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Abstract
A growing body of evidence links exposure to endocrine disrupting chemicals
(EDCs) with obesity-related metabolic diseases. Adipose tissue (AT) plays a
pivotal role in the development of obesity. AT actively regulates whole body
energy homeostasis by orchestrating complex inter- and intra-cellular
communications,

effected

via

regulatory molecule

networks.

Sustained

perturbation of metabolism by environmental factors such as over-nutrition can
override homeostatic controls, leading to a cascade of signaling events that can
result in inflammation, a hallmark of metabolic disease.
In this work we investigated the fate and effects of a subset of EDCs in
cellular models related to obesity, namely AT and the gut microbiota. Given their
reported ability to interact with regulatory molecules in AT, we hypothesized that
EDCs might act by perturbing metabolic and inflammatory signaling networks to
elicit their effects.
We explored this possibility by exposing adipocytes to low concentrations
of EDCs. We employed a data-driven approach using metabolomics and
proteomics methods to characterize cellular state and determine global patterns of
alterations. Our findings showed that monoethylhexyl phthalate (MEHP) induces
an inflammatory state, characterized by elevations in free fatty acids (FFA) and
cytokines. We also observed broad dysregulation of lipid metabolism, suggesting
involvement of the lipid metabolism regulator, peroxisome proliferator-activated
receptor-γ (PPAR-γ) in the observed effects. Chemical inhibition of PPAR-γ
iii

abrogated the MEHP-induced cytokine expression, suggesting it is a mediator of
the inflammatory effect. We then used model-driven

13

C-labeling metabolic flux

analysis to clarify the means by which MEHP elevated FFA levels. Flux
simulations suggested this resulted from reduced ability to sequester FFA as
triglycerides, though a clear understanding of the mechanism warrants future
investigation.
We also investigated the effects of EDCs on gut microbiota metabolism,
which is intimately coupled to whole body energy metabolism in both health and
disease. When we exposed isolated cecum cultures to EDCs we observed
significant changes in 23% of the detected products of microbial metabolism,
including lipids, neuroactive chemicals, and other signaling compounds.
Dysregulation of microbiota metabolism could have negative outcomes on host
health.
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INTRODUCTION
Endocrine-disrupting chemicals
As a result of rise in production of materials and chemicals for industrial and
household use in the past century, the environment has been contaminated with
synthetic chemicals. A subset of these chemicals termed endocrine disrupting
chemicals (EDCs) are especially pervasive due to their ability to disrupt the
body‘s natural developmental and signaling mechanisms at low concentrations.
We are exposed to these contaminants via environmental accumulation from
everyday contact, for example food and beverage containers, cosmetics, paints,
and medical devices. EDCs pose a direct threat to us as they have been measured
in human serum at the nanomolar level, sufficient concentrations to product
effects in vitro (Diamanti-Kandarakis et al. 2009). EDCs are structurally and
functionally diverse chemicals, and some examples include Tributyltin (TBT),
Bisphenol A (BPA) and Diethylhexyl phthalate (DEHP) and its metabolite
monoethylhexyl phthalate (MEHP) (Table 0-1).
In the early 2000s, research on EDCs was mostly focused on their
potential to disrupt reproductive development and sex differentiation in wildlife
and humans. Following a pioneering study in 2002 (Baillie-Hamilton 2002), a
growing body of evidence has emerged implicating several other endocrine
pathways including those involved in obesity and related metabolic disorders
(Heindel et al. 2015). The Baillie-Hamilton study showed that rise in production
of synthetic chemicals is positively correlated with the rise in overweight adults,
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proposing that the influence of synthetic chemicals during critical points of
growth or development may sensitize humans to developing an overweight
phenotype. Together, this and subsequent studies have suggested that diet,
activity, and genetics do not fully explain the obesity epidemic, and that
environmental factors must play a role.
Table 0-1. Representative EDCs implicated in obesity and metabolic disease.
Tributyltin
chloride (TBT)
Source

Biocide in antifouling paint

NRs

PPAR-γ:RXR

Banned but
Production persistent pollutant;
~50,000 tons/year

Exposure

0.18-2.6
µg/day/persona

Bisphenol A
(BPA)
Monomer used as a
plasticizer
(common in PC
plastics)
ER, AR, TR, GR

Mono-ethylhexyl
phthalate (MEHP)
Metabolite of
DEHP, a ubiquitous
plasticizer (e.g
PVC)
PPAR-γ,
CAR/PXR, GR

3 million tons/year

2 million tons/year
(DEHP)

0.05-0.075
µg/kgBW/day c

3-30
µg/kgBW/dayd

Serum
0.2-20 ng/ml (1Up to 27nMb
7.88ng/ml (28nM)e
level
100nM)c
a
(Sekizawa J. 2001 ) b (Kannan et al. 1999) c (Vandenberg et al. 2012) d (CDC
2001) e (Frederiksen et al. 2010). NRs= nuclear receptors; PPAR-γ= peroxisome
proliferator-activated receptor gamma; RXR= retinoid X receptor; ER= estrogen
receptor; AR= androgen receptor; TR= thyroid receptor; GR= glucocorticoid
receptor; CAR= chimeric antigen receptor; PXR= pregnane X receptor.

While epidemiological evidence supports a link between EDCs and obesity (Gore
et al. 2015), there is a shortage of clinical evidence, and prospective studies
should attempt to verify a causative role of EDCs in the etiology of obesity in
humans. Nevertheless these findings have generally been substantiated by in vitro
3

or murine in vivo studies. An increasing number of studies have reported that
perinatal exposure to certain EDCs, termed obesogens (Grun and Blumberg
2006), could contribute to weight gain through an adipogenic effect that leads to
increased body fat mass. Differentiation experiments using progenitor cells
isolated from the adipose tissue (AT) of mice exposed in utero to TBT showed
greater sensitivity of these cells toward adipogenic induction and epigenetic
changes consistent with increased basal expression of adipogenic differentiation
marker genes (Kirchner et al. 2010). These findings have highlighted the potential
for early life EDC exposure to predispose the offspring toward an obese
phenotype later in life by reprogramming stem cell fate, possibly through
epigenetic changes that enhance basal expression of adipogenic genes. Less
attention has been paid to clarifying whether these chemicals play a causal role in
metabolic disease by disrupting the metabolic regulation of mature adipocytes.
For example, EDCs could activate inflammatory pathways or impair the ability of
adipocytes to sequester fatty acids, both hallmarks of obesity-related metabolic
diseases. Nevertheless, studies in adult animals on a systemic level support the
idea that EDCs may contribute to disease outcomes in non-developmental
periods. For example, when exposed to BPA and a high fat diet, male mice
developed glucose intolerance and insulin resistance over 12 weeks, whereas their
un-exposed counterparts did not (Moon et al. 2015). In the US, approximately
35% of adults are obese, often exhibiting comorbidities such as diabetes, and
heart disease which all contribute to the pathology of metabolic syndrome,
underlining the importance of studying the effects of EDCs in adult models. A
4

potential challenge of studying adult models of EDC exposure is the difficulty in
differentiating effects that occur in maturity from latent effects from
developmental windows, thus care should be taken to clearly define distinct
windows of exposure that allow these effects to be observed in isolation from
each other.
Little detail is known about the mechanisms of action of EDCs; however
some of the adipogenic effects described have been tied to activation of
pleiotropic nuclear receptors (NRs) such as PPAR-γ, a regulator of adipogenesis
and lipid metabolism (Table 0-1) (Grun and Blumberg 2006; Heindel et al. 2015).
PPAR-γ for example, is expressed at high levels in AT compared to other tissues
(Braissant et al. 1996), making the AT an important target site to study the
potential causal role of EDCs. NRs are intracellular transcription factors that can
become activated by binding a ligand (normally, an endogenous hormone) and
then induce the transcription of several genes to bring about a change in cellular
state. Critical functions of the AT rely on coordinated interaction of transcription
factors, thus atypical activation of NRs via EDCs could lead to changes in
metabolic set-points, and ultimately systemic changes that underlie metabolic
disorders.

Many EDCs are lipophilic, and accumulate in fat pads (Mullerova

and Kopecky 2007). Through hydrophobic interactions with lipid droplets (LDs)
of adipocytes, EDCs could persist at locally high concentrations within the AT
(Neel et al. 2013). This could greatly increase the risk of chronic exposure in
obese subjects. The lipophilic nature of EDCs also makes them likely targets for
non-specific binding to NRs, as they are likely to diffuse across the plasma
5

membrane into the cytosol and/or nucleus where they can directly act on NRs. To
date, a majority of studies aimed at monitoring EDCs in humans have focused on
blood or urine samples (Carwile and Michels 2011; Genuis et al. 2012). In
contrast, only a handful of studies have analyzed EDC levels in the AT. The
results have varied substantially from study to study, due to many differences in
analytical methods and equipment (Covaci et al. 2002; Geens et al. 2012;
Teeguarden et al. 2011; Yang et al. 2012; Zhang et al. 2003). In vivo studies are
further complicated by the transformation and metabolism of EDCs, which
remain poorly understood (Vandenberg et al. 2013). In vitro studies, despite their
limited physiological relevance, offer the opportunity to characterize the
responses of a specific cell type to a chemically defined EDC in isolation from
confounding systemic influences.
Very recent evidence has suggested that EDCs may also contribute to
obesity and diabetes through interactions with the gastrointestinal flora,
collectively referred to as the microbiota (Snedeker and Hay 2012). EDC
exposure could alter gut microbiota composition, which in turn could affect
obesity and diabetes (Tilg and Adolph 2015). Also, bacterial metabolism of EDCs
in the gut could alter bioavailability of EDCs and potentially bioactive breakdown
products, to other tissues such as the AT (Claus et al. 2016). In vitro models of the
microbiota would therefore be highly valuable for studying the direct effects of
EDCs on the microbiota that may contribute to obesity and related disorders.

6

Thesis outline
The overall objective of this thesis is to investigate cellular responses to endocrine
disrupting chemical exposure using a systems biology approach combining
metabolomic and proteomic analysis and network modeling tools. We combined
data-driven, bottom-up approaches with top-down model-based approaches to
analyze the cellular systems. Bottom-up approaches allow us to investigate the
broad effects of EDCs when we know little about their target pathways or
mechanisms of action. Top-down approaches then allow us to place our
observations in the context of known biochemical pathways, offering the
advantage of finer resolution and mechanistic detail.
We focused on up to 3 candidate EDCs, screening for metabolic
(especially lipid-related) dysregulation and inflammation, to uncover potential
modes of action of a given EDC stimulus.
We studied the effects of EDC exposure on a model of cultured adipocytes
to gain insight into the possible causal role of EDCs in metabolic dysregulation of
adult AT. We complemented the studies in adipocytes with a study in an isolated
culture of cecum microbiota to study both the role of the microbiota in
modulating the bioavailability of EDCs, as well as the direct effects of EDCexposure on microbiota metabolism and signaling which could potentially lead to
population imbalance (dysbiosys) or directly alter host health.
The thesis is organized into the following chapters:
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Chapter 1
We first performed a comprehensive review of the literature on the regulation of
adipose tissue metabolism in order to better understand the complex coordination
of growth, signaling, and inflammation in AT from a systems perspective. This
work helped us identify regulatory pathways in adipocytes that may be potential
targets of EDC exposure, as well as pathways that connect gut microbe dysbiosys
to adipose tissue metabolism.
Chapter 2
In chapter 1 we identified metabolomics and proteomics as powerful highthroughput technologies for characterization of the response of biological systems
to environmental perturbations or therapeutic intervention. In this chapter we
describe the development of metabolomics and proteomics methodologies to help
us characterize the response of our cellular model systems in response to EDC
exposure.
Chapter 3
We then screened the effects of three representative EDCs, BPA, TBT, and
MEHP, on metabolic and inflammatory outcomes in 3T3-L1 adipocytes. We used
targeted metabolomics and gene expression analysis of inflammatory markers to
identify MEHP as a potent disrupter of AT metabolic and inflammatory signaling.
Specifically MEHP increased levels of intracellular free fatty acids (FFA) and
expression of inflammatory cytokines. We repeated the exposure experiments
8

with several doses of MEHP and used untargeted proteomics to identify PPAR-γ
as a potential upstream regulator of the metabolic and inflammatory effects. By
selectively inhibiting the activity of this regulatory molecule in the presence of
MEHP, we confirmed its involvement in the observed effects.
Chapter 4
Based on the results of Chapter 3, we sought a more mechanistic understanding of
how MEHP modulates metabolic and signaling networks to induce AT
inflammation. We performed isotopic labeling experiments in conjunction with
metabolic flux analysis to identify which biochemical pathways are altered in
response to MEHP treatment to cause FFA accumulate within the cells. We also
monitored changes in protein abundance of metabolic enzymes involved in the
biochemical pathways investigated to further corroborate the connection between
metabolic flux and the upstream metabolic regulatory networks.
Chapter 5
Last, we investigated the fate and effects of 2 representative EDCS, BPA and
DEHP, on the gut microbiota. We performed exposure experiments in cecum
microbiota cultures and used untargeted metabolomics to characterize the major
metabolic changes elicited by the chemicals. We also performed targeted
metabolomics assays to gain insight into how the microbes may alter the
bioavailability of the EDCs in the gut. These results are part of an ongoing study
wherein we aim to correlate the metabolic changes observed to shifts in the
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microbiota population, to investigate whether EDCs can cause dysbiosis and how
it may in turn affect host health.
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CHAPTER 1: Systems Biology of Adipose Tissue1
1.1 Abstract
Adipose tissue (AT) depots actively regulate whole body energy homeostasis by
orchestrating complex communications with other physiological systems as well
as within the tissue. Adipocytes readily respond to hormonal and nutritional
inputs to store excess nutrients as intracellular lipids or mobilize the stored fat for
utilization. Co-ordinated regulation of metabolic pathways balancing uptake,
esterification, and hydrolysis of lipids is accomplished through positive and
negative feedback interactions of regulatory hubs comprising several pleiotropic
protein kinases and nuclear receptors. Metabolic regulation in adipocytes
encompasses biogenesis and remodeling of uniquely large lipid droplets (LDs).
The regulatory hubs also function as energy and nutrient sensors, and integrate
metabolic

regulation

with

intercellular

signaling.

Over-nutrition

causes

hypertrophic expansion of adipocytes, which, through incompletely understood
mechanisms, initiates a cascade of metabolic and signaling events leading to
tissue remodeling and immune cell recruitment. Macrophage activation and
polarization toward a pro-inflammatory phenotype drives a self-reinforcing cycle
of pro-inflammatory signals in the AT, establishing an inflammatory state.
Sustained inflammation accelerates lipolysis and elevates free fatty acids in
circulation, which robustly correlates with development of obesity-related
diseases. The adipose regulatory network coupling metabolism, growth, and
1

Manteiga S, Choi K, Jayaraman A, Lee K. Systems biology of adipose tissue metabolism:
regulation of growth, signaling, and inflammation. Wiley Interdiscip Rev Syst Biol Med. 2013 JulAug; 5(4):425-47.
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signaling of multiple cell types is exceedingly complex. While components of the
regulatory network have been individually studied in exquisite detail, systems
approaches have rarely been utilized to comprehensively assess the relative
engagements of the components. Thus, need and opportunity exist to develop
quantitative models of metabolic and signaling networks to achieve a more
complete understanding of AT biology in both health and disease.
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1.2 Introduction
Over the past 30 years, obesity has become one of the most prevalent medical
conditions in the United States (Flegal et al. 2012). As a chronic condition,
obesity increases the risks of various diseases, particularly type 2 diabetes
mellitus (T2DM), cardiovascular diseases, and certain types of cancer (Willett et
al. 1999). Obesity is defined by excessive accumulation of body fat, and both
epidemiological as well as mechanistic data support the pivotal role of body fat
mass in the development of obesity-related health risks. In humans and other large
adult mammals, the principal stores of body fat are white AT depots. Historically,
AT has been viewed to play a passive role in whole body homeostasis, with a core
metabolic function defined by the storage of excess nutrients as lipids and the
mobilization of these stores in response during fasting. Discoveries of AT-derived
hormones with systemic effects, notably leptin (Zhang et al. 1994) have
fundamentally redefined the physiological role of the tissue as an active site of
metabolic control for the whole body (Galic et al. 2010). In addition to endocrine
factors, the AT also produces cytokines and growth factors that act in an autocrine
or paracrine manner to regulate the tissue's metabolism and growth. While lipidstoring adipocytes comprise the bulk of the cellular mass, other cell types such as
vascular endothelial cells (ECs), immune cells, and stromal cells play essential
roles in metabolic and signaling functions of the AT. Indeed, there is increasing
evidence that body fat mass accumulation in obesity depends on developmental
processes involving all of the major cell types in the AT (Borges et al. 2006; Cao
2007; Dallabrida et al. 2003). Additional aspects of complexity are the depot13

specific variations in metabolic and growth characteristics. An increasingly
accepted view is that AT depots are mini-organs with distinct physiological roles
reflective of the depots' anatomical locations.
In light of the emerging complexity of the AT, a systems approach is
warranted to understand the regulation of metabolic pathways, which remain
central to the tissue's physiological role during health and disease. The purpose of
this article is to review key regulatory connections between AT metabolism and
other major sub- and inter-cellular processes within the AT that directly
contribute to growth and signaling functions. In particular, we focus on the
regulatory interactions of metabolic and signaling pathways with AT
inflammation, which underlies insulin resistance, T2DM, and other obesityrelated diseases. The review's major sections correspond to sub-cellular or cellular
processes, discussed in order of increasing complexity in terms of spatial scale
and number of components involved. We begin with adipose cellular metabolism,
followed by intra-cellular droplet remodeling, signaling with other cell types, and
finally tissue inflammation.

1.3 Regulation of Metabolic Pathways
1.3.1 Fatty acid transport
In humans, fatty acids (FAs) derived from diet and synthesized in the liver
constitute the bulk of the substrates utilized by adipocytes for lipid storage (Patel
14

et al. 1975). Owing to their hydrophobic nature, lipids such as triglycerides (TGs),
cholesterol, and cholesterol esters traffic to the AT incorporated into watersoluble lipoproteins, which are first hydrolyzed by extracellular lipoprotein
lipases (LPLs) to release glycerol and free fatty acids (FFAs) for cellular uptake.
Adipocytes also express very-low-density lipoprotein (VLDL) receptors that
allow complete uptake of TG-rich VLDL particles. In addition to passive
diffusion via flip-flop. (Kamp and Hamilton 2006) FFAs can enter the cell
through facilitated diffusion mediated by membrane-bound proteins.
Two of the best-characterized protein mediators of FA uptake are cluster
of differentiation 36 (CD36) and fatty acid transport protein (FATP). The former
physically translocates a long-chain FA (LCFA) into the cell by ligand binding
and internalization, whereas the latter encodes acyl-CoA synthetase (ACS)
activity and couples diffusion of LCFA to the inner leaflet of the membrane with
enzymatic activation. Of the four known isoforms, white AT predominantly
expresses FATP1 and FATP4. Knockdown experiments in cultured murine (3T3L1) adipocytes found that FATP1 mediated both basal and insulin-stimulated
LCFA uptake, whereas FATP4 limits FA efflux after intracellular TG hydrolysis
(Lobo et al. 2007). Both FATP1 and FATP2 are targets of peroxisome
proliferator-activated receptor γ (PPAR-γ) (Martin et al. 1997), a lipid-sensing
nuclear receptor (NR)/transcriptional activator that plays a central role in the
metabolism and growth of already developed adipocytes as well as in the
differentiation of adipocyte precursor cells (Table 1-1). Integration of FA uptake
with adipocyte growth and metabolism also involves the cellular energy/nutrient
15

sensors adenosine monophosphate-activated protein kinase (AMPK) (Wiczer et
al. 2009) and mechanistic (or mammalian) target of rapamycin (mTOR) through
crosstalk with PPAR-γ (Fig 1-1). In rats, activation of PPAR-γ with a synthetic
ligand (rosiglitazone) stimulated mTOR activity and LPL expression in
subcutaneous AT, which correlated with lipid (TG) uptake (Blanchard et al.
2012). In the same study, treatment with mTOR inhibitor rapamycin suppressed
these effects.

Figure 1-1. Regulatory hubs in adipocyte metabolism. The signaling pathways
anchored by adenosine monophosphate-activated protein kinase (AMPK) and
mTORC1 and nuclear receptor PPAR-γ afford multiple layers of control over
fatty acid flux through regulation of different enzymes in overlapping pathways.
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Table 1-1. Metabolic Regulators and Target Pathways
Regulatory
Molecule

Upstream
Effector

Target Enzyme or
Transport Protein

Metabolic Pathway
or Function

PPARγ(Martin et
al. 1997)

Study used RGZ

FATP1, FATP2 gene
expression

Fatty acid transport,
Lipogenesis

FATP1(Wicz
er et al. 2009)

Fatty acids

AMPK/ACC activity
(via increased AMP)

Fatty acid transport

mTOR(Blanc
hard et al.
2012)

Study used RGZ

LPL expression

Fatty acid transport

AMPK(Lapla
nte and
Sabatini
2012)

unknown

mTORC1 expression
(inhibition)

Lipogenesis

AMPK(Attan
e et al. 2011)

Apelin

ACC

Lipogenesis

PDK4(Wan
et al. 2010)

Epinephrine

PDC (inhibition)

Increases substrate
flux for
glycerogenesis

NFκB(Zhang et
al. 2011)

TNFα

PEPCK expression
(inhibition)

Inhibition of
glyceroneogenesis

FOXO1(Cha
krabarti et al.
2011)

SIRT1 (acetylation)

ATGL expression

Lipolysis

PPARδ(Robe
rts et al.
2011)

Study used synthetic
agonist GW610742

Unknown

Glucose oxidation, βoxidation

PPARγ(Roberts et
al. 2011)

Study used
troglitazone (TGZ)

Unknown

Fatty acid transport,
Lipogenesis

LXR(Stenson
et al. 2009)

Study used synthetic
agonist GW3965

PDK expression

Inhibits glucose
oxidation

RGZ, rosiglitazone
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1.3.2 Lipogenesis
Lipogenesis encompasses de novo FA synthesis as well as esterification of FAs
and glycerol 3-phosphate into TG. De novo synthesis from glucose or amino acids
(predominantly glutamine) contributes a minor fraction of FAs incorporated into
cellular TG. However, recent studies point to important physiological functions
such as endogenous production of lipid signaling molecules (e.g., PPAR-γ
ligands(Collins et al. 2011)). Esterification of acyl-CoAs into TG proceeds via
glycerol-3-phosphate

acyltransferase

(GPAT),

1-acylglycerol-3-phosphate

acyltransferase (AGPAT), phosphatidate phosphatase (PAP or lipin-1), and
diacylglycerol acyltransferase (DGAT). The first and rate-limiting step, catalyzed
by GPAT, condenses an acyl-CoA with glycerol 3-phosphate to form 1acylglycerol 3-phosphate. Adipocytes express several isoforms of GPAT, each of
which can initiate TG synthesis. In murine AT as well as cultured 3T3-L1
adipocytes, GPAT3 is the dominant isoform, with GPAT4 also highly expressed
(Shan et al. 2010). Both isoforms are microsomal enzymes and regulated by
insulin-stimulated phosphorylation(Shan et al. 2010) and PPAR-γ(Shan et al.
2010) (Fig 1-1). Knockdown of GPAT3 not only inhibited TG synthesis, but also
preadipocyte differentiation into adipocytes(Shan et al. 2010), suggesting that
lipogenic pathway intermediates act as endogenous ligands for adipogenic
transcription factors such as PPAR-γ.
Reesterification of FFAs generated by lipolysis is facilitated by long chain
acyl-CoA synthetase 1 (ACSL1), the major ACS in adipocytes(Lobo et al. 2009),
18

As an ATP-dependent enzyme, ACSL1 can generate sufficient AMP to affect the
cellular AMP/ATP ratio and activate AMPK to inhibit lipogenesis and lipolysis
(Fig 1-2). In 3T3-L1 adipocytes, ACSL1 knockdown not only increased the
expression of lipogenic enzymes, but also adipogenic transcription factors and
pro-inflammatory cytokines(Lobo et al. 2009), supporting a role for intracellular
FFAs as regulators of signaling kinases in adipocytes(Mukherjee and Yun 2012).

Figure 1-2. Negative and positive feedback mechanisms regulating
lipogenesis and lipolysis. (a) Reesterification of fatty acids (FAs) increases the
cellular AMP/ATP ratio, and activates the adenosine monophosphate-activated
protein kinase (AMPK) signaling pathway. Activated AMPK inhibits mTORC1,
attenuating reesterification. Additionally, AMPK phosphorylation inactivates
Acetyl-CoA carboxylase (ACC) to suppress FA synthesis. (b) Activation of
PPAR-γ induces the expression of lipolytic enzymes, generating FFAs from TG
hydrolysis. The free fatty acids (FFAs) as well as other intermediates of the
lipolysis pathway can be converted into PPAR-γ ligands, which could further
increase lipolysis through positive feedback. Uncontrolled FFA efflux is
prevented by a parallel upregulation of lipogenesis. Further, modulation of
19

lipolysis is possible through additional regulators such as FOXO1, which
stimulates lipolysis, but also inhibits transcriptional activation by PPAR-γ.

