and serine pathways through PHGDH 
96. Using functional metabolomics, Locasale et al. found that inactivating PHGDH in 
melanoma cancer cells lowered phosphoserine levels and caused an accumulation in 
glycolytic intermediates 96. In breast cancer cells, Possemato et al. used functional 
metabolomics to show that nearly half of a-ketoglutarate was derived from the serine 
pathway and that PHGDH inactivation in breast cancer cells reduced the levels of 
multiple TCA cycle metabolites, leading to impaired cancer pathogenicity 97. 
 
Metabolomics has also been useful in defining metabolic drivers of viral infection. Grady 
et al. used an siRNA screen to show that argininosuccinate synthase 1 (ASS1) 
knockdown increased virus yield and subsequently used metabolomic profiling to show 
that ASS1 inactivation resulted in a metabolic signature that closely resembled HSV-1 
infection, in which levels of aspartate, carbamoyl-aspartate, one of the first committed 
metabolites on the pathway to nucleotide synthesis, and nucleotides and their 
precursors reduced 98.  
 
Collectively, targeted and untargeted metabolomic platforms can be used to functionally 
characterize not only the substrate/product relationships of metabolic enzymes, but also 
the metabolic networks that these enzymes control in (patho)physiological settings. 
These techniques have proven useful in discovering the mechanisms through which 
these enzymes control disease progression and in elucidating the therapeutic potential 
of manipulating specific metabolic pathways. 
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Post-Translational and Epigenetic Regulation of the Proteome and Genome by 
Metabolic Pathways 
 
While small-molecule metabolites have long been known to confer post-translational 
and epigenetic modifications onto the proteome and genome, these types of regulation 
have been considered to be primarily regulated by the enzymes directly involved in 
adding or removing these modifications. These metabolites, their modifications, and 
their respective enzymes include acetyl-CoA and acetylation/deacetylation by 
acetyltransferases and deacetylases, (SAM) and methylation/demethylation by 
methyltransferases and demethylases, and ATP and 
phosphorylation/dephosphorylation by kinases and phosphatases 99. However, recent 
studies have shown that the metabolic enzymes and metabolic fluxes that generate 
these cofactors may play an important role in regulating the levels of post-translational 
and epigenetic modifications 67. This realization brings forth the exciting prospect of 
controlling metabolic, signaling, and transcriptional networks simultaneously through 
directly manipulating metabolic pathways. Here, I provide some recent examples of 
metabolite-driven protein and gene regulation in controlling pathophysiological 
processes. 
 
Chemoproteomic platforms can also be used to identify metabolite-driven post-
translational modifications in the proteome. Wang et al. used a competitive isoTOP-
ABPP platforms to globally map the targets of 4-hydroxy-2-nonenal (HNE), a common 
lipid product of lipid peroxidation, whereby HNE was competed against iodoacetamide-
alkyne labeling in cells. The authors showed that a unique cysteine in ZAK kinase was 
the most sensitive target to HNE, and suggested that ZAK is a special node in MAPK 
signaling that is sensitive to oxidative stress 100 (Figure 1-5A).  
 
Moellering et al. recently discovered a novel post-translational modification, 3-
phosphoglyceryl-lysine (pgK), generated by nonenzymatic covalent lysine modifications 
through the glycolytic intermediate 1,3-bisphosphoglycerate (1,3-BPG), the product of 
glyceraldehyde 3-phosphate dehydrogenase (Figure 1-5B). The authors showed that 
this modification accumulated on several glycolytic enzymes in cells exposed to high 
glucose, leading to inhibition of activity and redirection of glycolytic intermediates to 
biosynthetic pathways that support cancer cell pathogenicity 101. 
 
In the previous section I described how mutant IDH1 in cancer cells generate the 
oncometabolite 2-HG that drives cancer pathogenicity. Studies have shown that IDH1 
mutations are correlated with hypermethylation at specific loci known as the CpG island 
methylator phenotype in glioma and that mutant IDH1 causes hypermethylation at many 
genetic loci (Figure 1-6A) 102. Work by Xu et al. and Lu et al. have since shown that 2-
HG acts as a competitive inhibitor of multiple α-KG-dependent dioxygenases, and that 
IDH1 mutations can impair histone demethylation resulting in a block to cell 
differentiation 92,103. A mutation in IDH1 generates the novel oncometabolite 2-HG, 
which then confers large scale epigenetic alterations altering the expression of large 
numbers of genes, thus linking central carbon metabolism to gene regulation and 
cancer pathogenicity.  
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Recent studies have also highlighted the importance of acetyl-CoA levels in histone 
acetylation and transcriptional regulation. Tu et al. used two-dimensional GC-MS-based 
metabolomic profiling to show changes in acetyl-CoA levels periodic with yeast cell 
cycle phase, suggesting that acetyl-coA levels may control temporal regulation of cell 
cycle processes 104. Subsequently, Cai et al. showed that an increase in acetyl CoA 
levels led directly to the Gcn5p/SAGA-catalyzed acetylation of histones at genes 
important for growth, thus promoting growth transcriptional programming in yeast and 
serving as a metabolic rheostat to initiate cell growth through acetylation of specific 
histones 105. Similarly, Wellen et al. showed in mammalian cells that ATP-citrate lyase 
(ACL) influences cell growth and differentiation through controlling acetyl-CoA levels, 
driving nutrient-responsive histone acetylation and selective gene expression prompting 
growth factor-induced increases in nutrient metabolism and reprogramming of 
intracellular metabolism to utilize glucose for ATP production and macromolecular 
synthesis (Figure 1-6B) 106.  
 
In another example, Ulanovskaya showed that nicotinamide N-methyltransferase 
(NNMT) can also influence the histone methylation and epigenetic regulation that drives 
cancer aggressiveness through methylating nicotinamide to generate N-
methylnicotinamide (Figure 1-6C). This leads to reduced SAM levels, thus diverting 
SAM methylation away from histone methylation. The authors showed that NNMT 
overexpression leads to upregulation of many tumor-promoting gene products including 
SNAI2, TGFB2, and CNTN1, via the altered epigenetic landscape of cancer cells 107. 
Interestingly, Kraus et al. showed that NNMT also alters epigenetic and metabolic 
landscapes in white adipose tissue 108. Through these mechanisms, the metabolic 
enzyme NNMT regulates metabolism and epigenetic regulation to drive both cancer and 
obesity. 
 

Future Challenges 
 
The resurgence of interest in metabolism has spurred a rapid pace of advancements in 
the decade following the completion of the human genome project, providing insight into 
fundamental biochemistry as well as revealing mechanistic details of diseases with 
metabolic bases such as cancer, infection, and obesity and diabetes. Development of 
innovative chemoproteomic and metabolomic platforms has enabled the 
characterization and description of enzyme function in complex living systems, the 
metabolic pathways that these enzymes regulate, and even metabolic pathway-driven 
post-translational and epigenetic regulation of the proteome and genome. While these 
technologies have revealed previously uncharacterized aspects of metabolism and 
clarified existing ones, the majority of the metabolic map still remains obscured. Higher 
throughput technologies for metabolomics and improved genetic or pharmacological 
manipulation of enzyme activities in complex systems are required to decode the 
function of the currently concealed metabolic genome. 
 
Furthermore, major challenges still exist in elucidating enzyme function. There are many 
reasons that may account for metabolomic intransigence including technical and 
methodological limitations such as 1) extraction procedures and LC-MS 
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chromatography conditions that confer metabolite instability; 2) the metabolites 
regulated by the enzyme are too low abundance or are otherwise undetectable by 
traditional metabolomic methods (e.g. does not ionize well, not volatile, or does not 
have a derivatization method that improves detection); and 3) the metabolite change 
may be localized to a specific cell-type in a tissue or a specific intracellular compartment 
and the metabolite changes are masked by the remainder of the extracted metabolome. 
Elucidating enzyme function is also complicated by: 4) mischaracterized enzymes that 
may be described as acting on a specific class of small-molecule metabolites but may 
actually be operating on alternative metabolite classes or even protein, peptide, or 
genomic substrates that may not be amenable to analysis by metabolomic platforms; 
and 5) enzymes that may be acting on a yet unknown post-translational protein 
modification.  
 
The information quality challenge of mischaracterized enzymes is likely a larger problem 
than currently appreciated, as many enzymes are named based on sequence homology 
to other proteins, but may not share similar substrate specificity. Metabolomic 
approaches are not amenable for substrate profiling of larger substrates such as protein, 
peptides, and post-translational modifications. Nonetheless, innovative protease and 
peptidase substrate profiling methods have been developed to functionally define 
metabolic enzymes that may have protein and peptide substrates, including subtiligase-
mediated degradomic strategies, protein topography and migration analysis platform, 
and peptidomic profiling methods 109–114. While there are innovative proteomic methods 
for mapping well-characterized post-translational modifications such as phosphorylation 
and acetylation by phosphoproteomic or acetylomic methods 115, unfortunately, there 
are currently few to no methods for characterizing the functions of enzymes that act on 
a yet unknown post-translational modifications, since there are currently no proteomic 
strategies for globally identifying novel or unknown protein modifications across the 
proteome.  
 
What is quite clear is that achieving the goal of large scale functional characterization 
and description of metabolic enzymes in complex physiological and disease systems 
will require integrating multidimensional metabolic mapping technologies. This will likely 
include the chemoproteomic and functional metabolomic approaches described here in 
addition to newly developed chemical strategies that will expand our access into protein 
function, our ability to generate pharmacological tools, and our capacity to accelerate 
throughput of these analyses. These advances, coupled with increased resolution and 
depth of analytical platforms will support our drive to interrogate the unexplored aspects 
of the metabolome, proteome, and peptidome. The complex interplay between enzyme 
function, metabolomic landscape, post-translational and epigenetic regulation, and 
metabolite-protein-signaling networks described here presents a great challenge for 
scientists, but also offers exciting opportunities to understand complex biology and treat 
disease by understanding fundamental metabolic function. 
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The chemoproteomics technologies described here are powerful tools that can be used 
to identify the direct protein targets of environmental chemicals. In particular, ABPP can 
be used to identify the direct serine hydrolases targets of small molecules (including 
environmental chemicals) based on the conserved catalytic activity inherent to the class. 
Other chemoproteomics methods using RBPs are well suited for identifying compounds 
that react with hyper-reactive cysteines, when used in a competitive format. 
Furthermore, using the metabolomics technologies described here to profile all the 
known and unknown metabolites that change upon treatment with a small molecule 
treatment/environmental chemical exposure provides depth and biochemical insight into 
the effects of small molecule/protein target engagement. 
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CHAPTER TWO: MULTIDIMENSIONAL PROFILING PLATFORMS REVEAL 
METABOLIC DYSREGULATION CAUSED BY ORGANOPHOSPHORUS 
PESTICIDES 
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Introduction 
 
The ABPP chemoproteomics technology described in Chapter 1 can be used to 
generate a comprehensive profile of all sensitive enzyme targets within a given class. In 
this chapter, I used this approach to profile serine hydrolase off-targets of the widely 
used insecticide chlorpyrifos. I then used functional metabolomics platforms to 
characterize the metabolic effects of enzyme inhibition. 
 
The large and continually increasing numbers of chemicals released into the 
environment necessitates a better understanding of their interactions with complex 
biological systems in order to predict and identify their toxicities and associated adverse 
health effects 116–118. Indeed, exposure to many chemicals in our environment such as 
pesticides, plasticizers, and flame retardants has been epidemiologically linked to 
human diseases 119–121, though their mode of action has often remained obscure, in part 
due to the lack of knowledge surrounding the direct biological targets of these chemicals 
with specific protein targets in vivo. Current toxicology testing of chemicals employs 
toxicity assessments in animal models or in cell or model organisms, genomic and 
proteomic assessment of transcriptional and protein expression changes, or testing 
chemical interactions with a small number of well-known toxicity targets 116,118,122. While 
these methods are powerful for identifying chemicals that cause well-established 
toxicities, elicit well-defined toxic transcriptional or protein expression changes, or 
interact with known toxic targets, these approaches are still lacking in their abilities to 
globally assess the functional targets of environmental chemicals on a proteome-wide 
scale. This challenge of uncovering the functional targets of environmental chemicals is 
further complicated by the majority of uncharacterized proteins in the mammalian 
genome, giving rise to large numbers of potential protein targets with unknown function 
and toxicities that are not assayed for under current testing paradigms. Understanding 
the toxicities associated with environmental chemicals could be greatly enhanced by 
employing strategies that facilitate a much broader assessment of the functional state of 
both well-understood and uncharacterized macromolecular targets in vivo to gain a 
comprehensive overview of chemical interactions with complex biological systems. 
 
Over the past decade, functional chemical proteomic strategies have emerged as a 
powerful tool to broadly assess the functional state of the proteome and identify 
biological targets of small-molecules 123. ABPP is a particularly powerful platform in 
which active-site directed chemical probes are used to broadly assess both 
characterized and uncharacterized enzyme activities en masse in complex biological 
systems 5,7,124. Because these activity-based probes bind to the active sites of whole 
classes of enzymes, small-molecules can be competed against probe binding to identify 
chemicals that alter protein function 7,124,125. ABPP platforms have previously identified 
functional targets of organophosphorus (OP) toxicants in mice and linked the inhibition 
of these targets to behavioral abnormalities, though analyses either limited to model OP 
compounds or low-content gel-based screens that provided restricted functional read-
outs of enzyme activities 85,126,127. 
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 In this study, I have combined ABPP and metabolomic platforms to more 
comprehensively identify and characterize both annotated and unannotated functional 
biological targets of several widely used OP pesticides in vivo across multiple tissues in 
mice. OP pesticides are used worldwide to control agricultural pests and crops 128,129. 
Multiple studies have associated chronic human exposure to OP insecticides with a 
wide range of pathologies, including neurobehavioral deficits, developmental problems, 
obesity and diabetes, hormone level abnormalities, and lung cancer, but the 
mechanisms of action for these various health effects have remained obscure 130–136. 
Using ABPP and metabolomic platforms, I show here that these pesticides directly 
inhibit the activities of over 20 metabolic enzymes in vivo in mice at concentrations 
comparable to or lower than those required for inhibiting the primary toxicity target 
acetylcholinesterase (ACHE), leading to widespread alterations in lipid metabolism. I 
show that chemoproteomic and metabolomic approaches can be combined to more fully 
understand the biological effects associated with environmental chemicals, such as OP 
pesticides (Scheme 2-1).  
 

Results and Discussion 

Identification of OP Pesticide in Vivo Off-Targets in Mice using ABPP 
 
In this study, I used ABPP to comprehensively identify all of the functional protein 
targets of several OP pesticides in vivo in mice. I focused my attention specifically on 
the serine hydrolase superfamily for profiling OP off-targets since previous studies have 
shown that the OP chemical scaffold is a privileged chemotype for this enzyme class 
5,32,137. The serine hydrolase superfamily is a large class of metabolic enzymes that 
consists of lipases, esterases, hydrolases, thioesterases, proteases, and peptidases 
that play important (patho)physiological roles in nearly every biological setting 34. I used 
the activity-based probes for the serine hydrolase enzyme class, fluorophosphonate-
rhodamine (FP-rhodamine) and FP-biotin, to detect a large number of serine hydrolase 
activities in mouse tissues by in-gel fluorescence or mass-spectrometry-based 
proteomics, ABPP-MudPIT, respectively 32.  
 
I selected five pesticides for analysis by ABPP-MudPIT that have previously been 
shown to be particularly promiscuous in inhibiting serine hydrolases—the OP 
insecticides chlorpyrifos (CPF), ethoprophos (EPP), and profenofos (PRF), the OP 
defoliant tribufos (TBF) and the thiocarbamate insecticide pebulate (PB) (Figure 2-1A) 
126. Among these pesticides, CPF is currently the most widely used OP insecticide with 
10 million pounds of active chemical annually applied in the U.S alone 129. To 
comprehensively determine any in vivo off-target interactions with serine hydrolases, 
mice treated acutely for four hours with the maximum tolerated sublethal dose of each 
pesticide, brains removed, and then brain proteomes reacted with the FP-biotin serine 
hydrolase activity-based probe for subsequent avidin enrichment, tryptic digestion, and 
proteomic analysis (Scheme 2-1).  
 
I find that each OP pesticide exhibits shared, as well as distinct serine hydrolase 
inhibitory profiles with CPF, EPF, and PRF each inhibiting 11, PB inhibiting 9, and TBF 
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inhibiting 16 serine hydrolases out of 34 total serine hydrolase activities detected in vivo 
in mouse brain (Figure 2-1B). Thus, my results strikingly show that OP pesticides block 
~30-50 % of all serine hydrolase activities in vivo in the brain beyond ACHE. These 
inhibited targets include serine hydrolases MAGL and FAAH, acylpeptide hydrolase 
(APEH), KIAA1363, esterase 1 (ES1), CES1B, hormone-sensitive lipase (LIPE), ACHE, 
ABHD3, ABHD6, ABHD11, PME1, lysophospholipase 2 (LYPLA2), and isoamylacetate 
hydrolase 1 (IAH1).  
 
Inactivation of several of these enzymes have been linked to disease pathologies. 
Blockade of MAGL and FAAH, enzymes responsible for the breakdown of endogenous 
cannabinoid signaling lipids 2-AG (C20:4 MAG) and anandamide (C20:4 NAE), 
respectively, have been shown to elicit cannabinoid receptor-mediated behaviors such 
as catalepsy, through the elevations in brain C20:4 MAG and C20:4 NAE 138. LIPE-
deficient mice accumulate diacylglycerols and cholesteryl esters and exhibit male 
sterility and impaired corticosterone responses 139,140. Mice deficient in the serine 
hydrolase KIAA1363, a 2-acetyl MAGe hydrolase, show increased foam cell formation 
and aggravated atherosclerosis 141. Mice lacking both KIAA1363 and LIPE display 
aggravated atherosclerosis in an additive manner 141. ABHD3 hydrolyzes medium-chain 
and oxidatively truncated phospholipids 142. APEH has been shown to degrade 
monomeric and oligomeric amyloid-beta peptides 143. LYPLA2 has been shown to 
depalmitoylate proteins such as H-RAS and growth-associated protein-43 and alter their 
cellular localization 144. CPF also inhibits several uncharacterized serine hydrolases 
such as CES1B and ES1, IAH1, ABHD6, and ABHD11, which may cause yet unknown 
(patho)physiological responses. 
 
My results thus show that OP pesticides inhibit the activities of large number of serine 
hydrolases in vivo in mouse brain that play important roles in the metabolism of lipids 
and proteins and contribute to disease phenotypes when inactivated.  
 

 Identification of CPF Off-Targets in Peripheral Mouse Tissues in Vivo 
 
I find that multiple enzymes such as MAGL, FAAH, ABHD3, APEH, and CES enzymes 
are inhibited in the brain as well as in peripheral tissues such as liver (Figure 2-1B), lung, 
testes, and kidney (Figure S2-1). I also report additional serine hydrolases not found in 
the brain that are blocked upon CPF-treatment in peripheral tissues, including 
arylacetamide deacetylase (AADAC), additional CES enzymes (CES1, CES1F, CES2, 
CES2B, CES2G, CES3, CES5, CES6, ES22), and butyrylcholinesterase (BChE) (Figure 
2-1C, Figure S2-1). AADAC and CES enzymes have been implicated as triacylglycerol 
hydrolases. In particular, CES1-deficiency in mice has been shown to cause obesity, 
hepatic steatosis, and hyperlipidemia through controlling hepatic fat metabolism 145,146.  
Collectively, my study reveals a total of twenty-one metabolic serine hydrolases 
inhibited in vivo by CPF.  
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Assessing Sensitivity of CPF Off-Targets 
 
To validate in vivo targets of CPF, I comparatively assessed the inhibitory potency of 
the bioactivated form of CPF, chlorpyrifos-oxon (CPO), against either recombinantly 
expressed or native serine hydrolases in order to determine the relative inhibitory 
potency of CPO towards these off-targets compared to that of ACHE (Figure 2-1D). 
These results show that seven of the serine hydrolase off-targets have equivalent or 
lower 50 % inhibitory concentration (IC50) values compared to that of ACHE (AADAC, 
HSL, CES1, CES2, MAGL, APEH, ABHD6), while four off-targets have IC50 values 
comparable to that of the ACHE IC50 (CES3, ABHD3, KIAA1363, FAAH) (Figure 2-1D). 
Among these targets, AADAC was the most sensitive target to CPO, showing a 28-fold 
lower IC50 of 0.6 nM, compared to 17 nM for ACHE. Many of the CPF off-targets may 
thus be inhibited at lower concentrations than those required to inhibit ACHE.  
 

Metabolomic Profiling of CPF-Treated Mice Reveals Widespread Dysregulation of Lipid 
Metabolism 
 
Many of the serine hydrolase off-targets inhibited by CPF have been previously 
characterized as possessing hydrolase activity towards both structural and signaling 
lipid substrates, suggesting that functional inhibition of serine hydrolases may alter lipid 
metabolism in vivo. To comprehensively identify CPF-mediated alterations in lipid 
metabolism, I comparatively profiled the levels of ~150 lipids in mouse brain and liver of 
vehicle versus CPF-treated mice by targeted mass-spectrometry based metabolomics 
using single-reaction monitoring (SRM), and also compared the relative abundances of 
>10,000 ions by untargeted metabolomics (Scheme 2-1).  
 