Lipogenesis in adipocytes is subject to regulation by the mTOR pathway,
which integrates TG synthesis with other major energy-dependent processes, such
as protein synthesis and cell growth. Activation of mTOR complex 1 (mTORC1)
in 3T3-L1 adipocytes enhanced lipogenesis and TG storage, whereas inhibition of
mTORC1 stimulated TG hydrolysis (Chakrabarti et al. 2010). A potential site of
mTOR regulation is lipin-1, although the mechanism could be unrelated to the
enzyme's catalytic function (Peterson et al. 2011). In addition to its participation
in TG synthesis, lipin-1 also functions as a PPAR-γ co-activator, and it is possible
that these two functions are related, as the phosphatase activity has been shown to
relieve phosphatidate inhibition of PPAR-γ (P Zhang et al. 2012).
1.3.3 Glucose utilization and glycerogenesis
Glucose is an essential substrate for lipogenesis, as its metabolism generates the
glycerol backbone for acyl-CoA esterification as well as the energy and cofactors
required for TG biosynthesis. The dominant hormonal regulator is insulin, which
acts through protein kinase B (PKB/Akt) to increase the plasma membrane
concentration of GLUT4, the most abundant glucose transporter in adipocytes. In
recent years, several additional regulators have been identified that either
modulate insulin stimulation or activate an alternative pathway for glucose
uptake. Adipose-specific overexpression of the transcription factor forkhead box
F2 (FOXF2) in mice reduced insulin-dependent glucose uptake by suppressing
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insulin receptor substrate 1 (IRS1) expression (Westergren et al. 2010). The
adipokine apelin is a potential autocrine regulator, which has been shown to
stimulate glucose uptake in a dose-dependent manner (significant at 10 nM),
albeit less potently than insulin, via phosphorylation of AMPKa(Attane et al.
2011). Apelin-stimulated activation of AMPK also has been shown to inhibit
basal and hormone-stimulated lipolysis (Than et al. 2012).
Compared to lipid metabolism, relatively few studies have addressed
depot-specific variations in AT glucose uptake, particularly in humans. A recent
whole-body imaging study of lean and obese subjects found higher glucose
uptake in visceral AT relative to subcutaneous AT regardless of body mass index
(Christen et al. 2010). The higher uptake by visceral AT is due to upregulation of
hexokinase-1 (HK1), which traps glucose by phosphorylation and charges it for
utilization in cellular metabolism (Christen et al. 2010). The depot variation at
least partially depends on PPAR-γ. In rats, treatment with a synthetic ligand for
PPAR-γ preferentially increased glucose uptake in subcutaneous AT, which
correlated with increased GLUT4 expression and TG synthesis, suggesting that
the insulin-sensitizing action of the PPAR-γ agonist could reflect a redistribution
of TG stores from visceral to subcutaneous AT (Festuccia et al. 2009). Glucose
uptake also depends on gender, as adipocytes isolated from female mice responds
more sensitively to insulin compared to adipocytes from male mice (Macotela et
al. 2009).
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Once taken up and phosphorylated, glucose can enter several metabolic
pathways. Metabolism through glycolysis generates glycerone phosphate, which
in turn is catalyzed by glycerol-3-phosphate dehydrogenase (GPDH) into glycerol
3-phosphate (G3P). The step catalyzed by GPDH is a limiting reaction in TG
synthesis. Human adipocytes lack glycerol kinase activity, and thus cannot reuse
the glycerol released during TG hydrolysis for FA esterification or
reesterification. A recent study monitoring arteriovenous differences in abdominal
subcutaneous AT of human subjects after an overnight fast estimated that
approximately 25% of glucose uptake is used for G3P synthesis (Frayn and
Humphreys 2012).
Glycerogenesis is an alternative pathway for G3P production, and affords
additional control of FFA efflux during lipolysis by supplying sufficient G3P for
reesterification, particularly when glucose availability is limited. Computational
simulations using a kinetic model of adipocyte metabolism calculated that the
contribution of glycerogenesis to G3P production increases relative to glycolysis
during β-adrenergic stimulation of TG hydrolysis (Kim et al. 2008). A ratelimiting

step

is

the

phosphoenolpyruvate,

conversion

catalyzed

of

by

cytosolic

oxaloacetate

phosphoenolpyruvate

into

carboxykinase

(PEPCK), which is transcriptionally regulated by PPAR-γ (Festuccia et al. 2009;
Millward et al. 2010) (Fig 1-1). Another site of regulation is pyruvate
dehydrogenase

kinase

4

(PDK4),

which

phosphorylates

the

pyruvate

dehydrogenase complex (PDC), inhibiting pyruvate oxidation into acetyl-CoA,
and thus partitions pyruvate flux toward oxaloacetate and glycerogenesis.
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Inhibition of PDK4 reduced glycerogenesis and FA reesterification in explant
cultures of human and rat ATs as well as murine cell-line-derived adipocytes
(Cadoudal et al. 2008). Glycerogenesis is suppressed by nuclear factor κ-lightchain-enhancer of activated B cells (NF-κB), a major transcriptional activator of
pro-inflammatory cytokines, through a mechanism involving inhibition of PPARγ and/or the transcription factor cAMP response element-binding protein (Zhang
et al. 2011). This and other findings on the protective effects of PEPCK activation
against obesity-related insulin resistance (Bjorntorp 1996) suggest an antiinflammatory role for glycerogenesis.
1.3.4 Lipolysis
Lipolysis, referring to hydrolysis of intracellular TG, responds sensitively and
rapidly to hormonal stimulation. In humans, insulin and catecholamine are the
main inhibitor and stimulant, respectively, with glucocorticoids, growth hormone,
and sex steroid hormones likely playing a permissive role (Bjorntorp 1996;
Ottosson et al. 2000). Catecholamine stimulation activates hormone-sensitive
lipase (HSL) through a G-protein coupled receptor (GPCR)-dependent signaling
cascade mediated by protein kinase A (PKA). Insulin potently inhibits lipolysis,
possibly by activating a phosphodiesterase (PDE3B) (Van Harmelen et al. 1999)
to lower the intracellular level of cAMP, reduce PKA activity, and attenuate
posttranslational activation of HSL. The metabolite products of HSL are putative
ligands or pro-ligands for PPAR-γ (Shen et al. 2011), whose many metabolic
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targets include adipose triglyceride lipase (ATGL), a lipolytic enzyme that acts
upstream of HSL, setting up an intriguing possibility for a positive feedback loop.
In addition to HSL, complete TG hydrolysis requires ATGL and
monoacylglycerol lipase (MGL). Unlike HSL, ATGL activity is not directly
regulated at the posttranslational level via PKA-mediated phosphorylation. In the
unstimulated basal state, ATGL forms a complex with LD-associated proteins
perilipin (Greenberg et al. 1991) (PLIN1) and comparative gene identification 58
(CGI-58), which maintains the enzyme in an inactive state, limiting TG
hydrolysis (Yamaguchi et al. 2004). Upon β-adrenergic stimulation and PLIN1
phosphorylation, CGI-58 is released from the complex to activate ATGL and
initiate TG hydrolysis. Phosphorylation of PLIN1 also leads to conformational
changes that promote LD fragmentation and increase the surface area of the LD
exposed to lipase activity. Transcriptional regulation of ATGL-dependent
lipolysis could involve the protein deacetylase sirtuin 1 (SIRT1)(Chakrabarti et al.
2011). Knockdown experiments in cultured 3T3-L1 adipocytes showed that
reducing SIRT1 activity decreased ATGL expression and suppressed both basal
and stimulated lipolysis. The same study linked SIRT1 regulation of ATGL
expression to acetylation of forkhead box protein O1 (FOXO1), which directly
binds to the ATGL promoter (Fig 1-2).
Accelerated AT lipolysis is a quantitatively significant contributing factor
for systemic elevation of FFAs in obesity (Fabbrini et al. 2009). Experiments
using large and small adipocytes isolated from human subcutaneous AT found
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that both basal and stimulated lipolysis, expressed on a cell number basis,
positively correlated with cell size (Laurencikiene et al. 2011). The same study
also observed higher expression of lipolytic enzymes HSL and ATGL in larger
adipocytes. Sustained over time, increased lipolysis could overwhelm the
reesterification capacity of AT depots and lead to excessive FFA efflux (Mitrou et
al. 2010).
1.3.5 Oxidative metabolism
Compared with lipogenesis and lipolysis, β-oxidation is relatively inactive in
adipocytes. However, recent metabolomics studies on PPAR isoforms suggest
that mitochondrial FA oxidation plays a physiologically significant role in
balancing lipid storage (Roberts et al. 2011). Several lines of evidence, including
the finding that PPARδ acts as a switch promoting co-ordinated upregulation of
mitochondrial metabolism, indicate that white adipocytes actively control FA
oxidation. Long chain acyl-CoA synthetase 1, which was thought to catalyze the
initial activation of FA for esterification, surprisingly partitions FA towards βoxidation (Ellis et al. 2010). Adipose-specific knockout of ACSL1 in mice did not
impair FA incorporation into TG, but dramatically reduced FA oxidation (50%–
90%). Another enzyme controlling β-oxidation is ACC, which carboxylates
acetyl-CoA to form malonyl-CoA, an allosteric inhibitor of cartinine palmitoyl
transferase 1 (CPT1). The transfer of activated FAs from the cytosol into the
mitochondrial matrix by CPT1 is a rate-limiting step for mitochondrial FA
oxidation. Treatment of Chub-S7 preadipocytes with glucocorticoids stimulated
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lipid accumulation and suppressed β-oxidation by increasing the expression of
ACC1 and ACC2 (Gathercole et al. 2011). A similar upregulation of ACC2 by
glucocorticoid stimulation has been reported in a microarray study on adult
human AT (Lee et al. 2011). In addition to enzymatic control, suppression of βoxidation could be due to an inherently high background of reactive oxygen
species (ROS). In primary rat adipocytes, stimulation of respiration above the
basal level required exogenous addition of ROS scavenging molecules (Wang et
al. 2010).
Coordination with glucose utilization affords another layer of control over
β-oxidation. Liver X receptors (LXRs) are lipid sensing transcriptional activators
(Calkin and Tontonoz 2012) that act as switches to toggle between carbohydrate
and lipid oxidation. Activation of LXRs in human and murine white adipocytes
enhanced β-oxidation, while suppressing glucose oxidation through PDK4dependent inhibition of PDC (Stenson et al. 2009). Similarly, activation of
PPARα in human white adipocytes using synthetic agonists upregulated βoxidation, while downregulating glycolysis, glucose oxidation, TG esterification,
and de novo FA synthesis (Ribet et al. 2010).
As is the case for β-oxidation, mitochondrial oxidation does not account
for the bulk of glucose utilization in adipocytes. Nevertheless, glucose oxidation
in the mitochondria is a major source of energy, and fuels the TCA cycle to
produce essential precursors for biosynthesis as well as metabolites that act as key
allosteric regulators. Mitochondrial metabolism of AT also plays a critical role in
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whole-body glucose homeostasis. Mutant mice with adipose-specific deficiency
of PPAR-γ coactivator-1α (PGC-1α) developed insulin resistance when
challenged with a high-fat diet, which correlated with significantly decreased
(20%–50%) expression of mitochondrial enzymes in β-oxidation and the TCA
cycle (Kleiner et al. 2012). A similar correlation between reduced PGC-1α
activity, mitochondrial respiration, and insulin resistance was found in obese
human subjects using microarray analysis and gene expression profiling (Soronen
et al. 2012).

1.4 Hypertrophy
Expansion of AT cellular mass can result from an increase in adipocyte size
(hypertrophy), adipocyte number (hyperplasia), or a combination of both. In
postadolescent humans, hypertrophy is the major contributor, as the number of
adipocytes and rate of turnover remain constant during adulthood (Spalding et al.
2008). On the other hand, new adipocyte formation is essential for AT lipid
turnover, which is significantly altered in obesity (Arner et al. 2011). A recent
computational study modeling the distribution of cell sizes during AT growth
found that the rate of new adipocyte formation correlated exponentially with AT
mass increase (Faust et al. 1978). A long-standing hypothesis for AT hyperplasia
during obesity is that hypertrophic adipocytes secrete metabolite and peptide
factors to recruit the proliferation and differentiation of locally resident precursor
cells (Hausman et al. 2001). A number of excellent reviews have discussed the
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transcriptional regulation of the precursor cell differentiation program (Rosen and
Spiegelman 2000). Here, we focus on the mechanisms and metabolic
consequences of hypertrophy (Table 1-2).
Table 1-2. Metabolic Regulation of Adipocyte Hypertrophy
Regulatory
Molecule

Hormonal or
Nutrient
Input

Target
Enzyme or
Transport
Protein

Metabolic
Effect

Model

PKA

Catecholamine

HSL, PLIN1

TG lipolysis

Rat
adipocytes(Egan
et al. 1992)

PPAR-γ

AIM

FSP27

Exposes
droplet to
lipases

Mice and cultured
adipocytes(Iwamu
ra et al. 2012)

ERK2

Insulin

Dynein

Micro-droplet
biogenesis

NIH3T3(Andersson et
al. 2006)

PLD1

Insulin

Phosphatidic
acid

Micro-droplet
biogenesis

NIH3T3(Andersson et
al. 2006)

COX2

EPA and
mechanical
stretching

PPAR-γ,
C/EBP
expression

ECM
remodeling

3T3-L1
preadipocytes(Ta
nabe et al. 2008)

JNK-1

Palmitate

unknown

ER stress

3T3-L1 and
primary rat
adipocytes(Guo et
al. 2007)

1.4.1 Lipid droplet biogenesis, growth, and remodeling
In vivo, mature adipocytes are unilocular cells whose cytosolic volume is
dominated by a single large (up to 200 µm in diameter) LD. The prevailing view
is that LDs emerge from the endoplasmic reticulum (ER) membrane based on the
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observations that the phospholipid monolayer surrounding the LDs contains
recognized ER proteins and that very small (<0.5 µm in diameter), possibly
primordial LDs are found in close contact with structures resembling ER cisternae
(Brasaemle et al. 2004; Wan et al. 2007). It should be noted that some skepticism
remains as discrepancies have been noted in the phospholipid compositions of the
LD monolayer and ER membrane (Ducharme and Bickel 2008). Here, we accept
the prevailing model as the bulk of the literature supports the role of ER enzymes
in metabolic regulation of LD formation (Beller et al. 2010; Murphy and Vance
1999) In the ER biogenesis model, TG molecules ‗oil out' between the leaflets of
the bilayer membrane, initiating the formation of tiny primordial LDs. The final
esterification step in TG synthesis requires DGAT, which has been found on
membranes of ER-derived microsomes. The assembly also requires synthesis of
phosphatidic acid from phosphatidylcholine by phospholipase D1 (PLD1) to
surround the TG core (Andersson et al. 2006) and translocation of TG molecules
to the nascent LD by fat storage-inducing transmembrane protein (FIT2) (Gross et
al. 2011).
Once formed, the primordial LDs can fuse to form larger cytosolic LDs
independent of TG synthesis, although the quantitative importance of fusion is
subject to debate. Various fusion models have been proposed, including a
secondary phase formation (coalescence) process described by the Cahn-Hilliard
equation (Vermolen et al. 2011). While is likely that thermodynamic driving
forces play a role, molecular data indicate that the fusion process is actively
regulated by interactions with cytoplasmic microtubules and vesicle transport29

associated proteins, notably α-soluble N-ethylmaleimide-sensitive factor adaptor
protein receptors (SNAREs) (Bostrom et al. 2007). An alternative or
complementary model to LD fusion is the incorporation of locally synthesized TG
molecules, which is supported by the presence of TG synthesis enzymes on the
LD surface (Kuerschner et al. 2008).
Cytosolic LDs dynamically remodel (fragment, shrink, expand, and/or
fuse) as metabolism cycles between fed and fasting states. Time-lapse microscopy
experiments in cultured 3T3-L1 adipocytes showed that stimulation of lipolysis
rapidly formed smaller micro-LDs (mLDs), but only when FA-scavenging bovine
serum albumin was absent from the culture medium (Paar et al. 2012). The same
study found that inhibiting ACC activity blocked mLD formation, further
corroborating de novo synthesis as a mechanism for mLD formation. A separate
imaging study in primary murine adipocytes also did not find LD fragmentation
following lipolysis (Ariotti et al. 2012). Insulin stimulation removes the mLDs,
although it is not clear whether this results from mLD growth, fusion, or
absorption into the remaining large LDs (Ariotti et al. 2012). Droplet-associated
proteins play important regulatory roles in the remodeling process, several of
which have already been discussed as regulators of hormone-stimulated lipolysis.
Fat-specific protein 27 (FSP27), which promotes the formation of unilocular LDs
(Nishino et al. 2008), could mediate hormone-independent lipolysis through its
role in LD remodeling, particularly in the context of inflammation. Treatment of
3T3-L1 adipocytes with apoptosis inhibitor of macrophage (AIM), a proinflammatory macrophage cytokine, decreased PPAR-γ and FSP27 expression
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and increased lipolysis without enhancing HSL phosphorylation (Iwamura et al.
2012). Recent in vitro experiments suggest that LD protein-mediated remodeling
also depends on nutritional factors such as dietary fat composition. Treatment of
3T3-L1 adipocytes with a polyunsaturated FA suppressed expression of PPAR-γ
and LD stabilizing proteins, and led to formation of significantly smaller LDs
compared to saturated and monounsaturated FAs (Manickam et al. 2010). Similar
to the AIM effect, the change in LD size was unrelated to PKA-dependent
lipolysis.
1.4.2 Remodeling of the extracellular matrix
Expansion of cellular mass by hypertrophy also requires significant remodeling of
the extracellular matrix (ECM) by matrix metalloproteases (MMPs). The ECM,
which features a dense network of type I collagen fibers, provides AT with
structural integrity and elasticity necessary to maintain form and function
(Napolitano 1963; Prockop and Kivirikko 1995). Wild-type mice fed a high-fat
diet exhibited rapid cleavage and turnover of type I collagen fibers in fat pads
along with robust weight gain. In contrast, mutant mice heterozygous for MMP14,
a pericellular type I collagenase, were unable to remodel fat pad collagen
networks and showed blunted weight gain (Chun et al. 2010). Overfeeding studies
involving healthy human subjects showed dramatic increases in ECM-related
gene expression as well as connective tissue deposition in subcutaneous AT
during weight gain (Alligier et al. 2012).

31

The ECM changes were unrelated to any significant changes in the tissue's
inflammatory state, suggesting that remodeling precedes inflammation during the
early stages of weight gain.
Alterations in the ECM could influence AT lipid metabolism not only
through receptor-mediated signal transduction, but also through mechanical cues.
Over the last several years, a number of studies have identified mechanical stimuli
that affect adipogenesis (Shoham and Gefen 2012) with varying effects that
depend on the type of stress. For example, sustained static stretching enhances the
differentiation of 3T3-L1 adipocytes grown on an elastic surface, and leads to the
formation of larger LDs compared to nonstretched control cells (Shoham et al.
2012). In contrast, compression and dynamic stretching inhibit Adipogenesis
(Tanabe et al. 2008; Tirkkonen et al. 2011).
1.4.3 Endoplasmic reticulum stress
ER stress is increasingly viewed as a potential link between obesity, insulin
resistance, and AT inflammation (Ozcan et al. 2004). Proteomic analysis of lower
body subcutaneous AT from obese patients found significantly higher levels of
ER stress-related unfolded protein response (UPR) proteins compared to lean
subjects (Boden et al. 2008). ER stress has been shown to induce lipolysis in
white AT by activating the PKA pathway (Deng et al. 2012). The lipolytic
response did not depend on changes in HSL or ATGL expression, suggesting that
the ER stress response may escape transcriptional regulation, and thereby
contribute to excessive FFA efflux. Nutritional factors that could induce ER stress
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include saturated FAs (Guo et al. 2007), pointing to a possible positive feedback
relationship between ER stress response in AT and its metabolic consequence.
1.5 Cell-Cell Signaling
1.5.1 Vascularization
The AT contains a dense vascular network, with capillaries directly contacting
each adipocyte. Vascularization can occur via de novo formation of blood vessels
derived from differentiation of endothelial precursor cells (vasculogenesis) or
extension of preexisting vasculature (angiogenesis). Cell tracing experiments in a
murine DIO model showed negligible incorporation of bone marrow-derived
endothelial progenitor cells into newly formed vessels (<1%), indicating that
angiogenesis is the dominant form of AT neovascularization in obesity (Tam et al.
2009). As is the case with metabolism, the capacity for angiogenesis varies
between depots. In obese subjects, visceral AT contains smaller adipocytes and a
greater number of endothelial cells, reflecting a higher vascular density (Villaret
et al. 2010).
The correlation between weight gain and increased AT vascularization
could be explained by increased production of angiogenic factors from
hypertrophic adipocytes, although mechanisms directly linking hypertrophy to
angiogenic adipokines remain to be established. A number of adipokines have
been shown to affect angiogenesis, including vascular endothelial cell growth
factor (VEGF), angiopoietin-1 and -2 (Ang1 and Ang2), leptin, and
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metalloproteinase (Bouloumie et al. 1998; Cao et al. 2001; Cao 2007; Dallabrida
et al. 2003; Fukumura et al. 2003; Voros et al. 2005) (Table 1-3).
Table 1-3. Intercellular Signaling in Adipose Tissue Remodeling and
Inflammation
Regulatory
Molecule
HIF-1α

11βHSD1
PDK1
JNK/IKBKB

NF-κB

FOXC2

PPAR-γ

mTORC1

Lipin-1

Nox 4

Target Cell
Type/Effect

Metabolic Pathway
in Adipocytes

Model

EC via VEGF production
in adipocytes (He et al.
2011)
EC and ECM remodeling
(Michailidou et al. 2012)
EC via PI3K-Akt
(Tawaramoto et al. 2012)
MCP1 recruitment of
monocyte and/or
macrophage (Takahashi et
al. 2008)
Regulation of HIF-1a
expression by direct
promoter binding (van
Uden et al. 2008)
Angiogenesis by direct
activation of Ang-2(Xue et
al. 2008)

Glucose transport,
glycolysis(Semenza
2003)
Glucocorticoid
production
Glycolysis, TCA cycle

3T3-L1
Adipocytes

Insulin resistance

3T3-L1
Adipocytes

Inhibition of
glyeroneogenesis
(Zhang et al. 2011)

Mouse
embryonic
fibroblasts

Mitochondrial
biogenesis and
oxidation (Lidell et al.
2011)
Regulates FA uptake
and Lipogenesis (Lenz
et al. 2011)
FA uptake, lipogenesis

Mice

Co-activates PPAR-γ,
(Laplante and Sabatini
2012) control SREBP
pathway (Peterson et al.
2011)
Generates ROS

3T3-L1

Stimulates transcription of
a subset of hypoxia target
genes (Pino et al. 2012)
Controls lipin-1
translocation to nucleus
(Takahashi et al. 2008)
Decreases MCP-1
production (Takahashi et
al. 2008)

Priming macrophages for
chemotaxis

Mice
Mice

3T3-L1
adipocytes
3T3-L1
adipocytes

Obese mice
(Ullevig et al.
2012)
IKBKB, inhibitor of nuclear factor κ-B kinase subunit β; 11βHSD1, corticosteroid 11-βdehydrogenase isozyme 1.
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Figure 1-3. Multi-functional regulators of adipocyte metabolism and AT
signaling. Transcriptional activators and protein kinases that regulate major
metabolic pathways in adipocytes also mediate the production of cell–cell
signaling factors. The regulatory molecules are shown in the third column (from
the left), with signaling and metabolic function modules shown to the left and
right, respectively. Lines with the same color refer to a common regulatory
molecule. The lines between Angiogenesis and VEGF-A, Immune cell
recruitment and MCP-1, Immune cell recruitment and Macrophage priming, and
Hypoxia-induced production of HIF-a targets and NF-kB should appear darker.
The lines connecting the first and second columns should all be black, and the line
connecting Hypoxia-induced production of HIF-a targets to NF-kB should be
purple, just as the other lines extending from NF-kB. Also, there should be a
yellow line from FOXC2 to Mitochondrial oxidation. Black lines indicate
functional activation.

The dominant factor is VEGF subtype A, which shows a clear pro-angiogenic
effect both in vitro and in vivo (Fukumura et al. 2003) (Fig 1-3). Whether VEGFinduced angiogenesis is beneficial or harmful is context dependent. In mice,
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adipose-specific inhibition of VEGF-A receptor (VEGFR2) activation during the
early phase of DIO led to weight gain and worsened systemic insulin resistance.
In contrast, the same inhibition of VEGFR2 in genetically obese mice reduced
weight gain and improved insulin sensitivity (Sun et al. 2012). An endogenous
mechanism for VEGF-A induction involves the transcription factor hypoxiainducible factor-1α (HIF-1α), which could be a key mediator of adipocyte
hypertrophy and is discussed in more detail in the following section.
1.5.2 Hypoxia
Vascular transport is especially critical for adequate supply of oxygen to support
the metabolic activity of adipocytes, and hypoxia may result if hypertrophic
growth outpaces angiogenesis. Hypoxia-inducible factor-1 (HIF-1) is a
heterodimeric transcription factor consisting of two subunits, α and β. Under
physiological oxygen tension, HIF-1α is ubiquitinated and degraded, whereas
hypoxia limits the degradation and promotes HIF-1 accumulation and
translocation to the nucleus. Experiments using a transgenic mouse model showed
that HIF-1α overexpression fails to induce a pro-angiogenic response in the early
stages of obesity (Halberg et al. 2009).
Instead, it leads to AT fibrosis through activation of lysyl oxidase, an
enzyme catalyzing the formation fibrillar collagen. A recent study in mice with
DIO and cultured 3T3-L1 adipocytes confirmed that HIF-1α mRNA and protein
expression levels are both upregulated in obesity, but found that only the HIF-1α
protein also activates VEGF transcription (He et al. 2011). The same study
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reported that induction of HIF-1α expression in cultured adipocytes depended on
mTOR activity, suggesting that the metabolic context could play a permissive or
modulating role (Fig 1-3). A separate study showed that induction of HIF-1α
target genes in cultured 3T3-L1 adipocytes depended on PPAR-γ activity (Pino et
al. 2012). Hypoxia-induced activation of HIF-1α also has direct effects on
adipocyte metabolism, including induction of glycolytic enzymes in vitro
(Semenza 2003) and in vivo (Perez de Heredia et al. 2010). Beyond fibrosis, HIF1α may be linked to inflammation through its own transcriptional control.
Expression of HIF-1α is mediated by NF-κB binding to the promoter, and
blocking NF-κB activation prevents hypoxia-induced HIF-1α expression (van
Uden et al. 2008). Importantly, TNFα-induced NF-κB upregulates HIF-1α even in
normoxic conditions, indicating that inflammation associated with obesity could
further aggravate AT expansion.
1.5.3 Recruitment of immune cells
AT inflammation robustly correlates with obesity, and forms the basis of several
mechanistic models describing insulin resistance. However, the origin of activated
immune cells found in AT remains poorly understood. Here, we discuss recent
findings on AT-derived chemotactic factors as candidate signals for immune cell
recruitment, focusing on studies that link immune cell migration with AT
metabolism. Due to its importance in the development of obesity-related diseases,
inflammatory signaling between adipocytes and immune cells will be discussed in
more detail in the next section. An important immune cell recruitment factor
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associated with AT inflammation is the chemokine CCL2, also known as
monocyte chemoattractant protein-1 (MCP-1) (Fig 1-3). Adipose-specific
overexpression of MCP-1 in mice leads to insulin resistance, higher levels of
FFAs in blood plasma, and greater accumulation of macrophages and elevated
expression of pro-inflammatory cytokines in AT (Kamei et al. 2006). While
MCP-1 levels correlate with the extent of macrophage infiltration in AT, it is not
clear if MCP-1 recruits macrophages as well, as monocytes may mature into
macrophages in the AT tissue prior to phenotypic measurements. Experiments in
MCP-1-null mice fed on a high-fat diet showed that macrophage infiltration into
AT occurs even in the absence of this chemotactic factor (Han et al. 2012),
implying that alternative recruitment pathways may exist for macrophages. In this
article, we will therefore assume that MCP-1 functions as a general immune cell
recruitment factor. Immune cell sensitivity to MCP-1 has also been shown to
increase

under

experimental

conditions

of

hyperglycemia

and

hypercholesterolemia (Ullevig et al. 2012). In cultured 3T3-L1 adipocytes, ROS
generation from addition of glucose and/or palmitate increased MCP-1 expression
through an NADPH oxidase-dependent mechanism (Han et al. 2012; Takahashi et
al. 2008).