I observed widespread alterations in the lipidome of CPF-treated mouse brains and 
livers (Figure 2-2). In the brain, CPF treatment leads to elevations in the levels of 
neutral lipids monoacylglycerols (MAGs) and triacylglycerols (TAGs), N-
acylethanolamines (NAE), sphingomyelin (SM), and the lysophospholipids 
lysophosphatidyl serine-ether (LPSe), C16:0, C18:0, and C18:1 lysophosphatidyl 
inositol (LPI), and C20:4 lysophosphatidic acid (LPA). I also find that CPF causes 
concurrent reductions in the levels of C20:4 free fatty acid (FFA) (arachidonic acid), acyl 
carnitines (ACs), monoalkylglycerol ether (MAGe), sphingosine-1-phosphate (S1P), and 
the lysophospholipids lysophosphatidic-ether (LPAe), C16:0 and C18:0 LPA, C20:4 LPI, 
and lysophosphatidyl choline (LPC) (Figure 2-2A). In the liver, CPF treatment leads to 
elevations in neutral lipids MAGs and DAGs, ACs, NAEs, SM, docosahexanoic acid 
(C22:6 FFA), N-acyl taurines (NATs) and phospholipids phosphatidyl inositol (PI), 
phosphatidyl inositol-ether (PIe), LPI, lysophosphatidyl inositol-ether (LPIe), and 
phosphatidyl choline-plasmalogen (PCp), and reductions in the levels of sphingosine, 
LPC, and phosphatidyl serine-ether (PSe) (Figure 2-2B). 
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My results show that in vivo CPF inhibition of serine hydrolases causes widespread 
alterations in many classes of lipids spanning neutral lipids, phospholipids, fatty acids, 
ACs, NAEs, NATs, ether lipids, and sphingolipids. These changes include lipid signaling 
molecules such as the endocannabinoids C20:4 NAE and C20:4 MAG  that act on 
cannabinoid receptors 147, LPA and LPAe that act on multiple Edg family of G-protein 
coupled LPA receptors as well as TRPV1 and GPR35 148–151, S1P which also acts on 
multiple Edg family S1P receptors 148, NATs that are agonists for the TRPV1 channel 152, 
DAGs that can stimulate protein kinase C 63, and LPIs that stimulate GPR55 153.  
 

Many of the Metabolic Alterations are Directly Linked to Serine Hydrolase Off-Targets of 
CPF 
 
I next sought to determine whether the CPF-induced lipidomic changes a direct result of 
substrate accumulation or product depletion caused by inhibition of specific serine 
hydrolases. I performed a lipid hydrolysis screen on the metabolites I found to be 
elevated upon CPF-treatment, as these lipids may be substrates for CPF-inhibited 
serine hydrolases. Among the elevated lipids, I observed hydrolytic activity for C20:4 
MAG, C20:4 NAE, C16:0e/C2:0 MAGe, C20:4 LPA, C16:0 LPI, and C20:4 NAT in 
mouse brain and liver. Among these lipids, C20:4 MAG, C20:4 NAE, C16:0e/C2:0 
MAGe, C20:4 NAT, and C20:4 LPA hydrolytic activities significantly inhibited in CPF-
treated brain or liver proteomes (Figure 2-3A).  
 
I attribute the CPF-induced elevations in MAGs in both brain and liver and C20:4 FFA 
depletion in brain and inhibition of C20:4 MAG hydrolytic activity to blockade of MAGL, 
based on previous studies with pharmacological or genetic inactivation of MAGL in mice 
89. Consistent with these previous studies, I show that MAGL hydrolyzes C20:4 MAG in 
MAGL-overexpressed in HEK293T cells (Figure 2-3B). The CPF-induced elevations in 
NAEs in brain and NAEs and NATs in liver and inhibition of NAE and NAT hydrolytic 
activity in brains or livers is attributable to inhibition of FAAH, based on previous 
metabolomic profiling of FAAH-/- mice 154. Consistent with these previous studies, I show 
that FAAH hydrolyzes C20:4 NAE and C20:4 NAT (Figure 2-3B). I attribute the CPF-
induced lowering of MAGe levels and inhibition of C16:0e/C2:0 MAGe hydrolytic activity 
in the brain to inhibition of KIAA1363, based on previous studies with KIAA1363 
inactivation in human cancer cells 21. I show that KIAA1363 indeed hydrolyzes 
C16:0e/C2:0 MAGe (Figure 2-3B). 
 
The elevation in C16:0e/C2:0 MAGe in the liver and inhibition of C16:0e/C2:0 MAGe 
hydrolytic activity was intriguing to us, since I did not detect appreciable KIAA1363 
activity in the liver by ABPP-MudPIT. However, AADAC shares 44% identity with 
KIAA1363 in the liver, indicating that AADAC may control the levels and metabolism of 
C16:0e/C2:0 MAGe in the liver. Consistent with this premise, I show that AADAC, like 
KIAA1363, hydrolyzes C16:0e/C2:0 MAGe (Figure 2-3B).  
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Another interesting finding from my metabolomic profiling and lipid hydrolysis screen 
was an elevation in C20:4 LPA levels and inhibition of C20:4 FFA release from C20:4 
LPA (Figure 2-3A), suggesting that one of the CPF-inhibited serine hydrolases may 
control the levels of C20:4 LPA in mouse brain. To identify this enzyme, I screened 
C20:4 LPA hydrolytic activity against CPF-off target serine hydrolases overexpressed in 
HEK293T cells. I find that FAAH, MAGL, CES2, LIPE, ABHD3, CES1, and KIAA1363 
are all capable of releasing C20:4 FFA from C20:4 LPA, with the highest activities 
attributed to MAGL and FAAH (Figure 2-3C, first panel). I also show that MAGL 
blockade or MAGL/FAAH dual inhibition by the MAGL-selective inhibitor JZL184 or 
MAGL/FAAH-selective inhibitor JZL195, respectively, but not FAAH blockade alone by 
the FAAH-selective inhibitor PF3845, inhibits C20:4 LPA hydrolytic activity (Figure 2-3C, 
second panel). These results indicate that C20:4 LPA may be hydrolyzed by MAGL. 
However, I also noticed substantial generation of C20:4 MAG from C20:4 LPA 
phosphatase activity, which was stabilized upon blockade of MAGL (Figure 2-3C, third 
panel). In light of this finding, I wanted to determine whether the apparent inhibition in 
C20:4 LPA hydrolytic activity was acting through MAGL directly acting on C20:4 LPA or 
through MAGL acting on the C20:4 MAG generated by dephosphorylation of C20:4 LPA. 
I thus performed the C20:4 LPA hydrolytic activity assay in the presence of 
phosphatase and phospholipase D inhibitors. Blockade of phosphatase activity 
significantly reduced the conversion of C20:4 LPA to C20:4 MAG (data not shown) and 
the apparent inhibition in C20:4 LPA hydrolytic activity with JZL184 was abolished 
(Figure 2-3C, fourth panel), suggesting that C20:4 LPA is first dephosphorylated to 
generate C20:4 MAG which is in turn hydrolyzed by MAGL. 
 
Nonetheless, I was still intrigued by this connection between MAGL and C20:4 LPA and 
therefore tested whether MAGL-/- mouse brains had higher levels of this lipid. In addition 
to elevated C20:4 MAG and decreased C20:4 FFA levels reported previously 89, C20:4 
LPA levels significantly elevated by 2-fold in MAGL-/- brains compared to MAGL+/+ 
counterparts, showing that MAGL controls the levels of this lipid in the brain, likely 
through heightened levels of C20:4 MAG undergoing phosphorylation to generate C20:4 
LPA (Figure 2-3D).  
 
LPA is a well-studied class of bioactive signaling lipids with significant roles in 
inflammation, nociception, and nervous system development, as well as in disease 
states such as metabolic diseases, cancer, and atherosclerosis 64,149,151,155–157. LPA 
signals through the LPA receptor family and has recently been shown to produce 
nociceptive effects through TRPV1 148,151. C20:4 LPA, in particular, has also recently 
been shown to be an agonist for the GPR35 receptor and GPR35 receptor signaling has 
been shown to modulate pain, metabolism, and inflammation 150. It will thus be of future 
interest to investigate the (patho)physiological consequence of CPF-induced elevations 
in brain levels of C20:4 LPA. My findings show that MAGL may simultaneously control 
multiple signaling lipids in the brain, such as C20:4 LPA and C20:4 MAG that act 
through different receptor signaling pathways. This finding gives rise to the possibility for 
cross-talk of these signaling lipids to coordinate the various phenotypic effects observed 
upon MAGL inactivation 87,138,158. 
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While I could not observe hydrolytic activities or inhibition of hydrolytic activities with the 
other lipids that elevated in levels in CPF-treated mouse brain or liver under standard 
assay conditions, these alterations in the lipidome may still be linked to CPF-inhibited 
serine hydrolases either directly or indirectly. For example, DAG levels have been 
shown to be elevated in levels in LIPE-deficient mice 159, but I did not observe DAG 
hydrolytic activity in the brain. It will thus be of future interest to optimize hydrolytic 
assays for many of these lipids, such as LPI, DAG, and SM, to link CPF-induced 
lipidomic changes to CPF off-targets. Furthermore, the changes in these lipid species 
may also have (patho)physiological consequences. For example LPI and GPR55 
signaling has been linked to pain, inflammation, and cancer 153.  
 
Collectively, I show here that CPF blockade of MAGL, FAAH, KIAA1363, and AADAC 
lead to concordant changes in several classes of lipids (Figure 2-4 A-C). Additionally, I 
show that AADAC, like KIAA1363, is also a C16:0e/C2:0 MAGe hydrolase and that CPF 
blockade of AADAC may be responsible for the increased C16:0e/C20:0 MAGe levels in 
the liver. I also find that CPF elevates C20:4 LPA levels indirectly through MAGL 
blockade and phosphorylation of C20:4 MAG.  
 

Summary 
 
In this study, I find that OP pesticides disrupt the functions of multiple metabolic 
enzymes in vivo to exert alterations in lipid metabolism. Many of these enzymes, when 
inactivated, have been linked to various disease pathologies including neurobehavioral 
effects and metabolic disease. I show that several of these serine hydrolases are 
inhibited at CPO concentrations equivalent to or less than those required to inhibit 
ACHE, and may thus represent toxicological targets that may be responsible for the 
non-canonical toxicities associated with chronic OP pesticide exposure. For example, 
the cannabinoid-like behaviors that may result from CPF blockade of MAGL and FAAH 
and 2-AG and AEA elevations in brain may explain the neurobehavioral deficits 
associated with CPF exposure. The obesogenic effects associated with CPF exposure 
may be through heightened endocannabinoid signaling or CES1 blockade.  
 
Furthermore, using integrated chemoproteomic and metabolomic approaches, I attribute 
novel functions to both AADAC as a C16:0e/C2:0 MAGe hydrolase and MAGL as an 
enzyme that indirectly controls brain C20:4 LPA levels. It will be of future interest to 
determine whether chronic and low-dose exposure to OP pesticides elicit many of the 
phenotypes associated with inactivation of the OP off-target serine hydrolases.  
 
More broadly, I show here that employing multidimensional chemoproteomic and 
metabolomic profiling strategies facilitate a more comprehensive and deeper 
mechanistic understanding into potential toxicities that may be associated with chemical 
exposure by providing direct information on functional interactions of chemicals with 
proteins in vivo. I put forth that identifying direct functional targets of environmental 
chemicals provides information on the types of biological or toxicological effects that 
may be associated with chemical exposure and facilitates predictive toxicology 



 
 

24 

assessment and may help to inform chemical design and ultimately improve chemical 
safety and human health (Scheme 2-1). 
 
The chemoproteomics and metabolomics techniques I used in the study described in 
this chapter revealed the serine hydrolase enzyme off-targets of CPF and the resulting 
metabolic consequences of enzyme inhibition. While this approach is class-
comprehensive and reveals functional state, it is limited by its class specificity. In 
Chapter 3, I will describe how I used a more comprehensive approach to identify targets 
of environmental chemicals regardless of protein function or class. 
 

Materials and Methods 
 
Chemicals. OP pesticides were purchased from Sigma, Santa Cruz Biotechnology, and 
ChemService. Synthetic substrates were purchased from Avanti Polar Lipids and Sigma. 
FP-rhodamine and FP-biotin were synthesized based on previously established 
procedures 12. Selective serine hydrolase inhibitors JZL184, JZL195, and PF3485 were 
purchased from Cayman Chemical or synthesized by collaborators based on previously 
established procedures 138,160.  Phosphatase and phospholipase D inhibitors were 
purchased from Cell Signaling Technology (100x Phosphatase Inhibitor Cocktail 5870S) 
and Sigma (5-fluoro-2-indolyl des-chlorohalopermide). 
 
Mice. C57BL/6 male mice (6 weeks old) were exposed by intraperitoneal (ip) injection 
with each pesticide in a vehicle of 18:1:1 saline/emulphor/ethanol (10 ul/g mouse). The 
maximally tolerated dose for each pesticide was selected based on previously reported 
conditions and on conditions established in these experiments. Mice were treated with 
10 mg/kg EPF, 30 mg/kg PBF, 50 mg/kg CPF, 100 mg/kg TBF or 100 mg/kg PB. After 4 
h, mice were sacrificed by cervical dislocation and brains, livers, lungs, kidneys, and 
testes were removed and flash frozen in liquid nitrogen. MAGL+/+ and MAGL-/- mice 
described previously 87, were on a mixed genetic background of C57BL/6 and 129Sv 
and were obtained from The Scripps Research Institute. Animal experiments were 
conducted in accordance with the guidelines of the Institutional Animal Care and Use 
Committee of the University of California, Berkeley. 
 
Cell Culture and Recombinant Overexpression Conditions. HEK293T cells were 
cultured in DMEM media containing 10% FBS and maintained at 37oC with 5% CO2. 
Recombinant cDNA constructs containing enzymes of interest in the SPORT6 vector 
were purchased from Thermo Open Biosystems and transiently transfected into 
HEK293T cells using Fugene. 
 
ABPP of Mouse Tissue Proteomes and Recombinantly Overexpressed Enzyme. 
Tissues were homogenized in phosphate-buffered saline (PBS), followed by a 1000 x 
g centrifugation of the homogenate. The resulting supernatant was collected and used 
for subsequent assays. For gel-based ABPP experiments in tissue, proteomes (50 ug) 
were incubated with FP-rhodamine (2 mM) for 30 min at room temperature in a 50 uL 
reaction volume. For gel-based ABPP experiments in overexpressed enzyme lysate, the 
following total protein amounts were selected based experimentally on achieving 
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optimal resolution in gel: FAAH and MAGL, 5 ug; ABHD6, CES2C, ES1, and IAH1, 10 
ug; AADAC, KIAA1363, and LIPE, 25 ug; ABHD3, ACHE, APEH, CES1G, and CES3B 
50 ug. Inhibition of proteome or enzyme was achieved by pre-incubating the protein with 
inhibitor for 30 min at 37ºC, and then incubating with FP-rhodamine for 30 min at room 
temperature, except for overexpressed KIAA1363 which was pre-incubated with CPO 
for 5 min and labeled with FP-rhodamine for 15 min, due to previous studies showing 
that KIAA1363 actively hydrolyzes CPO 127. The reaction was quenched by the addition 
of 30 uL of 4 x SDS-PAGE loading buffer and heated at 90°C for 10 min. Samples were 
run on a 10% SDS-PAGE gel and scanned using a Typhoon flatbed fluorescence 
scanner (GE Healthcare). Activity of each enzyme was quantitated by measuring the 
density of the fluorescent gel band using Image J software. 
 
ABPP-MudPIT analysis was performed using previously established procedures. Briefly, 
proteomes (1 mg tissue homogenate) were labeled with FP-biotin (5 mM) in 1ml PBS 
for 1 h at room temperature, solubilized in 1 % Triton X-100 for 1 h, denatured, and 
labeled enzymes were enriched using avidin beads, reduced and alkylated, and 
trypsinized. Tryptic peptides were analyzed on nanospray Thermo LTQ-XL MS/MS 
system in a data-dependent manner and MS2 files were analyzed subsequently by 
SEQUEST as previously described 93. I then filtered the subsequent list for serine 
hydrolases based on previous profiling of serine hydrolases with the FP-biotin probe in 
various tissues 32. 
 
Metabolomic profiling. Nonpolar lipid metabolites were extracted in 3 ml of a 2:1 
chloroform:methanol and 1 ml of PBS with inclusion of internal standards C12:0 
dodecylglycerol (10 nmol) and pentadecanoic acid (10 nmol). Organic and aqueous 
layers were separated by centrifugation at 1000 x g for 5 min and the organic layer was 
collected, dried down under N2 and dissolved in 120 ul chloroform. Metabolites were 
then chromatographically separated by liquid chromatography as previously described 
95. MS analysis was performed with an electrospray ionization (ESI) source on an 
Agilent 6430 QQQ LC-MS/MS. The capillary voltage was set to 3.0 kV, and the 
fragmentor voltage was set to 100 V. The drying gas temperature was 350oC, the drying 
gas flow rate was 10 l/min, and the nebulizer pressure was 35 psi. Representative 
metabolites were quantified by SRM of the transition from precursor to product ions at 
associated optimized collision energies as previously described 95. Untargeted LC-MS 
was performed by scanning a mass range of m/z 50-1200 and data was exported as 
mzdata files and uploaded to XCMSOnline (xcmsserver.nutr.berkeley.edu) 74  to identify 
metabolites that were changed. These metabolites from untargeted analysis were 
putatively identified through using the METLIN online database 161. Standards were 
used to confirm coelution and fragmentation of the standard with the metabolite of 
interest. These metabolites were then quantified by SRM analysis. Metabolites were 
quantified by integrating the area under the peak and were normalized to internal 
standard values and adjusted based on external standard curves, and then levels were 
expressed as relative levels compared to controls.  
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Hydrolytic Activity Assays. Activity assays were performed as previously described 93. 
Briefly, cell or tissue lysates (160 ug) in PBS were incubated with 10 or 100 uM lipids at 
37ºC for 30 min in a volume of 400 ul before quenching with 1200 ul 2:1 
chloroform:methanol and subsequent addition of 10 nmol of pentadecanoic acid or 10 
nmol dodecylglycerol internal standards. Inhibitors (1 mM) were pre-incubated with 
proteomes for 30 minutes at 37ºC before addition of lipid substrate; phosphatase 
inhibitors were incubated for 15 minutes at 37ºC prior to incubation with selective MAGL 
and/or FAAH inhibitors. The products were extracted into the organic layer, which was 
dried under nitrogen, dissolved in 120 ul chloroform, and directly injected into LC-
MS/MS. Product levels were quantified by measuring the area under the peak and 
normalized in relation to internal standard levels. 
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CHAPTER THREE: ORGANOPHOSPHORUS FLAME RETARDANTS INHIBIT 
SPECIFIC LIVER CARBOXYLESTERASES AND CAUSE SERUM 
HYPERTRIGLYCERIDEMIA 
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Introduction 
 
As I discussed in Chapters 1 and 2, enzyme-class directed activity-based probes are 
useful tools for assessing the functional state of many different enzymes across the 
proteome, and when used in a competitive format, can reveal the class-wide targets of 
small molecules such as members of the serine hydrolase superfamily and CPF. 
However, this approach is limited to members of a single enzyme family at a time, and 
to gain a more comprehensive list of protein targets across multiple classes, a broader 
approach is needed. In this chapter, I used a compound-specific bioorthogonal probe in 
a competitive chemoproteomics approach to reveal the protein targets of a widely used 
flame retardant. 
 
Flame retardant chemicals are added to furniture, textiles, vehicle upholstery, 
electronics, computers, plastics, building materials, hydraulic fluids, and lubricants to 
prevent combustion and to delay the spread of fires after ignition 162. Due to their 
prevalent and increasing utilization in household items and consumer and baby 
products, human exposure, even at young ages, to flame retardant chemicals is 
widespread 162. Organophosphorus flame retardants (OPFRs) are considered to be 
suitable replacements for legacy brominated flame retardants that have been recently 
banned or phased out due to toxicity, persistence, and bioaccumulation. OPFR 
production and application has thus been increasing in recent years. OPFRs have been 
detected in indoor air, house dust, drinking water, sediment, and biota. More importantly, 
OPFR and their metabolites have been detected in 96 % of human urine samples 162,163.  
 
While OPFRs are not acutely toxic in mammals, exposures to these chemicals have 
been associated with altered hormone levels and reduced semen quality in men 164. 
However, other potential long-term health effects are less well understood. Among the 
OPFRs, triphenyl phosphate (TPP) is one of the most widely used of the OPFRs and is 
considered to be the most effective flame retardant for many polymers (Figure 3-1A) 
with levels of use of up to 54 million pounds annually in the United States and Europe. 
TPP and other OPFRs are major components of Firemaster 550, a flame retardant 
mixture commonly used in furniture foam at concentrations greater than the legacy 
flame retardants it replaced 162. Understanding whether these chemicals interact with 
biological targets in vivo in mammals to elicit potential toxicological action is thus critical 
for assessing their long-term adverse health effects. Here, I utilized integrated 
chemoproteomic and metabolomic platforms to discover that TPP inhibits several 
specific mouse carboxylesterases (CES) enzymes in vivo in mouse liver, alters hepatic 
lipid metabolism, and causes serum hypertriglyceridemia. I also present evidence that 
several additional members of the OPFR chemical class may also inhibit the same set 
of CES enzymes that cause these dyslipidemic phenotypes.  
 

Results 
 
To identify direct protein targets of TPP in vivo in mice, my colleague and study 
coauthor Patrick Morris and I developed two bioorthogonal chemoproteomic probes that 
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mimic the TPP structure, TPPyne1 and TPPyne2 (Figure 3-1A). These probes are TPP 
analogs that include a bioorthogonal alkyne handle that can be reacted with an 
analytical tag, such as rhodamine-azide or biotin-azide, by copper-catalyzed click 
chemistry 165,166 for subsequent fluorescent detection or mass-spectrometry-based 
proteomic identification of probe targets, respectively (Figure 3-1B). I pretreated mice 
with vehicle or TPP (for 1h) prior to administration of mice with the TPPyne probes (for 3 
h). A rhodamine analytical handle was then appended to the TPPyne-bound proteins in 
liver lysates ex vivo by click chemistry to visualize probe-bound targets. Interestingly, I 
found that both probes labeled several TPP-specific protein targets in vivo in mouse 
livers, i.e. proteins whose labeling by the TPPyne probes were competed out by TPP 
pre-administration. TPPyne2 showed more TPP-specific and fewer probe-specific 
targets compared to TPPyne1, i.e. TPPyne1 showed more non-specific targets that 
were not competed by TPP, compared to TPPyne2 (Figure 3-1C). Thus, I proceeded to 
use TPPyne2 for subsequent proteomic identification of TPP-specific targets. 

Bioorthogonal Chemoproteomic Profiling Reveals Carboxylesterase Enzymes are in 
vivo Targets of TPP 
 
To identify the in vivo biological targets of TPP, I appended a biotin analytical handle 
onto proteins labeled by TPPyne2 in liver lysates from the TPPyne2-treated mice using 
click chemistry, avidin-enriched the probe-labeled proteins, trypsinized the enriched 
proteome, and analyzed subsequent tryptic peptides by MudPIT 167. I identified five 
protein targets from liver lysates that were significantly enriched by the TPPyne2 probe 
(p<0.05) compared with lysates from TPP pretreated TPPyne 2-treated mice (Figure 3-
1D). I interpret these targets to be TPP-specific protein targets bound in vivo in mouse 
liver. All five protein targets were CES enzymes, CES1f, CES1g, CES2a, CES1e, and 
CES1c. CES enzymes belong to the serine hydrolase superfamily and have collectively 
been implicated as both liver triacylglycerol hydrolases and detoxification enzymes for 
carboxylester xenobiotics 34,168. In a separate experiment, I tested whether TPP 
inhibited the activity of these CES enzymes, rather than merely binding these proteins in 
an activity-independent manner, using ABPP-MudPIT with the serine hydrolase activity-
based probe, FP-biotin 7,124. ABPP uses active-site directed probes to directly measure 
the activities of enzymes in complex biological samples 5,12,27,33,126,169,170. Previous 
studies have shown that the serine hydrolase activity-based probes FP-biotin and FP-
rhodamine bind only to active, but not inactive or inhibited, serine hydrolases and can 
be used to measure the activities of many serine hydrolases, including CES enzymes 
5,12,27,33,126,169,170. Indeed, using ABPP-MudPIT, I show that CES1f, CES1g, CES2a, 
CES1e, and CES1c activities are inhibited by TPP in vivo. 

TPP Irreversibly Inhibits the Active Site Serine of Ces Enzymes 
 
I reason that this inhibition of CES activity is through irreversible phosphorylation of TPP 
to the CES active-site serine, as has been shown for other OP compounds 5,171. As 
evidence of this irreversible binding, I show that TPPyne2-bound CES targets are visible 
on a denaturing SDS-PAGE gel and are enriched and identified by proteomics under 
denaturing conditions (Figure 3-1C-D). To experimentally determine the nature of this 
interaction, I generated a catalytically-inactive CES1g Serine 221 to Alanine (S221A) 
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mutant enzyme. I demonstrate that TPPyne2 labels wild-type CES1g, but not CES1g 
S221A, providing evidence of a covalent interaction at the active-site serine of the 
enzymes, much like other OP compounds that phosphorylate the active-site serine of 
serine hydrolases to cause functional inhibition. Thus, I propose that TPP likely binds 
irreversibly to the active-site serine of CES enzymes. Though many OP toxicants have 
been known to elicit their primary mode of toxicity through inhibition, I demonstrate that 
TPP does not inhibit either AChE or BChE activity.  
 
Total CES activity has also been previously assayed by measuring p-nitrophenyl 
acetate hydrolysis 172,173. TPP treatment in vivo in mice significantly inhibits total liver p-
nitrophenyl acetate hydrolytic activity by 43 %. To further confirm that TPP inhibits the 
activities of the specific TPP target CES enzymes, I next tested whether TPP inhibits p-
nitrophenyl acetate hydrolytic activity in HEK293T lysates overexpressing the five CES 
TPP targets. Despite ABPP data showing that all five CES enzymes were 
overexpressed and active, CES1c and CES1g did not significantly hydrolyze this 
substrate. Only CES1e, CES1f, and CES2a were capable of hydrolyzing p-nitrophenyl 
acetate. Nonetheless, I show that CES1e, CES1f, and CES2a p-nitrophenyl acetate 
hydrolytic activity were completely inhibited by TPP in vitro. 
 
I next tested the relative potencies of TPP against the five identified CES enzyme 
targets recombinantly expressed in HEK293T cells. I found that TPP inhibits CES1f, 
CES1g, CES2a, CES1e, and CES1c at IC50 values of 5, 1100, 2300, 12, and 15 nM, 
respectively (Figure 3-1E), using competitive ABPP. These IC50 values are within the 
realm of potential exposure levels based on the levels of TPP previously detected in 
house dust 162.  

Subacute TPP Exposure Causes Serum Hypertriglyceridemia and Increased VLDL and 
LDL Masses 
 
Previous work by Quiroga et al. revealed that genetic ablation of CES1g (also known as 
Ces1 or Esterase-X) in mice caused obesity, hepatic steatosis, and hyperlipidemia 145. 
This striking phenotype prompted me to hypothesize that repeated exposure to TPP 
may result in similar metabolic alterations. Consistent with this premise, subacute 
exposure to TPP (once per day over 10 days) in mice led to serum hypertriglyceridemia 
and increased VLDL and LDL masses (Figure 3-2A-C). Based on findings of Quiroga et 
al., I conjectured that TPP is eliciting this dyslipidemic phenotype through increased 
VLDL secretion through hepatic CES1g blockade, as has been previously shown in 
Ces1g-deficient mice 145. Because the role of CES1f, CES2a, CES1e, and CES1c are 
unknown in neutral lipid metabolism, it is not clear at present whether the effects of TPP 
on lipid metabolism are mediated through CES1g inhibition or through any combination 
of the target CES enzymes. Thus, at this time, based on existing evidence, I attribute 
the TPP-induced hypertriglyceridemia to CES1g inactivation, and it will be of future 
interest to determine the individual and combinatorial roles of these five CES enzymes 
in dyslipidemia. I also show that lipoprotein lipase (IC50>100 mM) is not inhibited by TPP, 
since LPL inhibition may yield similar hypertriglyceridemia phenotypes through impairing 
uptake of triglycerides from VLDL 174.  
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TPP Exposure Alters Lipid Metabolism Leading to PKC-Mediated Serum 
Hypertriglyceridemia 
 
I next wanted to explore the potential mechanism through which TPP causes 
hypertriglyceridemia. Because CES enzymes are implicated in lipid metabolism, I 
focused my efforts on profiling the lipidome by performing LC/MS-based metabolomic 
analysis 95,124 to identify biochemical alterations in the livers of TPP-treated mice. I 
utilized targeted SRM-based methods to comparatively profile the levels of >150 lipids 
in combination with untargeted approaches to broadly profile >20,000 ions between 
vehicle and TPP-treated mice. Upon acute in vivo TPP-treatment, I was surprised to find 
that the only significant changes in the lipidome were increases in the levels of DAGs 
(Figure 3-3A-B). While CES enzymes have been implicated in triacylglycerol hydrolysis, 
my results may indicate that one or all of the CES enzymes inhibited by TPP may 
regulate liver DAG metabolism.  
 
I thus hypothesized that the observed increase in serum triglyceride levels may arise 
from the initial TPP-induced increases in liver DAG levels. As DAGs are endogenous 
ligands for protein kinase C (PKC) 175 and PKC-deficient mice are protected against 
dyslipidemia, I thus postulated that DAG stimulation of PKC in the liver may result in 
hypertriglyceridemia. Consistent with this premise, subacute co-administration of the 
pan-PKC inhibitor Gö6983 with TPP over 10 days averts the TPP-induced serum 
hypertriglyceridemia (Figure 3-3C).  
 
Upon subacute (10 day) TPP treatment, I observed broader changes in the liver 
lipidome, not only including increases in DAG levels, but also increases in the levels of 
several phospholipids and lysophospholipids, neutral lipids, and fatty acids, and 
lowering in the levels of several ether lipids and sphingolipids (Figure 3-3D-E). Thus, 
longer TPP exposure causes widespread alterations in hepatic lipid metabolism.  

Arylphosphate OPFRs Are a Chemotype of Concern for Eliciting Dyslipidemic Effects 
 
To examine chemical class-wide effects of other OPFRs currently in use, I tested the 
inhibitory potential of these chemicals against the TPP targets identified in this study. 
While most of the alkylphosphates were inactive against CES, I found that many 
arylphosphate OPFRs inhibited CES1f, CES1g, CES2a, CES1e, and CES1c, including 
cresyldiphenylphosphate (CDPP), 2-ethylhexyl diphenylphosphate (EHDP), 
trimetacresylphosphate (TMCP), and triparacresylphosphate (TPCP) (Figure 3-3F). 
These results suggest that arylphosphate OPFRs may be a chemotype of concern for 
eliciting dyslipidemic phenotypes through CES inhibition. It would be of future interest to 
perform similar studies with bioorthogonal mimics of alkylphosphate flame retardant 
chemicals to identify their potential biological targets in vivo. Previous studies have 
shown that the OP compound bis-nitrophenylphosphate (BNPP) broadly inhibits CES 
enzyme activity. While I show that BNPP inhibits Ces1e, BNPP does not inhibit CES1g 
activity 172. Thus, I would not anticipate that exposure to BNPP would elicit dyslipidemic 
activity. 
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Discussion and Conclusions 
 
In conclusion, I show here that TPP inhibits a specific subset of liver CES enzymes. 
Genetic deletion of one of these CES enzymes, CES1g, has been shown in mice to 
cause obesity and dyslipidemia. Consistent with TPP inhibition of CES1g, I show that 
TPP exposure elicits hypertriglyceridemia and I find that it likely occurs through 
heightened liver DAG and PKC signaling, and further causes alterations in liver lipid 
metabolism. I also provide evidence that my findings may apply more broadly to the 
class of arylphosphate OPFRs. Previous studies have shown that TPP broadly inhibits 
carboxylesterase activity, oftentimes assayed in crude protein mixtures with the non-
specific serine hydrolase substrates. However, there are at least 20 different 
carboxylesterases in mice and several hundred other serine hydrolases. While these 
carboxylesterases are highly homologous to each other 168, recent studies have shown 
that there may be unique physiological functions for each CES. For example, while 
Ces1g-deficient mice exhibit obesity, hepatic steatosis, and dyslipidemia, 
pharmacological or genetic ablation of CES3 show improved glycemia and serum lipid 
profiles 27,176 . I show here that TPP and other arylphosphate flame retardants inhibit 
particular CES enzymes (CES1f, CES1g, CES2a, CES1e, and CES1c) and show that 
prolonged TPP exposure results in similar phenotypes observed in CES1g -deficient 
mice. Thus, in this study, I provide finer detail in the specific CES isoforms that are 
inhibited by TPP and other OPFRs in mouse liver.  
 
Patisaul et al. recently published a provocative study showing gestational and 
lactational exposure of rats to Firemaster 550, which contains TPP, a mixture of 
isopropylated triphenylphosphate isomers, 2-ethyldexy-2,3,4-5-tetrabromobenzoate 
(TBB), and bis(2-ethylhexyl)-2,3,4,5-tetrabromopthalate (TBPH), caused hallmarks 
associated with metabolic syndrome, including increased serum thyroxine, advanced 
female puberty, weight gain, male cardiac hypertrophy, and altered exploratory 
behaviors 177. The authors concluded that these effects were likely due to TBB and 
TBPH acting as endocrine disruptors, and further showed that overall hepatic CES 
activity, assayed by p-nitrophenyl acetate, was inhibited likely due to CES metabolism 
of TBB and TBPH 177. My studies suggest instead that the OPFRs in Firemaster 550 
likely led to the inhibition in overall CES activity due to the blockade of specific Ces 
enzymes. While I cannot rule out other interactions of TPP with other proteins, or which 
of the five CES enzymes may be responsible for TPP-mediated phenotypes, I provide 
compelling evidence that OPFRs may act as dyslipidemic agents through a unique 
mode of action of inhibiting CES1g that may be distinct from endocrine disrupting 
mechanisms. It will be of future interest to develop more selective inhibitors for 
individual CES enzymes to dissect their individual and combined roles in lipid 
metabolism. Quite interestingly, while CES activity has been traditionally assayed 
through measurement of p-nitrophenyl hydrolysis, I demonstrate that CES1g does not 
hydrolyze this substrate, consistent with previous reports 178, and that the observed 
inhibition of total liver p-nitrophenyl acetate hydrolytic activity following TPP exposure is 
likely due to CES1f inhibition. The inability of CES1g to turnover p-nitrophenyl acetate 
likely reflects a tight binding pocket within CES1g that cannot accommodate the di-and 
tri-arylphosphonates that have substituents on the aryl groups, as reflected by the 
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inability of TMCP and TPCP to inhibit CES1g (Figure 3-3F). Thus, traditional CES 
activity assays would not have been able to specifically identify CES1g as a TPP target. 
My findings underscore the importance of chemoproteomic platforms in identifying direct 
targets of chemicals to inform novel toxicological mechanisms.  
 
Previous literature has reported house dust concentrations of TPP up to 1.8 mg TPP/g 
dust1, and an average household contains approximately 1 g of dust 179. An average 
small child weighing 12-13 kg carrying ~1 L total blood volume would require absorption 
of merely 0.33 mg TPP to reach a blood concentration of 1000 nM – a concentration 
comparable to or greater than the IC50 values of TPP against the CES enzyme targets 
identified in this study. Though such an acute exposure may be unlikely, a 
comprehensive exposure assessment must consider additional factors, including other 
sources of TPP exposure, the effects of chronic TPP exposure, and any compounding 
effects of other OPFRs and environmental chemicals that may inhibit CES enzymes. 
Indeed, a recent study by Meeker et al. examining urinary metabolites of OPFRs 
suggests direct, stable sources of exposure, and previous studies examining urinary 
concentrations of TPP metabolites in humans range up to 28.6 ug/L 180. Furthermore, 
since these agents are likely acting through irreversible phosphorylation of the CES 
active site serine nucleophiles, the duration of CES inhibition is dictated by the rate of 
protein synthesis and turnover, rather than the rate of chemical elimination from the 
body. Thus, in the current reality of sustained exposure to mixtures of TPP and other 
OPFRs, even relatively low amounts of TPP may cause a cumulative inhibition of 
hepatic CES enzymes. There may also be other environmental chemicals that also 
inhibit CES enzymes. I recently found that CPF, a widely used OP insecticide also 
inhibits many of the liver CES enzymes, as well as other serine hydrolases in vivo in 
mice 170. It will be of future interest to test whether chronic and low dose TPP exposure 
will exert dyslipidemia, hepatic steatosis, obesity, and other aspects of the metabolic 
syndrome. 
 
I also demonstrate the utility of chemoproteomic platforms in identifying the direct 
biological targets of environmental chemicals, such as OPFRs, to facilitate their 
toxicological characterization. I also show that metabolomic platforms can be integrated 
with chemoproteomic strategies to inform potential toxicological mechanisms 
downstream of chemical-protein interactions. Overall, I put forth that sustained exposure 
to OPFRs may present a risk to human health by potentially disrupting hepatic lipid 
metabolism and exerting hypertriglyceridemia through a unique mechanism of inhibiting 
specific liver CES enzymes. 
 
In this chapter, I described how I used a bioorthogonal chemoproteomics technology to 
reveal the targets of TPP in vivo, providing insight into the mechanism behind the 
dysregulated metabolism effects seen upon exposure. However, this comprehensive 
approach of developing compound-specific probes is inherently low throughput. In the 
next chapter, I will use a reactivity based chemoproteomics approach to screen 
electrophilic environmental chemicals against reactive cysteine nucleophiles across the 
proteome to provide a broad assessment of chemical reactivity.  
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Materials and Methods 
 
Chemicals. TPP and other OPFRs were purchased from Sigma-Aldrich, TCI America, 
or Acros Organics. Azide-PEG3-biotin conjugate (biotin-azide) was purchased from 
Sigma-Aldrich. Rhodamine-azide was purchased from Click Chemistry Tools 
(Scottsdale, AZ). FP-biotin and FP-rhodamine were synthesized as previously 
described. PKC inhibitor Gö 6983 was purchased from Tocris Biosciences. All other 
chemicals were purchased from major commercial suppliers and used without further 
purification. 
 
Mice. C57BL/6 male mice (6-8 weeks old) were exposed by ip injection with TPP in a 
vehicle of 18:1:1 saline/emulphor/ethanol (10 ul/g mouse). Mice were sacrificed by 
cervical dislocation. Livers were removed and flash frozen in liquid nitrogen. Animal 
experiments were conducted in accordance with the guidelines of the Institutional 
Animal Care and Use Committee of the University of California, Berkeley. 
 
Processing of Mouse Liver Proteomes. Tissues were homogenized in PBS, followed 
by a 1000 x g centrifugation of the homogenate. The resulting supernatant was 
collected and used for subsequent assays. Protein concentrations were determined by 
Bradford assays. 
 
Cell Culture and Recombinant Overexpression Conditions. HEK293T cells were 
cultured in DMEM media containing 10% FBS and maintained at 37oC with 5% CO2. 
Recombinant cDNA constructs containing enzymes of interest in the SPORT6 vector 
were purchased from Thermo Open Biosystems and transiently transfected into 
HEK293T cells using Fugene. 
 
Click Chemistry Procedures to Append Analytical Handles to TPPyne-Treated 
Mouse Proteomes. Following a modified procedure from Weerapana et al 22, SDS (5.0 
ml of 20 % SDS) was added to liver proteome (50 ug) in PBS (38 ul). The sample was 
heated to 90 ºC for 10 min, and subsequently cooled. Rhodamine azide (1.0 uL, 5.0 mM 
in DMSO), copper (II) sulfate (2.0 uL, 50 mM in water), tris(2-carboxyethyl)phosphine 
(1.0 uL, 50 mM in water), and tris[(1-benzyl-1H-1,2,3-triazol-4-yl)methyl]amine (3.0 uL, 
1.7 mM in 4:1 tBuOH : DMSO) were sequentially added. The sample was vortexed and 
the reaction was allowed to proceed for 1 h at 37 ºC in a shaker.  
 
In a similar manner, to link the biotin handle, 100 ml of 20 % SDS was added to liver 
proteome (1 mg) in PBS (760 ul). The sample was heated to 90 ºC for 10 minutes. The 
sample was cooled and biotin-PEG3-azide (20 ul, 5.0 mM in DMSO), copper (II) sulfate 
(40 ul, 50 mM in water), tris(2-carboxyethyl)phosphine (20 ul, 50 mM in water), and 
tris[(1-benzyl-1H-1,2,3-triazol-4-yl)methyl]amine (60 ul, 1.7 mM in 4:1 tBuOH : DMSO) 
were sequentially added. The sample was vortexed and the reaction allowed to proceed 
overnight at 37 ºC in a shaker. 
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Gel-based visualization of TPPyne-Bound Proteins. After click reactions, proteomes 
(50 ug) were quenched by the addition of 30 uL of 4 x SDS-PAGE loading buffer and 
heated at 90°C for 10 min. Samples were run on a 10% SDS-PAGE gel and scanned 
using a Typhoon flatbed fluorescence scanner (GE Healthcare). 
 
Chemoproteomics to Identify TPPyne2-Bound Protein Targets. After click reactions, 
proteomes (1 mg tissue homogenate) solubilized in 1 % Triton X-100 for 1 h, denatured, 
and labeled enzymes were enriched using avidin beads, reduced and alkylated, and 
trypsinized overnight. Tryptic peptides were analyzed on nanospray Thermo LTQ-XL 
MS/MS system in a data-dependent manner and MS2 files were analyzed subsequently 
by SEQUEST as previously described.  
 
ABPP of Mouse Liver Proteomes and Recombinantly Overexpressed Enzyme and 
IC50 determinations. For gel-based ABPP experiments in tissue, proteomes (50 ug) 
were incubated with FP-rhodamine (2 mM) for 30 min at room temperature in a 50 uL 
reaction volume. TPP IC50 values were determined by performing competition studies 
with TPP and FP-rhodamine labeling of overexpressed CES enzymes in 293T lysates. 
TPP was preincubated with 293T lysates overexpressing individual Ces enzymes for 30 
min at 37oC prior to the addition of FP-rhodamine for 30 min at room temperature. 
Reactions were then quenched with 4 x SDS/PAGE loading buffer and heated to 90oC 
for 10 min. Samples were run on a 10% SDS-PAGE gel and scanned using a Typhoon 
flatbed fluorescence scanner (GE Healthcare). Activity of each enzyme was quantitated 
by measuring the density of the fluorescent gel band using Image J software, and IC50 
values were determined based on percent inhibition of enzyme activity plotted against a 
sigmoidal full-step logarithmic dose-responsive curve and calculating IC50 using 
Graphpad Prism 6 software. 
 
ABPP-MudPIT analysis was performed using previously established procedures. Briefly, 
proteomes (1 mg tissue homogenate) were labeled with FP-biotin (5 mM) in 1ml PBS 
for 1 h at room temperature, solubilized in 1 % Triton X-100 for 1 h, denatured, and 
labeled enzymes were enriched using avidin beads, reduced and alkylated, and 
trypsinized overnight. Tryptic peptides were analyzed on nanospray Thermo LTQ-XL 
MS/MS system in a data-dependent manner and MS2 files were analyzed subsequently 
by SEQUEST as previously described.  
 