1.6 Metabolic Inflammation
1.6.1 Activation of AT macrophages
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Adipose hypertrophy represents a type of metabolic stress, which has the potential
to elicit a pro-inflammatory response leading to the activation of locally resident
macrophages. In healthy humans, AT depots normally host a small population of
resident macrophages, which substantially increases in obese humans. Almost all
macrophages in AT (>90%) localize to dying/dead adipocytes, where they
scavenge the residual free (extracellular) LDs and fuse with other macrophages to
form multinucleate giant cells (Cinti et al. 2005). Indeed, adipocyte death has
been shown to be an early event in AT macrophage (ATM) recruitment and
inflammation that correlates positively with adipocyte size in a murine model of
DIO (Strissel et al. 2007). However, recent studies with granulocyte/monocytecolony stimulating factor-null mice showed that high-fat diet-induced adipocyte
death can occur independent of macrophage infiltration and activation (Feng et al.
2011), which suggests that ATM recruitment and activation results from, rather
than causes, adipocyte hypertrophy and cell death.
Once activated, ATMs can further exacerbate inflammation by producing
cytokines that amplify the milieu of pro-inflammatory cytokines and chemotactic
factors secreted by the adipocytes. In lean subjects, only a small fraction of ATMs
exist in a pro-inflammatory (classically activated M1) state. The bulk of resident
ATMs exist in an anti-inflammatory (alternatively activated M2) state (Nguyen et
al. 2007; Zeyda et al. 2010). The onset of DIO shifts ATM polarization to favor
the M1 state (Lumeng et al. 2007; Nguyen et al. 2007). Pulse-labeling
experiments in a murine model of DIO suggest that this shift reflects accelerated
recruitment of a new population of macrophages favoring the pro-inflammatory
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subtype rather than conversion of existing M2 macrophages to the M1 state
(Lumeng et al. 2008). The correlation between ATM polarization and obesity
suggests that metabolites whose levels in the AT are elevated during excess
nutrient conditions may signal ATM recruitment and polarization. FFAs have
been shown to activate c-Jun N-terminal kinase (JNK)-dependent proinflammatory pathways in RAW264.7 murine monocytes via Toll-like receptors 2
and 4 (TLR2 and TLR4) (Nguyen et al. 2007). The same study also found that
FFAs stimulate IL-6 production in immune cells isolated from the stromalvascular fraction of epididymal fat pads.
A direct link between FFA metabolism and inflammatory signaling in
macrophages could involve AMPK, which has dual regulatory functions in energy
metabolism and inflammatory signaling in many cell types. Loss/gain-of-function
experiments in RAW264.7 cells found that inactivation of AMPK signaling
promotes FFA-induced inflammatory response, whereas hyperactivation prevents
FFA activation of inflammatory pathways (Yang et al. 2010). As FFAs also
downregulate AMPK activity in macrophages (Yang et al. 2010), and proinflammatory cytokines produced by activated macrophages increase lipolysis
from adipocytes, it is possible that excess nutrient conditions establish a positive
feedback loop for pro-inflammatory signaling by ATMs.
While macrophages almost certainly play a key role, there is increasing
evidence that other immune cell populations within the AT also contribute to
inflammation. Abdominal fat of lean mice houses a population of CD4and
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forkhead-winged-helix transcription factor (FOXP3) positive T regulatory (Treg)
cells, whose numbers are specifically reduced in abdominal fat of insulin-resistant
obese mice (Feuerer et al. 2009). Induction of Treg cells in leptin-deficient obese
mice ameliorated AT inflammation, cytokine abnormalities, and insulin resistance
(Ilan et al. 2010). Interestingly, the insulin-sensitizing effect of Treg cell induction
could involve activation of PPAR-γ, as pharmacological restoration of insulin
sensitivity in visceral AT of obese mice by a synthetic PPAR-γ ligand was Treg
cell-dependent (Cipolletta et al. 2012). Another immune cell type implicated in
AT inflammation is the lipid-antigen recognizing natural killer T (NKT) cell.
Activation of type I NKT cells during a high-fat diet enhanced M2 polarization
and improved glucose homeostasis in AT of both mice and humans (Ji et al.
2012).
1.6.2 Inflammatory signaling between adipocytes and macrophages
Adipocytes secrete several adipokines as well as metabolites, which can influence
the inflammatory state of both adipocytes and macrophages. Here, we focus on
paracrine interactions between adipocyte and macrophage mediated by three
molecules—tumor necrosis factor α (TNFα), saturated fatty acids (SFAs), and T
helper cell (Th2) cytokines—that have been shown to be important mediators of
inflammatory signaling (Fig 1-4). Tumor necrosis factor α is one of the important
mediators in AT inflammation. Elevated levels of TNFα robustly correlate with
development of insulin resistance (Stenholm et al. 2010), whereas TNFα-deficient
obese mice remain insulin sensitive (Uysal et al. 1997). Macrophage-derived
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TNFα acts through TNFα receptors in adipocytes, and induces production of proinflammatory cytokines and lipolysis in adipocytes (Suganami et al. 2005), while
suppressing production of anti-inflammatory cytokines such as adiponectin
(Maeda et al. 2001).

Figure 1-4. Inflammatory signaling between adipocytes and macrophages.
Macrophage-derived TNFα induces production of pro-inflammatory cytokines
and lipolysis in adipocytes, suppresses expression of adiponection, and impairs
insulin signaling. Lipolysis releases saturated fatty acids (SFAs), which stimulate
expression of inflammatory genes in macrophages through the NF-κB pathway.
The positive feedback towards a pro-inflammatory state may be counterbalanced
by a negative control mechanism. In addition to adiponectin, adipocytes also
produce anti-inflammatory cytokines IL-13 and IL-4, which increases PPARδ
expression in macrophages and promotes polarization towards the M2 phenotype.
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Saturated FAs are released during macrophage-induced adipocyte
lipolysis. Several studies have demonstrated that SFAs are an endogenous ligand
for TLR4, which is required for recognition of lipopolysaccharide (LPS). Like
LPS stimulation, TLR4 activation by SFAs increases expression of inflammatory
genes through a NF-κB-dependent mechanism (Suganami et al. 2007). In vitro
coculture studies with adipocytes and macrophages have also shown that SFAs
significantly upregulate TNFα expression in macrophages though mitogenactivated protein kinase activity (Suganami et al. 2007).
Unlike TNFα and SFAs, Th2 cytokines attenuate inflammation. The Th2
cytokines interleukin-4 (IL-4) and IL-13, both of which can be produced by
adipocytes (Kang et al. 2008), polarize ATM toward the M2 phenotype (Gordon
2003). Treatment with IL-13 increased PPARδ expression in RAW264.7
macrophages, and adipocytes co-cultured with PPARδ-null macrophages showed
elevated IL-6, TNFα, and MCP-1 production compared to wild-type bone
marrow-derived macrophages (Ilan et al. 2010). These results describe a paracrine
cycle where adipocyte-derived cytokines regulate ATM polarization, which in
turn influences pro-inflammatory cytokine production from the adipocytes.
Treatment of bone marrow-derived macrophages with IL-4 activated PGC-1β and
signal transducer and activator of transcription 6 (STAT6) (Vats et al. 2006), two
transcriptional activators of β-oxidation and mitochondrial biogenesis, also
linking IL-4-induced M2 transformation with FA catabolism.
1.6.3 Transcriptional regulation of inflammatory signaling
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Several studies have shown that activation of NRs, such as PPARs and LXRs
decreases pro-inflammatory cytokine production in macrophages. Treatment of
LPS-induced murine primary macrophages with naturally occurring (15-deoxyΔ12,14-prostaglandin J2) as well as synthetic (thiazolidinediones) PPAR-γ
ligands repressed production of pro-inflammatory cytokine IL-12 (Alleva et al.
2002).
Inhibition of pro-inflammatory cytokine (TNFα, IL-6, and IL-1β)
production by PPAR-γ agonists was also observed in human monocytes (Jiang et
al. 1998). Similarly, activation of LXR with a synthetic agonist (GW3965)
inhibited expression of IL-1β, IL-6, and IL1-receptor antagonist (IL-1RN) (Joseph
et al. 2003).
In macrophages, a well-documented mechanism for the anti-inflammatory
effects of PPAR-γ involves interference with NF-κB signaling (Ricote et al.
1998). Alternatively, ligand-bound PPAR-γ could block degradation of corepressors, thereby maintaining suppression of NF-κB target genes (Pascual et al.
2005). Another paracrine mechanism is to stimulate the production of adiponectin
from adipocytes, which promotes macrophage polarization toward the M2
phenotype (Ohashi et al. 2010). In human primary macrophages, PPARα, PPARγ, and LXR agonists have all been shown to induce the expression of adiponectin
receptors (Chinetti et al. 2004) suggesting that activation of these NRs in AT
could synergistically drive toward an anti-inflammatory state by increasing the
expression of both adiponectin and its target receptors.
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1.6.4 Gut microbiota
The human gastrointestinal (GI) tract is colonized by approximately 1014 bacteria
belonging to approximately 1000 species that are collectively termed the
microbiota (Burcelin et al. 2011). Alterations in the microbiota composition
and/or function (i.e., dysbiosis) are correlated to several pathologies including
obesity and inflammation (Burcelin et al. 2011). Phylogenetic (16S rRNA)
sequencing and metabolomics analyses have shown that the composition and
metabolite profile of the intestinal microbiota are significantly altered in obese
subjects (Ley et al. 2005; Waldram et al. 2009). Conversely, colonization of the
GI tract of germ-free (GF) adult mice with microbiota from conventionally raised
wild-type mice increased body fat and insulin resistance (Backhed et al. 2004).
The GF mouse colonization study also found that the increase in body fat
correlated with downregulation of fasting-induced adipocyte factor (FIAF) in the
gut epithelium. Since FIAF is a secreted LPL inhibitor, reduction of FIAF
expression could lead to higher LPL activity and TG storage in AT. The dysbiosis
of DIO mice could also contribute to AT inflammation through elevation of LPS
levels. In a study of healthy human subjects, a high-fat diet led to an increase in
plasma LPS levels (Amar et al. 2008). Similarly, high-fat feeding in mice
enhanced absorption of bacterial LPS from the gut (Cani et al. 2008) by reducing
the expression of tight junction protein zonula occludens-1 and increasing gut
permeability, resulting in increased plasma LPS and inflammation (Cani et al.
2008). In AT, LPS enhances expression of pro-inflammatory cytokines (IL-8 and
IL-6) in macrophages and blocks endocannabinoid (eCB) system-mediated
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Adipogenesis (Muccioli et al. 2010; Schwartz et al. 2010). Since the eCB system
also regulates intestinal permeability and LPS levels (Muccioli et al. 2010), these
studies suggest that the gut microbiota plays an important role in AT
inflammation and metabolism through the eCB-LPS feedback loop.

Figure 1-5. Adipose tissue inflammation. Chronic over-nutrition leads to
adipocyte hypertrophy, tissue remodeling, angiogenesis, and possibly hyperplasia
(through precursor cell proliferation and adipogenesis). Hypertrophic adipocytes
generate paracrine signals to recruit circulating immune cells and activate tissueresident macrophages. Polarization toward a pro-inflammatory M1 phenotype
induces secretion of additional pro-inflammatory cytokines that establish a selfreinforcing inflammatory signaling loop with adipocytes, and elicit enhanced
lipolysis and possible cell death, further exacerbating the inflammatory state. An
additional source inflammation is enhanced absorption of gut microbiota derived
lipopolysaccharide (LPS) due to dysbiosis and impaired gut barrier function
resulting from over-nutrition. For clarity, only representative signaling factors are
shown.

46

1.7 Conclusion
The purpose of this review was to present key regulatory connections between AT
metabolism and other cellular processes that contribute to the tissue's growth and
signaling functions, with emphasis on inflammation. We adopted a structure that
places adipocyte metabolism at the center of a complex regulatory network that
integrates endocrine and nutritional signals to control energy homeostasis in AT.
Taken together, the studies discussed in this review suggest that sustained
perturbation of metabolism such as chronic over-nutrition or mutation can
overwhelm or at least temporarily override the control mechanisms that would
maintain homeostasis and cause hypertrophic growth of adipocytes (Fig 1-3). In
turn, hypertrophic growth signals the tissue to remodel, with subsequent or
concurrent initiation of inflammation. Once an inflammatory state is established,
metabolic alterations such as accelerated net FFA efflux occur that further
exacerbate the imbalance in AT energy homeostasis.
A fundamental question that remains to be addressed is whether there is an
identifiable threshold or triggering event that overcomes the homeostasis
mechanisms and initiates the inflammation cascade. Obesity-related insulin
resistance and related diseases have complex etiology and involve not only AT
depots, but also other metabolic and neuroendocrine tissues. Nevertheless,
evidences in the biochemistry, cell and molecular biology, and physiology
literature convincingly point to a causative role for adipocyte metabolism in
linking over-nutrition with inflammation. Indeed, a critical challenge in
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addressing the question posed above lies in integrating the growing volume of
biological data and mechanistic knowledge into a ‗systems' framework that can be
used to quantitatively determine the significance of various contributing pathways
and mechanisms during normal and diseased states.
1.7.1 Proteomics and Metabolomics
To date, experimental efforts to study AT development or function using highthroughput approaches have largely focused on characterization, rather than
quantitative model-based analysis. As posttranscriptional mechanisms play an
important role in regulating metabolic and signaling pathways, proteomics
approaches have been increasingly used to obtain direct information on the
expression and modification of proteins involved in adipogenesis (Welsh et al.
2004), mitochondrial biogenesis (Wilson-Fritch et al. 2004), lipid metabolism
(Brasaemle et al. 2004), GLUT4 trafficking (Foster et al. 2006), and ECM
remodeling (Bouwman et al. 2004). Proteomics has also been applied to whole
tissues to study the functional characteristics of specific AT depots, identify
protein biomarkers for obesity, and to interrogate the mechanisms of drug action.
For example, Alvarez-Llamas et al. characterized the secreted proteome of
visceral AT to determine proteins whose expression levels are modulated via
cross-talk between the different cell types resident in AT (i.e., adipocytes,
macrophages, fibroblasts, and ECs) (Alvarez-Llamas et al. 2007). Of the 259
identified proteins, 70 proteins were derived from AT (and not from external
sources such as serum) and were involved in ECM synthesis or remodeling as
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well as signaling functions. In rats fed a high-fat diet, Joo et al. found that the
obesity-resistant animals broadly increased expression of thermogenic enzymes
and decreased expression of lipogenic enzymes compared to the obesity-prone
animals (Joo et al. 2011). Chen et al. quantified the effect of thiazolidinedione
(TZD) treatment on the secreted proteome of visceral AT in obese rats (Wiczer et
al. 2009). After 12 days of in vivo administration, more than 70 proteins showed
significantly altered secretion levels. These proteins included inflammatory
cytokines, ECM proteins, and proteases involved in immune response and insulin
signaling. Similarly, Ahmed et al. reported significant (greater than twofold) and
broad changes in the proteome of human AT exposed to rosiglitazone in obese
subjects compared to untreated controls (Ahmed et al. 2010). Significant changes
were detected in the expression levels of more than 120 proteins involved in
GLUT4 trafficking, insulin and calcium signaling, redox regulation, and lipid
metabolism. Since the proteome changes resulting from TZD drug treatments
correlate with improved insulin resistance and AT inflammation (Gervois et al.
2007), it has been surmised that the altered proteins may be responsible for the
mechanisms whereby TZD improves AT function.
Alongside proteomics, metabolomics has emerged in recent years as
another powerful approach to comprehensively and quantitatively characterize the
response of biological systems. Owing to advances in informatics as well as
analytical technologies, especially mass spectrometry, it has become feasible to
detect, identify, and quantify an increasingly large fraction of the collection of
small molecules produced by a biological systems network of metabolic reactions.
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Of particular interest for AT biology is lipidomics, which focuses on quantifying
FAs, acylglycerols, phospholipids, and other lipid species. Pioneering studies in
the field have highlighted the potential for lipidomics to enable simultaneous
investigation of the multiple biological roles of lipid molecules as metabolic
substrates, signaling intermediates, and structural components such as membranes
of subcellular compartments. (Han and Gross 2003) As noted in an earlier section,
subcellular membranes play a critical role in LD remodeling of hypertrophic
adipocytes.
A promising application of lipidomics has been to identify metabolic
indicators of AT response to therapeutic intervention. In a study on the effects of
rosiglitazone on lipid metabolism in diabetic mice, Watkins et al. identified
palmitoleate (16:1n7) as an indicator of increased de novo FA synthesis in AT
(Watkins et al. 2002). More recently, Cao et al. found that palmitoleate is
produced during de novo lipogenesis in AT, and that its production significantly
correlates with improved insulin sensitivity (Cao et al. 2008). These findings are
supported by studies in HSL-null mice, whose TG stores in AT depots contain
significantly less palmitoleate (Fernandez et al. 2011). The proportion of
palmitoleic acid was found to increase in obese, but otherwise healthy humans,
suggesting that the production of this fatty acid could reflect an adaptation to
restore insulin sensitivity (Pietilainen et al. 2011). Notably, palmitoleic acid
production was not increased in morbidly obese subjects.
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1.7.2 Models
Beyond characterization studies, metabolomics data could be used to develop
models that can explain multiple aspects of AT function. One example of such a
model is a lipid bilayer simulation based on lipidomic data, which suggests that
lipid membrane biophysical properties are maintained at the expense of
vulnerability to inflammation during LD remodeling in obesity. In developing
these complex models, network models describing the biochemical or biophysical
interactions between genes, proteins, and metabolites will play an increasingly
important role. An elegant example is the study on genetic risk to obesity by Mori
et al., who used gene and protein interaction network models trained on gene
expression and metabolic profiling data to show that the inflammatory response of
AT can predict the susceptibility of mice to diabetes, demonstrating a critical link
between nutritional stresses and genetic factors (Mori et al. 2010). As this
example illustrates, accurate models of molecular interactions in AT will be
critical in fully exploiting the growing volume of proteomic and metabolomics
data. To date, relatively little work has been done to develop and validate
mathematical models describing AT-specific metabolic or signaling networks.
More abundant are models describing systemic metabolism at the whole body
level (Guo and Hall 2011). One example of an adipocyte-specific model is the
reaction network by Kim et al. describing the metabolism of AT in fasting
humans (Kim et al. 2007). Using kinetic rate parameters culled from the literature,
the model showed that pyruvate metabolism significantly contributes to TG
accumulation in AT, in good agreement with a recent metabolic flux analysis
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study from our own laboratory (Si et al. 2009a). Another computational model by
Coskun et al. investigated preadipocyte fate determination in adipocyte turnover
and adipogenesis by modeling the dynamics of NF-κB and PPAR-γ using
ordinary differential equations based on mass action kinetics (Coskun et al. 2010).
On the basis of simulated steady-state concentrations of the transcription factors,
the model determines whether the cell is quiescent, proliferating, or differentiated.
Though relatively simple, the model can relate the cellular state to experimental
conditions such as the strength of mitogenic stimuli and explain the role of
regulatory feedback loops affording stability with respect to small fluctuations in
the stimuli. On the other hand, more comprehensive models will be needed to
investigate the interplay of signaling, metabolic, and regulatory pathways that
ultimately determines AT homeostasis or establishes a diseased phenotype.
Taking recent developments in other fields, notably cancer (Edelman et al.
2010) and drug metabolism (Gille et al. 2010), as a roadmap, we envision that a
more complete understanding of AT metabolic regulation can be obtained by
bringing to bear computational models and other quantitative systems analysis
methods. In conjunction with comprehensive analytical platforms such as
proteomics and metabolomics, the systems models could help rigorously
delineate, e.g., characteristics of a basal ‗normal‘ state of AT metabolism whereby
controlled adaptation to a transient load in excess calories could be discriminated
from an ‗abnormal‘ transformation into an obese state. Integrated network models
of metabolic, regulatory, and signaling pathways, carefully assembled using both
manual and automatic reconstruction, could be also used to organize mechanistic
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information, e.g., by identifying gaps in knowledge. Prospectively, simulations
using such integrated models could guide the development of systematically
targeted molecular strategies to effect a desired modulation in AT metabolism
while anticipating potential unintended consequences, thus leading to safe and
efficient therapies for obesity.
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CHAPTER 2: Methodology
2.1 Introduction
Though the broad effects of several EDCs have been characterized, little is
understood about their mechanisms of action. Since EDCs are of exogenous
origin, elucidation of their mechanisms of action warrants data-driven approaches
as their connection to known and understood biochemical or signaling pathways
is often unknown or incomplete. One of the main challenges with studying the
effects of EDCs is that they cause diverse and widespread changes in biological
systems. These changes can result from: binding to nuclear receptors (Heindel et
al. 2015); break-down into active metabolites that may have different effects than
their precursor (Piche et al. 2012); changes at the DNA methylation level that may
affect several biological functions (Rajesh and Balasubramanian 2014); and other
phenomena. Assuming a particular EDC elicits an effect via binding to a nuclear
receptor, there are still many factors to consider that complicate the study of that
EDC. For example, the presence of promiscuous nuclear receptors, receptors that
non-specifically bind a wide variety of ligands, is a challenge, as it makes it
difficult to predict which EDCs will bind to which receptors, limiting the success
of targeted methods (Bility et al. 2004). Another challenging factor is the presence
of multiple pleiotropic nuclear receptors, or nuclear receptors that upon binding of
a ligand activate several functional pathways, complicating the interpretation of
phenotypic outputs (Grun and Blumberg 2006). Further, not only nuclear receptor
activation, but other means by which EDCs can alter metabolic set-points (e.g.
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DNA methylation), involve a cascade of effects at multiple layers of biological
complexity, including gene expression, protein synthesis, and enzymatic activity.
For this reason it is crucial to study the effects of EDCs in a systems context, in
order to understand how the molecular players at multiple layers of complexity
interact with each other to produce the observed effects.
The field of Omics offers useful tools and technologies for monitoring the
interactions between genes, proteins, and metabolites through attempts to
collectively characterize these different types of biological molecules. Beyond
just characterization of the profiles of these molecules in cellular systems,
perturbation experiments are typically performed to shed light on how the
different metabolites, proteins, or genes are related to one another by monitoring
correlated changes in their responses. Even further information on cellular
functional state can be gleaned from implementation of fluxomics, in which flux
through enzymatic reactions is measured (from metabolite data), providing an
even closer measure of cellular phenotype than can be achieved by measuring
levels of cellular components. Integrating all of these technologies would
ultimately provide the most holistic and informative picture of the effects of a
perturbation, as correlations between gene expression, protein levels, and
metabolite levels could point to the activation (or inhibition) of a particular
biochemical pathway and potential upstream regulatory molecules involved.
Specifically, in addition to gene expression data, proteomics, and metabolomics
methods can provide a more accurate measure of molecular phenotype by
providing a fingerprint of a specific cellular state. Thus, these approaches may be
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used to discover biomarkers that are indicative of the outcome of a given
perturbation. Following more focused biochemical studies to confirm their
analytical performance (e.g. specificity and robustness), biomarkers could then be
used as targets of clinical intervention or in biomonitoring efforts.
The most predominant technology used among both metabolomic and
proteomic analysis is mass spectrometry, which is often coupled to a separation
technique such as liquid chromatography, enabling high-throughput collection of
large data sets and resolution of a wide array of chemical species. Though the
acquisition of large data sets is ideal for omics workflows and has been greatly
facilitated by advances in high resolution mass spectrometry technology,
interpreting biological information from large datasets is challenging and highly
context-specific. Recent evidence has emerged showing that metabolomic
profiling complemented by robust multivariate statistical analysis and pathway
analysis is a powerful methodology for discriminating between EDC-exposed and
non-exposed groups (Rijk et al. 2012; Sumner et al. 2009; Zeng et al. 2013).
Furthermore, biomarkers that correlate with endocrine-disrupting effects can be
identified and this can lead to novel mechanistic insight (Cabaton et al. 2013; Kim
et al. 2009; J Zhang et al. 2012). Several chemometric tools can be employed to
gain biological insight toward disease diagnosis and biomarker identification from
large datasets acquired from independent omics methods (Eriksson et al. 2004;
Madsen et al. 2010). Of course, a more complete understanding of the
mechanisms of actions of EDCs will only be achieved through integrating omics
data that capture various levels of cellular control (transcription, translation,
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enzyme activity/biochemical reactions). This is particularly important when it
comes to studying effects in different tissues and cell types, as changes in gene
expression, protein translation and protein post-modification are likely to vary
widely from system to system. For example, the effects of DEHP (and its
metabolite MEHP) vary depending on the exposed cell line or tissue (as well as
several other factors including dose), and specific differences have been made
evident by integrated omics methods (Ellero-Simatos et al. 2011; Eveillard et al.
2009).
In the following sections, we first provide general background on different
methodologies used in the analysis of the cellular systems we studied, and then
describe the detailed protocols and workflows used in the context of each of their
applications.
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2.2 Background on methodologies
2.2.1 Data acquisition:
Mass spectrometry (MS) and nuclear magnetic resonance (NMR) are the most
commonly used techniques for metabolomics analyses. MS offers the advantage
of higher sensitivity, though it requires a prior separation step, such as liquid (LC)
or gas chromatography (GC). LC is advantageous over GC in that it doesn‘t
require derivatization of the sample before analysis, reducing the effort of sample
preparation; however it should be noted that LC methods and sample extraction
methods should be tailored to the analytes of interest and thus require strategical
optimization. LC-MS is also well-suited for proteomics analysis of complex
samples as chromatographic resolution is often needed to distinguish peptides
with overlapping masses even with high mass resolution. With advances in MS
technology enabling high mass resolution, tandem MS, and rapid scanning
speeds, in combination with the separation capabilities of LC, measurement of a
large number of metabolites or peptides in a single sample can be achieved.
Tandem MS (or MS/MS, MSn) is a technique used to fragment analyte ions
(precursor ions) into product ions that inherently reflect the chemical structure of
the analyte. This produces an additional dimension of spectral data which is
instrumental in distinguishing between analyte ions of equivalent mass/charge
(isobaric species).
Two main workflows, targeted and untargeted analyses, are used for
metabolomics and proteomics, and each addresses a distinct experimental goal.
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Targeted analysis is used to determine the levels of specific metabolites/proteins
in a sample, whereas untargeted analysis is used to characterize the global profile
of metabolites/proteins in a sample in an unbiased fashion. The two
methodologies can be used in sequence, for example using untargeted
metabolomics to characterize the metabolite profile of a sample, followed by
targeted metabolomics to quantify the levels of a subset of those identified
metabolites.
Targeted metabolomics experiments are performed by first infusing pure
chemical standards of the metabolites of interest to optimize a LC-MS/MS
method, typically using selected (or multiple) reaction monitoring (SRM or
MRM) scans which record the trace of a particular parent/product ion transition.
Next, standard dilutions of the metabolites of interest are run using the method to
generate a standard curve that relates concentration to area under the curve (AUC)
of the extracted ion chromatogram of the transition of interest. Last the samples
themselves are run and the standard curve is used to quantify the metabolite
concentrations in each sample. Targeted proteomics workflows are similar, only
that a digest of a purified protein of interest is used for method optimization and
standard curve generation. In the absence of a pure protein standard, software
tools such as Skyline can be used to predict the peptide products of proteolytic
digestion and their fragmentation products from MS/MS (MacLean et al. 2010).
Untargeted analyses are performed directly on the samples, without prior
optimization, using specific MS/MS scans designed to acquire as much data as
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possible from an analyte mixture. The two key types of scans employed are
information (or data)-dependent acquisition (IDA, or DDA), and data-independent
acquisition (DIA). As the name suggests, IDA prioritizes the fragmentation of
ions that meet user-input criteria, and though this leads to a reduction in
comprehensive acquisition capabilities, it provides the highest quality MS/MS
spectra of the two methods. DIA performs a comprehensive acquisition of all
detectable ions and fragments within a fixed m/z window or windows, including
low-level analytes that may not meet intensity criteria in IDA experiments. Due
its advantage in providing high-quality spectra for given precursor ions, IDA is
well-suited

for

metabolite/peptide

identification,

while

the

consistent

comprehensive coverage and sensitivity of DIA make it more suitable for
quantification.
2.2.2 Data processing (scaling, alignment):
Crucial to the analysis of metabolomics/proteomics studies is the acquisition of
high quality data, which is also dependent on careful pre-processing, involving
alignment (and peak-picking), scaling/centering, and normalization of data (van
den Berg et al. 2006).
Chromatographic retention time drift can occur due to minor changes in
solvent chemistry, column temperature, and sample matrix, over the course of an
LC-MS experiment and can lead to misaligned data between samples, making
interpretation difficult. Additionally, on time-of-flight mass spectrometers, mass
calibration drift can occur over time and with environmental fluctuations, thus
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care must be taken to properly calibrate the mass analyzer during runs.
Misalignment of chromatograms and spectra is an especially important issue in
the analysis of untargeted datasets, in which stringent mass error and retention
time filters are applied to pick peaks for statistical investigation and annotation.
Though careful experimental practice can help to minimize misalignment, not all
potential sources of variation can be controlled for, and thus data should be
processed using alignment software, and when possible, aligned to known internal
standards to ensure the best quality.
Once raw LC-MS data has been aligned and calibrated, it is not
necessarily ready for statistical analysis. Peak intensity data collected from a
single MS experiment can vary over several orders of magnitude across the
multiple mass features detected or targeted. Features that are more abundant in the
sample or ionize preferentially compared to other features (impossible to
distinguish without a chemical standard), may have much higher intensity values
than those of other features. For this reason, it is important to scale the data in
such a way that does not drastically favor the features with the highest intensities
and mask other trends during statistical analysis. It is essential to note that the
results of multivariate data analysis, such as the projection method PCA, can be
highly sensitive to the scaling of the original variables. There is no general
consensus on how to best scale data for multivariate analysis, however
experience-based guidelines can be found and followed to improve results (van
den Berg et al. 2006). Two of the most popular methods for scaling data are unit
variance scaling, also termed autoscaling, and Pareto scaling, which zero-center
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the data and use the standard deviation, or the square root of the standard
deviation, as the scaling factor, respectively. Autoscaling essentially makes all
features (metabolites or peptides) equally important, while Pareto scaling reduces
the relative influence of features with large fold changes compared to those with
small fold changes, reducing the risk of blowing up noisy patterns in data
(Eriksson et al. 2004).
Last, while scaling accounts for evening-out differences between features
in a sample, this doesn‘t account for differences between samples that could arise
from unwanted or unexpected variation in ionization efficiency, total sample
loaded onto the LC column, and total amount of cells/tissue in the experimental
system. To correct for this type of sample to sample variation, normalization
methods can be employed which multiply through by a factor that represents a
relative gain/loss in signal in the total detected features. Common normalization
factors to account for biological variability in metabolomics or proteomic data
include tissue weight, optical density, total protein weight, and total DNA. To
account for variability in the extraction and/or LC-MS workflow, use of internal
standards is commonplace, though the choice of internal standard to use will be
highly dependent on the analytical methods.
2.2.3 Data analysis: Statistical modeling
When testing the effects of a treatment or of any perturbation in general, on a
biological system, we mainly want to know in what respect one sample is
different from another. In the context of metabolite and protein analysis, we also
62

want to understand which metabolites/proteins contribute most to these
differences, and whether they contribute in the same way (i.e. based on
correlations). Multivariate analysis methods provide easily-implementable ways
to visualize/identify, and sometimes quantify, these trends and patterns, and are
especially useful in large data sets where interpretation of the data is likely to be
well beyond our intuitive capabilities. In contrast, though multiple univariate
comparisons are easier to intuitively comprehend, they may fail to capture higherdimensional patterns in the data involving interactions or correlations between
chemical species that could be of biological importance.
2.2.3.1 Multivariate projection approaches:
Projection approaches are often used as a first data overview step in omics
workflows as the data generated are too complex to be easily interpreted. The data
from high-throughput MS experiments typically feature many more variables
(metabolites/peptides) than observations (samples), represented by matrix X (Fig
2-1). Since the data represent levels of biological molecules, which are often
highly correlated through metabolic and/or signaling pathways, we expect
multicollinearity within the X matrix. Projection methods are especially wellsuited to handle numerous and collinear variables, and are useful in revealing
outliers, groups, and trends. Two of the most widely used projection methods in
omics studies are principal component analysis (PCA) and partial least squares, or
projection to latent structures (PLS) analysis. We will focus on the use of these
two methods used herein.
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Figure 2-1. Decomposing large sets of metabolite or peptide data for
projection-based multivariate analysis. LC-MS data are tabulated in terms of
feature abundance in matrix X, which can be decomposed into loading vectors (p)
and score vectors (t) and a corresponding transformation weight vector (w). For
supervised projection methods, a response matrix Y contains categorical
information which is paired to the observational data in X. Image adapted from
Wold et al.(2001), to depict variable notation used in their methodology.

PCA is an unsupervised method that uses orthogonal transformation to
convert a set of observations of correlated variables (metabolites/peptides) to a
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smaller set of linearly uncorrelated variables called principal components (PCs),
that preserve as much of the variability in the original dataset as possible. PCA
starts with the original data (matrix X) in K-dimensional space where K is the
number of variables, and projects the data points onto a lower dimensional
subspace where class differences in the data set can be more easily visualized.
X is decomposed as the product of two matrices: T, the N x A score matrix, and
P‘, the A x K loading matrix, where A is the number of principal components,
plus a N x K noise matrix of residuals, E. The values in E express the deviations
between original values and projections. Symbolically this is represented as:

The direction vectors of the points on the low-dimensional plane describe the
representation of the transformed variables. These transformed variables, or
principal components, are orthogonal since they are obtained by computing the
eigenvectors of the non-singular part of the covariance matrix (or correlation
matrix, when scaled) of the data.
In addition to visualizing a class differences in a dataset, linear regression
methods such as PLS enable classification of samples and facilitates the
identification of biomarkers of a particular experimental condition, or
quantification of relationships among the variables, using the loading values of
the model. In general, linear regression addresses how to model one of more
dependent variables (responses, Y) by means of a set of predictor variables (X). In
PLS, the goal is to find a linear regression model by projecting categories (Y) and
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observable variables (X) to a new space. In short, multivariate PLS is a regression
extension of PCA working with two matrices, X and Y (Eriksson et al. 2004;
Wold et al. 2001). X is a predictor, summarized by its A X-scores, T, and Y is the
corresponding response, whose variation is described by the A Y-scores, U. In the
case of PLS, the resulting latent variables are linear combinations of original
variables that preserve as much covariance between X and Y (through T and U) as
possible in the first transformed dimensions. Symbolically, this is represented as:

where G is the corresponding matrix of residuals for Y.
In cases in which we just wish to describe the class membership of the
observations, we can use a supervised form of PLS involving discriminant
analysis (PLS-DA). PLS-DA is a modification of PLS that creates a model giving
latent variables maximum separation among classes. In PLS-DA, the Y matrix
becomes a matrix of dummy variables representing class membership of
observations (i.e. sample groups) with ones and zeros, where the number of rows
equals the number of individual samples and the number of rows equals the
number of classes or groups.

2.2.3.2 Clustering algorithms:
Another set of tools implemented for visualizing large sets of omics data are
clustering algorithms. Clustering algorithms are unsupervised methods that seek
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to group a set of objects based on their similarity (e.g. a distance metric). We
applied two of the most prominent types of clustering analysis, hierarchical
clustering analysis (HCA), and k-means clustering, in our metabolomics
workflows.
HCA is a connectivity-based clustering algorithm that can be performed
top-down (divisive clustering) or bottom-up (agglomerative clustering). In our
analysis we chose to use, and thus will describe, the latter. Agglomerative
hierarchical clustering successively partitions observations based on their
similarity to each other. This series of steps produces a multilevel hierarchy tree,
or dendrogram, showing the links between sub-clusters. The y-axis of the
dendrogram, or height of the tree, is scaled to represent the similarity among subclusters. Re-ordering the original data matrix according to new hierarchically
clustered variable indices and representing the data as a heat map is a popular and
useful strategy for visually picking-out patterns in the data.
K-means clustering is a centroid-based algorithm that aims to partition n
observations (our matrix of data points) into k mutually exclusive clusters, in
which each observation belongs to the cluster with the nearest mean (based on a
user-input distance metric). More specifically, the algorithm seeks to partition n
observations in to k ≤ n sets, D={D1, D2,…,Dk} so as to minimize the sumsquared error, Je, or sum of distances of each point in a cluster to the centroid, μ,
or mean of points in the set D.
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The algorithm initializes by randomly selecting k initial means, or centroids. Then
k clusters are generated by partitioning each observation into the cluster with the
nearest mean. Next, the centroid of each cluster becomes the new mean, and the
algorithm is iterated until the centroids converge.
To visualize how well-separated the clusters are, one can compute the
silhouette value, which provides a measure of how similar each point is to other
points in its own cluster, compared to points in neighboring clusters. The
silhouette value can range from -1 to 1, with high values indicating that the data
point of interest is well-matched within its own cluster and poorly matched to
other clusters, an indication of good clustering. A silhouette plot can be generated
by plotting the silhouette values of each of the data points organized by their
cluster index to visualize the quality of the clusters.
When performing a first exploratory analysis of a large dataset, the
number of clusters may not be known. In order to optimize the number of clusters,
k, the silhouette criterion can be employed. Briefly, k-means clustering and
silhouette analysis is iteratively performed for k=1 to n clusters, where n ≤ the
number of observations. The solutions are then compared and the value of k that
produces clusters with the highest average silhouette values is selected as the
optimal k.
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Clustering methods can be complemented with a non-parametric
supervised learning method, the k-nearest neighbors (kNN) search, to extract
similar groups of features from the data set. A kNN search finds the closest point,
or nearest neighbor, in X for each point in Y, where X and Y are matrices of
observations and query points (e.g. cluster centroids), respectively.

2.2.3.3 Comparison of group means:
To more quantitatively compare differences in single metabolite or peptide
concentration levels across samples, we employed statistical hypothesis tests to
compare group means. Differences in metabolite/peptide levels between two or
more groups were performed using pairwise t-tests and one-way ANOVA,
respectively. We employed the results of ANOVA to classify features from
untargeted metabolomics datasets based on user-defined objective functions, for
example, the set of all features in sample group 2 that have a significantly higher
mean than those in sample group 1. This type of analysis requires prior
knowledge of groups, which in our case represented biological replicates of
different experimental conditions.
2.2.4 Biological interpretation of data:
2.2.4.1 Feature identification:
In targeted MS workflows, the levels of a pre-defined set of metabolites or
proteins are measured and the results of statistical analysis can be directly
69

followed by biological interpretation of the data. However, in untargeted
workflows, the identities of the measured species are unknown which necessitates
a step for feature identification either prior to or after statistical analysis of
features, depending on the complexity of the dataset and the experimental
objectives. In untargeted metabolomics MS workflows, MS and MS/MS spectra
data (precursor ion exact mass) can be compared against metabolite spectral
databases such as the Human Metabolome Database (HMDB) and Metlin to
assign putative metabolite matches to mass features (Smith et al. 2005; Wishart et
al. 2009). In untargeted proteomics MS workflows, proteins are generally
identified using peptide mass fingerprinting, in which the spectral data of
proteolytically-cleaved peptides analyzed with tandem MS are compared to
database entries of predicted masses that would arise from the digestion of a list
of known proteins. In both cases, putative identifications can be confirmed by
repeating the LC-MS analysis on a pure standard of the metabolite or digested
protein of interest, allowing retention time confirmation.
2.2.4.2 Functional enrichment:
A common initial step in biological interpretation of omics data is looking for
biological functions that are enriched in lists of biological molecules, especially
those differentially enriched across experimental groups. In the field of systems
biology, this type of analysis is called a functional enrichment analysis, and uses
statistical methods to find functional annotations that are over-represented in the
dataset, that is, annotations that appear in the dataset with a higher frequency than
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would be expected at random (background frequency). Functional enrichment
analysis is very commonly used with gene sets, however can also be used with
metabolite and protein data sets. For metabolites these biological functions are
represented as membership/belonging to a metabolic or disease pathway, such as
those documented in the KEGG database (Kanehisa and Goto 2000). For proteins,
these biological functions are usually represented by one or several Gene
Ontology (GO) domains: cellular components, molecular function, and biological
processes (Ashburner et al. 2000). Functional enrichment, or over-representation,
analysis is evaluated using a p-value of the probability that at least x number of
metabolites/proteins out of the total number of features in the dataset is associated
with a particular annotation term. Since this test is considering a set of statistical
inferences simultaneously, corrections on the p values to account for multiple
testing should be performed. The Bonferroni correction is one example of a
widely employed method to correct for multiple comparisons.
2.2.4.3 Network analysis and visualization
Comprehensive analysis and interpretation of omics data can be facilitated
through network analysis, in which the findings are placed into the context of
known biological connections. Such connections between metabolites/peptides
can include, but are not limited to, biochemical (i.e. substrate/product)
relationships, structural relationships such as protein-protein interactions, or coexpression. A variety of web-based or software tools exist for generating
interaction networks between molecular species based on database knowledge and
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mapping the connections. Some examples include comprehensive tools such as
Ingenuity Pathway Analysis (IPA, Qiagen), protein-protein interaction (PPI)
databases such as (von Mering et al. 2005) and GeneMANIA (Montojo et al.
2014), and metabolic network mapping tools such as the Metscape plug-in for
Cytoscape (Gao et al. 2010), a popular network mapping and visualization
software package.
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2.3 Methods and protocols
2.3.1 Extraction of metabolites, proteins, and RNA from adherent adipocytes
The following protocol has been developed for 3T3-L1 adipocyte culture in 12well plates. This protocol enables simultaneous extraction of metabolites,
proteins, and RNA from a single tissue culture well.
2.3.1.1 Metabolite extraction
Note: The extraction solvent is methanol/chloroform/water (47.6:%47.6%:4.8%),
based on a previously published method (Dettmer et al. 2011). Since chloroform
degrades plastic tissue culture plates, the solvent addition was split into two steps:
scraping with only methanol/water, followed by addition of chloroform outside of
the tissue culture well. This final solvent mixture generates a monophase after
centrifugation, which enables simultaneous collection of hydrophobic and
hydrophilic metabolites as well as formation of a cell debris pellet at the bottom
of the centrifuge tube for further processing.
Steps:
1.

Carefully remove media (1ml) from wells with a 1000µl pipette tip and
place in a clean microcentrifuge tube. This media sample will be used for
extracellular metabolite analysis (see 4.3.1.2)

2.

Rinse wells by adding 1ml warm PBS (1X) and aspirating off with a
Pasteur pipette and vacuum, careful not to disturb the cell layer.

3.

Transfer plates to chemical fume hood for extractions. Keep plates on ice.
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4.

Add 525µl cold 91:9 methanol/water to each well and directly scrape cells
with a rubber scraper [C/N: 08-771-1A, Fisher Scientific] to detach all
cellular material from the bottom of the well.

5.

Pipette entire contents of well into a 1.5ml microcentrifuge tube, and then
add 475µl chloroform.

6.

Vortex each tube for ~10-15 seconds.

7.

Perform 2 freeze-thaw cycles in liquid nitrogen as follows: submerge
tubes in liquid nitrogen briefly until liquid in tube is frozen, then take them
out and let thaw on lab bench, repeat.

8.

Centrifuge microcentrifuge tubes for 5 min at 4 °C at 12,000g. A clear,
monophasic supernatant should form above an opaque cell pellet.

9.

Carefully pipette all of the supernatant into a new microcentrifuge tube,
and store the pellet for further processing (protein/RNA extraction). The
supernatant can be stored at this point in -20°C, or continue to Step 10.
*Note: to avoid breaking-up the cell pellet, pipette off the supernatant in
two steps, first with a 100-1000µl pipettor set to 800µl, followed by a 20200µl pipettor set to 200µl

10.

Uncap microcentrifuge tubes containing supernatant and place with caps
pointed up in a speed-vac. Turn speed-vac on (with no applied heat) and
let run until sample tubes are dry (~2hr).

11.

Immediately reconstitute contents of tubes with 100µl of 50:50
methanol/water.
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12.

Store sample tubes at -20°C for LC-MS analysis in near future, or in 80°C for longer term storage.

2.3.1.2 Preparation of extracellular metabolite samples
Note: Media samples must be diluted 10X in water to dilute salts that can
potentially interfere with LC-MS analysis.
Steps:
1. Starting with media samples collected in 4.3.1.1. Step 1; centrifuge the tubes
for 5 min at 4 °C at 12,000g to pellet any cell debris.
2. Collect supernatant into a new microcentrifuge tube and discard pellet with
original tube.
3. Vortex tubes briefly (5 seconds) to mix contents.
4. Add 50µl of media to 450µl HPLC-grade water in a new microcentrifuge tube
to reach a 10-fold dilution.
5. Store sample tubes at -20°C for LC-MS analysis in near future, or in -80°C for
longer term storage.

2.3.1.3 Protein and RNA extraction and purification
Cellular protein was extracted from the cell pellet collected from metabolite
extraction in 4.3.1.1 Step 9. The method is based on a previously described
protocol for plant cells (Weckwerth et al. 2004), which we modified for tissue
culture samples by adjusting the solvent compositions and ratios.
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Buffer preparation
Extraction buffer: 0.05M Tris pH 7.6; 0.5% SDS, 1% B-mercaptoethanol (BME)
For 100ml; Add 0.6057g Tris (not Tris HCl) to RNase-free water, adjust
pH to 7.6 with HCl.
Add 500mg SDS to 100ml volume
Add 0.892ml BME (pure liquid)
TRIzol® reagent (C/N: 15596018, Thermo Fisher Scientific)
Extraction (steps 6-13 are OPTIONAL if you are not interested in purifying
RNA)
1. Add 650µl extraction buffer to pellet and 650µl TRIzol® for 1hr at 37 C.
Vortex for 15 seconds.
2. Centrifuge at 14,000g for 15min at 4 C.
3. Collect upper buffer phase (polar) containing RNA and store in a separate
tube.
4. Collect and discard interface containing DNA (between phases)
5. Add 1mL ice cold acetone to remaining phase (protein-containing), vortex for
15 seconds, and store at -20 C overnight. *Note: can stop here and proceed to
Next Day if not purifying RNA.
6. Precipitate remaining protein in RNA-containing phase by adding 130µl
chloroform, vortex for 15 seconds, incubate at room temperature for 2-3
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minutes, centrifuge at 14,000g for 15 min at 4 C, collect upper phase (polar)
containing RNA (no proteins) and store in a separate tube. Keep bottom phase
containing proteins for further purification if desired (use 800µl acetone).
7. Add 25µl acetic acid and 500µl ethanol, vortex for 15 seconds, and let RNA
precipitate at 4 C for 30 minutes.
8. Centrifuge at 14,000g for 15min at 4 C.
9. Pour off supernatant and wash pellet with 1ml 3M sodium acetate, and
centrifuge at 14,000g for 5 min at 4 C.
10. Pour off supernatant and wash pellet with 1ml 70% ethanol, and centrifuge at
14,000g for 5 min at 4 C.
11. Repeat step 9, and let pellet dry at room temperature.
12. Reconstitute pellet in 20 µl RNase-free water, pipette up and down several
times to dissolve, and incubate for 10min at 55 C.
13. Store resuspended RNA at -80 C.
Next day:
14. Centrifuge protein sample (organic, phenol phase) at 14,000g for 15 min at 4
C.
15. Pour off supernatant and wash pellet with 1ml ethanol, and centrifuge at
14,000g for 5 min at 4 C.
16. Repeat step 14 two more times, pour-off supernatant and speed-vac briefly
using no heat to dryness.
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2.3.1.4 Protein digest for LC-MS analysis
Buffer preparation
Buffer A: 50mM TrisHCl adjusted to pH 8.5 using NaOH
For 1000ml; add 7.88g Tris HCl
Buffer B: 50mM TrisHCl adjusted to pH 8.5, with 1 mM Calcium Chloride
(CaCl2)
Take 800ml of Buffer A, and add 88 mg CaCl2
Stock DTT; 200mM DTT in Buffer A (can be frozen)
Add 308.5mg to 10ml Buffer A.
Urea solution (prepare fresh each time): 8M urea with 20 mM DTT in Buffer A
To make 1ml, add 0.48g urea and 100µl stock DTT and 500µl Buffer A
(solid urea increases volume to 1ml)
Iodoacetamide (should be prepared fresh, and stored in the dark): 500mM IAA in
Buffer A;
Add 462.4mg to 5ml Buffer A.
Trypsin stock solution: prepared in Buffer B
Trypsin singles (C/N: T7575-1KT, Sigma Aldrich) come in glass tubes of
100µg; each tube is good for 10 samples. Add 1ml Buffer B to each tube and
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vortex well. Add 1ml contents of tube to 3.444ml Buffer B in a conical tube—
this is the trypsin stock solution (0.0225g/l, total volume= 4.444ml).
Reduction & Alkylation
1. To the lyophilized protein add 50µl of urea solution with DTT. Incubate at 37
C for 30 min. This is the reduction step.
2. Add 5µl of IAA buffer. Incubate in the dark for 15 min. This is the alkylation
step.
3. Check pH with strip.
Dilution and trypsin digestion
4. Add 445µl of stock solution of trypsin in Buffer B (10µg trypsin is sufficient
to digest 1mg of protein).
5. Incubate the digest at 37 C overnight.
6. Terminate the reaction by bringing the pH to 2 or 3 using formic acid using
pH strips. Add no more than 50µl formic acid.
7. Centrifuge the digest at 14,000g for 5 min at 4 C to pellet any un-dissolved
protein, and collect supernatant in a new microcentrifuge tube. Discard pellet.
8. Store the digest below -20 C until LC-MS analysis.
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2.3.2 LC-MS methods for metabolomics
2.3.2.1 Targeted metabolomics methods
Targeted analysis of metabolites was performed using LC-MS experiments
performed on a quadrupole time-of-flight (TripleTOF 5600+, AB Sciex) and
quadrupole ion trap (QTRAP 3200, AB Sciex) instrument. The list of metabolites
analyzed and relevant MS parameters are shown in Table 2-1. For each LC-MS
method, high-purity standards of the target metabolites were used to optimize
compound-dependent parameters (e.g. collision energies) and identify product
ions to monitor for quantification. For each method 10µl of sample was injected
into the column.
We selected metabolites that are substrates, intermediates, or products of the main
metabolic pathways responsible for the bulk of carbon flux in adipocytes. The
rationale was to capture quantitatively significant effects on adipocyte
metabolism. In a prior study (Si et al. 2007), we used metabolic flux analysis to
estimate that glycolysis, TCA cycle, lipid metabolism, and amino acid
metabolism account for greater than 90 % of glucose-derived carbons. The list of
metabolites assayed in the present study reflects the reactions comprising the
metabolic flux model described in Si et al. (2007).
The QTRAP was used for multiple reaction monitoring (MRM) scans performed
in positive ion mode to analyze amino acids. Compound-dependent parameters
(CE, DP, EP, CXP) were optimized by infusing standard solutions of each analyte
at a time. Source parameters were as follows: Curtain gas= 30, ion spray voltage=
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5500, temperature= 400, ion source gas 1 and gas 2= 60. Chromatographic
separation was achieved on a C18 reverse phase (RP) column (Synergi Fusion-RP
4µ 80Å 150 x 2.0 mm, Phenomenex, Torrance, CA) using a gradient method (Lu
et al. 2006). The column was maintained at 17°C. Solvent A was water + 0.1%
formic acid and solvent B was methanol + 0.1% formic acid. The flow rate was
held constant at 100 µL/min. The mobile phase gradient was as follows. Solvent
A was held at 97% from 0 to 8 min, linearly decreased to 5% over 30 min, held at
5% for 7 min, linearly increased to 97% over 2 min, and held at 97% for 8 min.
The TripleTOF (QTOF) was used to analyze fatty acids, nucleotide cofactors, and
intermediates of glycolysis, TCA cycle, and pentose phosphate pathway (PPP).
Fatty acids were analyzed using RP chromatography (Luna C8(2) 5µ 100 Å 150 x
2.0 mm, Phenomenex) (Kamphorst et al. 2011) and a TOF-MS scan in negative
ion mode. Solvent A was a 3% (v/v) methanol solution in water + 10 mM
tributylamine and 15 mM acetic acid (pH 4.5). Solvent B was methanol. The flow
rate was held constant at 300 µL/min. The mobile phase gradient was as follows.
Solvent A was initially set at 20%, linearly decreased to 1% over 20 min, held at
1% for 20 min, linearly increased to 20% over 2 min, and held at 20% for 9 min.
Glycolysis, TCA cycle, and PPP intermediates, and nucleotide cofactors were
analyzed using hydrophilic interaction chromatography (HILIC) on an amide
column (Luna NH2 5µ 100Å 250 x 2.0 mm, Phenomenex) (Bajad et al. 2006) and
a TOF-MS scan combined with product ion scans conducted in negative ion
mode. Solvent A was a 5% acetonitrile solution in water (v/v) + 20 mM
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ammonium hydroxide and 20 mM ammonium acetate (pH 9.45). Solvent B was
acetonitrile. The flow rate was held constant at 200 µL/min. The mobile phase
gradient was as follows. Solvent A was initially set at 15%, linearly increased to
100% over 5 min, held at 100% for 23 min, linearly decreased to 15% over 4 min,
and held at 15% for 8 min.
Table 2-1. Metabolites and respective extraction masses or MRM transitions