Carboxylesterase substrate hydrolysis assay. Measurement of CES activity by 
substrate hydrolysis assay was performed using crude liver lysate as well as crude cell 
lysate from HEK293T cells overexpressing a mock or recombinant gene target. 
Overexpression of the recombinant enzyme was confirmed by ABPP. Enzyme activity 
was evaluated by measuring the hydrolysis of p-nitrophenol acetate (1 mM final 
concentration) to p-nitrophenol in individual assays containing 12.5 ug total protein 
lysate in potassium phosphate buffer per reaction. TPP (50 uM final concentration) or 
DMSO vehicle was incubated with lysate for 10 minutes at 25o C, then substrate was 
added and the reaction was monitored at 405 nm for 10 min at 25o C.  
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AChE and BChE activity assays. AChE and BChE activity was assayed by measuring 
acetylthiocholine and butyrylthiocholine hydrolytic activity. HEK293T lysate 
overexpressing AChE or BChE (25 ug) in PBS (50 uL) was incubated for 30 minutes at 
37oC with either DMSO (control), 1 or 10 uM TPP prior to addition of 250 uL 
acetylthiocholine assay solution (1 mM acetylthiocholine, 0.33 mM dithionitrobenzoate 
in 100 mM pH 7.4 phosphate buffer) or 250 uL butyrylthiocholine assay solution (0.2 
mM butyrylthiochloline, 0.33 mM dithionitrobenzoate, in 100 mM pH 7.4 phosphate 
buffer). Rate of hydrolysis was measured over 5 min measuring formation of the 2-nitro-
5-thiobenzoate product using a colormetric plate reader (405 nM). 
 
Metabolomic profiling. Nonpolar lipid metabolites were extracted in 3 ml of a 2:1 
chloroform:methanol and 1 ml of PBS with inclusion of internal standards 
dodecylglycerol (10 nmol) and pentadecanoic acid (10 nmol). Organic and aqueous 
layers were separated by centrifugation at 1000 x g for 5 min and the organic layer was 
collected, dried down under N2 and dissolved in 120 ul chloroform. Metabolites were 
then chromatographically separated by liquid chromatography. MS analysis was 
performed with an ESI source on an Agilent 6430 QQQ LC-MS/MS. The capillary 
voltage was set to 3.0 kV, and the fragmentor voltage was set to 100 V. The drying gas 
temperature was 350oC, the drying gas flow rate was 10 l/min, and the nebulizer 
pressure was 35 psi. Representative metabolites were quantified by SRM of the 
transition from precursor to product ions at associated optimized collision energies as 
previously described. Untargeted LC-MS was performed by scanning a mass range of 
m/z 50-1200 and data was exported as mzdata files and uploaded to XCMSOnline 
(xcmsserver.nutr.berkeley.edu) to identify metabolites that were differentially changed 
Metabolites were quantified by integrating the area under the peak and were normalized 
to internal standard values, and then levels were expressed relative to controls.  
 
Ion mobility. Ion mobility was performed by Krauss and colleagues at Children’s 
Hospital Oakland Research Center. Particle concentrations of VLDL, IDL, LDL and HDL 
subfractions are analyzed in specific particle-size intervals using ion mobility (IM), which 
uniquely allows for direct particle quantification as a function of particle diameter 
following a procedure to remove other plasma proteins. The IM instrument utilizes an 
electrospray to create an aerosol of particles, which then pass through a differential 
mobility analyzer (DMA) coupled to a particle counter. Particle concentrations (nmol/L) 
are determined for subfractions defined by the following size intervals (nm): VLDL: large 
(42.40-54.70), medium (33.50-42.39), small (29.60-33.49); IDL: large (25.00-29.59), 
small (23.33-24.99); LDL: large LDL1 (22.46-23.32), medium LDL2a (22.20-22.45) and 
LDL2b (21.41-22.19), small LDL3a (20.82-21.40) and LDL3b (20.49-20.81), very small 
LDL4a (19.90-20.48) and LDL4b (19.00-19.89); HDL: large HDL2b (10.50-14.50); 
smaller HDL2a+3 (7.65-10.49). Interassay variation is reduced by inclusion of two in-
house controls in each preparatory process and duplicate analysis. CV <15% for each 
subfraction measurements is maintained throughout.  
 
Synthesis and characterization of TPP probes. Synthesis and characterization of 
probes was prepared and provided by by laboratory colleague and study coauthor Dr. 
Patrick Morris 181.  
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CHAPTER FOUR: MAPPING PROTEOME-WIDE TARGETS OF ENVIRONMENTAL 
CHEMICALS USING REACTIVITY-BASED CHEMOPROTEOMIC PLATFORMS 
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Introduction 
 
As I discussed in Chapters 1-3, activity based proteomics are useful for assessing the 
functional state of entire enzyme classes, such as the serine hydrolase family with CPF 
treatment, and compound-specific bioorthogonal chemical probes can reveal protein 
targets of a small molecule regardless of enzyme class, as with the TPP specific probe 
TPPyne. I next wanted to employ a broad screening approach to map the sites of hyper-
reactive nucleophilic hotspots across the proteome, which have recently been shown to 
react with specific electrophiles, as opposed to indiscriminate binding of reactive 
electrophiles to protein nucleophiles. Applied to toxicological assessment, this approach 
could reveal proteins sensitive to individual electrophiles, towards building a list of 
electrophile-specific targets. This approach could also be used for generating a profile 
of proteins uniquely sensitive to a great many electrophiles, towards informing the 
mechanisms of action behind electrophilic environmental chemical toxicities. Using a 
reactivity-based chemoproteomics approach would allow screening of electrophiles 
predict toxicity of existing chemicals and optimize design of chemicals still in 
development. Here, I use a reactive-cysteine probe to identify environmental 
electrophiles for reactivity out of a broad screen, including the fungicide chlorothalonil 
which is subsequently shown to cause metabolic dysregulation in vivo in mouse kidney 
by previously unknown mechanisms. 
 
Many complex human diseases cannot be explained by genetics alone and likely have 
environmental or gene-environment causes 2,3. We are exposed to an ever-growing 
number of chemicals, many of which have been linked to adverse health effects, and 
most of which have not been characterized in terms of their toxicological potential or 
mechanisms 182,183. It is therefore likely that there are more chemicals in our 
environment than previously anticipated that act as potential drivers of disease. These 
agents may go unnoticed due to adverse health effects that may occur through yet 
unknown mechanisms. 
 
While there have been many efforts made to characterize the toxicology of 
environmental chemicals, such as traditional long-term toxicity assessments in animal 
models and human epidemiological studies, to high throughput screening and modern 
systems biology approaches to map gene and protein expression changes, these 
approaches are often correlative or provide insufficient detail on toxicological 
mechanisms 116,117,184–186. This is because gene and protein expression, epigenetic, or 
metabolite changes that manifest as cellular and systemic phenotypes arising from 
chemical exposure are indirect outcomes that result from direct chemical interactions 
with specific molecular targets. Deconvoluting these indirect effects to predict the direct 
molecular targets has been very challenging. I believe that understanding the direct 
chemical-protein interactions of environmental chemicals is critical in informing 
understanding of downstream molecular events and linking them to pathological effects, 
providing a direct approach to identifying environmental drivers of disease. 
 
Of particular concern among chemicals in our environment are reactive electrophiles 
that we are directly exposed to or those that form through bioactivation 187. These 
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environmental electrophiles have the potential to covalently react with nucleophilic 
amino acid hotspots within the proteome and lead to protein dysfunction and 
pathological effects 187. These “hyper-reactive” nucleophilic hotspots include cysteine, 
serine, and lysine residues that are often involved in important biological functions such 
as catalysis, regulation, post-translational modifications, redox balance, metal binding, 
and protein-protein interactions 188. Though we are exposed to a large array of 
potentially reactive chemicals, we have little to no understanding regarding their 
interactions with hyper-reactive proteome hotspots and the resulting effects on protein 
function, downstream biochemistry, or ensuing pathophysiological consequences. While 
there have been many innovative approaches to test the mutagenicity of DNA-
damaging reactive electrophiles 189,190, there has been a considerable lag in 
technologies that enable global assessment of chemical reactivity with the proteome 
and thus there is a major gap in  knowledge of how chemicals elicit adverse health 
effects through chemical-protein interactions.  
 
Historically, the toxicological mechanisms underlying many reactive electrophiles have 
been thought to occur through indiscriminate covalent modifications on proteins or DNA 
leading to mutations or non-specific toxicities. However, recent studies have revealed 
that even highly reactive endogenous electrophiles preferentially and selectively react 
with certain sites on specific protein targets, indicating that the interactions of 
electrophilic compounds with the proteome are driven not only by their reactivity, but 
also by their affinity to certain protein microenvironments 16,22,100,191. Here, I have 
employed a chemoproteomic platform that uses reactivity-based probes to 
comprehensively map proteome-wide interactions of reactive environmental chemicals 
in complex biological systems. I show that each reactive environmental chemical from 
broad chemical classes show distinct and previously unrecognized chemical-protein 
interactions. Using the widely applied fungicide chlorothalonil (CTN) as a representative 
example, I show that reactivity-based chemoproteomic platforms can be used to directly 
identify previously unknown chemical-protein interactions in vivo in mice, leading to 
specific downstream biochemical alterations in lipid metabolism. Collectively, I identify 
multiple novel toxicological mechanisms across a diverse range of reactive 
environmental chemicals. 

Results 

Using Reactivity-Based Probes to Map Proteome-Wide Interactions of Environmental 
Chemicals  
 
Among amino acid side-chains that may be adducted by reactive electrophiles, 
cysteines are particularly sensitive to modification due to their inherent nucleophilicity 
22,188,192 . This nucleophilicity can be enhanced by local protein microenvironments to 
lower the inherent pKa of certain cysteines 193. These “hyper-reactive” cysteines have 
been previously shown to be important in diverse protein functions, including catalysis, 
redox balance, protein-protein interactions, metal binding, and functional regulation 
22,100 . I hypothesize here that electrophilic environmental chemicals are likely to 
covalently and selectively modify certain hyper-reactive cysteines on specific protein 
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targets, likely resulting in protein dysfunction and specific downstream biochemical and 
pathological consequences.  
 
Weerapana et al. recently described a powerful chemoproteomic platform that utilized a 
bioorthogonal cysteine-reactive probe, iodoacetamide-alkyne (IAyne), to globally profile 
these hyper-reactive cysteines across thousands of protein targets directly in complex 
proteomes 16,22 . The authors showed that hyper-reactive cysteines identified by this 
method were highly enriched in sites important to protein function, indicating that this 
strategy could be used to assess proteome-wide hyper-reactive and functional sites 
22,100. 
 
In this study, I set out to map the proteome-wide interactions of reactive environmental 
electrophiles towards understanding their toxicological mechanisms of action. To do this, 
I have adapted the chemoproteomic strategy put forth by Weerapana et al. 22 by 
competing these chemicals against cysteine-reactive probe binding to hyper-reactive 
sites in native tissue proteomes (Figure 4-1AC). I have employed two complementary 
strategies to achieve this goal—a gel-based fluorescence assay for rapid chemical 
screening and a proteomic-based approach for detailed target identification. Briefly, I 
treated proteomes with a panel of representative reactive environmental chemicals to 
allow covalent binding to sensitive sites. Proteomes were then treated with the cysteine-
reactive probe IAyne to competitively bind and label available hyper-reactive cysteines, 
followed by appending an azide-linked rhodamine or biotin enrichment handle using 
copper-catalyzed azide-alkyne cycloaddition or “click chemistry,” for fluorescent or 
proteomic-based detection, respectively. Fluorescently tagged proteomes were 
separated by SDS-PAGE and biotin tagged proteomes were enriched and digested to 
tryptic peptides for liquid chromatography-tandem mass spectrometry (LC-MS/MS)-
based proteomic analyses. I then determined the reactivity of the environmental 
chemicals by either loss of fluorescent labeling or loss of MS signal.  
 
I screened representative classes of widely used or commonly exposed reactive 
environmental chemicals, including metals, flame retardants, chemical breakdown 
products, insecticides, herbicides, and fungicides directly in mouse liver and kidney 
proteomes against IAyne labeling of cysteine-reactive sites. Using the gel-based 
detection method, I immediately saw unique patterns of chemical interactions with 
protein targets bearing hyper-reactive cysteines (Figure 4-1D). Chemicals such as 
monomethylarsenous acid [MMA(III)], a bioactivated arsenical 194; hydroquinone (HQ), 
the bioactivated metabolite of benzene 195; and the widely used fungicide CTN 196 
displayed substantial reactivity. In contrast, the broad-spectrum pesticide chloropicrin 197 
was widely and highly reactive with targets in mouse liver and kidney. The other 
chemicals that I screened displayed no cysteine-reactivity in the gel-based approach. It 
is therefore possible that that the cysteine reactivities of these chemicals may not be 
evident using gel-based methods, or that these chemicals react with other amino acid 
hotspots in the proteome. For example, my previous studies using activity-based protein 
profiling have shown that CPO and TPP react with the catalytic serines of several serine 
hydrolases 85,94,127,170,181.  
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To identify the direct protein targets of the chemicals that showed reactivity by my gel-
based detection methods, I applied an LC-MS/MS-based competitive chemoproteomic 
analysis to MMA(III), HQ, CTN, and chloropicrin in vitro in mouse liver proteomes 
(Figure 4-2A). Out of 341 total targets enriched by IAyne labeling (>5 spectral counts, 
>2-fold above no-probe DMSO controls), I find that MMA(III) binds to 85, HQ binds to 11, 
CTN binds to 62, and chloropicrin binds to 153 protein targets in vitro (Figure 4-2B). 
First, I note that by using this chemoproteomic approach, I can map cysteine-reactivity 
across hundreds of protein targets spanning diverse protein classes. Second, I show 
that despite their inherent reactivities, MMA(III), HQ, and CTN selectively bind a subset 
of these protein targets, most of which have not been previously identified as targets of 
these agents (Figure 4-2B). In contrast, chloropicrin appears to elicit much less 
specificity in its reactivity with the proteome. Indeed, many of these protein targets are 
non-overlapping between MMA(III), HQ, and CTN (Figure 4-3). Remarkably, there are 
only 3 common targets between these three chemicals—Hmgcs2, Hsd3b4, and 
LOC100046051. Hmgcs2 is involved in catalyzing the first step in ketogenesis to derive 
energy from fatty acids 198, Hsd3b4 converts dihyroxytestosterone to the potent ERb 
agonist 5-a-androstanediol 199, and LOC100046051 is an uncharacterized enzyme. 
Here, I reveal distinct and previously unrecognized targets of environmental 
electrophiles directly in complex mammalian proteomes. I show that each chemical 
interacts with specific and mostly non-overlapping targets, suggesting specific structure-
activity relationships between individual chemicals and protein targets that contribute to 
the distinct etiology of exposure-related diseases. 
 

CTN shows selective reactivity with protein targets in vivo in mouse kidney 
 
Building on my in vitro profiling, I next wanted to validate my chemoproteomic strategy 
using an in vivo model of exposure in mice. As a representative example, I selected 
CTN for further study as it is one of the most widely used pesticides with 9 million 
pounds applied per year in US agriculture alone 200. Despite its heavy usage, CTN has 
also been shown to cause renal toxicity and kidney carcinogenesis in multiple animal 
models, but the underlying toxicological mechanisms remain poorly understood 196. 
To investigate proteome-wide reactivity of CTN in vivo, I treated mice with CTN (100 
mg/kg, ip, 2 h), and labeled brain, liver, and kidney proteomes ex vivo with the cysteine-
reactive IAyne probe (Figure 4-4A). As anticipated, I observed competitive inhibition of 
probe labeling by in vivo CTN binding to proteins bearing reactive cysteines in all three 
tissues. Interestingly, I observed greatest CTN reactivity in vivo in kidney, consistent 
with previous toxicological data indicating kidney as the major organ target of toxicity 
(Figure 4-4A).  
 
Encaged by these results, I conducted a comprehensive assessment of CTN reactivity 
in vivo in mouse kidney by developing a tailored bioorthogonal probe, CTNyne (Figure 
4-4B). The CTNyne probe is a structural analog of CTN that contains a bioorthogonal 
alkyne handle to allow click chemistry conjugation after labeling in proteomes. I 
competitively labeled kidney proteomes from mice treated in vivo with vehicle or CTN 
with CTNyne and appended a rhodamine reporter for in-gel fluorescence analysis. I 
confirmed that CTNyne labels multiple targets in kidney proteome, and that all of these 
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targets are competed by in vivo CTN-treatment, demonstrating the increased specificity 
for CTN targets using the CTNyne probe (Figure 4-4C). 

CTN affects metabolic enzymes involved in energetics and fatty acid metabolism  
 
I next sought to identify the in vivo targets of CTN in mouse kidney and gain 
mechanistic insight using the CTNyne probe. I used the kidney proteomes of mice 
exposed in vivo to vehicle or CTN for an ex vivo competitive labeling by the CTNyne 
probe, followed by LC-MS/MS-based chemoproteomic analysis. Through this approach, 
I identified 216 protein targets that were significantly enriched by the CTNyne probe 
compared to no-probe controls (Figure 4-4D). Out of these enriched targets, I identified 
44 targets that were >20 spectral counts in abundance and significantly competed by in 
vivo CTN treatment greater than 2-fold (Figure 4-4E). 
 
Of the 44 in vivo kidney targets of CTN identified, I was intrigued to find that a 
substantial number of these targets (19 proteins) were enzymes involved in the 
metabolism of small-molecule metabolites (red emphasis, Figure 4-4E). The majority of 
these enzymes (12 targets) are involved in energetics, participating in glycolytic, 
gluconeogenic, or fatty acid metabolic pathways (bolded red emphasis in Figure 4-4E). 
These enzymes include the glycolytic enzymes glyceraldehyde-3-phosphate 
dehydrogenase (Gapdh), triosephosphate isomerase 1 (Tpi1), and lactate 
dehydrogenases (Ldha, Ldhb), and the gluconeogenic enzymes fructose-1,6-
bisphosphatase 1 (Fbp1) and pyruvate carboxykinase 1 (Pck1). Enzyme targets 
involved in fatty acid transport or oxidation include fatty acid transport protein 2 (Fatp2), 
3-ketoacyl-CoA thiolase 1b and 2 (Acaa1b and Acaa2), peroxisomal acyl-CoA oxidase 1 
(Acox1), and carnitine palmitoyltransferase 1a (Cpt1a), as well as the ketone body-
generating enzyme 3-hydroxymethyl-3-methylglutaryl-CoA lyase (Hmgcl). Collectively, 
my results indicated that CTN might alter renal energetics and fatty acid metabolism. 
 
To validate these metabolic enzymes as true CTN-specific hits, I recombinantly 
overexpressed representative targets from each pathway in HEK293T cells and 
subsequently performed in vitro competition studies with CTN against IAyne or CTNyne 
labeling. Indeed, I show that Acaa1b, Acaa2, Gapdh, Hmgcl, and Pck1 were labeled by 
IAyne and this labeling was displaced in a concentration-dependent manner by CTN, 
indicating that CTN specifically bound to one or more hyper-reactive cysteine on these 
proteins (Figure 4-5A). While I found that CTN displaced binding of CTNyne to Fatp2 
(Figure 4-5A), Fatp2 was not labeled by IAyne (data not shown), suggesting that CTN 
may bind to another hyper-reactive residue on this protein besides cysteine. 
Furthermore, I demonstrate that CTN is binding to catalytic cysteines on key energetic 
enzymes through blunted or eliminated IAyne labeling upon mutatgenesis of Acaa2 and 
Gapdh catalytic cysteines to C92A and C150A, respectively (Figure 4-5B).  
 
I confirmed that the endogenous kidney carnitine palmitoyltransferase activity from in 
vivo CTN-treated mice was significantly inhibited compared to vehicle-treated controls, 
as measured by an activity assay using trimethyl-d9-L-carnitine substrate and 
measuring C16:0-trimethyl-d9-carnitine product formation by LC-MS/MS (Figure 4-5C). I 
also wanted to determine whether CTN inhibits the activity of Fatp2, an enzyme with 
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both peroxisomal fatty acyl-CoA synthetase activity and cytosolic fatty acid transport 
activity 201. I indeed show that acyl CoA synthetase activity was completely inhibited in 
the kidneys of mice treated in vivo with CTN compared to vehicle-treated controls, as 
measured in an activity assay using [U-13C]C16:0 free fatty acid (C16:0 FFA) substrate 
and measuring [U-13C]C16:0 fatty acyl-CoA (FA-CoA) product formation by LC-MS/MS 
(Figure 4-5D). Next, to determine whether fatty acid transport might be impaired in vivo 
due to inhibition of Fatp2, I performed an in vivo isotopic fatty acid tracing study and 
show that ip administered isotopically labeled [U-13C]C16:0 FFA incorporation into 
representative complex lipids in mouse kidney was significantly lower in CTN-treated 
mice, including isotopic acyl carnitine (AC), LPC, and TAGs (Figure 4-5E). While I 
cannot directly attribute these activities to Fatp2, these data taken together suggest that 
fatty acid transport and acyl CoA synthetase activities attributable to Fatp2 are inhibited 
by CTN in vivo in kidney. 
 
I next wanted to assess the downstream biochemical effects that may arise from CTN 
inhibition of these metabolic enzyme targets, especially those involved in fatty acid 
metabolism. I thus performed single-reaction monitoring (SRM) and LC-MS/MS-based 
metabolomic analyses on kidneys from mice treated in vivo with CTN to identify 
alterations in the lipidome conferred by CTN treatment. Consistent with my results 
suggesting that CTN disrupts fatty acid transport both into cells through Fatp2 inhibition 
and into mitochondria through Cpt1a inhibition, as well as causing impairments in fatty 
acid oxidation, I observe expected increases in FFA levels and depletions in the levels 
of FA-CoAs (Fatp2 and b-oxidation products) and AC (Cpt1a product) in mouse kidney 
from in vivo CTN treatment (Figure 4-5E). 
 
Collectively, I show that the major fungicide CTN inhibits metabolic enzymes in kidney 
that are involved in energetic metabolism, leading to downstream biochemical 
alterations in glycolysis and fatty acid metabolism.  