Amino acids (MRM)
Compound
Alanine
Arginine
Aspartate
Cysteine
Glutamate
Glycine
Histidine
Leucine/
Isoleucine
Lysine/Glutamine
Methionine
Proline
Serine
Threonine
Tyrosine
Valine
Phenylalanine
Asparagine
Tryptophan

Q1/Q3 (Da)
90.1/44.0
175.1/70.1
134.0/74.0
122.0/76.0
148.0/84.0
76.0/76.0
156.0/110.0
132.0/86.0

CE
17
31
19
19
17
5
19
13

DP
31
31
36
21
10
26
26
24

EP
8.5
4.5
4
5
10
8
4
4.5

CXP
6
4
4
4
2.5
2.5
4
4

147.0/84.0
150.0/104.0
116.0/70.0
106.0/60.0
120.0/74.0
182.0/136.0
118.0/72.0
166.0/103.0
133.0/74.0
205.0/188.0

21
13
23
15
15
17
15
17
13
13

26
26
31
21
10
26
26
26
21
21

3.5
4.5
4
4.5
10
3.5
3.5
4
5
4.5

6
4
4
8
2.5
4
10
4
4
4

Fatty acids (TOF-MS scan)
Compound/ C:D
Lauric Acid/ 12:0
Myristic Acid/ 12:0
Palmitoleic Acid/

Precursor m/z
(Da)
199.1704
227.2017
253.2173

MS extraction m/z for quantitation
(Da)
199.1604 - 199.1804
227.1917 - 227.2117
253.2073 - 253.2273
82

16:1
Palmitic Acid/ 16:0
Linoleic Acid/ 18:2
Oleic Acid/ 18:1
Stearic Acid/ 18:0
Arachidonic Acid/
20:4

255.2330
279.2330
281.2486
283.2643
303.2330

255.2230 - 255.2430
279.2230 - 279.2430
281.2386 - 281.2586
283.2543 - 283.2743
303.2230 - 303.2430

TCA cycle, glycolysis intermediates, and cofactors (Product ion scans)
Compound
ATP
ADP
AMP
NAD
NADH
NADP
NADPH
FAD
Citrate/Isocitrate
α-ketoglutarate
Oxaloacetate
Malate
Fumarate
Succinate
R-5-P
PEP
2-PG
DHAP/GAP
F-1,6-bP
G-6-P
Pyruvate
Lactate

Precursor m/z
(Da)
505.9885
426.0221
346.0558
662.1019
664.1175
742.0682
744.0838
784.1499
191.0197
145.0142
130.9986
133.0142
115.0037
117.0193
229.0019
166.9751
184.9857
168.9907
338.9888
259.0224
87.0088
89.0244

MS/MS extraction m/z for quantitation
(Da)
158.9000 - 158.9350
78.7000 - 80.0000
78.7000 - 80.0000
540.1000 - 540.3000
407.9000 - 408.1000
619.9000 - 620.2000
407.9000 - 408.0400
437.0000 - 437.1000
110.9000 - 111.1000
55.0000 - 55.0280
86.9000 - 87.0900
114.9000 - 115.1000
70.9900 - 71.1000
72.9000 - 73.1000
77.9000 - 79.9000
77.9000 - 79.9000
77.9000 - 79.9000
96.6000 - 96.9900
96.6000 - 96.9900
96.6000 - 96.9900
87.0000 - 87.0100
70.9500 - 71.0300

For each detected target metabolite, the corresponding peak in the extracted ion
chromatogram (XIC) was manually integrated using MultiQuant (v. 2.1, AB
Sciex) to determine the area-under-the-curve (AUC). Absolute concentrations
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were determined from standard curves generated using the high-purity standards,
and normalized to the corresponding sample DNA content.

2.3.2.2 Targeted measurement of MEHP
The amount of residual MEHP in the culture medium was quantified using a
targeted LC-MS method performed on an ion-trap triple quadrupole (QTRAP)
mass spectrometer. The same LC method used to measure FFAs was paired with
an MRM scan in negative mode set to record the transition m/z 277.1133.9. The
CE was set to -27, DP to -45, EP to -8.5, and CXP to -3. The source-dependent
parameters were as follows: Curtain gas=30, CAD gas=5, ion spray voltage= 4500, temperature=450, ion source gas 1 and 2=60. A standard solution of MEHP
dissolved in water or 1:1 methanol/water (v/v) was used to generate a calibration
curve for analysis of media and cell samples, respectively. Uptake of MEHP by
the cells was calculated by subtracting the chemical‘s concentration in spent
medium from the concentration in fresh medium, multiplied by the volume of the
extracellular medium. Intracellular accumulation of MEHP was determined by
measuring the total amount of MEHP in the cell extract collected from a culture
well.
2.3.2.3 Isotopically-labeled metabolite measurement
For experiments involving isotopically labeled substrates, the distribution of the
labeled atoms throughout central carbon metabolism was monitored by measuring
the abundance of isotopomers of intracellular metabolites. To this end, a LC-MS
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method was developed on the QTOF instrument to obtain high-resolution MS and
MS/MS data capable of distinguishing different isotopomers.
We applied the same HILIC liquid chromatography method previously described
in section 2.3.2.1 to analyze glycolysis, TCA cycle, and PPP intermediates, and
nucleotide cofactors. For acquisition of MS data, a TOF-MS survey scan was
combined with dedicated product ion scans for each isotopomer of interest, to
obtain a full MS/MS spectrum of fragments with which to validate the identities
of the isotopomer compounds and their retention times. Quantification was
performed in MultiQuant using the TOF-MS XICs for each compound with the
exception of glucose and citrate, for which we used the summed traces of their
product ion XICs (Table 2-2). Validation experiments were performed by
injecting defined mixtures of labeled and unlabeled standards and recovering the
theoretical isotope distributions. An example of the validation process using
citrate is illustrated in Appendix A.
Table 2-2. Metabolite isotopomers and respective extraction masses for
quantitation.
Compound
Citrate (M+0)
Citrate (M+1)
Citrate (M+2)
Citrate (M+3)
Citrate (M+4)
Citrate (M+5)
Citrate (M+6)
Malate (M+0)
Malate (M+1)
Malate (M+2)
Malate (M+3)
Malate (M+4)
Fumarate (M+0)

MS extraction m/z
for quantitation (Da)
132.9942-133.0342
133.9942-134.0342
134.9942-135.0342
135.9942-136.0342
136.9942-137.0342
114.9937-115.0137
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MS/MS extraction m/z for
quantitation (Da)
110.9973-111.0173 86.9982-87.0182
111.9973-112.0173 87.9982-88.0182
112.9973-113.0173 88.9982-89.0182
113.9973-114.0173 89.9982-90.0182
114.9973-115.0173 90.9982-91.0182
115.9973-116.0173 91.9982-92.0182
116.9973-117.0173 92.9982-93.0182
-

Fumarate (M+1)
Fumarate (M+2)
Fumarate (M+3)
Fumarate (M+4)
Glucose (M+0)
Glucose (M+1)
Glucose (M+2)
Glucose (M+3)
Glucose (M+4)
Glucose (M+5)
Glucose (M+6)
G 6-P (M+0)
G 6-P (M+1)
G 6-P (M+2)
G 6-P (M+3)
G 6-P (M+4)
G 6-P (M+5)
G 6-P (M+6)
F-1,6-bP (M+0)
F-1,6-bP (M+1)
F-1,6-bP (M+2)
F-1,6-bP (M+3)
F-1,6-bP (M+4)
F-1,6-bP (M+5)
F-1,6-bP (M+6)
DHAP/GAP (M+0)
DHAP/GAP (M+1)
DHAP/GAP (M+2)
DHAP/GAP (M+3)
Lactate (M+0)
Lactate (M+1)
Lactate (M+2)
Lactate (M+3)

115.9937-116.0137
116.9937-117.0137
117.9937-118.0137
118.9937-119.0137
259.0000-259.0300
260.0000-260.0300
261.0000-261.0300
262.0000-262.0300
263.0000-263.0300
264.0000-264.0300
265.0000-265.0300
338.9688-339.0088
339.9688-340.0088
340.9688-341.0088
341.9688-342.0088
342.9688-343.0088
343.9688-344.0088
344.9688-345.0088
168.9800-169.0000
169.9800-170.0000
170.9800-171.0000
171.9800-172.0000
89.0144-89.0344
90.0144-90.0344
91.0144-91.0344
92.0144-92.0344

113.0127-113.0327
114.0127-114.0327
115.0127-115.0327
116.0127-116.0327
117.0127-117.0327
118.0127-118.0327
119.0127-119.0327
-

89.0139-89.0339
90.0139-90.0339
91.0139-91.0339
92.0139-92.0339
93.0139-93.0339
94.0139-94.0339
95.0139-95.0339
-

2.3.2.4 Untargeted metabolomics methods
Untargeted analysis of metabolites was performed using LC-MS experiments on
the QTOF instrument. An information-dependent acquisition (IDA) method was
run in both positive and negative ion modes to increase the breadth of analytes
detected.
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Both IDA methods comprised a TOF MS (survey) scan and (triggered) highresolution MS/MS (product ion) scans monitoring up to 8 candidate ions per
cycle. The dependent scans were triggered whenever the survey scan detected a
precursor ion matching the following criteria: mass range of m/z 40-1500, mass
tolerance of 50 mDa, and exclude isotopes within 4 Da. Previously fragmented
target ions were excluded from fragmentation for 5 sec to improve the number of
different ions fragmented. Dynamic background subtraction was applied to
improve detection of precursor ions.
For positive ion mode, chromatographic separation was achieved on a C18
reverse phase (RP) column (Synergi Fusion-RP 4µ 80Å 150 x 2.0 mm,
Phenomenex, Torrance, CA) as described in section 2.3.2.1 for the amino acid
method. For negative mode, the HILIC method on an amide column (Luna NH2
5µ 100Å 250 x 2.0 mm, Phenomenex, Torrance, CA) was used. For each method
15µl of sample was injected into the column.
Processing and analysis of the IDA data for untargeted metabolomics is described
in Chapter 5.
2.3.3 LC-MS methods for proteomics
A workflow was developed to perform untargeted data collection of cellular
proteins, with qualitative and quantitative post-acquisition analysis. The sample
preparation in described in sections 2.3.1.3-4.
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Figure 2-1. Workflow for untargeted LC-MS proteomics of adipocyte
extracts.

2.3.3.1 HPLC separation
Chromatographic separation was achieved on a RP column (Acentis Express C18
2.7 µm 100Å 150 x 2.1 mm, Sigma Aldrich) using a gradient method involving
two mobile phases. Solvent A was water + 0.1% formic acid and solvent B was
acetonitrile + 0.1% formic acid. The flow rate was held constant at 200 µL/min.
The mobile phase gradient was as follows. Solvent A was held at 98% from 0 to
15 min, linearly decreased to 55% over 35 min, held at 55% for 10 min, linearly
decreased to 5% over 2 min, held at 5% for 13 min, linearly increased to 98%
over 0.5 min, and held at 98% for 4.5 min.
2.3.3.2 Untargeted data acquisition using ESI-MS/MS
A series of untargeted scans using the QTOF instrument were developed to detect
and quantify intracellular proteins. The MS experiments were informationdependent acquisition (IDA) and data-independent acquisition (DIA). An IDA
scan was used to generate an ion library in ProteinPilot (v. 5.1, AB Sciex) of all
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proteins and their corresponding peptides in the sample, and a DIA (sequential
window acquisition of all theoretical spectra, SWATH™) scan was used to obtain
high-quality MS/MS data for quantification. For each method 100µl of the digest
was injected into the column.
The IDA method comprised a TOF MS (survey) scan and (triggered) highresolution MS/MS (product ion) scans monitoring up to 25 candidate ions per
cycle. The dependent scans were triggered whenever the survey scan detected a
precursor ion matching the following criteria: mass range of m/z 300-1250, charge
state of +2 to +5, mass tolerance of 50 mDa, exclude isotopes within 4 Da, ion
count exceeds 100 cps. Previously fragmented target ions were excluded from
fragmentation for 15 sec to improve the number of different ions fragmented.
Rolling collision energy ensured that fragment ions were generated for a wide
variety of peptides.
For the DIA (SWATH™) experiments, the mass spectrometer stepped through a
set of 25 Da precursor acquisition windows covering a 400-1600 m/z mass range
within a 3.33 sec cycle. During each cycle, the mass spectrometer fragmented all
precursor ions in the quadrupole isolation window, and recorded a complete
fragment ion spectrum for each precursor selected in that window. The same
precursor isolation window was fragmented repeatedly at each cycle during the
entire LC separation.
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2.3.3.3 Peak review
Both the IDA and DIA scans were calibrated a second time, post-acquisition, to
ensure <5ppm mass error. Post-acquisition calibration was performed in
PeakView software. Both MS and MS/MS spectra were calibrated to precursor
ions

and

fragment

ions

of

the

GAPDH

peptide

VIHDNFGIVEGLMTTVHAITATQK, respectively (Table 2-3). The MS
spectrum (for the TOF-MS scan) was calibrated to the +5, +4, and +3 ions of the
peptide at a retention time of 46.2 minutes. The MS/MS spectra (for all SWATH
windows) were calibrated using several y and b fragment ions from the +4
precursor ion, at the same retention time.
Table 2-3. Mass calibration reference table for a GAPDH peptide
Spectrum
Center
Width
Compound
MS
519.8778
0.5
VIHDNFGIVEGLMTTVHAITATQK+5
MS
649.5955
0.5
VIHDNFGIVEGLMTTVHAITATQK+4
MS
865.7915
0.5
VIHDNFGIVEGLMTTVHAITATQK+3
MS/MS
968.5524
0.5
y9
MS/MS
869.4839
0.5
y8
MS/MS
732.4250
0.5
y7
MS/MS
661.3879
0.5
y6
MS/MS
651.3477
0.5
y12(2)
MS/MS
896.4625
0.5
b8
MS/MS
726.3569
0.5
b6
Chromatograms were retention-time-corrected to account for normal drift over the
course of the batch experiment as well as sample matrix differences as described
in section 2.3.3.4.
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2.3.3.4 Data analysis
The post-acquisition data analysis workflow was designed to combine untargeted
analysis of cellular proteins from IDA with targeted analysis and quantitation that
can be achieved with SWATH™. An overview of the workflow is shown in
Figure 2-2.

Figure 2-2. Post-acquisition proteomics data analysis workflow.
2.3.3.4.1 Untargeted analysis
(1) Proteins were identified from the IDA scan data using ProteinPilot (v. 5.1, AB
Sciex) and the SwissProt database. IDA scan files for every sample in an
experiment were used to create a comprehensive library that represented every
protein that could be identified across all samples.
(2) Next, LC-MS data from the IDA TOF-MS survey scan was processed in
MarkerView (v. 1.2, AB Sciex) to identify and quantify peaks of ions
91

(corresponding to peptides) with known m/z and retention time (RT). Peaks
were aligned across samples by treating peaks from two samples with the
same m/z (30 ppm tolerance) and RT (1 min tolerance) as the same variable.
The number of aligned peaks used for further analysis was cut off at 10,000
based on intensity. Retention time correction was performed on all samples in
the peak list prior to peak-finding by calibrating to the known retention time
of the following Pyruvate carboxylase peptides listed in Table 2-4. A mass
tolerance of 0.1 Da and a retention time tolerance of 2.5 min were used.
Table 2-4. Data used for post-acquisition peak alignment.
m/z

RT (min)

Sequence

z

479.77

30.27

ALAVSDLNR

2

504.261

32.46

ADEAYLIGR

2

550.797

33.52

FIGPSPEVVR

2

774.369

34.38

AEAEAQAEELSFPR

2

914.946

37.17

GANAVGYTNYPDNVVFK

2

The response (integrated peak area) for each precursor ion was then
normalized by total peak area to account for variability in total protein loaded
onto the column.
(3) PLS-DA was performed on the resulting data table in MATLAB (MathWorks,
Natick, MA). The loadings for the first 3 latent variables (LVs) were sorted by
magnitude, and thresholds (97.5th percentile for LV1, and 99th percentile for
LVs 2 and 3) were applied to select the most discriminatory peptide ions.
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(4) Each discriminatory ion was assigned a peptide identity by manually
searching the ion library generated in ProteinPilot (v. 5.1, AB Sciex) and its
corresponding protein identity was determined from the ion library or by
performing a BLAST search on the peptide sequence. Each identified protein
was then categorized into one or more biological functions (inflammation,
metabolism, stress response, and other) by searching the UniProtKB/SwissProt database for related GO annotations.

2.3.3.4.2 Targeted analysis
For each protein of interest identified from the IDA scan, the peptide(s) that gave
the strongest signal intensity in the MS/MS spectra were manually selected to
build a quantification method using the DIA data. Furthermore, only peptides
with a high ID confidence (>99%) were chosen for quantification.

(5) Representative DIA scan data files were viewed in Peakview (v. 1.2, AB
Sciex) to verify the choice of product ions for quantification based on signal
intensity and correct retention time (Fig 2-3). Increased confidence in peptide
quantification was achieved by monitoring the 3-5 highest intensity product
ions that elute together.
(6) The peptides of interest were quantified using MultiQuant (v. 2.1, AB Sciex)
by first summing the XICs of the selected product ion peaks, and then
integrating the summed intensities to determine the corresponding AUC. The
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list of peptides and respective fragment ions used for quantification in the
MEHP dose experiment of Chapter 3 are shown in Table 2-5.
(7) Changes in protein levels between different samples were calculated based on
peptide AUC values normalized to the corresponding sample‘s total ion
current (TIC) from the TOF-MS survey scan, as well as to total protein
content. When possible, the AUC of multiple peptides from the same protein
were averaged together.

Figure 2-3. Example of selected product ions for quantification of a peptide
using SWATH acquisition data and PeakView software. Left panel: extracted
ion chromatograms (XICs) of Fatty acid binding protein 4 (FABP4) peptide
LGVEFDEITADDR2+. Right panel: MS/MS spectrum from SWATH window
724.0-750.0 (400-1600) at 36.7 min.
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Table 2-5. Peptides and respective MS/MS fragment ions used for quantification
of intracellular proteins in Chapter 3.
Protein

Peptide

Precurso
r m/z
(Da)

Fatty acid
binding
protein 4,
adipocyte

LVSSENFDDYMKEVGVGFATR
+2

1182.563
+2

Product(s) m/z

SwissProt
accession
#

935.495+ y9
806.452+ y8

P04117

707.384+ y7
853.917+2 y14
TIMHDPFAMRPFFGYNFGR+4

576.7761
+4

911.43+2 y15
713.337+ y6
1104.526+ y9

Phosphoenolp
yruvate
carboxykinase,
mitochondrial

791.387+ y6
VECVGDDIAWMR+2
(Confidence 96.2%)

725.8263
+2

963.435+ y8

Q8BH04

1062.504+ y9
1222.534+ y10
634.313+ y4

VLDWICR+2
(Confidence 91.1%)

481.2498
+2

749.3+ y5
862.424+ y6

Glyceraldehyd
e 3-phosphate
dehydrogenase

890.402+2 y+2
890.402
+2

LISWYDNEYGYSNR+2

759.330+ y6

P16858

596.273+ b8
1294.6426+ y11

Glycerol 3phosphate
dehydrogenase
, cytoplasmic

1131.5793+ y10
777.3745
+2

VCYEGQPVGEFIR+2

1102.5367+ y9

P13707

817.4567+ y8
621.3355+ y7
929.542+ y10

Perilipin 4

DTVTTGLTGAVNVAK+2

723.8944
+2

759.436+ y8

O88492

658.388+ y7
831.468+ y7
Perilipin 1

GLLGGVVHTVQNTLR+3

521.9704
+3

968.527+ y8
640.857+2 y12(2)

Q8CGN5

697.399+2 y13(2)
575.315+ y6
Adiponectin

533.7800
+2

SAFSVGLETR+2

761.415+ y7

Q60994

908.484+ y8
Fetuin A

424.2207
+2

CNLLAEK+2
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460.277+ y4
424.211+2 y7(2)

P29699

415.215+2 b7(2)
Macrophage
migration
inhibitory
factor

820.398+ y7
523.787
+2

LLCGLLSDR+2

660.368+ y6

P34884

490.262+ y4
603.346+ y5

Carbonyl
reductase 2

FAEVEDVVNSILFLLSDR+3

689.3641
+3

750.414+ y6

P08074

863.499+ y7
Acyl-CoA
synthetase
long-chain
family
member 1

488.308+ y4
450.7737
+2

AILDDLLK+2

603.335+ y5
716.419+ y6

P41216

829.503+ y7
660.368+ y6

Fatty acid
synthase

LLLPEDPLISGLLNSQALK+3
(Confidence 98.1%)

678.7330
+3

773.452+ y7
943.557+ y9

P19096

1030.589+ y10
Glutathione Stransferase mu
1

696.278+2 y11(2)
583.938
+3

MLLEYTDSSYDEKR+3

753.341+2 y12(2)

P10649

809.883+2 y13(2)

a. The corresponding charge states are listed at the end of each m/z value and
peptide sequence.
b. All cysteine residues in peptides used for quantification are
carboxyamidomethylcysteines.
c. When one peptide was used to quantify a protein, we ensured using a BLAST
search that these were distinct peptides that map to only one protein sequence.
d. All peptides selected for identification/quantification had a ProteinPilot
confidence score of 99% unless otherwise indicated.
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CHAPTER 3: Effects of monoethylhexyl phthalate on adipocyte metabolism
and inflammation2

3.1 Abstract

Background: A growing body of evidence links EDCs with obesity-related
metabolic diseases. While it has been shown that EDCs can predispose
individuals towards adiposity by affecting developmental processes, little is
known about the chemicals‘ effects on adult adipose tissue.
Objectives: Our aim was to study the effects of low, physiologically relevant
doses of EDCs on differentiated murine adipocytes.
Methods: We combined metabolomics, proteomics, and gene expression analysis
to characterize the effects of mono-ethylhexyl phthalate (MEHP) in differentiated
adipocytes.
Results: Repeated exposure to MEHP over several days led to changes in
metabolite and enzyme levels indicating elevated lipogenesis and lipid oxidation.
The chemical exposure also increased expression of major inflammatory
cytokines, including chemotactic factors. Proteomic and gene expression analysis
revealed significant alterations in pathways regulated by PPAR-γ. Inhibiting the
nuclear receptor‘s activity using a chemical antagonist abrogated not only the

2

Manteiga S, and Lee K. Monoethylhexyl phthalate elicits an inflammatory response in
adipocytes characterized by alterations in lipid and cytokine pathways. Environ Health Perspect.
2016 Jul 6. [Epub ahead of print]
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alterations in PPAR-γ regulated metabolic pathways, but also the increases in
cytokine expression.
Conclusions: Our results show that MEHP can induce a pro-inflammatory state in
differentiated adipocytes. This effect is at least partially mediated PPAR-γ.
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3.2 Introduction
Contamination of the environment with organic pollutants has emerged as
a significant public health concern due to the pervasive nature of these
contaminants. Of particular concern are EDCs, which comprise a structurally
diverse group of chemicals that interfere with the endocrine system.
Epidemiological studies have linked chronic EDC exposure to adverse effects on
reproduction, development, and more recently, metabolic diseases. A growing
number of studies have reported that perinatal exposure to certain EDCs, termed
obesogens (Grun and Blumberg 2006), could contribute to weight gain through an
adipogenic effect that leads to increased body fat mass. This hypothesis has
gained support from both in vivo and in vitro studies. Progenitor cells isolated
from the AT of mice exposed in utero to TBT exhibit greater sensitivity towards
adipogenic differentiation and increased basal expression of adipogenic
differentiation marker genes (Kirchner et al. 2010). These and related findings
have highlighted the potential for early life EDC exposure to predispose the
offspring toward an obese phenotype later in life by reprogramming stem cell
fate, possibly through epigenetic changes.
Mechanistic information remains scant, however, for many other EDCs
that are substantially more prevalent in the environment than TBT and have also
been linked to obesity-related metabolic diseases. To date, studies have mainly
focused on the impact of suspected obesogens on stem cell fate and tissue
development, sometimes yielding conflicting results (Rubin et al. 2001; Ryan et
al. 2010). Less attention has been paid to clarifying whether these chemicals can
99

directly disrupt metabolic regulation in differentiated cells of adult tissue. In AT
development, formation of new adipocytes via differentiation of progenitor cells
is intimately coupled to the ensuing expansion of adipocytes (hypertrophy) via
lipid accumulation; the enzymes and regulatory proteins responsible for lipid
droplet (LD) formation are also markers of differentiation. In post-adolescent
humans, hypertrophy is the predominant mode of body fat mass increase, as the
adipocyte turnover rate remains nearly constant at ~10 % per year throughout
adulthood (Spalding et al. 2008). Paradoxically, obese subjects exhibit a
decreased capacity to form new lipid-storing adipocytes, which limits the overall
plasticity of the AT (Danforth 2000) and pushes the mature adipocytes towards
hypertrophic expansion in response to overfeeding.
Adipose cellular hypertrophy correlates with accumulation of proinflammatory immune cells in AT, which underpins insulin resistance and other
metabolic dysfunctions associated with obesity-related diseases (Manteiga et al.
2013). It is possible that EDCs interfere with endogenous regulatory pathways to
promote an inflammatory state. One scenario is that disruption of metabolic
regulation in adipocytes results in increased efflux of FFAs, which could activate
locally resident macrophages, adding to the pro-inflammatory milieu in the AT.
This would further enhance lipolysis, thereby establishing a self-reinforcing proinflammatory feedback loop (Suganami et al. 2005). EDCs could disrupt
metabolic regulation in a number of ways, including: non-specific binding to
multiple different nuclear receptors (NRs) (Bility et al. 2004); selective binding to
pleiotropic NRs (Grun and Blumberg 2006); and epigenetic changes leading to an
100

alteration of DNA methylation (Rajesh and Balasubramanian 2014). Due to their
exogenous origin, EDCs cannot be readily placed into the context of a canonical
biochemical or signaling pathway. In this light, a data-driven (e.g., multi-omic)
approach could provide valuable clues in determining the pathways impacted by
the chemical, which in turn could lead to mechanistic insights.
In this study, we combined metabolomic and proteomic analyses to study
the biochemical changes elicited by a pervasive EDC, monoethylhexyl phthalate
(MEHP), in differentiated adipocytes. Compared to two other representative
EDCs, tributyltin (TBT) and bisphenol A (BPA), MEHP more drastically alters
the cellular metabolic profile, while also eliciting a pro-inflammatory response in
a dose-dependent fashion. Results of proteomic analysis in conjunction with gene
expression data pointed to the involvement of the nuclear receptor PPAR-γ as a
mediator of the observed metabolic and inflammatory responses. Inhibition of
PPAR-γ activity abrogated both the metabolic and inflammatory effects of
MEHP, further supporting the involvement of PPAR-γ.

3.3 Methods

3.3.1 Chemicals and reagents. Newborn calf serum (CS), fetal bovine serum
(FBS), DMEM, penicillin-streptomycin, insulin, PBS, and TRIzol reagent were
purchased from Life Technologies, trypsin from Thermo Scientific, and
recombinant mouse TNF-α from R&D Biosystems. Unless otherwise noted, all
other chemicals and reagents were purchased from Sigma Aldrich.
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3.3.2 Cell culture. Low passage 3T3-L1 preadipocytes (ATCC) were seeded into
12-well plates at a concentration of 105 cells/cm2 and cultured in a humidified
incubator at 37 C and 10 % CO2. The cultures were expanded in a growth
medium consisting of DMEM supplemented with 10 % v/v CS, penicillin (100
units/mL), streptomycin (100 mg/mL), and amphotericin (2.5 mg/mL). The
growth medium was changed every 2–3 days until the culture reached confluence.
Two days post-confluence (Day 0), the cells were induced to differentiate using
an adipogenic cocktail (1 mM dexamethasone, 1 mg/mL insulin, and 0.5 mM
methylisobutylxanthine, DIM) added to a basal medium (DMEM with 10 % v/v
FBS and penicillin/streptomycin/amphotericin). After 48 h, the DIM medium was
aspirated, and the cells were fed fresh basal medium supplemented with only
insulin. On Days 4 and 6, the cells were again fed the DIM and insulin medium,
respectively, to complete the differentiation. On Day 8, the cultures were
randomly divided into four treatment groups, and fed the basal medium
supplemented with 100 nM TBT, BPA, MEHP, or 0.1% DMSO (vehicle control).
For the dose response experiments, the treatment groups were fed the basal
medium supplemented with 0.1, 1, or 10 M MEHP. A fourth, control group was
fed the basal medium supplemented with vehicle (0.01 % DMSO) alone. For the
inhibitor experiment, cells were fed basal medium supplemented with 10M
MEHP or vehicle, in the presence or absence of 5M GW9662. The culture
medium was replenished every other day for the remainder of the experiment. On
Day 15, TNF- (20 ng/mL) was added to a subset of the vehicle control cultures
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to generate a positive control for acute inflammation. Table 3-1 summarizes the
timeline of the cell culture experiments. On Days 8, 12, and 16, images were
recorded for a set of randomly selected wells from each treatment or control
group, and then sacrificed for metabolomic and proteomic analysis. A second set
of wells was sacrificed and the cells lysed using 0.1% sodium dodecyl sulfate
(SDS) for biochemical assays of total triglyceride (TG), DNA, and protein
content. A third set of wells was sacrificed for qPCR analysis. Sacrificing separate
sets of wells in parallel was necessary due to the different lysis/extraction buffer
requirements for mass spectrometry (MS), biochemical assays, and qPCR.

Table 3-1. Timeline of cell culture experiments
Time (day)
Culture
medium
a

-5

0

2
Basal+
Growth DIM
insulin

4

6
Basal+
DIM
insulin

8a
Basal + EDC or
vehicle

TNF-α added on day 15

3.3.3 Metabolite extraction. Metabolites were extracted from adherent cells using
direct cell scraping method described in Chapter 2. Briefly after removing the
culture medium and rinsing the cells with PBS, ice-cold methanol/water (91:9,
v/v) was added (0.525 ml/well) to lyse the cells. Any remaining adherent cells and
debris were scraped off the bottom to collect the entire contents of the well, which
were transferred into a clean sample tube. After adding 0.475 ml of chloroform,
the sample tube was vortexed vigorously to obtain a mono-phase mixture. The
samples were subjected to 3 freeze-thaw cycles, and then centrifuged under
refrigeration (4°C) at 15,000g for 5 min. The supernatant and pellet were
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separately collected for metabolite analysis and protein extraction, respectively.
The supernatant samples were concentrated by evaporation in a speedvac
concentrator, and then reconstituted in methanol/water (1:1, v/v). Extracted
samples were stored at -80 °C until analysis.

3.3.4 Metabolomics. Targeted analysis of metabolites was performed using
several different liquid chromatography (LC-MS) methods (Chapter 2, section
2.3.2.1). For each LC-MS method, high-purity standards of the target metabolites
were used to optimize compound-dependent parameters (e.g. collision energies)
and identify product ions to monitor for quantification. For each detected target
metabolite, the corresponding peak in the extracted ion chromatogram (XIC) was
manually integrated using MultiQuant (v. 2.1, AB Sciex) to determine the areaunder-the-curve (AUC). Absolute concentrations were determined from standard
curves generated using the high-purity standards, and normalized to the
corresponding sample DNA content.

3.3.5 Protein extraction. Cellular protein was extracted from the same cell lysate
samples used for metabolite extraction using the methods described in Chapter 2
section 2.3.1.3. The extraction buffer was an aqueous solution of 0.05 M Tris (pH
7.6), 0.5 % (w/v) SDS, and 1 % (v/v) β-mercaptoethanol. Equal volumes (650 µL)
of the extraction buffer and TRIzol reagent (Life Technologies) were mixed and
added to the cell pellet collected from the metabolite extraction. After incubating
for 1 h at 37C, the sample was vortexed and centrifuged under refrigeration
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(4C) at 14,000g for 15 min to obtain phase separation. The upper and bottom
phases containing RNA and protein, respectively, were separately collected into
clean sample tubes using a syringe. The bottom phase was mixed with 1 mL icecold acetone, and stored at -20C overnight (18 h), and centrifuged the next day
under refrigeration (4C) at 14,000g for 15 min to pellet the proteins. The protein
pellet was washed 3 times with 1 mL ethanol. The precipitated protein was
reduced, alkylated and digested into peptides using trypsin. The proteins were
reduced by incubating the sample at 37C for 30 min with dithiothreitol (DTT)
and 8 M urea. The next step added iodoacetamide and incubated the mixture for
15 min in the dark to alkylate cysteine residues. The digest step added trypsin to
the reaction mixture at a ratio of 10 µg protease per 1 mg protein. After an
overnight incubation, addition of formic acid terminated the reaction by lowering
the pH to 2. Prior to LC-MS analysis, a final centrifugation step removed any
remaining undigested protein.

3.3.6 Proteomics. We performed a series of untargeted experiments using the
QTOF instrument to detect and quantify intracellular proteins. Chromatographic
separation was achieved on a RP column (Ascentis Express C18, Sigma Aldrich)
using a gradient method involving two mobile phases (Chapter 2, section 2.3.3.1).
The MS experiments were information-dependent acquisition (IDA) and dataindependent acquisition (DIA). An IDA scan was used to generate an ion library
in ProteinPilot (v. 5.1, AB Sciex) of all proteins and their corresponding peptides
in the sample, and a DIA (sequential window acquisition of all theoretical spectra,
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SWATH) scan was used to obtain high-quality MS/MS data for quantification
(Chapter 2, section 2.3.3.2). For each protein of interest identified from the IDA
scan, the peptide(s) that gave the strongest signal intensity in the MS/MS spectra
were manually selected to build a quantification method. A representative DIA
scan data file was opened in PeakView (v. 1.2, AB Sciex) to verify the choice of
product ions for quantification (Chapter 2 Fig 2-3). The peptides of interest were
quantified using MultiQuant (v. 2.1, AB Sciex) by first summing the intensities of
the selected product ion peaks, and then integrating the summed intensities to
determine the corresponding AUC. Changes in protein levels between different
samples were calculated based on the AUC values normalized to the
corresponding sample‘s total ion current (TIC) from the TOF-MS survey scan, as
well as to total protein content.

3.3.7 Gene expression analysis. Cell samples were homogenized in TRIzol
reagent and total RNA was extracted according to the manufacturer‘s instructions.
RNA

concentration

and

quality

was

assessed

using

a

Nanodrop

spectrophotometer (Thermo Scientific). Reverse transcription was performed
using the Superscript III First-Strand Synthesis System (Life Technologies), with
2 μg total RNA reverse transcribed using oligo(dT) primers. qPCR was performed
with Brilliant II SYBR Green qPCR Master Mix (Life Technologies) and the
MX3000p qPCR System (Agilent). The primer pairs (Eurofins MWG Operon
Oligos) used for qPCR analysis are listed in Appendix B, Table B-1. Expression
levels were calculated using the delta-delta cycle threshold method. Data are
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expressed as (log2) fold-changes (normalized to 18S rRNA) relative to vehicle
control.

3.3.8 Biochemical assays. Assays of total DNA, protein, and cellular TG content
used cell samples lysed and sonicated in the SDS buffer. Total DNA was
measured with a fluorescence-based assay using the Hoechst dye method. Total
protein content in a sample was determined using a BCA assay kit (Thermo
Scientific) per the manufacturer‘s instructions. Cellular TG content was measured
using an enzymatic assay kit (Sigma Aldrich) as described previously (Si et al.
2009b).

3.3.9 Statistical analysis. We used PLS-DA to compare the metabolite profiles of
the treatment groups. Prior to the analysis, the metabolite data were standardized
to unit variance and zero mean. Calculations of latent variable (LV) scores and
loadings were performed in MATLAB (Mathworks). The first two LV scores and
corresponding loadings were plotted for each sample to visualize sample
groupings and identify discriminatory metabolites. For each treatment group, a
confidence ellipse was drawn to define the region that contains 95 % of all
samples that can be expected from the underlying Gaussian distribution.
Mahalanobis distance was used to determine the separation between group
centroids, and the corresponding p-values are reported in the figure legends for
treatment groups showing significant separation from control.
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Pairwise comparisons were performed using the Student‘s t-test. The
threshold for significance was set at p < 0.05. For qPCR data, error bars were
drawn using a weighted standard deviation (s) of the error in the control and
treatment group delta Ct values, where s=[(stdev(treatment ΔCt))2+(stdev(control
ΔCt))2]1/2. For repeat experiments, the standard deviation was calculated based on
the average fold-change for all biological replicates.

3.4 Results

3.4.1 EDC exposure increases expression of inflammatory gene markers
Based on published reports suggesting that TBT, BPA, and MEHP are obesogens
capable of stimulating lipogenesis (Feige et al. 2007; Grun et al. 2006; Sargis et
al. 2010), we first characterized the effects of these chemicals on lipid
accumulation in differentiated 3T3-L1 adipocytes. Compared to previous studies
(Chiang et al. 2014; Ellero-Simatos et al. 2011) we applied substantially lower
doses that are comparable to systemic concentrations found in human exposure
studies (Frederiksen et al. 2010; Kannan et al. 1999; Vandenberg et al. 2012). For
the duration of the exposure experiment (Days 8 to 16), the cells remained
rounded and lipid laden, and no qualitative differences in cellular and lipid droplet
(LD) morphology were observed between the treatment groups (Fig 3-1a-d).
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Figure 3-1. Effects of EDCs on lipid accumulation and inflammation in
adipocytes. (A-D) Representative bright-field images of cells recorded 8 days
after EDC treatment (Day 16). Scale bar: 100µm. (E) Total cellular triglyceride in
each culture well normalized to the corresponding DNA content. (F) MCP-1 gene
expression on Day 16. All data shown represent N = 3 independent experiments
(3 biological replicates/experiment). Error bars show standard deviation (SD). *:
P-value < 0.05
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Quantitative assessment of total cellular triglyceride content did not show any
significant differences between the treatment groups (Fig 3-1e). Gene expression
analysis showed that both TBT and MEHP significantly increased the transcript
level of monocyte chemoattractant protein-1 (MCP-1), a major chemotactic factor
that signals for recruitment and M1 polarization of macrophages (Fig 3-1f).

3.4.2 Metabolomics indicate MEHP is a potent metabolic disruptor
To broadly assess the metabolic effects of EDC exposure, the levels of 46 central
carbon metabolites were measured using LC-MS. Partial least squares
discriminant analysis (PLS-DA) was performed to determine whether there were
significant differences in the metabolite profiles between the treatment groups,
and if so, to identify which metabolites contributed to discriminating the groups
from each other. Projections of the metabolite profiles onto the first and second
LV space showed a clear separation between the MEHP treatment and control
groups along the first LV (Fig 3-2a). The MEHP group projected furthest from
the control group, with a Mahalanobis distance of 6.89 compared to a distance of
1.86 and 2.35 for TBT and BPA, respectively. Statistical testing (2 distribution)
at the 95% significance level confirmed that the separation between the MEHP
and control groups is significant.

3.4.3 Multivariate analysis reveals discriminatory metabolites
The loadings plot from PLS-DA represents the metabolites‘ influence on the
separation between treatment groups, with each loading corresponding to a
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distinct metabolite. Of the five metabolites that were uniquely different for MEHP
relative to control (Fig 3-2b, boxed insert), the two metabolites positively
correlated with MEHP exposure are fatty acids, suggesting that MEHP exposure
led to major changes in lipid metabolism. Other lipids contributing to the
separation of MEHP and control include both saturated and unsaturated longchain fatty acids as well as complex lipid derivatives (designated as ‗PG‘ in
Figure 3-2b) that are likely prostaglandins.
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Figure 3-2. Effects of EDCs on metabolite profiles in differentiated
adipocytes. (A) PLS-DA scores of Day 16 metabolite data for different EDC
treatments with 95 % confidence ellipses. Each point represents the average of 3
biological replicates from one experiment. (B) Discriminatory metabolites
identified based on the loadings are listed in the boxed insert.
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3.4.4 MEHP up-regulates pro-inflammatory cytokine and chemokine
expression
We next performed a dose response experiment to characterize in more detail the
chemical‘s effects on inflammation indicators and metabolic pathways. We first
confirmed that MEHP was taken up from the culture medium, and that this uptake
occurred in proportion to the administered dose (Fig 3-3). Gene expression
analysis showed significant up-regulation of pro-inflammatory cytokines (TNF-α
and IL-6) and chemokines (MCP-1 and CXCL1) in MEHP-treated cells on Day
16, albeit to a lesser extent than the positive control TNF-α (Fig 3-4a).

Figure 3-3. MEHP accumulates in adipocytes. White bar: Amount of MEHP
taken up from the culture medium between Days 14 and 16. Black bar: Amount of
intracellular MEHP measured on Day 16. MEHP was last added to the culture on
Day 14. Data shown are averages of N = 3 biological replicates.
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Figure 3-4. Dose effects of MEHP on adipocyte inflammatory markers and
fatty acid profile (A) Expression profiles of inflammatory gene markers. (B)
Summed contributions of quantitatively significant unsaturated and saturated
FFAs. (C) Intracellular FFA profile. Data shown are the average of N = 2
independent experiments (3 biological replicates/experiment). Error bars show
SD. *: P-value < 0.05

3.4.5 MEHP raises intracellular free fatty acid levels
To quantitatively characterize the MEHP-induced changes in metabolism,
absolute concentrations were determined for central carbon metabolites using a
targeted LC-MS analysis. We first examined the most discriminatory metabolites
identified from PLS-DA. MEHP treatment significantly altered the FFA profile
on Day 16, significantly raising the levels of both saturated and unsaturated fatty
acids (Fig 3-4b). Examining specific FFAs (Fig 3-4c), we found that exposure to
MEHP (1-10 µM) significantly increased the intracellular levels of palmitoleic,
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palmitic, linoleic, oleic, and arachidonic acid. Treatment with TNF-α, which is
known to stimulate lipolysis in adipocytes, also increased the levels of these
FFAs. In addition to fatty acids, MEHP broadly altered the levels of other central
carbon metabolites (Appendix B, Figure B-1), including glycolysis and TCA
cycle intermediates.

3.4.6 MEHP alters PPAR-γ target enzyme expression and abundance
Based on the observation that MEHP treatment significantly perturbed the profile
of intracellular fatty acids, we investigated the chemical‘s effects on key
regulators of lipid metabolism. Gene expression data showed that MEHP
exposure did not alter the mRNA level of PPAR-γ. However, the expression
levels of two PPAR-γ targets, CCAAT/enhancer-binding protein alpha (C/EBPα)
and phosphoenolpyruvate carboxykinase (PEPCK), were increased significantly
(Fig 3-6a), implying increased PPAR-γ activity.
The responses of PPAR-γ and two of its target genes suggested that gene
expression analysis alone does not fully capture the impact of MEHP exposure on
PPAR-γ regulated pathways. Therefore, we combined untargeted proteomics with
targeted data extraction to profile the levels of cellular proteins. Overall, the
proteomic data revealed significant changes in the levels of metabolic enzymes
and other proteins involved in regulating the lipid balance in adipocytes (Fig 35).

Significantly

up-regulated

proteins

include

glycerol-3-phosphate

dehydrogenase (GPDH), PEPCK, perilipins 1 and 4 (PLIN1/4), fatty acid binding
protein 4 (FABP4), and adiponectin, all downstream targets of PPAR-γ (Fig 3115

6b). In addition to these PPAR-γ target proteins, MEHP exposure increased the
levels of several other enzymes involved in lipid metabolism, including acyl-CoA
synthetase long-chain family member 1 (ACSL1), fatty acid synthase (FAS), and
carbonyl reductase (Fig 3-6d).
The proteomic analysis also revealed alterations in the levels of
inflammatory signaling proteins. Exposure to MEHP at the highest dose (10 µM)
led to a 2-fold increase in the pro-inflammatory cytokine macrophage migration
inhibitory factor (MIF), which was also increased upon TNF-α treatment (Fig 36c). In addition, we observed a significant increase in the abundance of fetuin A
(FetA), a peptide factor that stimulates macrophage migration and polarization in
AT. Interestingly, we found signs of stress response to xenobiotic accumulation,
specifically an increase in the glutathione S-transferase mu 1 (GST mu1). This
increase was not observed in the TNF-α condition, suggesting that the response is
specific to xenobiotic chemicals, rather than inflammation.
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Figure 3-5. PLS-DA of untargeted proteomic data reveals a broad set of
MEHP-induced changes in the levels of proteins that are involved in
inflammatory signaling, metabolism, and stress response. (A) Discriminatory
proteins identified based on the PLS-DA loadings were assigned one or more
Gene Ontology (GO) categories of processes and/or functions. The number of
proteins in the respective categories are shown in parentheses. I: inflammation;
M: metabolism; S: stress response; O: other. Plus (+) symbol indicates multiple
categories. (B) Distribution of processes associated with the discriminatory
proteins for the first 3 latent variables (LVs). (C) Scatter plots of PLS-DA scores
showing separation between treatment groups. For LV1&2 plot, p=0.01 for 10µM
MEHP; For LV1&3 plot, p=0.0033 and 0.02 for 10 and 1µM MEHP,
respectively; For LV2&3 plot, p=0.03 and 0.07 for 1µM and 100nM MEHP,
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respectively (D) Scatter plots of principal component (PC) scores. For 10µM
MEHP, p=0.048 in PC1&2 plot.

Figure 3-6. Dose effects of MEHP on proteins mediating inflammatory
signaling and regulating lipid metabolism. (A) Gene expression profiles of
PPAR-γ, its cross activator C/EBPα, and an enzyme target. Data shown are
averages of N = 3 biological replicates. Relative abundance of PPAR-γ targets
(B), lipid metabolizing enzymes (C), and inflammatory mediators (D). Values are
(log2) fold-changes in protein abundance relative to vehicle control. Data shown
are averages of N = 4 biological replicates. Protein abundance quantified from
SWATH MS data was normalized to total protein and total ion current (TIC).
Error bars show SD. *: P-value < 0.05

3.4.7 PPAR-γ inhibition attenuates MEHP-induced gene and protein changes
To investigate the involvement of PPAR-γ in the responses elicited by MEHP, we
repeated the exposure experiments in the presence of the selective PPAR-γ
antagonist GW9662. We observed significant attenuation of the MEHP-induced
expression of pro-inflammatory cytokines and chemokines (Fig 3-7a), which
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suggested that PPAR-γ could recognize MEHP as an activator. GW9662 also
attenuated levels of PPAR-γ target proteins upregulated by MEHP (Fig 3-7b).
A broader comparison of protein expression profiles revealed a similar
trend. PLS-DA on untargeted proteomic data showed that treatment with MEHP
significantly altered the intracellular protein profile of mature adipocytes by Day
16 (Fig 3-7c). These alterations were significantly attenuated by co-treatment
with GW9662. In comparison, the protein profile of cells in the vehicle control
group was not significantly impacted by treatment with GW9662.