Discussion 
 
Here, I have used a chemoproteomic platform employing reactivity-based chemical 
probes to map the proteome-wide interactions of environmental chemicals and uncover 
novel mechanisms through which these chemicals may cause adverse health effects. I 
show here that individual environmental electrophiles engage specific protein targets, 
indicating that their mechanisms of toxicity may be through interaction with specific, 
high-affinity targets to cause distinct downstream biochemical events. By competing 
these reactive chemicals against a cysteine-reactive probe, I show that with certain 
exceptions, the arsenical MMA(III), the bioactivated benzene metabolite HQ, and the 
fungicide CTN largely possess non-overlapping targets in the proteome (Figure 4-3). 
Furthermore, even at relatively high in vitro concentrations tested here, these three 
chemicals bind to only 3-25 % of protein targets out of the >300 targets detected with 
the cysteine-reactive probe. Between MMA(III), HQ, and CTN, I only observe three 
overlapping targets. Intriguingly, these two of these three targets possess important and 
identified biological functions--the fatty acid oxidation and ketogenesis enzyme Hmgcs2 
and the 5-a-androstanediol ERb agonist-producing enzyme Hsd3b4 198,199. It will be of 
future interest to examine if these three enzymes are members of a larger group of 
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enzymes with highly sensitive functional residues that may be common, high-affinity 
targets of a variety of electrophilic agents. Expanding on this premise, prolonged 
exposure to reactive chemicals such as those tested here could lead to sustained 
inhibition of these enzymes and cause alterations in energetics, steroid hormone 
synthesis, or key signaling events with far-reaching pathophysiological consequences.  
 
I note that the other reactive environmental chemicals I screened that did not show 
cysteine reactivity by gel-based fluorescence may still react with protein targets. These 
chemicals may potentially bind to hyper-reactive cysteines on particular targets that are 
simply poorly resolved by SDS-PAGE, or may bind to other hyper-reactive amino acid 
side-chains. For example, while the flame retardant TPP and the bioactivated 
insecticide metabolite CPO do not show cysteine reactivity, I have previously shown 
that these chemicals covalently bind to and inhibit catalytic serines of several serine 
hydrolases 85,126,170,181 . Nonetheless, the enzyme targets that I identify here represent 
multiple, potentially novel mechanisms of toxicity that may even be in common across 
broad classes of environmental electrophiles. I also note that I may still be missing 
some direct protein targets of CTN, MMA(III), and HQ that I showcase in this study. The 
cysteine-reactive probe may be labeling multiple sites on each protein, and thus I may 
be obscuring chemical-protein interactions when I quantify enriched proteins based on 
total peptides for each protein. It will be of future interest to complement my study with a 
more comprehensive quantitative proteomics approach for identifying sites of probe 
modification and sites of chemical displacement of probe binding.  
 
I also demonstrate the ability to apply the chemoproteomic strategies described in this 
study to assess in vivo reactivity of environmental chemicals, which enables 
assessment of target organs that may be particularly susceptible to toxicity from 
environmental agents. Using the fungicide CTN as an example, I showed that CTN 
exhibits particular reactivity with protein targets in vivo in mouse kidney compared to 
other tissues such as brain and liver. Through the compound-specific CTNyne probe, I 
identified 44 direct protein targets of CTN in vivo in mouse kidney. I found that this 
target list was enriched in metabolic enzymes involved in glycolytic and fatty acid 
metabolism and that the activities of these enzymes were seemingly inhibited. Through 
subsequent metabolomic profiling, I observed a dysregulation of lipid metabolism, 
consistent with the target list. The inhibition of glycolytic and gluconeogenic metabolism, 
fatty acid transport, and fatty acid oxidation enzymes represents a novel mechanism of 
toxicity for CTN. Indeed, studies in animal models have linked CTN to selective kidney 
toxicity and carcinogenesis, but the mechanisms have remained unclear 196. Here, I 
suggest that the kidney-specific toxicity of CTN may be due to the inhibition of energetic 
and fatty acid metabolism enzymes, which may in turn cause cell death and organ 
dysfunction in the kidney, and when considered with chronic exposure paradigms, 
secondary effects such as inflammation, fibrosis, and cancer. It will be of future interest 
to further investigate the chronic impact of CTN exposure and concordant inhibition of 
fatty acid transport and oxidation. 
 
In this study, I have demonstrated that chemoproteomic profiling using reactivity-based 
probes enables the mapping of direct proteome-wide interactions of reactive 
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environmental chemicals, which provides mechanistic detail for downstream toxicities. 
Looking to the future, I anticipate that using chemoproteomic platforms to screen 
emerging industrial, environmental, or pharmaceutical chemicals against a suite of 
reactivity-based probes for other hyper-reactive amino acids will reveal potential off-
targets and toxicological liabilities early on in the development pipeline. The advance 
knowledge of specific reactivities and detailed mechanistic insights revealed by this 
approach can be used to direct efforts towards optimizing the chemical structures and 
ensuring the selectivity and safety of future chemicals.  
 

Methods 
 
Mice. Male C57BL/6 mice (6-8 weeks old) were acutely (2 hs) exposed by ip injection to 
100 mg/kg CTN (TOCRIS) in a vehicle of 42:2.5:1:1 saline/ DMSO/ emulphor/ ethanol 
(10 ul/g mouse). For isotopic tracing studies, mice were first exposed to 100 mg/kg CTN 
by ip injection for 1 h, then exposed to 100 mg/kg 12C16:0 FFA (Sigma) or U-13C16:0 
FFA (Cambridge Isotopes) dissolved in undiluted PEG40 castor oil (Spectrum) by ip 
injection for 1 hour. Following exposure, mice were sacrificed by cervical dislocation and 
brain, liver, and kidneys were immediately removed and flash frozen in liquid nitrogen. 
Animal experiments were conducted in accordance with the guidelines of the 
Institutional Animal Care and Use Committee of the University of California, Berkeley. 
 
Processing of Mouse Brain, Liver, and Kidney Proteomes. Tissues were 
homogenized in PBS (Corning), followed by a 1000 x g centrifugation of the 
homogenate. The resulting supernatant was collected and used for subsequent assays. 
Protein concentrations were determined by Bradford assay (Bio-Rad). 
 
Cell Culture, Recombinant Overexpression, and Site-Directed Mutagenesis. 
HEK293T and COS7 cells were cultured in DMEM media containing 10% FBS and 
maintained at 37oC with 5% CO2. Recombinant cDNA constructs containing enzymes of 
interest in the SPORT6 vector were purchased from Thermo Open Biosystems and 
transiently transfected into HEK293T (Acaa1b, Acaa2, Fatp2, Gapdh) cells using 
Fugene HD (Promega) or into COS7 cells (Hmgcl, Pck1) using Lipofectamine 2000 (Life 
Technologies). Site-Directed Mutagenesis was performed using a QuikChange II XL kit 
(Agilent Technologies) and mutant plasmids were transiently transfected into HEK293T 
cells as previously described. The following primer sequences for site-directed 
mutagenesis were used. 
Acaa1b C123A Forward: 5' CTACGGTCAACAGACAGGCGTCATCGGGACTGCAGG 3' 
Acaa1b C123A Reverse: 5’ CCTGCAGTCCCGATGACGCCTGTCTGTTGACCGTAG 3' 
Acaa2 C92A Forward: 5' 
CACTTACCCTCAACAGGCTCGCGGGCTCTGGTTTCCAGTCCATC 3' 
Acaa2 C92A Reverse: 5' 
GATGGACTGGAAACCAGAGCCCGCGAGCCTGTTGAGGGTAAGTG 3' 
Gapdh Forward C150A: 5' GTCAGCAATGCATCCGCGACCACCAACTGCTTAG 3' 
Gapdh Reverse C150A: 5' CTAAGCAGTTGGTGGTCGCGGATGCATTGCTGAC 3' 
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Total RNA from transiently transfected cells was collected by TriZol Reagent (Life 
Technologies), then two-step qRT-PCR was performed using Maxima reagents 
(Thermo) and detected using a CFX Connect (Bio-Rad). Protein from transiently 
transfected cells was harvested from the same plates as total RNA by scraping in PBS 
and lysis by sonic disruptor (Branson) before protein concentration determination. 
 
Electrophile Competition and Click Chemistry Procedures to Append Analytical 
Handles to IAyne- or CTNyne-Treated Mouse Proteomes. Proteome samples diluted 
in PBS (10, 25, or 50 ug in 50 ul PBS for gel-based analysis; 0.5 mg liver homogenate 
in 0.5 ml PBS or 1 mg kidney homogenate in 0.5 ml PBS) were subjected to vehicle or 
electrophile treatment for 30 min at 37ºC. Then, following a modified procedure from 
Weerapana et al. (final concentrations), competitive IAyne (1 uM or 10 uM, gel-based 
assays, 10 uM MS-based assays, CHESS Gmbh) or CTNyne (10 uM, gel-based assays, 
50 uM, MS-based assays) labeling was performed for 30 min (gel-based analysis) or 1 
hour (MS-based analysis) at room temperature 22. Copper-catalyzed azide-alkyne 
cycloaddition “click chemistry” was performed by sequential addition of copper (II) 
sulfate (1 mM, Sigma-Aldrich), tris(2-carboxyethyl)phosphine (1 mM, Sigma-Aldrich), 
tris[(1-benzyl-1H-1,2,3-triazol-4-yl)methyl]amine (34 uM, Sigma-Aldrich), and rhodamine 
azide (25 uM, Click Chemistry Tools) for gel-based analysis or biotin-PEG3-azide (100 
uM, Click Chemistry Tools) for MS-based analysis using previously described methods 
22,93 . Samples were mixed and the reaction was allowed to proceed for 1 h at room 
temperature. 
 
Gel-based visualization of IAyne- or CTNyne-Bound Proteins and Quantitation of 
Probe Labeling. After click reactions, proteomes were denatured by the addition of 30 
uL of 4 x Laemmli SDS loading buffer (Alfa Aesar) and heated to 95°C for 5 min. 
Samples were run on a 16 cm Protean II xi 10% resolving SDS-PAGE gel system (Bio-
Rad) and scanned using a Typhoon Trio flatbed fluorescence scanner (GE Healthcare). 
Inhibition of target labeling was assessed by densitometry using ImageJ software (NIH) 
and regressions were calculated by Prism (GraphPad Software).  
 
Chemoproteomics to Identify IAyne- or CTNyne-Bound Protein Targets. After click 
reactions, proteomes were precipitated by centrifugation at 6500 x g, washed twice in 
ice-cold methanol, then denatured and resolubilized by heating in 1.2% SDS/PBS to 
80ºC for 5 minutes. Insoluble components were precipitated by centrifugation at 6500 x 
g and soluble proteome was diluted in 5 ml 0.2% SDS/PBS. Labeled proteins were 
bound to avidin-agarose beads (170 ul resuspended beads/sample, Thermo Pierce) 
while rotating overnight at 4ºC. Bead-linked proteins were enriched by washing three 
times each in PBS and water, then resuspended in 6 M urea/PBS (Sigma-Aldrich) and 
reduced in dithiothreitol (1 mM, Sigma-Aldrich), alkylated with iodoacetamide (18 mM, 
Sigma-Aldrich), then washed and resuspended in 2 M urea and trypsinized overnight 
with 0.5 ug/ul sequencing grade trypsin (Promega). Tryptic peptides were diluted in PBS, 
acidified with formic acid (1.2 M, Spectrum) and prepared for MS analysis. 
 
MS Analysis of Tryptic Peptides. Tryptic peptides of kidney proteomes from in vivo 
treated mice were prepared as described and the entire volume injected and analyzed 
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using a custom nanospray LTQ-XL MS/MS system (Thermo Fisher Scientific) in a data-
dependent manner. LC and MS/MS conditions were as previously described 22,93. 
 
Tryptic peptides of liver samples from in vitro treated proteomes were analyzed by the 
UC Davis Proteomics Core as follows. LC separation was done on a Waters Nano 
Acquity UHPLC (Waters Corporation) with a Proxeon nanospray source. The digested 
peptides were reconstituted in 2% acetonitrile/0.1% trifluoroacetic acid and roughly 3 ug 
of each sample was loaded onto a 100 micron x 25 mm Magic C18 100Å 5U reverse 
phase trap where they were desalted online before being separated on a 75 micron x 
150 mm Magic C18 200Å 3U reverse phase column. Peptides were eluted using a 
gradient of 0.1% formic acid (A) and 100% acetonitrile (B) with a flow rate of 300 nL/min. 
A 120 minute gradient was ran with 5% to 35% B over 100 minutes, 35% to 80% B over 
8 minutes, 80% B for 1 minute, 80% to 5% B over 1 minute, and finally held at 5% B for 
10 minutes. Each of the gradients was followed by a 1 hour column wash. Mass spectra 
were collected using an Orbitrap Q Exactive Plus mass spectrometer (Thermo Fisher 
Scientific) in a data-dependent mode with one MS precursor scan followed by 15 
MS/MS scans. A dynamic exclusion of 15 seconds was used. MS spectra were 
acquired with a resolution of 70,000 and a target of 1 × 106 ions or a maximum injection 
time of 30 ms. MS/MS spectra were acquired with a resolution of 17,500 and a target of 
5 × 104 ions or a maximum injection time of 50 ms. Peptide fragmentation was 
performed using higher-energy collision dissociation (HCD) with a normalized collision 
energy (NCE) value of 27. Unassigned charge states as well as +1 and ions >+5 were 
excluded from MS/MS fragmentation. 
 
RAW spectral files from both instruments were converted to MS2 files using 
RAWExtract 1.9.9.2 were subsequently analyzed by SEQUEST as previously described 
22,93 .  
 
Metabolomic profiling. Nonpolar lipid metabolites from the kidneys of in vivo treated 
mice were extracted in 3 ml of 2:1 chloroform:methanol and 1 ml of PBS with inclusion 
of internal standards dodecylglycerol (10 nmol, Santa Cruz Biotechnology) and 
pentadecanoic acid (10 nmol, Sigma-Aldrich). Organic and aqueous layers were 
separated by centrifugation at 1000 x g for 5 min and the organic layer was collected, 
dried under a stream of N2 and dissolved in 120 ul chloroform. Metabolites were 
separated by liquid chromatography as previously described. MS analysis was 
performed with an ESI source on an Agilent 6430 QQQ LC-MS/MS (Agilent 
Technologies). The capillary voltage was set to 3.0 kV, and the fragmentor voltage was 
set to 100 V. The drying gas temperature was 350oC, the drying gas flow rate was 10 
l/min, and the nebulizer pressure was 35 psi. Metabolites were identified by SRM of the 
transition from precursor to product ions at associated optimized collision energies and 
retention times as previously described 95. Metabolites were quantified by integrating the 
area under the curve, then normalized to internal standard values and tissue weight in 
mg. Metabolite levels are expressed as relative abundances as compared to controls.  
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Activity Assays. Carnitine palmitoyltransferase activity was assayed by incubating 
kidney lysate from in vivo exposed mice at 10 ug in 400 ul PBS with 100 uM C16:0 FA-
CoA lithium (Sigma-Aldrich), 100 uM trimethyl-d9-L-Carnitine (Cambridge Isotopes) for 5 
min at 37ºC. Reactions were quenched by addition of 1.2 ml 2:1 chloroform:methanol 
with dodecylglycerol (10 nmol, internal standard) and mixed by vortexing. The organic 
layer was collected and dried under a stream of N2 then resuspended in 120 ul 
chloroform for SRM based LC-MS/MS analysis targeting palmitoyl-d9-trimethyl-carnitine 
and analyzed as previously described. 
 
Acyl-CoA synthetase activity was assayed as using a modified protocol based on 
Falcon et. Al 201. Briefly, 5 ug kidney lysate from mice treated in vivo with CTN or vehicle 
were incubated in 200 ul Tris-HCl (pH 8.5) buffer containing 10 mM ATP (Sigma), 10 
mM MgCl2 (Sigma), 200 uM Coenzyme A (Sigma) and 10 uM U-13C16:0 FFA 
(Cambridge Isotopes) was added for 30 min at 37ºC. Reactions were quenched with 
750 ul Dole’s Reagent (20:5:1 2-propanol: n-heptane: 2M H2SO4), vortexed, and dried 
under a stream of N2. The product was then resuspended in a buffer of 4 ml 2:1:1 
chloroform:methanol:PBS + 0.1% formic acid,  containing 10 nmol pentadecanoic acid 
standard. The product was mixed by vortexing and the organic layer was collected, 
dried under a stream of N2, resuspended in 120 ul chloroform and analyzed by SRM 
based LC-MS/MS analysis targeting U-13C16:0 FA-CoA and analyzed as previously 
described. 
 
Synthesis of CTNyne (2, 4, 5-trichloro-6-(hex-5-yn-1yloxy) isophthalonitrile). 
CTNyne synthesis was prepared and provided by laboratory colleague Dr. Karl Fisher. 
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CHAPTER FIVE: CONCLUSIONS 
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As I discussed in the preceding chapters, revealing the mechanisms of toxicity of 
environmental chemicals is crucial for comprehensive toxicity assessment. Detailed 
mechanistic and biochemical information on toxic action is necessary for predicting and 
preventing adverse health effects resulting from exposure to existing chemicals and for 
improving the design of future chemicals. The chemoproteomics technologies I 
presented in Chapter 1 such as ABPP, bioorthogonal probes, and reactivity based 
probes are powerful tools that can be used to identify the direct interactions of 
chemicals with protein targets across the proteome. These methods can reveal detailed 
information on chemical-protein interactions, including functional state, binding across 
wide enzyme classes, and reactivity with sensitive nucleophilic hotspots, all conducted 
proteome-wide in complex biological samples. Functional metabolomics platforms such 
as untargeted metabolomics profiling for discovering unexpected or unknown 
compounds in complex biological samples, and targeted metabolomics to provide 
sensitive detection and definitive identification of altered metabolites are extremely 
useful tools in characterizing the biochemical consequences of chemical-protein 
interactions. 
 
In Chapter 2, I used a competitive ABPP approach to show that OP pesticides, in 
particular CPF, disrupt the functions of multiple metabolic enzymes in vivo, beyond the 
canonical target ACHE to cause alterations in lipid metabolism. Functional inactivation 
of these enzyme targets has been linked to various metabolic diseases and may also be 
associated with alternate toxicities associated with CPF exposure, contributing to novel 
modes of toxicity. The cannabinoid-like behaviors that result from CPF blockade of 
MAGL and FAAH causing 2-AG and anandamide elevations in brain may explain 
neurobehavioral deficits associated with CPF exposure, and the obesogenic effects 
associated with CPF exposure may be through elevated endocannabinoid signaling or 
inhibition of CES enzymes in brain and peripheral tissues. Overall I showed that ABPP 
and metabolomics profiling technologies used to evaluate class-wide enzyme functional 
inhibition is a promising tool for determining mechanism of toxicity. 
 
In Chapter 3, I used a compound-specific bioorthogonal probe in a competitive 
chemoproteomics approach to detect protein targets regardless of target enzyme class 
of the widely used flame retardant TPP. Here I showed that TPP inhibits a specific 
subset of liver CES enzymes in vivo, specifically CES1g. As CES1g knockout in mice 
causes obesity and dyslipidemia, I hypothesized that TPP exposure elicits 
hypertriglyceridemia. I confirmed this effect and showed that this likely occurs through 
heightened liver DAG-activated PKC signaling, and further causes alterations in liver 
lipid metabolism. Interestingly, these findings may apply more broadly to the class of 
arylphosphate OPFRs, as TPP is known to broadly inhibit carboxylesterase activity. As 
TPP and other arylphosphate flame retardants inhibit particular CES enzymes (CES1f, 
CES1g, CES2a, CES1e, and CES1c) and prolonged TPP exposure results in similar 
phenotypes observed in CES1g-deficient mice, populations chronically exposed to this 
chemotype may be at risk for potentially adverse health outcomes. 
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In Chapter 4 I applied a competitive reactivity-based chemoproteomic strategy to 
assess the reactivity of environmental chemicals, across broad compound classes. This 
approach identified protein targets of environmental electrophiles regardless of enzyme 
class and without requiring a compound-specific probe, using the inherent reactivity of 
cysteines as a measure of their sensitivity to a given chemical. Using the cysteine-
reactive IAyne probe I demonstrated that the widely exposed chemicals MMA(III), HQ, 
CTN, and chloropicrin were highly reactive in complex proteome, and that each 
chemical bound a specific subset of targets, supporting a model of compound-specific 
reactivity rather than indiscriminate protein binding. Then, following up on the initial 
screen and to investigate the unknown mechanism of toxicity, I used the CTN-specific 
probe CTNyne to identify of direct protein targets of CTN in vivo in mouse kidney, the 
relevant organ target. As this target list was enriched in metabolic enzymes involved in 
glycolytic and fatty acid metabolism and that the activities of these enzymes were 
seemingly inhibited, I used metabolomic profiling to find evidence of dysregulated lipid 
metabolism consistent with target inhibition. Validating these proteomic and 
metabolomic profiling findings with functional assays and mutagenesis, I confirmed 
inhibition of glycolytic metabolism, fatty acid transport, and fatty acid oxidation pathways, 
presenting a novel mechanism of toxicity for CTN. This kidney-specific toxicity of CTN 
may be due to the inhibition of energetic and fatty acid metabolism enzymes, which may 
then cause cell death and organ dysfunction in an acute setting, and possibly 
inflammation, fibrosis, and cancer under a more chronic exposure scenario. 
 
Through these three studies, I have demonstrated that this integrated approach of 
chemoproteomics profiling and functional metabolomics represents a powerful and 
promising tool for revealing the mechanisms of toxicity of environmental chemicals. 
Using ABPP, compound-specific bioorthogonal probes, and reactivity-based probes to 
profile the functional inhibition, wide-ranging protein targets, and amino-acid hotspots 
across the proteome can accelerate the pace of toxicity testing by providing mechanistic 
information on direct protein targets of environmental chemicals rather than relying on 
indirect methods. Using functional metabolomics platforms to profile metabolites in 
response to chemical inhibition of the protein targets identified in these 
chemoproteomics approaches further provides the biochemical link to the downstream 
toxicities elicited by these chemicals.  
 