Figure 3-7. Adipocytes co-treated with MEHP and GW9662 are more
phenotypically similar to vehicle controls than cells treated with MEHP
alone. (A) Expression profiles of inflammatory gene markers. (B) Relative
abundance of PPAR-γ targets. Values are (log2) fold-changes in protein
abundance relative to vehicle control. Data shown are averages of N = 3
independent experiments (3 biological replicates/experiment). (C) Scatter plot of
PLS-DA scores for untargeted proteomics data showing significant separation
between vehicle control and MEHP groups. For 10µM MEHP, p=0.03. Data
shown represent N = 2 independent experiments (3 biological
replicates/experiment). Error bars show SD. *: P-value < 0.05
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3.5 Discussion
This study demonstrates for the first time that MEHP directly stimulates
inflammation in differentiated adipocytes. Importantly, the doses employed in this
study reflect physiologically relevant concentrations detected in human
populations (Frederiksen et al. 2010; Kannan et al. 1999; Vandenberg et al. 2012).
We combined metabolomics with gene expression analysis to compare the effects
of three representative EDCs on adipocyte metabolism and inflammation. Of the
three EDCs tested, MEHP mostly drastically altered the metabolic profile of
adipocytes, while also up-regulating inflammation markers. Thus, this EDC was
selected for further investigation to characterize in more detail the pathways
involved in mediating these effects.
A majority of previous studies aimed at monitoring EDCs in humans have
focused on blood or urine samples (Carwile and Michels 2011; Genuis et al.
2012), with only a handful of studies analyzing local EDC levels in the AT. In
vitro studies offer the opportunity to characterize the responses of a specific cell
type to a chemically defined EDC in isolation from systemic influences. Using a
quantitative LC-MS assay, we confirmed that MEHP depletes from the culture
medium and accumulates inside the cells (Fig 3-3). A material balance indicated
that MEHP, once taken up by the cells, is only partially transformed (67, 66 and
25 % for the 10, 1, and 0.1 M dose, respectively).
Previous studies on the effects of MEHP in adipocytes have focused
mostly on differentiation, and generally report a pro-adipogenic effect.
Experiments

in

3T3-L1

preadipocytes
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showed

that

MEHP

stimulates

differentiation in the presence of insulin (Siriwardhana et al. 2012). Similar trends
were observed in primary human adipocytes derived by in vitro differentiation of
freshly isolated preadipocytes (Ellero-Simatos et al. 2011); however, a relatively
high dose of 100 µM was required to produce significant effects. Unlike these
earlier studies, we did not observe any obvious adipogenic effects such as
increases total triglycerides. The main effects were up-regulation of inflammation
related genes and proteins along with broad changes in the levels of metabolites
and enzymes.
To our knowledge, there has not been any prior evidence for phthalateinduced inflammation in adipocytes. A recent study reported signs of systemic
and local inflammation in rats exposed to DEHP in utero (Campioli et al. 2014).
Abdominal fat pads from these animals showed increased TNF-α expression in
the stromal vascular fraction, pointing to the resident macrophages and monocytes
as the source of the cytokine. The results of our study show that MEHP elicits an
inflammatory response in differentiated adipocytes independent of immune cells.
This clearly does not rule out the possibility that the in vivo response involves
both adipocyte and immune cell contributions. Rather, the in vivo response likely
involves cytokine-mediated paracrine signaling between the different cell types.
Indeed, we found that MEHP exposure significantly increased gene expression of
TNF-α, IL-6, MCP-1, and CXCL1, which are characteristically elevated in
inflamed AT (Makki et al. 2013; Nunemaker et al. 2014).
To examine whether MEHP exposure affected inflammatory signaling at
the protein level, while also obtaining a more complete picture of the chemical‘s
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effects, we conducted an untargeted proteomic analysis. Using PLS-DA, we
identified 50 highly significant discriminatory proteins based on their loading
values (Appendix B, Table B-2). A majority (58 %) of these proteins has known
functions in inflammation, metabolism, or stress response (Fig 3-5). Several of
the discriminatory proteins mediate monocyte recruitment and homeostasis.
Therefore, we quantitatively analyzed additional proteins related to adipocytemonocyte interactions. We observed a significant increase in FetA, which
promotes macrophage infiltration and polarization in AT. Release of FetA from
cultured adipocytes is stimulated by FFAs (Chatterjee et al. 2013), suggesting a
link to lipid metabolism. Another intriguing trend is the dose-dependent increase
in MIF, which acts as a pro-inflammatory signal in AT and positively associates
with obesity-related insulin resistance (Finucane et al. 2012). Studies in mice and
cultured adipocytes suggest that MIF exerts catabolic effects by inhibiting insulin
signaling (Atsumi et al. 2007), pointing to another potential link between the
metabolic and inflammatory effects of MEHP exposure.
This connection is further supported by the results of our metabolomic
analysis. The LV loadings from PLS-DA identify fatty acids as key
discriminatory metabolites (Appendix B, Figure B-1). These include arachidonic
acid, which is a major source of eicosanoids that mediate inflammatory signaling.
In cultured adipocytes, arachidonic acid stimulates secretion of MCP-1 and IL-6
in a dose-dependent fashion (Siriwardhana et al. 2012). Quantification of
abundant fatty acids showed a general pattern of increase with MEHP treatment
compared to control samples, resembling the intracellular profile in TNF-α treated
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cells (Fig 3-4b-c). Whether this increase results from enhanced lipolysis as in the
case of TNF-α (Zhang et al. 2002) is unclear.
Over-representation analysis (Ingenuity Pathway Analysis, Qiagen) of the
discriminatory proteins from PLS-DA as well as metabolite profiles also pointed
to the activation of inflammatory pathways in response to MEHP exposure. Four
of the top five significant (p<0.05) diseases or bio-functions associated with the
‗omic profiles were related to inflammation and immune response. The most
significantly affected metabolic function is lipid metabolism, underscoring a
possible link between the altered fatty acid levels and inflammatory phenotype.
Consistent with previous studies showing that MEHP induces transcription
of PPAR-γ targets (Ellero-Simatos et al. 2011; Feige et al. 2007; Siriwardhana et
al. 2012), our results suggest that MEHP could interfere with PPAR-γ signaling to
disrupt regulation of cellular lipid metabolism (Fig 3-6a). In addition to upregulation of C/EBPα, we found increases in several enzymes and lipid regulatory
proteins (FABP4, PLIN4, PEPCK, GPDH and adiponectin) that are known
PPAR-γ targets. Normally, up-regulation of anabolic enzymes occurs in parallel
with counter-regulation of catabolic enzymes, promoting fatty acid esterification.
However, this was not the case in MEHP exposed cells, suggesting at least partial
dysregulation. We observed a significant up-regulation of ACSL1, which
activates the breakdown of complex fatty acids, and thus impacts the profile of
endogenous ligands for PPAR-γ. To further investigate the involvement of PPARγ in the observed metabolic and inflammatory effects, we tested whether
inhibiting PPAR-γ activity would abrogate the effects of MEHP exposure. A
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comparison of protein expression profiles showed that co-treating the cells with
the selective synthetic antagonist GW9662 during MEHP exposure attenuated
MEHP-induced differences, taking the adipocytes to a phenotypic state more
similar to vehicle control. Furthermore, co-treatment with MEHP and GW9662
prevented the significant increase in chemokine and cytokine expression observed
when the cells were treated with MEHP alone. To further boost confidence in our
finding that PPAR-γ plays a role in mediating the effects of MEHP, we performed
a pathway enrichment analysis using the STRING database (Jensen et al. 2009).
The analysis found a total of 14 significant pathways (Table 3-2).

Table 3-2. Significantly enriched KEGG pathways in MEHP condition
Number of
KEGG Pathway
p-valueb
genes
Carbon metabolisma
8 2.46E-07
a
Microbial metabolism in diverse environments
8 9.13E-06
a
Systemic lupus erythematosus
6 7.53E-05
a
Metabolic pathways
16 8.06E-05
a
Alcoholism
6 9.48E-04
Fatty acid degradation
4 2.53E-03
Fatty acid metabolism
4 3.88E-03
Valine, leucine and isoleucine degradation
4 3.88E-03
Glycolysis / Gluconeogenesis
4 9.14E-03
Regulation of actin cytoskeleton
6 1.03E-02
a
Arrhythmogenic right ventricular cardiomyopathy
4 1.84E-02
Biosynthesis of amino acids
4 1.84E-02
PPAR signaling pathway
4 2.26E-02
Propanoate metabolism
3 2.84E-02
a
Generic or disease-specific function categories
b
p-values were corrected for multiple comparisons using the Bonferroni method
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Of these, 6 pathways represented either generic or disease specific function
categories. Of the remaining 8 pathways, 6 were metabolic pathways, and the
other two were PPAR signaling and actin cytoskeleton regulation. Based on pvalue, the top two pathways were fatty acid degradation and metabolism. Taken
together, these results suggest that PPAR-γ activation is at least partially
responsible for mediating the metabolic and inflammatory effects induced by
MEHP treatment.
One regulatory mechanism that could be disrupted by MEHP is feedback
between PPAR-γ and FABP4. As a carrier protein that transports long-chain FFAs
to their cognate receptors in the nucleus, FABP4 is a key link in FFA-mediated
NR signaling. FABP4 can attenuate PPAR-γ activity by triggering its proteasomal
degradation, and FABP4-null mice exhibit increased expression of PPAR-γ
(Garin-Shkolnik et al. 2014). Another study found that treatment of adipocytes
with FFA down-regulated PPAR-γ protein and mRNA levels while up-regulating
inflammatory indicators (Nguyen et al. 2012), suggesting that maintaining a
certain level of PPAR-γ activity is important in modulating inflammation. In the
context of MEHP exposure, sustained exogenous stimulation of PPAR-γ by the
chemical could result in loss of activity via inhibitory factors such as FABP4,
impairing the NR‘s ability to regulate against buildup of FFA. Increased levels of
FABP4 have been observed in AT of obese-diabetic individuals (Garin-Shkolnik
et al. 2014), which characteristically exhibit a low-grade inflammation.

3.6 Conclusions
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We found a strong correlation between MEHP-induced changes in lipid
metabolism and up-regulation of pro-inflammatory cytokines at gene expression,
protein, and metabolite levels, suggesting these responses are coupled. Results
from the PPAR-γ inhibition experiment show that the NR is at least partially
involved in mediating both the metabolic and inflammatory effects of MEHP. As
a synthetic chemical, MEHP is not easily placed into the context of canonical
signaling and metabolic pathways. We thus utilized a data-driven approach
combining gene expression analysis, metabolomics, and proteomics to broadly
characterize the biochemical changes induced by the chemical, and identify
potential sites of action. Although additional studies are clearly necessary to
establish whether the metabolic changes precede and cause inflammation, our
results firmly indicate that MEHP exposure is sufficient to up-regulate the
expression of key pro-inflammatory factors in differentiated adipocytes
independent of signals from other cell types. In vivo, auto- and paracrine events
between adipocytes and inflammatory cells would add to the cytokine milieu,
sustaining a pro-inflammatory feedback loop in the AT (Suganami et al. 2005). In
this way, prolonged exposure to MEHP could set the stage for chronic
inflammation. Testing this potential outcome warrants further study, and will
likely require long-term exposure experiments using low doses, preferably in vivo.
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CHAPTER 4: Analysis of MEHP-induced metabolic dysregulation using
isotopic labeling
4.1 Abstract
Background: The results from Chapter 3 showed that MEHP induces the
expression of both pro-inflammatory mediators and lipid metabolic enzymes in
differentiated adipocytes, with an accompanying elevation in intracellular FFA.
Simultaneous treatment with MEHP and a selective PPAR-γ- inhibitor, GW9662,
abolished several of the inflammatory and metabolic changes, suggesting that
these effects of MEHP are in part PPAR-γ-dependent.
Objective: In light of these findings, we wanted to gain more insight into the
mechanisms through which MEHP may work via PPAR-γ to disrupt lipid
metabolism and inflammation. Specifically, we wanted to pinpoint the precise
metabolic pathways being modulated, for example whether altered flux through
lipogenic (i.e. de novo FA synthesis), lipolytic (i.e. triglyceride hydrolysis), or FA
exchange pathways give rise to the observed increase in FFA.
Methods: To investigate this we repeated the MEHP exposure experiment from
Chapter 3 replacing all glucose in the maintenance media with [1,2-13C] glucose
for the duration of the exposure period. We performed targeted HPLC-MSn
experiments to quantify media exchange fluxes of extracellular metabolites, as
well as the metabolite isotopomer distribution (MID) of several intracellular
metabolites. Using these measurements we implemented

13

C-metabolic flux

analysis (MFA) within an elementary metabolite unit (EMU) framework to
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estimate the intracellular fluxes of all metabolites within a predetermined
adipocyte stoichiometric network model.
Results: LC-MS analysis of metabolite concentrations showed that the increase in
intracellular FFA in response to MEHP exposure is accompanied by increased
efflux of FFA to the cellular media. These effects were dependent on duration of
exposure, and appeared to switch from net FFA-sequestering to FFA-releasing
after 4 days of exposure. Analysis of the MIDs of various central carbon
metabolites in the isotope-fed cells showed differential label distribution in
intermediates of glycolysis, TCA cycle and pentose phosphate pathway under
exposure to MEHP. No significant contribution to the FFA pool via de novo
lipogenesis was detected regardless of MEHP exposure. From the

13

C-MFA flux

estimates we identified fluxes in 20 highly-active (>5% of glucose flux) pathways
that were significantly altered under MEHP exposure. These fluxes spanned
glycolysis, plasma exchange, and triglyceride (TAG) biosynthesis pathways, and
overall pointed to increased glycolytic activity with faster cycling through TAG
synthesis/breakdown reactions.
Conclusions: Taken together the changes in FFA concentrations and intracellular
fluxes do not fully explain the source of elevated intracellular FFA. Sustained
activation of PPAR-γ may be the cause of the sustained levels of intracellular
FFA, though additional future experiments should be performed to confirm this.
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4.2 Introduction
The exposure experiments described in Chapter 3 provided evidence that
the endocrine disrupter MEHP leads to elevated levels of pro-inflammatory
mediators (genes and proteins) as well as lipid metabolic enzymes, in
differentiated adipocytes. These effects at the protein and gene level were
accompanied by an elevation in intracellular FFA, as well as other significant
changes in the levels of amino acids and central carbon intermediates. Chemical
inhibition of PPAR-γ activity in the MEHP-treated cells by co-treatment with the
selective inhibitor GW9662 abolished several of the inflammatory and metabolic
changes, suggesting that the observed effects of MEHP are in part PPAR-γdependent.
The strong correlation between MEHP-induced changes in lipid
metabolism and up-regulation of pro-inflammatory markers, suggests that these
responses may be coupled, though additional studies are clearly necessary to
establish whether the metabolic changes precede and cause inflammation. Other
experiments performed in models of adult fat tissue support this link. In mature
adipocyte culture, addition of FFAs increased gene expression of proinflammatory markers MCP-1 and IL-6 (Dordevic et al. 2014; Yeop Han et al.
(2010)). Increased TNF-α expression was observed in adipocytes incubated with
palmitic acid (Bradley et al. 2008). Given this connection between lipid levels and
inflammatory markers, we wanted to understand what could be the source of the
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elevated FFA we observed, in order to gain insight to inform the design of more
focused mechanistic studies.
To achieve this, we planned to complement the bottom-up approach
performed in Chapter 3 with a top-down analysis such that the metabolite profile
alterations could be placed into the context of known pathways. Though
informative for identifying areas of metabolism or cellular function to focus on,
purely data-driven approaches fail to utilize valuable information regarding
metabolite-metabolite interactions readily available in existing databases. Thus
we sought to take metabolite-metabolite interactions in known pathways as a
given, in the form of an adipocyte network model, and assess which pathways or
groups of pathways have been significantly perturbed by the chemical exposure.
We are particularly interested in determining how MEHP brings about alterations
in the fatty acid profile in adipocytes, for example, whether it is by de novo fatty
acid synthesis, triglyceride lipolysis, or altered membrane exchange.
To address this question, fluxomics techniques can be used to
quantitatively measure the relative engagement of the various interconnected
pathways in a metabolic network. Fluxomics encompasses several methodologies
whose aim is to determine the flux, or rate of turnover of metabolites through an
enzymatic reaction or pathway. Compared to static measures of metabolite and
enzymes concentrations, fluxomics provides a more functional representation of
cellular state, allowing the visualization of the traffic of metabolites through
engaged pathways in the network.
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Since knowledge of metabolic enzyme kinetics is usually lacking, the
time-dependent fluxes cannot be measured directly, and must be inferred from
measurable quantities (Zamboni et al. 2009). Three main groups of methods of
quantifying metabolic flux have been identified (Sims et al. 2013): metabolic flux
analysis (MFA), flux balance analysis (FBA), and isotopomer analysis. Metabolic
flux analysis employs steady-state mass balances around intracellular metabolites
based on a stoichiometric model of metabolism, and measured exchange rates of
substrates or products of metabolism, to calculate intracellular fluxes. Depending
on the size of the model network, the required number of extracellular exchange
measurements can be quite large and the calculations may be limited by
experimental feasibility. Other short-comings include the limited ability to resolve
flux in parallel pathways, cycles, bidirectional paths, and the need for balancing
cofactors in split pathways (Wiechert 2001).
Flux balance analysis is useful when large metabolic networks cannot be
constrained by measurements. In FBA fluxes are estimated by applying the
stoichiometric coefficients of the network model as constraints in a linear
programming optimization problem, to reduce the possible set of solutions to the
system. The main challenge is in identifying an appropriate objective function for
the optimization, which is not a straight-forward problem especially in complex
mammalian systems. In these systems FBA may be more instrumental for
analyzing the possible phenotypic outcomes of genetic perturbations when there is
a clearly defined experimental or engineering objective behind the perturbation
(Sims et al. 2013).
131

Isotopic labeling experiments are the predominant technique for
estimating metabolic fluxes. Isotopic labeling in conjunction with MFA is a more
recently developed method can be used to overcome some of the major limitations
of stoichiometric MFA. The principle of isotopic labeling for flux analysis is that
a labeled input substrate (typically 13C-labeled) is fed to the cellular system, and
the distribution of labeled atoms throughout the network is tracked by measuring
the isotopic enrichment of intracellular metabolites using techniques such as highresolution mass spectrometry. This isotopic enrichment is termed the metabolite
isotopomer distribution (MID), a representation of the relative abundance of the
various isotopomers, or isotopic isomers, of a particular metabolite. A
mathematical model is required to relate the MIDs to intracellular fluxes and must
be computationally solved to obtain flux estimates, which can require substantial
efforts due in part to the large number of isotopomers needing to be accounted for
in the model. Tools such as the elementary metabolite unit (EMU) framework
have been developed to reduce the amount of system variables to solve
(Antoniewicz et al. 2007). The EMU framework uses a decomposition algorithm
to identify the minimum essential units of information (EMUs) needed to describe
the relationship between isotopic measurements and fluxes. This technique has
been previously applied with

13

C-MFA in the context of adipocyte systems to

study their changes over the course of differentiation (Si et al. 2007), and to
screen potential enzymatic targets for therapeutic intervention of obesity (Si et al.
2009b).
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In order to investigate the effects of MEHP on cellular flux, we conducted
an isotopic labeling experiment on mature adipocytes treated with 10μM MEHP.
We sought to also test the potential involvement of PPAR-γ in the altered flux
profiles by co-treating a set of MEHP-treated cells with the PPAR-γ inhibitor
GW9662, as performed in Chapter 3. For isotopic labeling, we used [1,2-13C]
glucose as a labeled substrate, and measured the resulting mass isotopomer
distribution (MID) of a panel of intracellular metabolites using targeted, high
resolution mass spectrometry scans. To estimate intracellular fluxes, we used a
method previously developed by Si et al. (2007) that employs elementary
metabolite unit (EMU) decomposition to facilitate isotopomer simulations.

4.3 Methods
4.3.1 Chemicals and reagents. Newborn calf serum (CS), fetal bovine serum
(FBS), DMEM, penicillin-streptomycin, insulin, PBS, and TRIzol reagent were
purchased from Life Technologies (Carlsbad, CA), trypsin from Thermo
Scientific (Waltham, MA), and recombinant mouse TNF-α from R&D
Biosystems (Minneapolis, MN). Isotopically-labeled glucose was purchased from
Cambridge Isotope Laboratories (Cambridge, MA). Unless otherwise noted, all
other chemicals and reagents were purchased from Sigma Aldrich (St. Louis,
MO).
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4.3.2 Cell culture. Low passage 3T3-L1 preadipocytes (ATCC, Manassas, VA)
were seeded into 12-well plates at a concentration of 105 cells/cm2 and cultured in
a humidified incubator at 37 C and 10 % CO2. The cultures were expanded in a
growth medium consisting of DMEM supplemented with 10 % v/v CS, penicillin
(100 units/mL), streptomycin (100 mg/mL), and amphotericin (2.5 mg/mL). The
growth medium was changed every 2–3 days until the culture reached confluence.
Two days post-confluence (Day 0), the cells were induced to differentiate using
an adipogenic cocktail (1 mM dexamethasone, 1 mg/mL insulin, and 0.5 mM
methylisobutylxanthine, DIM) added to a basal medium (DMEM with 10 % v/v
FBS and penicillin/streptomycin/amphotericin). After 48 h, the DIM medium was
aspirated, and the cells were fed fresh basal medium supplemented with only
insulin. On Days 4 and 6, the cells were again fed the DIM and insulin medium,
respectively, to complete the differentiation. On Day 8, the cultures were
randomly divided into three treatment groups, and fed the basal medium in which
all glucose was replaced with 4.5g/L [1,2-13C] glucose, and supplemented with
10μM MEHP dissolved in DMSO. A control group was fed the labeled basal
medium supplemented with vehicle (0.01 % DMSO) alone. Both the MEHP and
control groups were repeated with supplementation of 5M GW9662. The culture
medium was replenished every other day for the remainder of the experiment. On
Day 15, TNF- (20 ng/mL) was added to a subset of the vehicle control cultures
to generate a positive control for acute inflammation. On Days 10, 12, 14, and 16,
a set of randomly selected wells from each treatment or control group were
sacrificed for metabolomic and proteomic analysis. A second set of wells was
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sacrificed and the cells lysed using 0.1% sodium dodecyl sulfate (SDS) for
biochemical assays of total triglyceride (TG), DNA, and protein content.
Sacrificing separate sets of wells in parallel was necessary due to the different
lysis/extraction buffer requirements for mass spectrometry (MS), biochemical
assays. Spent cellular media was collected with every media change from Day 10
to Day 16 for LC-MS analysis of extracellular metabolite exchange rates.

4.3.3 Metabolite extraction. Intracellular metabolite extractions were performed
exactly as described in Chapter 2, section 2.3.1.1. Extracellular metabolite
samples from the spent media were prepared by centrifuging 1mL of collected
media at 12,000g for 5 minutes at 4°C and collecting the supernatant to remove
any dead cells or particulate matter. The supernatant was then diluted 10x in
HPLC-grade water prior to LC-MS analysis.

4.3.4 LC-MS. To measure intracellular and extracellular metabolite levels we
used a series of HPLC-MSn experiments on a quadrupole time-of-flight
(TripleTOF 5600+, AB Sciex) and quadrupole ion trap (QTRAP 3200, AB Sciex)
instrument. For extracellular and intracellular fatty acid measurements, we used a
C8 reverse-phase chromatography method coupled to a negative mode TOF-MS
survey scan on the TripleTOF instrument, as described in Chapter 2 section
2.3.2.1. For extracellular amino acid measurements, we used reverse-phase
chromatography on a Synergi4µ Fusion column coupled to dedicated MRM scans
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for each compound performed on the QTRAP instrument, as described in Chapter
2 section 2.3.2.1.
To

measure

MIDs

of

intracellular

metabolites,

we

coupled

HILIC

chromatography with a TOF-MS survey scan and dedicated product ion scans for
metabolites of interest and their respective isotopomers, as described in Chapter 2
section 2.3.2.3. We prioritized the measurement of citrate and fumarate
isotopomers, which were used in the simulation calculations, and glucose to
validate the labeling state. We also measured the isotopomers of various
glycolysis, PPP, ad TCA cycle metabolites, as well as amino acids, which are
tabulated in Chapter 2 section 2.3.2.3. MIDs were calculated by quantifying the
area under the curve of each targeted isotopomer for each metabolite, and
dividing the area for each isotopomer (i.e. M+0, M+1,…M+n) by the summed
areas for all isotopomers. These MIDs thus represent the collective isotopomers
with a particular number of labeled carbons, regardless of the site of the label, and
are sufficient to perform the flux simulations. This LC-MS method was also used
to quantify glucose and lactate in extracellular media from cells fed unlabeled
glucose, and in this case we needed only to quantify the contribution of the M+0
isotopomer.

4.3.5 Media exchange flux measurements.

Media exchange fluxes, or net

uptake/output of metabolites across the plasma membrane, were calculated by
subtracting the extracellular metabolite concentrations in the spent media from the
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concentrations in a sample of fresh media, dividing by the average DNA
concentration per treatment condition, and dividing by 2 to convert to ‗per day‘
measurements. The fresh media samples were collected 2 days prior to the spent
media samples, upon media addition to the wells. Positive exchange flux values
indicate net uptake into the intracellular compartment from the media, and
negative flux values indicate net efflux into the media.

4.3.6 Intracellular flux calculations. Intracellular metabolite fluxes were
simulated MATLAB (Mathworks) using isotopic labeling metabolic flux analysis
(MFA) within an EMU framework (Antoniewicz et al. 2007; Si et al. 2007). First,
using the measured metabolite exchange fluxes as inputs, a constraint-based
optimization routine was performed to estimate ‗measured‘ intracellular fluxes,
using steady-state stoichiometric and thermodynamic (reversibility) constraints.
A stoichiometric network model of adipocyte metabolism consisting of 66
reactions and 38 metabolites was implemented as described previously by Si et al.
A table with the complete listing of reactions described by the model can be found
in Appendix C Table C-2. Next, simulation of intracellular fluxes was performed
using an EMU isotopomer model. An EMU framework was implemented to
reduce the required number of equations and variables in the model by using only
the minimal essential set of atomic transitions required to track the label
throughout the network. Additionally, the EMU decomposition eliminates the
need for non-linear equations as EMU balances can be written as strictly linear
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equations relating the MIDs and fluxes. An algorithm was performed similar to
the one described by Wiechert et al (2001). Briefly, starting with the assumed
‗measured‘ fluxes based on the MFA calculations, the corresponding MIDs for
the isotopomers in the model were calculated using the steady state EMU balance
equations. Then, the intracellular flux values are updated based on comparison of
the simulated MIDs to experimentally measured MIDs that we provide as an
additional input. The algorithm is then repeated until the simulated and measured
MIDs converged, which was determined using a non-linear constrained
optimization routine to minimize the sum-squared error between the two values,
using upper and lower bounds based on the measured metabolite exchange fluxes.

4.3.7 Biochemical assays. Total DNA measurements were performed as
described in Chapter 3.

4.3.8 Statistical analysis. Pairwise comparisons between samples were performed
using a Student‘s t-test and a cut-off p-value for significance of 0.05.

4.4 Results
4.4.1 MEHP raises intracellular and extracellular FFA levels by day 16
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In agreement with our observations in Chapter 3, treatment with 10µM
MEHP elevates intracellular FFA concentrations with respect to the vehicle
control, albeit to a lesser extent than in the TNF-α stimulated condition, with
unsaturated species most significantly affected by day 16 (Fig 4-1).
Supplementation of GW9962 in both the control and MEHP-treated conditions
raises FFA levels compared to the vehicle control, with palmitic acid most
drastically affected. One explanation for this increase could be that, as a PPAR-γ
antagonist, GW9662 suppresses the normal function of PPAR-γ to sequester FFA
as TG that comprises lipid droplets, leading to build-up of excess unesterified FAs
(Yamauchi and Kadowaki 2001). The more drastic TNF-α-induced FFA build-up
is likely due to its glucose-influenced stimulation of lipolysis and down-regulation
of PPAR-γ (Green et al. 2004; Jin et al. 2014; Souza et al. 2003).
We also measured the total amount of FFA uptake from the media
between day 14 and day 16 by summing the measured exchange fluxes of
palmitic, palmitoleic, stearic, oleic, linoleic, and arachidonic acid. The increase in
intracellular FFA levels in the MEHP condition is accompanied by a slight yet
significant increase in FFA efflux to the media on day 16 (Fig 4-2). Interestingly,
supplementation with GW9662 has no effect on total FFA efflux. Stimulation
with TNF-α drastically increased the amount of FFAs in the extracellular media,
as expected in a pro-inflammatory response.
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Figure 4-1. Intracellular FFA profile on day 16. Error bars represent SD. n=3
biological replicates. *= p<0.05.