I believe that identifying the direct functional targets of environmental chemicals will 
facilitate predicting associated toxicities and improving chemical use decisions. Looking 
forward, I anticipate that using these integrated platforms to screen emerging industrial, 
environmental, or pharmaceutical chemicals will represent a powerful strategy to reveal 
potential off-targets and toxicological liabilities early on in the chemical development 
pipeline. We can use this mechanistic toxicology knowledge to optimize future products 
away from toxicity and towards protecting the safety and health of humans and our 
environment.  
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Figure 1-1. Activity-based protein profiling (ABPP) 
A) Examples of activity-based probes. B) gel-based ABPP and ABPP-MudPIT platforms 
for fluorescent and mass-spectrometry-based analysis of enzyme activities. “Rh” 
denotes rhodamine and “B” denotes biotin. 
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Figure 1-2. Competitive ABPP platforms 
A) Examples of activity-based probes. B) gel-based ABPP and ABPP-MudPIT platforms 
for fluorescent and mass-spectrometry-based analysis of enzyme activities. “Rh” 
denotes rhodamine and “B” denotes biotin. 
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Figure 1-3. Targeted and untargeted metabolomic profiling platforms 
Targeted metabolomic approaches oftentimes are performed by multiple reaction 
monitoring-based LC-MS/MS methods. Untargeted metabolomic approaches are 
performed through collected all mass spectra and using bioinformatics tools (e.g. 
XCMS) to identify, integrate, and compare ions between comparison groups. 
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Figure 1-4. Examples of metabolic pathways elucidated by metabolomic profiling 
A) ABHD12 was characterized as a LPS hydrolase. ABHD12 deficiency leads to an 
accumulation in LPS, activates toll-like receptor 2, induces neuroinflammation, and 
causes a neurodegenerative disease known as PHARC. B) MAGL was shown to play 
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critical roles of controlling endocannabinoid and eicosanoid signaling in the brain and 
fatty acid and fatty acid-derived oncogenic signaling lipids in cancer. MAGL blockade in 
brain leads to elevations in 2-AG endocannabinoid signaling and anxiolytic and anti-
nociceptive effects, while also lowering the primary arachidonic acid precursor pool for 
pro-inflammatory eicosanoid production, leading to reduced inflammation, and 
neuroprotection against neurodegenerative diseases. In cancer, MAGL blockade leads 
to reduced fatty acids and fatty acid derived signaling lipids such as prostaglandins and 
LPA, which impairs cancer pathogenicity. C) In cancer, AGPS was shown to not only 
control ether lipid synthesis, but also fatty acid metabolism that balances structural lipids 
with signaling lipids that fuel cancer. AGPS knockdown in cancer cells leads to 
reductions in the tumor-promoting lipid LPAe, leading to a diversion of arachidonic acid 
away from oncogenic prostaglandins and towards structural lipids, leading to a net 
impairement in cancer aggressiveness. 



 
 

58 

 

Figure 1-5. Examples of post-translational modifications regulated by specific 
metabolites 
A) isoTOP-ABPP was used to map distinct hyper-reactive cysteines that were 
particularly sensitive to modification by the endogenously produced reactive electrophile 
HNE. B) A novel post-translational regulation by a glycolytic product 1,3-BPG that 
modifies lysines on glycolytic enzymes and inhibits their activity. 
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Figure 1-6. Metabolic control of epigenetic features 
A) Mutant IDH1 R132H generates 2-HG, inhibiting histone demethylases to fuel cancer 
progression through multiple mechanisms. 2) ACL activity controls acetyl-CoA levels to 
confer nutrient-responsive histone acetylation and gene expression, altering glucose 
metabolism and cellular programming of macromolecular synthesis and energy 
production.C) Increased expression of NNMT in cancer decreases histone methylation, 
increasing expression of tumor promoting genes. In white adipose tissue, inactivation of 
NNMT increases polyamine synthesis and histone methylation, elevating gene 
expression and activity of enzymes critical for high energy expenditure. 
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Scheme 2-1. ABPP-MudPIT and metabolomics platoforms for mechanistic and 
predictive toxicology of environmental chemicals
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Figure 2-1. ABPP analysis of OP pesticides reveals large numbers of serine 
hydrolases inhibited in vivo in mice 
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(A) Structures of OP and thiocarbamate pesticides used in this study. (B, C) 
Competitive ABPP-MudPIT analysis of mouse brains (B) and livers (C) ex vivo from 
mice treated with OP and thiocarbamate pesticides CPF, EPF, PB, TBF, and PRF (50, 
10, 100, 100, and 30 mg/kg ip, respectively, 4 h), shows multiple serine hydrolases that 
are inhibited in vivo. Brain and liver proteomes from control and pesticide-treated mice 
were treated with FP-biotin and active serine hydrolases were subsequently avidin-
enriched and after subsequent processing, tryptic peptides were analyzed by LC-
LC/MS/MS (MudPIT). Heat maps show all the serine hydrolases identified by ABPP-
MudPIT. Darker blue shading on the heat map corresponds to high levels of activity, 
whereas lighter blue or white shading indicates lower activity. Serine hydrolases 
highlighted in red are significantly inhibited (p<0.05 compared to control) by one of the 
OP pesticides. Bar graphs show the significantly inhibited targets of CPF in brain (B) 
and liver (C). (D) The in vitro inhibitory potency of CPO against recombinantly 
overexpressed CPF off-target serine hydrolases. Serine hydrolases were individually 
expressed in HEK293T cells except APEH which was assayed directly in mouse brain 
proteomes. Lysates were pre-incubated with CPO then competitively labeled with FP-
rhodamine and visualized by in-gel fluorescence. IC50s were derived from densitometry 
based on gel-based ABPP analysis. Six off-target enzymes found in brain and liver are 
half-maximally inhibited (IC50) at CPO concentrations between 1 and 26 times less than 
required for CPF/CPO primary toxicity, inhibition of ACHE. Bar graphs in (B) and (C) 
and IC50 values in D are represented as mean ± SEM; n= 3-4 per group. Significance is 
expressed in B and C as *p < 0.05 compared with vehicle-treated controls. 
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Figure 2-2. Metabolomic profiling of CPF-treated mice reveals widespread 
alterations in the mouse brain and liver lipidome 
(A and B) Targeted and untargeted MS-based lipidomic profiling of brains (A) and livers 
(B) from mice treated with vehicle or CPF (50 mg/kg ip, 4 h). Left panel shows all the 
ions and metabolites detected by targeted and untargeted metabolomic profiling. Red 
and blue dots denote elevated and lowered metabolite levels in CPF-treated compared 
to vehicle-treated mice, respectively. Ions to the left (p>0.05) and right (p<0.05) of the 
dotted line are metabolites that are not significantly altered and significantly altered 
between vehicle versus CPF-treated mice, respectively. The heat map shows all 
identified metabolites in mouse brain that are significantly altered in response to CPF 
treatment. Darker blue shading on the heat map corresponds to higher relative levels of 
metabolite, while lighter blue or white shading indicates lower relative abundance. 
Relative levels of lipids grouped by class are shown in bar graphs. Bar graphs in (A) 
and (B) are presented as mean ± SEM; n= 3-4 per group. Significance is presented as 
*p< 0.05 comparing extracted lipid metabolome from CPF-treated and vehicle treated 
mice. 
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Figure 2-3. Several CPF-induced lipidomic alterations are linked to blockade of 
specific serine hydrolases 
(A) Hydrolytic activities of lipids that are elevated upon CPF-treated mouse brains and 
livers assessed by quantitation of product formation by LC/MS. Lipids (100 uM, except 
C16:0 LPI at 10 uM) were incubated with vehicle- or CPF-treated (50 mg/kg ip, 4h) brain 
and liver proteomes for 30 min, 37ºC. C20:4 FFA production was monitored for C20:4 
MAG, C20:4 NAE, C20:4 NAT, and C20:4 LPA hydrolytic activity. C16:0 FFA production 
was monitored for C16:0 LPI hydrolytic activity. C16:0 MAGe production was monitored 
for C16:0e/C2:0 MAGe hydrolytic activity. (B) Hydrolytic activity of lipids in lysates from 
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mock versus serine hydrolases-overexpressed in HEK293T cells. Lysates were 
incubated with lipids (100 uM, 10 uM C16:0 LPI) for 30 min at 37ºC and product 
formation as assessed by LC/MS. (C) First panel shows C20:4 LPA hydrolytic activity 
(measured by C20:4 FFA release) in lysates from mock versus serine hydrolase-
overexpressed HEK293T cells. Second and third panel shows C20:4 FFA and C20:4 
MAG release, respectively, from C20:4 LPA hydrolysis or dephosphorylation in mouse 
brain proteomes pre-treated in vitro (1 mM, 30 min, 37ºC) with DMSO, JZL184 (MAGL-
selective inhibitor), PF3845 (FAAH-selective inhibitor), or JZL195 (MAGL/FAAH dual 
inhibitor). Fourth panel shows C20:4 FFA release from C20:4 LPA upon pre-incubation 
with 1 x protease/phosphatase inhibitor cocktail (Cell Signaling Technology) and 5-
fluoro-2-indolyl des-chlorohalopermide (1 mM, phospholipase D inhibitor) for 15 min at 
37ºC prior to 30 min pre-incubation with selective inhibitors at 37ºC and incubation with 
C20:4 LPA for 30 min at 37ºC. (D) MAG, FFA, and LPA levels in mouse brains of 
MAGL+/+ and MAGL-/- mice showing elevated levels of C18:1 MAG, C20:4 MAG, 
C20:4 FFA, and C20:4 LPA. Data in (A-D) are presented as mean ± SEM; n= 3-4 per 
group. Significance is presented as * p<0.05 comparing CPF-treated, inhibitor-treated, 
or mock groups against vehicle-treated mice, control groups, or mock transfection in (A-
C) and MAGL-/- compared to MAGL+/+ mouse brain in (D). 
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Figure 2-4. Metabolic pathways directly disrupted by CPF blockade of specific 
serine hydrolases 
(A) CPF inhibits MAGL and leads to an accumulation of C20:4 MAG and lowering of 
C20:4 FFA levels with an indirect increase in C20:4 LPA, presumably through 
phosphorylation of C20:4 MAG. (B) CPF inhibits FAAH and leads to an accumulation in 
the levels of C20:4 NAE and C20:4 NAT. (C) CPF inhibits KIAA1363 in the brain and 
AADAC in the liver leading to lowered levels of MAGe in the brain and elevations 
C16:0e/C2:0 MAGe in the liver, respectively. 
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Figure S2-1. Functionally Inhibited Serine Hydrolase Off-Targets of CPF in 
Peripheral Tissues 
(A) In mouse lung following in vivo exposure to CPF, 10 off-target serine hydrolases 
consisting primarily of CESs are functionally inhibited, (B) in mouse kidney, CPF 
exposure inhibits six, mostly CES off-targets, and (C) in mouse testes, 10 serine 
hydrolase off-targets are found to be inhibited by CPF in vivo, though the majority of 
these off-targets in testes are poorly or incompletely characterized with respect to 
substrate and overall metabolic function. Darker blue shading on the heat map 
corresponds to relatively higher levels of activity, whereas lighter blue or white shading 
indicates lower activity. Data in A-C are presented as mean ± SEM; n= 3-4 per group. 
Significance is expressed in A-C as * P < 0.05 compared with vehicle-treated controls. 
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Figure 3-1. Chemoproteomic platforms reveal TPP inhibition of Ces enzymes in 
vivo in mouse liver 
(A) Structures of TPP and TPP probes TPPyne1 and TPPyne2. (B) Chemoproteomics 
workflow for (C) and (D): Mice were pretreated with vehicle or TPP (200 mg/kg ip) 1 h 
prior to treatment with TPPyne1 or TPPyne2 (100 mg/kg, ip) for 3 h in vivo. Livers were 
removed and liver lysates were subjected to click chemistry with: 1) Rhodamine-azide 
for SDS/PAGE gel-based fluorescent detection (C) or 2) biotin-azide for avidin-
enrichment, tryptic digestion, and proteomic analysis by MudPIT (D) of probe-bound 
protein targets. TPP-specific targets were discerned by competition of TPPyne-bound 
protein targets with TPP by fluorescence or mass spectrometry signal. (C) Gel-based 
detection of TPPyne1 and TPPyne2 targets in mouse liver. (D) Proteins from TPPyne2-
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treated mouse livers that were significantly enriched compared to that of TPP-pretreated 
TPPyne2-treated mouse livers, analyzed by MudPIT and quantified by spectral counting. 
CES1f, CES1g, CES2a, CES1e, and CES1c are enzymes specifically bound by TPP. 
(E) Inhibitory potency of TPP against the activities of recombinantly expressed CES 
enzymes in HEK293T cells as assessed by activity-based protein profiling with the 
serine hydrolase activity-based probe FP-rhodamine. Inhibitors were pretreated in vitro 
for 30 min at 37oC prior to incubation with FP-rhodamine for 30 min at 25oC. Reactions 
were subsequently terminated and separated on SDS/PAGE and analyzed by in-gel 
fluorescence. Percent inhibition was determined using Image J and IC50 values were 
calculated. Gels in (C) are representative images of n=3-5 mice/group. Bar graphs in 
(D) and IC50 values in (E) are represented as mean ± SEM; n= 3-5 mice/ per group in 
(D) and n=3/group for (E). Significance is expressed in (D) as *p < 0.05 compared with 
TPPyne2-treated mouse livers. 
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Figure 3-2. TPP induces hypertriglyceridemia and dysregulated lipoprotein 
profiles 
(A-C) Subacute TPP treatment in mice (50 mg/kg, ip, once per day over 10 days) raises 
serum triacylglycerol (TAG) levels (A), and increased VLDL, IDL, and LDL particle mass 
(B,C). Lipoprotein profiles and particle mass were determined by ion mobility. Bar 
graphs in (A,C) are represented as mean ± SEM; n= 7-10 mice/ per group for (A) and 
n=3 mice/group for (C). Lipoprotein profiles in (B) shows average values of n=3 
mice/group. Significance is expressed in (A,C) as *p < 0.05 compared with vehicle-
treated mice. 
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Figure 3-3. TPP causes alterations in hepatic lipid metabolism. 
(A,B) Metabolomic profiling of livers from mice acutely treated with TPP (100 mg/kg ip, 
4h) (A,B) in mice. I performed targeted SRM-based metabolomics to comparatively 
profile the levels of ~150 known lipids. I also performed untargeted metabolomic 
profiling in which I collected all mass spectra between m/z 50-1200 and used 
XCMSOnline to identify, align, integrate, and compare all detectable ions between 
control and TPP-treated mice resulting in a comparison of 20,000 ions. Upon identifying 
metabolites that were significantly and reproducibly altered, I found that acute TPP 
treatment (A,B) causes elevations in liver DAG levels. (C) Subacute treatments of TPP 
(50 mg/kg ip) co-administered with pan-PKC inhibitor Gö 6983 (10 mg/kg ip) once per 
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day over 10 days averts the TPP-induced hypertriglyceridemia. (D,E) Subacute TPP 
treatment (50 mg/kg ip, once per day over 10 days) leads to broader metabolomic 
changes in liver lipid levels, including increase in of phospholipid, neutral lipid, fatty acid, 
and N-acylethanolamine levels as well as decreases in ether lipid and sphingolipid 
levels. Shown in (A,D) are total ions detected, where data points to the right of the 
dotted line are ions that were significantly altered, and data points to the left of the 
dotted line are ions that were detected but not significantly altered. (F) Profiling of other 
OPFRs against TPP targets CES1c, CES1e, CES1f, CES1g, and CES2a recombinantly 
overexpressed in HEK293T cells, by gel-based ABPP. Inhibitors (1 mM) were pre-
incubated 30 min at 37oC prior to labeling with FP-rhodamine for 30 min at room 
temperature. Gels are representative images. Data in (B,E) represented as mean ± 
SEM; n= 4-5 mice/ per group for (A,B) and n=7-10 mice/group for (C,D,E). Significance 
is expressed in (B,C,E) as *p < 0.05 compared with vehicle-treated mice, # p<0.05 
compared to TPP-treated mice 
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Figure 4-1. Mapping proteome-wide interactions of reactive environmental 
chemicals using reactivity-based probes and chemoproteomic profiling.  
(A-C) Here I mapped the direct chemical-protein interactions of reactive environmental 
chemicals, including metals, flame retardants, chemical breakdown products, and 
pesticides directly in complex proteomes. I employed a gel-based fluorescence assay 
for screening and a proteomic approach for target identification. Proteomes were pre-
treated with either vehicle or environmental electrophiles, competitively labeled with the 
cysteine-reactive IAyne probe, then an azide-linked rhodamine or biotin enrichment 
handle was appended using “click chemistry” for fluorescent or proteomic detection, 
respectively. Fluorescently tagged proteomes were separated by SDS-PAGE and biotin 
tagged proteomes were enriched and digested to tryptic peptides for LC-MS/MS-based 
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proteomic analyses. Reactivity of environmental chemicals was determined by loss of 
fluorescent labeling or MS signal. (D) Shown are gel-based analyses of environmental 
chemical reactivity with cysteine-reactive sites on proteins in mouse liver and kidney 
proteomes. Proteomes were treated in vitro with chemicals (100 uM, 30 min) then 
competed with IAyne labeling (10 uM, 60 min), rhodamine-conjugated, and cysteine-
reactivity visualized by SDS-PAGE and in-gel fluorescence. The gel-based analyses 
reveal the substantial cysteine reactivity of MMA(III), HQ, CTN, and chloropicrin. Shown 
are representative gels from n=3 
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Figure 4-2. Target identification of reactive environmental chemicals.  
(A) Competitive chemoproteomic analysis for direct protein target identification of 
MMA(III), HQ, CTN, and chloropicrin (reactive chemicals from Fig. 1D) was performed 
using mouse liver proteome treated with vehicle or chemical (100 uM, 30 min) prior to 
IAyne labeling (10 uM, 30 min) or vehicle (no-probe control). Subsequent biotin 
conjugation, avidin-enrichment of targets, and analysis of trypsin-digested peptides by 
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LC-MS/MS revealed enrichment of 341 total proteins by IAyne labeling spanning 
diverse protein classes (>5 spectral counts, >2-fold above no-probe DMSO controls). 
(B) MMA(III), HQ, and CTN significantly displace IAyne labeling of 85, 11, and 62 
protein targets, respectively, in vitro in mouse liver (p<0.01 compared to vehicle-treated 
control, >1.5-fold comparing chemical-treatment to vehicle-treated control). Data in (A) 
and (B) are expressed as heat maps where data was normalized to the average of the 
vehicle-treated control spectral counts for each gene set to “1”. Data shown are 
averages of n=3/group. 
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Figure 4-3. Distinct and overlapping targets of reactive environmental chemicals 
MMA(III), HQ, and CTN.  
MMA(III), HQ, and CTN selectively bind a subset of previously identified protein targets 
of these agents with moderate to small overlaps.  
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Figure 4-4. CTN binds metabolic enzymes in vivo involved in energetics and fatty 
acid metabolism.  
(A) CTN reactivity was assessed by in vivo treatment in mice (100 mg/kg, ip 2 h), and 
subsequent labeling of brain, liver, and kidney proteomes with IAyne (10 uM, 30 min) 
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and visualization of cysteine-reactive targets by SDS-PAGE and in-gel fluorescence. 
CTN reactivity in vivo is displayed through displacement of IAyne binding ex vivo, 
indicated by “>” signs. (B) I used CTNyne to comprehensively identify mouse in vivo 
CTN targets in the relevant organ, kidney. (C) CTNyne labels multiple protein targets in 
mouse kidney (10 uM, 30 min), and is displaced nearly completely by in vivo CTN 
treatment (100 mg/kg, ip, 2h). (D, E) In vivo CTN-specific protein targets were identified 
by labeling in vivo vehicle- and CTN-treated mouse kidney proteomes with CTNyne (50 
uM, 30 min), followed by biotin conjugation, avidin enrichment, and tryptic peptide 
analysis by LC-MS/MS. (D) 216 protein targets were significantly enriched by the 
CTNyne probe compared to no-probe control. Data are presented as a heat map of total 
CTNyne-enriched targets normalized to the average spectral counts of CTNyne control 
for each protein. (E) 44 proteins were identified as CTN targets that were >20 spectral 
counts in abundance and significantly (p<0.05) competed greater than 2-fold by in vivo 
CTN treatment. 19 of these targets are metabolic enzymes (red emphasis), 12 of which 
are involved in glycolytic, gluconeogenic, or fatty acid metabolic pathways (bold red 
emphasis). Data in (A, C) are representative gels from n=3-4 mice/group. Data in (D, E) 
are from n=3-4 mice/group. 
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Figure 4-5. CTN inhibits the activity of several metabolic enzymes involved in 
energetics and fatty acid metabolism leading to dysregulated lipid metabolism. 
(A) Representative metabolic enzyme targets of CTN in vivo in mouse kidney were 
validated by recombinant target overexpression in HEK293T and COS7 cells. Lysates 
from mock- or target-overexpressing cells were preincubated with vehicle or 0.01-100 
uM CTN (30 min), followed by labeling with IAyne or CTNyne (10 uM, 30 min). IC50 
values are reported. (B) CTN binds the catalytic cysteine on Acaa2 (C92) and Gapdh 
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(C150), as confirmed by CTN-sensitive IAyne labeling of Acaa2 and Gapdh is 
substantially lower in Acaa2 C92A and Gapdh C150A-overexpressing compared to wild-
type Acaa2 and Gapdh-overexpressing HEK293T lysates. (C, D) Carnitine 
palmitoyltransferase and fatty acyl CoA synthetase activity are significantly inhibited in 
in vivo CTN-treated (100 mg/kg ip, 2 h) mouse kidney proteomes compared to vehicle-
treated controls. Carnitine palmitoyltransferase activity was assessed ex vivo using 
C16:0 free fatty acid (FFA) and trimethyl-d9-L-carnitine measuring C16:0-d9-carnitine 
formation by SRM-based LC-MS/MS. Acyl-CoA synthetase activity was assessed ex 
vivo using [U-13C]C16:0 FFA and CoA, measuring [U-13C]C16:0-CoA formation by 
SRM-based LC-MS/MS. (E) Isotopic incorporation of [U-13C]C16:0 FFA into complex 
lipids in vivo in kidney was measured ex vivo by SRM-based LC-MS/MS from mice 
treated with vehicle or CTN (100 mg/kg, ip 1 h), followed by [U-13C]C16:0 acid (100 
mg/kg ip, 1 h). (F) Consistent with inhibition of CTN target fatty acid transport and 
oxidation enzymes, in vivo CTN treatment (100 mg/kg ip, 2h) leads to elevated FFA 
levels, decreased C14:0 and C16:0 fatty acyl-CoA (FA-CoA), and decreased C12:0 acyl 
carnitine (AC) levels in mouse kidney, compared to vehicle-treated controls. Data in (A, 
B) are representative gels from n=3/group. Data in (C-F) are presented as mean ± sem; 
n=3-5 mice/group. Significance is presented as *p<0.05 compared to vehicle-treated 
controls. Data in (F) show fatty acid-derived metabolites with significantly (p<0.05) 
altered abundances in two independent experiments. 
 



 
 

82 

REFERENCES 
 
1. Wilson, M. P. & Schwarzman, M. R. Toward a New U.S. Chemicals Policy: 

Rebuilding the Foundation to Advance New Science, Green Chemistry, and 
Environmental Health. Environ. Health Perspect. 117, 1202–1209 (2009). 

2. Hunter, D. J. Gene-environment interactions in human diseases. Nat Rev Genet 6, 
287–98 (2005). 

3. Hemminki, K., Bermejo, J. L. & Forsti, A. Opinion - The balance between heritable 
and environmental aetiology of human disease. Nat. Rev. Genet. 7, 958–965 
(2006). 

4. Venter, J. C. et al. The sequence of the human genome. Science 291, 1304–1351 
(2001). 

5. Evans, M. J. & Cravatt, B. F. Mechanism-based profiling of enzyme families. Chem. 
Rev. 106, 3279–3301 (2006). 

6. Moellering, R. E. & Cravatt, B. F. How chemoproteomics can enable drug discovery 
and development. Chem. Biol. 19, 11–22 (2012). 

7. Nomura, D. K., Dix, M. M. & Cravatt, B. F. Activity-based protein profiling for 
biochemical pathway discovery in cancer. Nat. Rev. Cancer 10, 630–638 (2010). 

8. Adam, G. C., Cravatt, B. F. & Sorensen, E. J. Profiling the specific reactivity of the 
proteome with non-directed activity-based probes. Chem. Biol. 8, 81–95 (2001). 

9. Barglow, K. T. & Cravatt, B. F. Substrate mimicry in an activity-based probe that 
targets the nitrilase family of enzymes. Angew. Chem. Int. Ed Engl. 45, 7408–7411 
(2006). 

10. Kato, D. et al. Activity-based probes that target diverse cysteine protease families. 
Nat. Chem. Biol. 1, 33–38 (2005). 

11. Kidd, D., Liu, Y. & Cravatt, B. F. Profiling serine hydrolase activities in complex 
proteomes. Biochemistry (Mosc.) 40, 4005–4015 (2001). 

12. Liu, Y., Patricelli, M. P. & Cravatt, B. F. Activity-based protein profiling: the serine 
hydrolases. Proc. Natl. Acad. Sci. U. S. A. 96, 14694–14699 (1999). 

13. Patricelli, M. P. et al. Functional interrogation of the kinome using nucleotide acyl 
phosphates. Biochemistry (Mosc.) 46, 350–358 (2007). 

14. Saghatelian, A., Jessani, N., Joseph, A., Humphrey, M. & Cravatt, B. F. Activity-
based probes for the proteomic profiling of metalloproteases. Proc. Natl. Acad. Sci. 
U. S. A. 101, 10000–10005 (2004). 

15. Walls, C., Zhou, B. & Zhang, Z.-Y. Activity-based protein profiling of protein tyrosine 
phosphatases. Methods Mol. Biol. Clifton NJ 519, 417–429 (2009). 

16. Weerapana, E., Simon, G. M. & Cravatt, B. F. Disparate proteome reactivity profiles 
of carbon electrophiles. Nat. Chem. Biol. 4, 405–407 (2008). 

17. Williams, S. J., Hekmat, O. & Withers, S. G. Synthesis and testing of mechanism-
based protein-profiling probes for retaining endo-glycosidases. Chembiochem Eur. 
J. Chem. Biol. 7, 116–124 (2006). 

18. Xiao, J. et al. A coupled protein and probe engineering approach for selective 
inhibition and activity-based probe labeling of the caspases. J. Am. Chem. Soc. 
135, 9130–9138 (2013). 



 
 

83 

19. Jessani, N. et al. A streamlined platform for high-content functional proteomics of 
primary human specimens. Nat. Methods 2, 691–697 (2005). 

20. Bachovchin, D. A. et al. Superfamily-wide portrait of serine hydrolase inhibition 
achieved by library-versus-library screening. Proc. Natl. Acad. Sci. U. S. A. 107, 
20941–20946 (2010). 

21. Chiang, K. P., Niessen, S., Saghatelian, A. & Cravatt, B. F. An enzyme that 
regulates ether lipid signaling pathways in cancer annotated by multidimensional 
profiling. Chem. Biol. 13, 1041–1050 (2006). 

22. Weerapana, E. et al. Quantitative reactivity profiling predicts functional cysteines in 
proteomes. Nature 468, 790–795 (2010). 

23. Speers, A. E., Adam, G. C. & Cravatt, B. F. Activity-based protein profiling in vivo 
using a copper(i)-catalyzed azide-alkyne [3 + 2] cycloaddition. J. Am. Chem. Soc. 
125, 4686–4687 (2003). 

24. Adibekian, A. et al. Click-generated triazole ureas as ultrapotent in vivo-active serine 
hydrolase inhibitors. Nat. Chem. Biol. 7, 469–478 (2011). 

25. Bachovchin, D. A., Brown, S. J., Rosen, H. & Cravatt, B. F. Identification of selective 
inhibitors of uncharacterized enzymes by high-throughput screening with 
fluorescent activity-based probes. Nat. Biotechnol. 27, 387–394 (2009). 

26. Blais, D. R. et al. Activity-based proteome profiling of hepatoma cells during hepatitis 
C virus replication using protease substrate probes. J. Proteome Res. 9, 912–923 
(2010). 

27. Dominguez, E. et al. Integrated phenotypic and activity-based profiling links Ces3 to 
obesity and diabetes. Nat. Chem. Biol. 10, 113–121 (2014). 

28. Nomura, D. K. et al. Monoacylglycerol lipase regulates a fatty acid network that 
promotes cancer pathogenesis. Cell 140, 49–61 (2010). 

29. Nomura, D. K. et al. Endocannabinoid hydrolysis generates brain prostaglandins 
that promote neuroinflammation. Science 334, 809–813 (2011). 

30. Sadler, N. C. et al. Activity-based protein profiling reveals mitochondrial oxidative 
enzyme impairment and restoration in diet-induced obese mice. PloS One 7, 
e47996 (2012). 

31. Singaravelu, R., Blais, D. R., McKay, C. S. & Pezacki, J. P. Activity-based protein 
profiling of the hepatitis C virus replication in Huh-7 hepatoma cells using a non-
directed active site probe. Proteome Sci. 8, 5 (2010). 

32. Bachovchin, D. A. et al. Superfamily-wide portrait of serine hydrolase inhibition 
achieved by library-versus-library screening. Proc. Natl. Acad. Sci. U. S. A. 107, 
20941–20946 (2010). 

33. Kidd, D., Liu, Y. & Cravatt, B. F. Profiling serine hydrolase activities in complex 
proteomes. Biochemistry (Mosc.) 40, 4005–4015 (2001). 

34. Long, J. Z. & Cravatt, B. F. The metabolic serine hydrolases and their functions in 
mammalian physiology and disease. Chem. Rev. 111, 6022–6063 (2011). 

35. Jessani, N., Liu, Y., Humphrey, M. & Cravatt, B. F. Enzyme activity profiles of the 
secreted and membrane proteome that depict cancer cell invasiveness. Proc. Natl. 
Acad. Sci. U. S. A. 99, 10335–10340 (2002). 

36. Shields, D. J. et al. RBBP9: a tumor-associated serine hydrolase activity required for 
pancreatic neoplasia. Proc. Natl. Acad. Sci. U. S. A. 107, 2189–2194 (2010). 



 
 

84 

37. Blankman, J. L., Long, J. Z., Trauger, S. A., Siuzdak, G. & Cravatt, B. F. ABHD12 
controls brain lysophosphatidylserine pathways that are deregulated in a murine 
model of the neurodegenerative disease PHARC. Proc. Natl. Acad. Sci. U. S. A. 
110, 1500–1505 (2013). 

38. Rotili, D. et al. A photoreactive small-molecule probe for 2-oxoglutarate oxygenases. 
Chem. Biol. 18, 642–654 (2011). 

39. Dalhoff, C. et al. Synthesis of S-adenosyl-L-homocysteine capture compounds for 
selective photoinduced isolation of methyltransferases. Chembiochem Eur. J. 
Chem. Biol. 11, 256–265 (2010). 

40. Wright, A. T. & Cravatt, B. F. Chemical proteomic probes for profiling cytochrome 
p450 activities and drug interactions in vivo. Chem. Biol. 14, 1043–1051 (2007). 

41. Wright, A. T., Song, J. D. & Cravatt, B. F. A suite of activity-based probes for human 
cytochrome P450 enzymes. J. Am. Chem. Soc. 131, 10692–10700 (2009). 

42. Krysiak, J. M. et al. Activity-based probes for studying the activity of flavin-
dependent oxidases and for the protein target profiling of monoamine oxidase 
inhibitors. Angew. Chem. Int. Ed Engl. 51, 7035–7040 (2012). 

43. Greenbaum, D., Medzihradszky, K. F., Burlingame, A. & Bogyo, M. Epoxide 
electrophiles as activity-dependent cysteine protease profiling and discovery tools. 
Chem. Biol. 7, 569–581 (2000). 

44. Nazif, T. & Bogyo, M. Global analysis of proteasomal substrate specificity using 
positional-scanning libraries of covalent inhibitors. Proc. Natl. Acad. Sci. U. S. A. 98, 
2967–2972 (2001). 

45. Blum, G., von Degenfeld, G., Merchant, M. J., Blau, H. M. & Bogyo, M. Noninvasive 
optical imaging of cysteine protease activity using fluorescently quenched activity-
based probes. Nat. Chem. Biol. 3, 668–677 (2007). 

46. Edgington, L. E. et al. Noninvasive optical imaging of apoptosis by caspase-targeted 
activity-based probes. Nat. Med. 15, 967–973 (2009). 

47. Leonard, S. E., Reddie, K. G. & Carroll, K. S. Mining the thiol proteome for sulfenic 
acid modifications reveals new targets for oxidation in cells. ACS Chem. Biol. 4, 
783–799 (2009). 

48. Paulsen, C. E. & Carroll, K. S. Chemical dissection of an essential redox switch in 
yeast. Chem. Biol. 16, 217–225 (2009). 

49. Paulsen, C. E. et al. Peroxide-dependent sulfenylation of the EGFR catalytic site 
enhances kinase activity. Nat. Chem. Biol. 8, 57–64 (2012). 

50. Reddie, K. G., Seo, Y. H., Muse Iii, W. B., Leonard, S. E. & Carroll, K. S. A chemical 
approach for detecting sulfenic acid-modified proteins in living cells. Mol. Biosyst. 4, 
521–531 (2008). 

51. Seo, Y. H. & Carroll, K. S. Quantification of protein sulfenic acid modifications using 
isotope-coded dimedone and iododimedone. Angew. Chem. Int. Ed Engl. 50, 
1342–1345 (2011). 

52. Chang, J. W., Nomura, D. K. & Cravatt, B. F. A potent and selective inhibitor of 
KIAA1363/AADACL1 that impairs prostate cancer pathogenesis. Chem. Biol. 18, 
476–484 (2011). 

53. Long, J. Z. et al. Selective blockade of 2-arachidonoylglycerol hydrolysis produces 
cannabinoid behavioral effects. Nat. Chem. Biol. 5, 37–44 (2009). 



 
 

85 

54. Li, W., Blankman, J. L. & Cravatt, B. F. A functional proteomic strategy to discover 
inhibitors for uncharacterized hydrolases. J. Am. Chem. Soc. 129, 9594–9595 
(2007). 

55. Bachovchin, D. A. et al. Academic cross-fertilization by public screening yields a 
remarkable class of protein phosphatase methylesterase-1 inhibitors. Proc. Natl. 
Acad. Sci. U. S. A. 108, 6811–6816 (2011). 

56. Ahn, K. et al. Discovery and characterization of a highly selective FAAH inhibitor that 
reduces inflammatory pain. Chem. Biol. 16, 411–420 (2009). 

57. Hsu, K.-L. et al. DAGLβ inhibition perturbs a lipid network involved in macrophage 
inflammatory responses. Nat. Chem. Biol. 8, 999–1007 (2012). 

58. Knuckley, B. et al. A fluopol-ABPP HTS assay to identify PAD inhibitors. Chem. 
Commun. Camb. Engl. 46, 7175–7177 (2010). 

59. Tsuboi, K. et al. Potent and selective inhibitors of glutathione S-transferase omega 1 
that impair cancer drug resistance. J. Am. Chem. Soc. 133, 16605–16616 (2011). 

60. Fisher, S. K. & Wonnacott, S. in Basic Neurochemistry (Eighth Edition) (eds. Brady, 
S. T., Siegel, G. J., Albers, R. W. & Price, D. L.) 258–282 (Academic Press, 2012). 
at <http://www.sciencedirect.com/science/article/pii/B9780123749475000134> 

61. Hassel, B. & Dingledine, R. in Basic Neurochemistry (Eighth Edition) (eds. Brady, S. 
T., Siegel, G. J., Albers, R. W. & Price, D. L.) 342–366 (Academic Press, 2012). at 
<http://www.sciencedirect.com/science/article/pii/B9780123749475000171> 

62. Kohnz, R. A. & Nomura, D. K. Chemical approaches to therapeutically target the 
metabolism and signaling of the endocannabinoid 2-AG and eicosanoids. Chem. 
Soc. Rev. (2014). doi:10.1039/c4cs00047a 

63.Wymann, M. P. & Schneiter, R. Lipid signalling in disease. Nat. Rev. Mol. Cell Biol. 9, 
162–176 (2008). 

64. Mills, G. B. & Moolenaar, W. H. The emerging role of lysophosphatidic acid in 
cancer. Nat. Rev. Cancer 3, 582–591 (2003). 

65. Wang, D. & Dubois, R. N. Eicosanoids and cancer. Nat. Rev. Cancer 10, 181–193 
(2010). 

66. Evans, R. M. & Mangelsdorf, D. J. Nuclear Receptors, RXR, and the Big Bang. Cell 
157, 255–266 (2014). 

67. Wellen, K. E. & Thompson, C. B. A two-way street: reciprocal regulation of 
metabolism and signalling. Nat. Rev. Mol. Cell Biol. 13, 270–276 (2012). 

68. Patti, G. J., Yanes, O. & Siuzdak, G. Innovation: Metabolomics: the apogee of the 
omics trilogy. Nat. Rev. Mol. Cell Biol. 13, 263–269 (2012). 

69. Saghatelian, A. & Cravatt, B. F. Discovery metabolite profiling--forging functional 
connections between the proteome and metabolome. Life Sci. 77, 1759–1766 
(2005). 

70. Saghatelian, A. et al. Assignment of endogenous substrates to enzymes by global 
metabolite profiling. Biochemistry (Mosc.) 43, 14332–14339 (2004). 

71. Vinayavekhin, N., Homan, E. A. & Saghatelian, A. Exploring disease through 
metabolomics. ACS Chem. Biol. 5, 91–103 (2010). 

72. Clasquin, M. F., Melamud, E. & Rabinowitz, J. D. in Current Protocols in 
Bioinformatics (John Wiley & Sons, Inc., 2012). at 
<http://dx.doi.org/10.1002/0471250953.bi1411s37> 



 
 

86 

73. Smith, C. A., Want, E. J., O’Maille, G., Abagyan, R. & Siuzdak, G. XCMS: 
processing mass spectrometry data for metabolite profiling using nonlinear peak 
alignment, matching, and identification. Anal. Chem. 78, 779–787 (2006). 

74. Tautenhahn, R., Patti, G. J., Rinehart, D. & Siuzdak, G. XCMS Online: a web-based 
platform to process untargeted metabolomic data. Anal. Chem. 84, 5035–5039 
(2012). 

75. Fahy, E., Sud, M., Cotter, D. & Subramaniam, S. LIPID MAPS online tools for lipid 
research. Nucleic Acids Res. 35, W606–612 (2007). 

76. Nikolskiy, I., Mahieu, N. G., Chen, Y.-J., Tautenhahn, R. & Patti, G. J. An untargeted 
metabolomic workflow to improve structural characterization of metabolites. Anal. 
Chem. 85, 7713–7719 (2013). 

77. Smith, C. A. et al. METLIN: a metabolite mass spectral database. Ther. Drug Monit. 
27, 747–751 (2005). 

78. Wishart, D. S. et al. HMDB 3.0--The Human Metabolome Database in 2013. Nucleic 
Acids Res. 41, D801–807 (2013). 

79. Baran, R. et al. Metabolic footprinting of mutant libraries to map metabolite utilization 
to genotype. ACS Chem. Biol. 8, 189–199 (2013). 

80. De Carvalho, L. P. S. et al. Activity-based metabolomic profiling of enzymatic 
function: identification of Rv1248c as a mycobacterial 2-hydroxy-3-oxoadipate 
synthase. Chem. Biol. 17, 323–332 (2010). 

81. Kinsey, S. G. et al. Blockade of endocannabinoid-degrading enzymes attenuates 
neuropathic pain. J. Pharmacol. Exp. Ther. 330, 902–910 (2009). 

82. Kinsey, S. G., Long, J. Z., Cravatt, B. F. & Lichtman, A. H. Fatty acid amide 
hydrolase and monoacylglycerol lipase inhibitors produce anti-allodynic effects in 
mice through distinct cannabinoid receptor mechanisms. J. Pain Off. J. Am. Pain 
Soc. 11, 1420–1428 (2010). 

83. Kinsey, S. G., O’Neal, S. T., Long, J. Z., Cravatt, B. F. & Lichtman, A. H. Inhibition of 
endocannabinoid catabolic enzymes elicits anxiolytic-like effects in the marble 
burying assay. Pharmacol. Biochem. Behav. 98, 21–27 (2011). 

84. Sciolino, N. R., Zhou, W. & Hohmann, A. G. Enhancement of endocannabinoid 
signaling with JZL184, an inhibitor of the 2-arachidonoylglycerol hydrolyzing 
enzyme monoacylglycerol lipase, produces anxiolytic effects under conditions of 
high environmental aversiveness in rats. Pharmacol. Res. Off. J. Ital. Pharmacol. 
Soc. 64, 226–234 (2011). 

85. Nomura, D. K. et al. Activation of the endocannabinoid system by 
organophosphorus nerve agents. Nat. Chem. Biol. 4, 373–378 (2008). 

86. Nomura, D. K. et al. Monoacylglycerol lipase regulates 2-arachidonoylglycerol action 
and arachidonic acid levels. Bioorg. Med. Chem. Lett. 18, 5875–5878 (2008). 

87. Schlosburg, J. E. et al. Chronic monoacylglycerol lipase blockade causes functional 
antagonism of the endocannabinoid system. Nat. Neurosci. 13, 1113–1119 (2010). 

88. Chen, R. et al. Monoacylglycerol lipase is a therapeutic target for Alzheimer’s 
disease. Cell Rep. 2, 1329–1339 (2012). 

89. Nomura, D. K. et al. Endocannabinoid hydrolysis generates brain prostaglandins 
that promote neuroinflammation. Science 334, 809–813 (2011). 



 
 

87 

90. Piro, J. R. et al. A dysregulated endocannabinoid-eicosanoid network supports 
pathogenesis in a mouse model of Alzheimer’s disease. Cell Rep. 1, 617–623 
(2012). 

91. Dang, L. et al. Cancer-associated IDH1 mutations produce 2-hydroxyglutarate. 
Nature 462, 739–744 (2009). 

92. Xu, W. et al. Oncometabolite 2-hydroxyglutarate is a competitive inhibitor of α-
ketoglutarate-dependent dioxygenases. Cancer Cell 19, 17–30 (2011). 

93. Nomura, D. K. et al. Monoacylglycerol lipase regulates a fatty acid network that 
promotes cancer pathogenesis. Cell 140, 49–61 (2010). 

94. Nomura, D. K. et al. Monoacylglycerol lipase exerts dual control over 
endocannabinoid and fatty acid pathways to support prostate cancer. Chem. Biol. 
18, 846–856 (2011). 

95. Benjamin, D. I. et al. Ether lipid generating enzyme AGPS alters the balance of 
structural and signaling lipids to fuel cancer pathogenicity. Proc. Natl. Acad. Sci. U. 
S. A. 110, 14912–14917 (2013). 

96. Locasale, J. W. et al. Phosphoglycerate dehydrogenase diverts glycolytic flux and 
contributes to oncogenesis. Nat. Genet. 43, 869–874 (2011). 

97. Possemato, R. et al. Functional genomics reveal that the serine synthesis pathway 
is essential in breast cancer. Nature 476, 346–350 (2011). 

98. Grady, S. L., Purdy, J. G., Rabinowitz, J. D. & Shenk, T. Argininosuccinate 
synthetase 1 depletion produces a metabolic state conducive to herpes simplex 
virus 1 infection. Proc. Natl. Acad. Sci. U. S. A. 110, E5006–5015 (2013). 

99. Prabakaran, S., Lippens, G., Steen, H. & Gunawardena, J. Post-translational 
modification: nature’s escape from genetic imprisonment and the basis for dynamic 
information encoding. Wiley Interdiscip. Rev. Syst. Biol. Med. 4, 565–583 (2012). 

100. Wang, C., Weerapana, E., Blewett, M. M. & Cravatt, B. F. A chemoproteomic 
platform to quantitatively map targets of lipid-derived electrophiles. Nat. Methods 
11, 79–85 (2014). 

101. Moellering, R. E. & Cravatt, B. F. Functional lysine modification by an intrinsically 
reactive primary glycolytic metabolite. Science 341, 549–553 (2013). 

102. Turcan, S. et al. IDH1 mutation is sufficient to establish the glioma hypermethylator 
phenotype. Nature 483, 479–483 (2012). 

103. Lu, C. et al. IDH mutation impairs histone demethylation and results in a block to 
cell differentiation. Nature 483, 474–478 (2012). 

104.Tu, B. P. et al. Cyclic changes in metabolic state during the life of a yeast cell. Proc. 
Natl. Acad. Sci. U. S. A. 104, 16886–16891 (2007). 

105. Cai, L. & Tu, B. P. Acetyl-CoA drives the transcriptional growth program in yeast. 
Cell Cycle Georget. Tex 10, 3045–3046 (2011). 

106.Wellen, K. E. et al. ATP-citrate lyase links cellular metabolism to histone acetylation. 
Science 324, 1076–1080 (2009). 

107. Ulanovskaya, O. A., Zuhl, A. M. & Cravatt, B. F. NNMT promotes epigenetic 
remodeling in cancer by creating a metabolic methylation sink. Nat. Chem. Biol. 9, 
300–306 (2013). 

108. Kraus, D. et al. Nicotinamide N-methyltransferase knockdown protects against diet-
induced obesity. Nature 508, 258–262 (2014). 



 
 

88 

109. Dix, M. M., Simon, G. M. & Cravatt, B. F. Global mapping of the topography and 
magnitude of proteolytic events in apoptosis. Cell 134, 679–691 (2008). 

110. Dix, M. M. et al. Functional interplay between caspase cleavage and 
phosphorylation sculpts the apoptotic proteome. Cell 150, 426–440 (2012). 

111. Kim, Y.-G., Lone, A. M., Nolte, W. M. & Saghatelian, A. Peptidomics approach to 
elucidate the proteolytic regulation of bioactive peptides. Proc. Natl. Acad. Sci. U. S. 
A. 109, 8523–8527 (2012). 

112. Mahrus, S. et al. Global sequencing of proteolytic cleavage sites in apoptosis by 
specific labeling of protein N termini. Cell 134, 866–876 (2008). 

113. Nolte, W. M., Tagore, D. M., Lane, W. S. & Saghatelian, A. Peptidomics of prolyl 
endopeptidase in the central nervous system. Biochemistry (Mosc.) 48, 11971–
11981 (2009). 

114. Tinoco, A. D., Tagore, D. M. & Saghatelian, A. Expanding the dipeptidyl peptidase 
4-regulated peptidome via an optimized peptidomics platform. J. Am. Chem. Soc. 
132, 3819–3830 (2010). 

115. Choudhary, C. & Mann, M. Decoding signalling networks by mass spectrometry-
based proteomics. Nat. Rev. Mol. Cell Biol. 11, 427–439 (2010). 

116. Bucher, J. R. Regulatory Forum Opinion Piece* Tox21 and Toxicologic Pathology. 
Toxicol. Pathol. 41, 125–127 (2013). 

117. Huang, R. et al. Chemical Genomics Profiling of Environmental Chemical 
Modulation of Human Nuclear Receptors. Environ. Health Perspect. 119, 1142–
1148 (2011). 

118. Kavlock, R. J., Austin, C. P. & Tice, R. R. Toxicity testing in the 21st century: 
implications for human health risk assessment. Risk Anal 29, 485–7; discussion 
492–7 (2009). 

119. Eskenazi, B., Bradman, A. & Castorina, R. Exposures of children to 
organophosphate pesticides and their potential adverse health effects. Environ. 
Health Perspect. 107, 409–419 (1999). 

120. Rochester, J. R. Bisphenol A and human health: A review of the literature. Reprod. 
Toxicol. 42, 132–155 (2013). 

121. McDonald, T. A. A perspective on the potential health risks of PBDEs. 
Chemosphere 46, 745–755 (2002). 

122. Tice, R. R., Austin, C. P., Kavlock, R. J. & Bucher, J. R. Improving the human 
hazard characterization of chemicals: a Tox21 update. Env. Health Perspect 121, 
756–65 (2013). 

123. Ziegler, S., Pries, V., Hedberg, C. & Waldmann, H. Target Identification for Small 
Bioactive Molecules: Finding the Needle in the Haystack. Angew. Chem.-Int. Ed. 
52, 2744–2792 (2013). 

124. Medina-Cleghorn, D. & Nomura, D. K. Chemical approaches to study metabolic 
networks. Pflugers Arch 465, 427–40 (2013). 

125. Moellering, R. E. & Cravatt, B. F. How Chemoproteomics Can Enable Drug 
Discovery and Development. Chem. Biol. 19, 11–22 (2012). 

126. Nomura, D. K. & Casida, J. E. Activity-based protein profiling of organophosphorus 
and thiocarbamate pesticides reveals multiple serine hydrolase targets in mouse 
brain. J. Agric. Food Chem. 59, 2808–2815 (2011). 



 
 

89 

127. Nomura, D. K. et al. A brain detoxifying enzyme for organophosphorus nerve 
poisons. Proc. Natl. Acad. Sci. 102, 6195–6200 (2005). 

128. Casida, J. E. & Durkin, K. A. Anticholinesterase insecticide retrospective. Chem 
Biol Interact 203, 221–5 (2013). 

129. Us Epa, O. of P. P. 2006-2007 Pesticide Market Estimates: Table of Contents 
(Sections) | Pesticides | US EPA. (2013). at 
<http://www.epa.gov/opp00001/pestsales/07pestsales/table_of_contents2007.htm 
files/799/table_of_contents2007.html> 

130. Bouchard, M. F., Bellinger, D. C., Wright, R. O. & Weisskopf, M. G. Attention-
Deficit/Hyperactivity Disorder and Urinary Metabolites of Organophosphate 
Pesticides. Pediatrics 125, e1270–e1277 (2010). 

131. Fortenberry, G. Z., Hu, H., Turyk, M., Barr, D. B. & Meeker, J. D. Association 
between urinary 3, 5, 6-trichloro-2-pyridinol, a metabolite of chlorpyrifos and 
chlorpyrifos-methyl, and serum T4 and TSH in NHANES 1999–2002. Sci. Total 
Environ. 424, 351–355 (2012). 

132. Rauh, V. A. et al. Brain anomalies in children exposed prenatally to a common 
organophosphate pesticide. Proc. Natl. Acad. Sci. (2012). 
doi:10.1073/pnas.1203396109 

133. Rauh, V. A. et al. Impact of Prenatal Chlorpyrifos Exposure on Neurodevelopment 
in the First 3 Years of Life Among Inner-City Children. Pediatrics 118, e1845–
e1859 (2006). 

134. Marks, A. R. et al. Organophosphate Pesticide Exposure and Attention in Young 
Mexican-American Children: The CHAMACOS Study. Environ. Health Perspect. 
118, 1768–1774 (2010). 

135. Freire, C. & Koifman, S. Pesticide exposure and Parkinson’s disease: 
Epidemiological evidence of association. NeuroToxicology 33, 947–971 (2012). 

136. Alavanja, M. C. R. Pesticides and Lung Cancer Risk in the Agricultural Health 
Study Cohort. Am. J. Epidemiol. 160, 876–885 (2004). 

137. Simon, G. M. & Cravatt, B. F. Activity-based Proteomics of Enzyme Superfamilies: 
Serine Hydrolases as a Case Study. J. Biol. Chem. 285, 11051–11055 (2010). 

138. Long, J. Z. et al. Dual blockade of FAAH and MAGL identifies behavioral processes 
regulated by endocannabinoid crosstalk in vivo. Proc. Natl. Acad. Sci. U. S. A. 106, 
20270–20275 (2009). 

139. Osuga, J. et al. Targeted disruption of hormone-sensitive lipase results in male 
sterility and adipocyte hypertrophy, but not in obesity. Proc Natl Acad Sci U A 97, 
787–92 (2000). 

140. Li, H. et al. Hormone-sensitive lipase deficiency in mice causes lipid storage in the 
adrenal cortex and impaired corticosterone response to corticotropin stimulation. 
Endocrinology 143, 3333–40 (2002). 

141. Sekiya, M. et al. Ablation of neutral cholesterol ester hydrolase 1 accelerates 
atherosclerosis. Cell Metab 10, 219–28 (2009). 

142. Long, J. Z. et al. Metabolomics annotates ABHD3 as a physiologic regulator of 
medium-chain phospholipids. Nat. Chem. Biol. 7, 763–765 (2011). 

143. Yamin, R., Zhao, C., O’Connor, P. B., McKee, A. C. & Abraham, C. R. Acyl peptide 
hydrolase degrades monomeric and oligomeric amyloid-beta peptide. Mol 
Neurodegener 4, 33 (2009). 



 
 

90 

144. Kong, E. et al. Dynamic palmitoylation links cytosol-membrane shuttling of acyl-
protein thioesterase-1 and acyl-protein thioesterase-2 with that of proto-oncogene 
H-ras product and growth-associated protein-43. J Biol Chem 288, 9112–25 (2013). 

145. Quiroga, A. D. et al. Deficiency of carboxylesterase 1/esterase-x results in obesity, 
hepatic steatosis, and hyperlipidemia. Hepatology 56, 2188–2198 (2012). 

146. Lo, V. et al. Arylacetamide deacetylase attenuates fatty-acid-induced triacylglycerol 
accumulation in rat hepatoma cells. J Lipid Res 51, 368–77 (2010). 

147. Blankman, J. L. & Cravatt, B. F. Chemical probes of endocannabinoid metabolism. 
Pharmacol Rev 65, 849–71 (2013). 

148. Im, D. S. Pharmacological tools for lysophospholipid GPCRs: development of 
agonists and antagonists for LPA and S1P receptors. Acta Pharmacol Sin 31, 
1213–22 (2010). 

149. Toman, R. E. & Spiegel, S. Lysophospholipid receptors in the nervous system. 
Neurochem Res 27, 619–27 (2002). 

150. Zhao, P. & Abood, M. E. GPR55 and GPR35 and their relationship to cannabinoid 
and lysophospholipid receptors. Life Sci. 92, 453–457 (2013). 

151. Nieto-Posadas, A. et al. Lysophosphatidic acid directly activates TRPV1 through a 
C-terminal binding site. Nat Chem Biol 8, 78–85 (2012). 

152. Saghatelian, A., McKinney, M. K., Bandell, M., Patapoutian, A. & Cravatt, B. F. A 
FAAH-Regulated Class of N-Acyl Taurines That Activates TRP Ion Channels. 
Biochemistry (Mosc.) 45, 9007–9015 (2006). 

153. Henstridge, C. M. et al. Minireview: recent developments in the physiology and 
pathology of the lysophosphatidylinositol-sensitive receptor GPR55. Mol Endocrinol 
25, 1835–48 (2011). 

154. Long, J. Z., LaCava, M., Jin, X. & Cravatt, B. F. An anatomical and temporal 
portrait of physiological substrates for fatty acid amide hydrolase. J Lipid Res 52, 
337–44 (2011). 

155. Park, G. Y. et al. Autotaxinproduction of Lysophosphatidic Acid Mediates Allergic 
Asthmatic Inflammation. Am J Respir Crit Care Med (2013). 
doi:10.1164/rccm.201306-1014OC 

156. Anliker, B. et al. Lysophosphatidic acid (LPA) and its receptor, LPA , influence 
embryonic schwann cell migration, myelination, and cell-to-axon segregation. Glia 
(2013). doi:10.1002/glia.22572 

157. Schober, A. & Siess, W. Lysophosphatidic acid in atherosclerotic diseases. Br J 
Pharmacol 167, 465–82 (2012). 

158. Mulvihill, M. M. & Nomura, D. K. Therapeutic potential of monoacylglycerol lipase 
inhibitors. Life Sci 92, 492–7 (2013). 

159. Haemmerle, G. et al. Hormone-sensitive lipase deficiency in mice causes 
diglyceride accumulation in adipose tissue, muscle, and testis. J Biol Chem 277, 
4806–15 (2002). 

160. Long, J. Z., Nomura, D. K. & Cravatt, B. F. Characterization of monoacylglycerol 
lipase inhibition reveals differences in central and peripheral endocannabinoid 
metabolism. Chem. Biol. 16, 744–753 (2009). 

161. Tautenhahn, R. et al. An accelerated workflow for untargeted metabolomics using 
the METLIN database. Nat Biotechnol 30, 826–8 (2012). 



 
 

91 

162.Van der Veen, I. & de Boer, J. Phosphorus flame retardants: Properties, production, 
environmental occurrence, toxicity and analysis. Chemosphere 88, 1119–1153 
(2012). 

163. Van den Eede, N., Neels, H., Jorens, P. G. & Covaci, A. Analysis of 
organophosphate flame retardant diester metabolites in human urine by liquid 
chromatography electrospray ionisation tandem mass spectrometry. J. Chromatogr. 
A 1303, 48–53 (2013). 

164. Meeker, J. D. & Stapleton, H. M. House Dust Concentrations of Organophosphate 
Flame Retardants in Relation to Hormone Levels and Semen Quality Parameters. 
Environ. Health Perspect. 118, 318–323 (2009). 

165. Tornoe, C. W., Christensen, C. & Meldal, M. Peptidotriazoles on solid phase: 
[1,2,3]-triazoles by regiospecific copper(i)-catalyzed 1,3-dipolar cycloadditions of 
terminal alkynes to azides. J Org Chem 67, 3057–64 (2002). 

166. Rostovtsev, V. V., Green, L. G., Fokin, V. V. & Sharpless, K. B. A stepwise huisgen 
cycloaddition process: copper(I)-catalyzed regioselective ‘ligation’ of azides and 
terminal alkynes. Angew Chem Int Ed Engl 41, 2596–9 (2002). 

167. Schirmer, E. C., Yates, J. R., 3rd & Gerace, L. MudPIT: A powerful proteomics tool 
for discovery. Discov Med 3, 38–9 (2003). 

168. Holmes, R. S. et al. Recommended nomenclature for five mammalian 
carboxylesterase gene families: human, mouse, and rat genes and proteins. 
Mamm. Genome 21, 427–441 (2010). 

169. Bachovchin, D. A. & Cravatt, B. F. The pharmacological landscape and therapeutic 
potential of serine hydrolases. Nat. Rev. Drug Discov. 11, 52–68 (2012). 

170. Medina-Cleghorn, D., Heslin, A., Morris, P. J., Mulvihill, M. M. & Nomura, D. K. 
Multidimensional Profiling Platforms Reveal Metabolic Dysregulation Caused by 
Organophosphorus Pesticides. ACS Chem. Biol. 131120145041005 (2013). 
doi:10.1021/cb400796c 

171. Kovarik, Z. et al. Mutant cholinesterases possessing enhanced capacity for 
reactivation of their phosphonylated conjugates. Biochemistry (Mosc.) 43, 3222–
3229 (2004). 

172. Wang, J., Williams, E. T., Bourgea, J., Wong, Y. N. & Patten, C. J. Characterization 
of Recombinant Human Carboxylesterases: Fluorescein Diacetate as a Probe 
Substrate for Human Carboxylesterase 2. Drug Metab. Dispos. 39, 1329–1333 
(2011). 

173. Imai, T. Human carboxylesterase isozymes: Catalytic properties and rational drug 
design. Drug Metab. Pharmacokinet. 21, 173–185 (2006). 

174. Wang, H. & Eckel, R. H. Lipoprotein lipase: from gene to obesity. Am J Physiol 
Endocrinol Metab 297, E271–88 (2009). 

175. Jornayvaz, F. R. & Shulman, G. I. Diacylglycerol Activation of Protein Kinase Cε 
and Hepatic Insulin Resistance. Cell Metab. 15, 574–584 (2012). 

176. Lian, J., Quiroga, A. D., Li, L. & Lehner, R. Ces3/TGH Deficiency Improves 
Dyslipidemia and Reduces Atherosclerosis in Ldlr−/− Mice. Circ. Res. 111, 982–
990 (2012). 

177. Patisaul, H. B. et al. Accumulation and Endocrine Disrupting Effects of the Flame 
Retardant Mixture Firemaster® 550 in Rats: An Exploratory Assessment. J. 
Biochem. Mol. Toxicol. 27, 124–136 (2013). 



 
 

92 

178. Ko, K. W. S., Erickson, B. & Lehner, R. Es-x/Ces1 prevents triacylglycerol 
accumulation in McArdle-RH7777 hepatocytes. Biochim. Biophys. Acta 1791, 
1133–1143 (2009). 

179. Elliott, L. et al. Dust weight and asthma prevalence in the National Survey of Lead 
and Allergens in Housing (NSLAH). Env. Health Perspect 115, 215–20 (2007). 

180. Reemtsma, T., Lingott, J. & Roegler, S. Determination of 14 monoalkyl phosphates, 
dialkyl phosphates and dialkyl thiophosphates by LC-MS/MS in human urinary 
samples. Sci. Total Environ. 409, 1990–1993 (2011). 

181. Bookman, E. B. et al. Gene-environment interplay in common complex diseases: 
forging an integrative model-recommendations from an NIH workshop. Genet 
Epidemiol 35, 217–25 (2011). 

182. Rappaport, S. M. Implications of the exposome for exposure science. J Expo Sci 
Env. Epidemiol 21, 5–9 (2011). 

183. Shukla, S. J., Huang, R., Austin, C. P. & Xia, M. The future of toxicity testing: a 
focus on in vitro methods using a quantitative high-throughput screening platform. 
Drug Discov. Today 15, 997–1007 (2010). 

184. Collins, F. S., Gray, G. M. & Bucher, J. R. Toxicology. Transforming environmental 
health protection. Science 319, 906–7 (2008). 

185. Dix, D. J. et al. The ToxCast Program for Prioritizing Toxicity Testing of 
Environmental Chemicals. Toxicol. Sci. 95, 5–12 (2007). 

186. Rappaport, S. M., Li, H., Grigoryan, H., Funk, W. E. & Williams, E. R. Adductomics: 
characterizing exposures to reactive electrophiles. Toxicol Lett 213, 83–90 (2012). 

187. Shannon, D. A. & Weerapana, E. Covalent protein modification: the current 
landscape of residue-specific electrophiles. Curr. Opin. Chem. Biol. 24, 18–26 
(2015). 

188. Araya, C. L. & Fowler, D. M. Deep mutational scanning: assessing protein function 
on a massive scale. Trends Biotechnol 29, 435–42 (2011). 

189. Meier, B. & Gartner, A. Having a direct look: Analysis of DNA damage and repair 
mechanisms by next generation sequencing. Exp. Cell Res. 329, 35–41 (2014). 

190. Codreanu, S. G. et al. Alkylation Damage by Lipid Electrophiles Targets Functional 
Protein Systems. Mol. Cell. Proteomics 13, 849–859 (2014). 

191. Pace, N. J. & Weerapana, E. Diverse Functional Roles of Reactive Cysteines. ACS 
Chem. Biol. 8, 283–296 (2013). 

192. Poole, L. B. The basics of thiols and cysteines in redox biology and chemistry. Free 
Radic. Biol. Med. 80, 148–157 (2015). 

193. Watanabe, T. & Hirano, S. Metabolism of arsenic and its toxicological relevance. 
Arch Toxicol 87, 969–79 (2013). 

194. McHale, C. M., Zhang, L. P. & Smith, M. T. Current understanding of the 
mechanism of benzene-induced leukemia in humans: implications for risk 
assessment. Carcinogenesis 33, 240–252 (2012). 

195. Wilkinson, C. F. & Killeen, J. C. A mechanistic interpretation of the oncogenicity of 
chlorothalonil in rodents and an assessment of human relevance. Regul. Toxicol. 
Pharmacol. 24, 69–84 (1996). 

196. Oriel, M., Edmiston, S., Beauvais, S., Barry, T. & O’Malley, M. Illnesses Associated 
with Chloropicrin Use in California Agriculture, 1992-2003. Rev. Environ. Contam. 
Toxicol. Vol 200 200, 1–31 (2009). 



 
 

93 

197. Morris, P. J. et al. Organophosphorus Flame Retardants Inhibit Specific Liver 
Carboxylesterases and Cause Serum Hypertriglyceridemia. ACS Chem. Biol. 9, 
1097–1103 (2014). 

198. Nakamura, M. T., Yudell, B. E. & Loor, J. J. Regulation of energy metabolism by 
long-chain fatty acids. Prog Lipid Res 53, 124–44 (2014). 

199. Luu-The, V. Assessment of steroidogenesis and steroidogenic enzyme functions. J 
Steroid Biochem Mol Biol 137, 176–82 (2013). 

200. Grube, A., Donaldson, D., Kiely, T. & Wu, L. Pesticide Industry Sales and Usage: 
2006 and 2007 Market Estimates. Environ. Prot. Agency (2011). at 
<http://www.epa.gov/opp00001/pestsales/> 

201. Falcon, A. et al. FATP2 is a hepatic fatty acid transporter and peroxisomal very 
long-chain acyl-CoA synthetase. AJP Endocrinol. Metab. 299, E384–E393 (2010). 

 