Figure 4-2. Total FFA media exchange flux between days 14 and 16. Error
bars represent SD. n=6 biological replicates from N=2 independent experiments.
*= p<0.05.
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4.4.2 MEHP-altered FFA levels and media exchange fluxes are time-dependent
To understand what dynamic changes led to both an increase in
intracellular FFA and efflux of FFA to the extracellular media on day 16, we
performed

additional

intracellular

and extracellular

FFA measurements

throughout the course of the MEHP exposure experiment, on days 10, 12, and 14.
We normalized the intracellular FFA concentrations to the day 10 concentrations
for each experimental condition in order to visualize more clearly the trends
among the conditions over time. The extracellular FFA measurements were
converted to an exchange flux between the intracellular pool and the extracellular
media, represented as mmol/gDNA/day.
The intracellular FFA measurements revealed FFA-species-dependent
trends over time and across treatment conditions (Fig 4-3). The two saturated fatty
acids (SFA) measured, palmitate and stearate, showed similar trends; while all
conditions experience an increase in SFA between day 10 to day 12, this elevation
is sustained in the presence of MEHP but not in the vehicle control, which has
overall lower concentrations on day 16 than in both the MEHP treatment and its
initial day 10 state. The sustained intracellular levels of SFA in the presence of
MEHP from day 12 to day 16 were unaffected by co-treatment with GW9662.
The overall effect of GW9662, was also to sustain intracellular FFA levels
between days 12 and 16 to levels higher than in the control condition.
Intriguingly, the intracellular concentrations of both SFAs (as well as all other
FFAs) were significantly lower in MEHP treated cells than in vehicle control on
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day 12 (in both the day 10-normalized and un-normalized data), indicating that
duration of the MEHP treatment may be a main factor in the divergence between
our observed results and studies with partially conflicting results that imply lipid
sequestration (Ellero-Simatos et al. 2011).
The intracellular SFA profiles appear to be partly explained by the
exchange fluxes; overall, palmitic and stearic acid are being taken up from the
media on days 10 and 12, contributing to the rise in intracellular SFA levels
through day 12 (Fig 4-4). Beyond day 12, there is slight efflux or no net changes
in SFA flux between the intracellular compartment and the media, leading to
plateauing or decline of the intracellular levels.
The dynamic intracellular profiles of monounsaturated FAs (MUFA)
exhibited a different overall trend than the SFAs, and also closely mirrored the
exchange fluxes. Over time, there was a net decrease in MUFA levels in both the
control and MEHP-treated cells, as they were accumulating in the extracellular
media. However, as was the case with SFAs, in the MEHP-treated cells the levels
were relatively sustained from days 12-16, whereas in the control cells the levels
dropped more dramatically. In the case of oleic acid, GW9662 acted to offset this
decrease by day 16. The very pronounced difference between oleic acid levels in
the control and MEHP-treated cells on day 12 coincides with a much larger
relative difference in their exchange fluxes at that time point.
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Figure 4-3. Temporal profiles of intracellular FFA. Concentration data were
normalized as a fold change to the day 10 measurement for each condition. Error
bars represent SD. n=3 biological replicates.
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Figure 4-4. Temporal profiles of FFA exchange fluxes. Positive values
represent uptake from media, negative values represent efflux to media. Error bars
represent SD. n=3 biological replicates. *= p<0.05 (wrt. control).

144

The trends in the intracellular profiles of polyunsaturated FAs (PUFA),
arachidonic and linoleic acid, generally resembled that of oleic acid. However,
unlike oleic acid, overall the PUFA were taken up from the media over time.

4.4.3 Isotopic label from glucose was not significantly incorporated into FFAs
We measured the MIDs of several FFA species at the 4 discrete
experimental time points, days 10, 12, 14 and 16, to understand whether de novo
lipogenesis (i.e. fatty acid synthesis) from glucose was a contributing source the
observed increase in FFA under MEHP exposure. We measured the isotopomers
M+0, M+1, and M+2, as well as all subsequent M+2n isotopomers until 2n= the
total number of carbons in the fatty acid chain. No significant difference in
isotopomer distribution was observed between the MEHP condition and the
vehicle control, in the presence or absence of GW9662, for any of the FFA we
targeted (Fig 4-5). Our measurements reflect the expected natural isotope
distribution of the fatty acid species. If expressed in terms of relative peak
intensity to the [M-H]- molecular ion, for example, the % abundance for M+0,
M+1, and M+2 of arachidonic acid are 100%, 21%, and 2%
When we compared the time course of MIDs of fatty acids (e.g. palmitate)
from day 10 to day 16, we saw no difference across treatment conditions or time
points, suggesting that no significant de novo lipogenesis is occurring in the
adipocytes beyond day 8 when the labeled substrate was introduced, that also
marks the end of the differentiation program (Fig 4-6).
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Figure 4-5. MIDs of various FFA species are unchanged in the presence of
MEHP. Average MIDs on day 16 of: palmitoleic acid, arachidonic acid, stearic
acid, oleic acid. n=3 biological replicates. Only the three most abundant
isotopomers are shown for simplicity.

This being the case, we would expect the FA in the TAG constituting the
lipid droplets to have been synthesized prior to the incorporation of the label,
during cell differentiation. Alternatively, TAG could be synthesized beyond day 8
from FFA taken up from the media.
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Figure 4-6. Palmitate MIDs are unchanged over time or in the presence of
MEHP. Average MIDs on days 10-16 of experiment. n=3 biological replicates.

4.4.4 MEHP-treated cells exhibit increased glucose uptake and glycolytic
activity.
We measured the media exchange of glucose and lactate over time as an
indication of how metabolically active the cells were in each condition. We
observed a general trend of increased glucose uptake in the MEHP-treated cells
from days 10-16 (Appendix C, Fig C-1). On day 16, a significant increase of ~2fold was observed (Fig 4-7). GW9662 appeared to dampen this effect on day 16,
though its effects in the vehicle control and at previous time points are less clear.
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Production of lactate, as measured by net efflux to the media, was significantly
elevated by ~2-fold in MEHP-treated cells at all time points. GW9662 alone also
led to sustained elevated production of lactate, though to a lesser extent than
MEHP. The mature adipocytes in both MEHP-treated and vehicle conditions
produced approximately 1 mole of lactate per mole of glucose consumed. This is
within the range reported for cultured adipocytes; production of lactate accounting
for up to 50–70% of all glucose taken up is characteristic of obese subjects, and
larger adipocytes in general produce more lactate than smaller cells undergoing
fat accumulation (DiGirolamo et al. 1992) It has been proposed that WAT lactate
release is a means of handling excess glucose in the media (as opposed to an
effect of hypoxia)(Sabater et al. 2014), which could be the normal case in 3T3-L1
culture systems, as they use a high glucose formulation. Overall, it appears
MEHP-treated cells have elevated glycolytic activity compared to the control
cells, while still maintaining the same lactate to glucose ratio as the controls. On
the other hand, TNF-α-stimulated cells exhibit a 2:1 molar ratio of lactate
production to glucose consumption, indicating that practically all of the glucose is
being converted to lactate, resembling the Warburg effect, as is expected from the
acutely inflamed cells (Vaughan et al. 2013; Xie et al. 2014). In comparison to the
TNF-α-stimulated cells, it is clear that this effect is not observed in the MEHPtreated cells, and they are just undergoing increased glycolytic activity.
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Figure 4-7. Exchange fluxes of glucose and lactate from day 14 to day 16.
Positive values indicate uptake, and negative values indicate efflux. n=3
biological replicates. *= p<0.05 (wrt control).

4.4.5 MIDs of central carbon metabolites are altered in the MEHP-treated cells
The MIDs of several intermediates of the TCA cycle, glycolysis, pentose
phosphate pathway (PPP), and amino acid metabolism were measured. Contrary
to the FFA MID data, all of the central carbon intermediate MIDs we measured
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exhibited some fraction of enrichment from the isotopically labeled glucose
substrate. Intracellular free glucose measurements showed an enrichment of 92%
for its M+2 isotopomer, compared to a measured 95% in the media, indicating
almost complete replacement of unlabeled glucose in the intracellular
compartment. Most glucose taken up by the cell is rapidly phosphorylated to
glucose 6-phosphate to prevent diffusion out of the cell. Glucose 6-phosphate
(G6P) MIDs reflected the glucose enrichment pattern with the majority (average
of 65%) of the isotopomers belonging to the M+2 type on day 10, two days post
introduction of the labeled substrate (Fig 4-8). G6P became progressively more
enriched over time, reaching an average 75% by day 14. Consistently, the MEHPtreated cells exhibited a larger fractional enrichment of the M+2 G6P isotopomer,
mirroring the increased glucose uptake fluxes measured previously. A similar
trend was observed for the GW9662-treated cells. In a series of initial steps in
glycolysis, the majority of the G6P will be converted to fructose 1,6-bisphosphate
(F16bP). F16bP also showed progressive enrichment of the labeled carbon from
glucose, with ~31% of the isotopomer distribution consisting of the M+2 species
on day 10, and up to ~52% by day 14 (4-9).
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Figure 4-8. MIDs for glucose 6-phosphate on days 10, 12, 14 and 16 of
experiment. n=3 biological replicates.

This M+2 enrichment was accompanied by an increase in M+4
isotopomers in all samples, indicating involvement of the PPP and/or reverse flux
through aldolase. A more pronounced difference between MEHP-treated cells and
the controls was observed in the F16bP MIDs than in the G6P MIDs, with more
of the label transferred to the MEHP samples, suggesting some of the differences
between the two conditions may be attributed to differential flux through PPP
and/or reverse glycolysis (Fig 4-9). We then investigated possible differences
between the MEHP treated samples and the control in those metabolites
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participating directly in the PPP. Decreased incorporation of the label, as
evidenced through M+2 isotopomer enrichment (43% in MEHP versus 50% in
control) was observed in the ribose 5-phosphate (R5P) and xylulose 5-phosphate
(X5P) pool by day 16 (Fig 4-10). However, increased incorporation of the label in
erythrose 4-phosphate (E4P) was observed in the MEHP condition (50% versus
42% M+2 in control), indicating differential flux through the PPP.

Figure 4-9. MIDs for fructose 1,6-bisphosphate on days 10, 12, 14 and 16 of
experiment. n=3 biological replicates.
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While early intermediates of glycolysis were largely enriched with the
isotopic label, a large fraction of the label was lost to lactate before reaching the
TCA cycle, with approximately 38% of lactate pool consisting of M+2
isotopomers.

Similarly,

36%

of

glyceraldehyde

3-phosphate

(GAP)/dihydroxyacetone phosphate (DHAP) was M+2 labeled. Interestingly there
appeared to be no M+1 enrichment of GAP/DHAP beyond natural isotopic
abundance (Fig 4-10a), suggesting that flux through PPP is possibly directed
toward pentose production, and not cycled back into glycolysis. Fumarate and
malate had similar label distributions. On day 16, approximately 24% and 29% of
the malate and fumarate pools consisted of the M+2 isotopomers (Fig 4-10a),
respectively. Approximately 18% of citrate, which in the cytosol can generate
precursor acetyl-coA for FFA synthesis, carried 2 labeled carbons by day 16,
indicating that only a small fraction of the labeled glucose carbon might make it
towards fatty acid synthesis (Fig 4-10b).
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Figure 4-10. Incorporation of the label into central carbon metabolites. A)
Mass isotopomer distributions for selected TCA cycle and glycolysis
intermediates on day 16 of experiment. G3P=GAP. n=3 biological replicates. B)
Representation of fraction of metabolite pool (circles) composed of M+2
isotopomers (shaded blue). Metabolites not measured are indicated with an X.
Empty circles indicate that no significant enrichment of M+2 isotopomers was
measured. Blue arrows indicate metabolites in exchange with the extracellular
media.
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4.4.6 MEHP alters fluxes in glycolysis, oxidative metabolism, and lipid
metabolism.
We estimated the flux through 66 reactions (Appendix C, Table C-2) using
measured extracellular fluxes (Appendix C, Table C-1) and the MIDs of citrate
and fumarate as inputs to the simulations. Though citrate and malate were
identified as the optimal measured metabolites for flux estimation using the EMU
model in previous work (Si et al. 2009b), we found that fumarate provided more
consistent results than malate since the measured MIDs of malate represent
lumped cytosolic and mitochondrial fractions, whereas the measured MIDs of
fumarate represent primarily the mitochondrial fraction, where it is expected to be
most abundant.
The results of the flux simulations for day 16 are tabulated in Appendix C,
Table C-3. 53 out of 66 fluxes in the MEHP-treated condition were significantly
altered compared to control as determined by an unpaired t-test. However, in most
cases these significant changes occurred in reactions that did not account for a
large fraction of the glucose uptake. The magnitudes of fluxes through ketone
body metabolism pathways, and amino acid metabolism and exchange pathways
were relatively insignificant compared to glucose uptake. Only 22 out of the 66
reactions had rates with a magnitude of 5% or more of the glucose uptake flux,
and they broadly encompassed glycolysis, TCA cycle and mitochondrial
exchange, and triglyceride metabolism. To illustrate this, the magnitudes of the
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fluxes through each reaction relative to glucose uptake for each condition are
represented in Table 4-1.
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Table 4-1. Simulated metabolic fluxes normalized to glucose flux. Greener and
redder features represent higher and lower flux magnitudes relative to glucose
flux, respectively.
Control
Glucose = Glucose 6-P
100%
Glucose 6-P = Fructose 6-P
97%
Fructose 6-P = Glyceraldehyde 3-P + Glycerone-P
99%
Glycolysis
Glycerone-P = Glyceraldehyde 3-P
22%
Glyceraldehyde 3-P = P-Enolpyruvate
122%
P-Enolpyruvate = Pyruvate
124%
Pyruvate + NADH = Lactate
101%
Pentose Phosphate
Glucose 6-P = Ribulose 5-P + CO2 + 2 NADPH
3%
pathway
3 Ribulose 5-P = 2 Fructose 6-P + Glyceraldehyde 3-P
1%
Pyruvate + Oxaloacetate = Citrate + CO2 + NADH
18%
Pyruvate + CO2 = Oxaloacetate
6%
Citrate = 2-Oxoglutarate + CO2 + NADH
14%
TCA cycle
2-Oxoglutarate = Succinyl-CoA + CO2 + NADH
12%
(mitochondria)
Succinyl-CoA = Fumarate + FADH2
13%
Fumarate = Malate
13%
Malate = Oxaloacetate + NADH
12%
Citrate = Acetyl-CoA + Oxaloacetate
3%
Oxaloacetate + NADH = Malate
1%
TCA cycle
Malate = Pyruvate + CO2 + NADPH
2%
Citrate = 2-Oxoglutarate + CO2 + NADPH
0%
Oxaloacetate = P-Enolpyruvate + CO2
2%
Oxidative
NADH + 0.5 O2 =
1%
phosphorylation
FADH2 + 0.5 O2 =
15%
Palmitate biosynthesis 8 Acetyl-CoA + 14 NADPH = Palmitate
0%
Glycerone-P + 3 Palmitate + NADH = Tripalmitoylglycerol
77%
TAG biosynthesis
Tripalmitoylglycerol = Glycerol + 3 Palmitate
77%
2 Acetyl-CoA = Acetoacetate
1%
Metabolism of ketone
Acetoacetyl-CoA = Acetoacetate
1%
bodies
Acetoacetate + NADH = 3-Hydroxybutyrate
2%
Pyruvate + NH4+ + NADPH = Alanine
2%
Aspartate + NH4+ = Asparagine
0%
Aspartate = Oxaloacetate + NH4+ + NADH
0%
Cysteine = Pyruvate + NH4+ + NADH
0%
Glutamate = 2-Oxoglutarate + NH4+ + NADH
2%
Glutamate + NH4+ = Glutamine
2%
Serine = Glycine
0%
Histidine = Glutamate + NH4+
0%
Isoleucine = Succinyl-CoA + Acetyl-CoA + NH4+ + FADH2 + 2 NADH
0%
Leucine + CO2 = Acetoacetate + Acetyl-CoA + NH4+ + FADH2 + 2 NADH1%
Amino acid metabolism
Lysine = 2-Oxoadipate + 2 NH4+ + 3 NADH
1%
2-Oxoadipate = Acetoacetyl-CoA + 2 CO2 + FADH2 + 2 NADH
1%
Methionine + Serine = Succinyl-CoA + Cysteine + NH4+ + NADH
0%
Phenylalanine + O2 + NADH = Tyrosine
0%
Glutamate + 2 NADPH = Proline
0%
Serine = Pyruvate + NH4+
0%
Threonine = Glycine + Acetyl-CoA + NADH
0%
Tryptophan + 3 O2 + NADPH = 2-Oxoadipate + Alanine + CO2 + NH4+
0%
Tyrosine + 2 O2 = Acetoacetate + Fumarate + CO2 + NH4+ + NADH
0%
Valine = Succinyl-CoA + CO2 + 4 NADH + FADH2 + NH4+
0%
Palmitate = Palmitate
0%
Acetoacetate = Acetoacetate
0%
Alanine = Alanine
2%
Aspartate = Aspartate
0%
Cysteine = Cysteine
0%
Glutamate = Glutamate
0%
Plasma exchange
Glycine = Glycine
0%
Serine = Serine
0%
Tyrosine = Tyrosine
0%
O2 = O2
10%
CO2 = CO2
48%
NH4+ = NH4+
3%
Pyruvate = Pyruvate
23%
Citrate = Citrate
3%
Mitochondrial exchange
2-Oxoglutarate = 2-Oxoglutarate
2%
Malate = Malate
7%
TAG accumulation
Tripalmitoylglycerol = Tripalmitoylglycerol
0%
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Control +
GW9662
100%
97%
99%
24%
124%
126%
103%
3%
1%
17%
4%
14%
12%
13%
13%
13%
3%
1%
1%
1%
2%
1%
14%
0%
75%
75%
1%
0%
2%
2%
0%
0%
0%
2%
2%
0%
0%
0%
1%
0%
0%
0%
0%
1%
0%
0%
0%
0%
0%
0%
0%
2%
0%
0%
0%
0%
0%
0%
9%
46%
5%
22%
3%
2%
5%
0%

MEHP
100%
95%
98%
28%
128%
129%
108%
5%
2%
16%
3%
12%
10%
11%
11%
13%
4%
3%
1%
0%
1%
0%
13%
0%
71%
70%
0%
1%
1%
2%
0%
0%
0%
2%
2%
0%
0%
0%
0%
1%
1%
0%
0%
0%
0%
0%
0%
0%
1%
0%
0%
2%
0%
0%
0%
0%
0%
0%
7%
43%
4%
19%
4%
2%
4%
0%

MEHP +
GW9662
100%
99%
100%
36%
136%
136%
122%
1%
0%
13%
1%
12%
9%
11%
12%
12%
1%
0%
1%
0%
0%
0%
14%
0%
64%
64%
1%
1%
3%
1%
0%
0%
1%
3%
3%
0%
0%
1%
1%
1%
1%
1%
0%
0%
0%
1%
0%
1%
1%
0%
0%
1%
0%
0%
0%
0%
0%
0%
9%
37%
2%
14%
1%
3%
4%
0%

TNF
100%
100%
100%
92%
192%
192%
187%
0%
0%
5%
2%
3%
0%
2%
4%
3%
0%
0%
1%
2%
0%
7%
4%
0%
8%
8%
0%
0%
2%
1%
0%
0%
1%
5%
5%
1%
0%
0%
0%
1%
0%
1%
1%
0%
0%
1%
1%
1%
1%
1%
0%
1%
0%
0%
0%
0%
0%
1%
12%
12%
5%
7%
2%
3%
6%
0%

Of these 22 reactions, 20 were significantly altered by MEHP treatment,
and are summarized in Table 4-2. The TAG accumulation flux, though not greater
than 5% of the glucose flux, was also included in the table as is it the sum of two
fluxes through the individual TAG biosynthesis reactions whose magnitudes were
~70% of the glucose flux. Additionally, the palmitate biosynthesis reaction,
though not significantly altered, was included for illustrative purposes concerning
total lipid balance. In accordance with the glucose exchange flux measurements
and the measured MIDs, flux simulations show that MEHP causes a ~2-fold
increase in flux through glycolysis (Table 4-2). Notably, MEHP results in a 2.5fold increase in flux from glycerone-phosphate (DHAP) to glyceraldehyde 3phsphate (GAP) with respect to control, indicating decreased glyceroneogenesis
activity. An increase in oxygen uptake was estimated in the MEHP-treated cells,
which agrees with increased flux through the TCA cycle and subsequently
oxidative phosphorylation, and a significantly higher rate of carbon dioxide
production. A significant increase in ammonium ion exchange was estimated in
the MEHP-treated condition, and is likely due to deamination of amino acids
glutamine and alanine at entry points to the TCA cycle, whose uptake was also
significantly increased in the presence of MEHP (Appendix C, Table C-3).
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Table 4-2. Fluxes significantly different in MEHP condition versus control
(p<0.05). Values represent fold changes of the simulated fluxes in treated
conditions versus the control. Asterisks denote that a pathway that was not
significantly altered by MEHP. Non-significant changes are indicated by ―ns‖.
Control +
GW9662

MEHP

MEHP +
GW9662

TNF

1

Glucose = Glucose 6-P

1.525

1.943

1.075

1.058

2

Glucose 6-P = Fructose 6-P

1.519

1.913

1.093

1.090

3

Fructose 6-P = Glyceraldehyde 3-P + Glycerone-P

1.523

1.933

1.081

1.068

Glycerone-P = Glyceraldehyde 3-P

1.673

2.491

1.769

4.483

5

Glyceraldehyde 3-P = P-Enolpyruvate

1.551

2.041

1.198

1.669

6

P-Enolpyruvate = Pyruvate

1.547

2.017

1.180

1.640

7

Pyruvate + NADH = Lactate

1.557

2.091

1.302

1.959

10

Pyruvate + Oxaloacetate = Citrate + CO2 + NADH

1.493

1.772

0.776

0.312

12

Citrate = 2-Oxoglutarate + CO2 + NADH

1.454

1.621

0.893 ns

0.218

2-Oxoglutarate = Succinyl-CoA + CO2 + NADH

1.499

1.559

0.783

0.004

Succinyl-CoA = Fumarate + FADH2

1.528

1.640

0.942 ns

0.188

15

Fumarate = Malate

1.525

1.633

0.974 ns

0.294

16

Malate = Oxaloacetate + NADH

1.652

2.177

1.042 ns

0.262

ns

4

13
14

23

Glycolysis

TCA cycle (mitochondria)

Oxidative
phosphorylation

1.471

1.670

1.009

1.464 ns

2.51ns

0.242 ns

0.107 ns

Glycerone-P + 3 Palmitate + NADH = Tripalmitoylglycerol

1.481

1.777

0.887

0.109

Tripalmitoylglycerol = Glycerol + 3 Palmitate

1.482

1.778

0.892

0.116

O2 = O2

1.408

1.508

0.98ns

1.287

CO2 = CO2

1.472

1.759

0.822

0.261

61

NH4+ = NH4+

2.273

2.220

0.687

1.723

62 Mitochondrial exchange

Pyruvate = Pyruvate

1.412

66

Tripalmitoylglycerol = Tripalmitoylglycerol

1.129 ns

24
25
26

TAG biosynthesis

59
60

FADH2 + 0.5 O2 =

Palmitate biosynthesis* 8 Acetyl-CoA + 14 NADPH = Palmitate

Plasma exchange

TAG accumulation*

ns

1.565
1.271 ns

0.263

ns

0.339

-0.516

-2.070

0.639

In agreement with the MID measurements, no significant change in fatty acid
synthesis was observed in the simulation results, pointing to TAG as a possible
source of elevated intracellular FFA. Nevertheless, despite faster cycling through
the TAG biosynthesis reactions, the overall TAG accumulation was not
significantly different in the MEHP-treated cells compared to control. As
expected, TNF-α-treated cells were subject to a higher rate of lipolysis and thus a
shift from TAG accumulation to TAG depletion, demonstrating that the model
can resolve cycling between the TAG and FFA pool. Similarly, TNF-α treatment
led to a 4.5-fold increased flux from DHAP to GAP, diverting carbon away from
TAG biosynthesis, towards lactate synthesis.
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4.5 Discussion
We investigated the potential mechanisms through which treatment of
mature adipocytes with MEHP leads to an increase in intracellular fatty acids,
which we have previously observed in Chapter 3, and which were correlated to
increased pro-inflammatory markers. Specifically, we performed isotopic labeling
experiments in the context of a model of adipocyte metabolism to obtain
intracellular flux estimates to resolve changes in specific pathways brought about
by MEHP exposure.
As previously observed, MEHP treatment led to an increase in
intracellular FFA levels with differential elevation of particular FFA species. Our
exchange flux measurements showed an accompanying slight yet significant shift
towards net efflux of total FFA. Temporal intracellular profiles of FFA
concentrations showed major changes in the relative levels of FFA in MEHPtreated and control adipocytes over the course of the exposure experiments.
Interestingly, the intracellular levels of FFA were lower in the MEHP-treated
condition with respect to the control on day 12, whereas they were higher on day
16. Clearly it appears that the duration of exposure of MEHP in cultured
adipocytes can drastically affect the interpretation of its general effects. Previous
studies of MEHP exposure in cultured mature adipocytes (day 11) lasting 1-2
days have reported a decrease in FFA release (Ellero-Simatos et al. 2011).
Similarly, on day 12 we observed a greater net uptake of FFA in the MEHPtreated cells compared to controls. However, on day 14, we observed a switch in
160

this trend such that MEHP-treatment resulted in greater net efflux of FFA than the
control, and this continued through day 16. It appears that as adipocytes continue
to mature in culture the effects on lipid metabolism of chronic treatment with
MEHP change from overall lipid-sequestering to lipid-releasing. This is consistent
with the current hypothesis of AT obesity and inflammation, in which, under a
sustained perturbation, adipocytes undergo hypertrophic expansion (lipid
accumulation) and begin to secrete signals such as FFA that result in the
establishment of an inflammatory state during which alterations such as
accelerated net FFA efflux occur, exacerbating metabolic dysregulation. In
Chapter 1 we examined this outcome in the context of the whole AT, and what we
have found in the subsequent Chapters is that there is the possibility for a similar
phenotype to arise in isolated adipocyte culture, in the presence of a perturbation
such as MEHP.
Our results from the MID measurements and flux calculations also support
this finding. Based on the MIDs of FFA, we found no significant engagement in
de novo lipogenesis pathways in the cultured adipocytes from the start of the label
incorporation on day 8 to day 16. If the elevation in FFA pool were at least in part
due to synthesis, we would expect first an incorporation of the glucose label into
acyl-coA chains via labeled acetyl-coA, followed by incorporation of the acylcoA molecules into lipid droplets, followed by deesterification of the labeled fatty
acids from the lipid droplet due to turnover or an increase in lipolytic activity,
ultimately leading to labeled FFA in the intracellular pool. Further, the flux
calculations showed that flux through the palmitate synthesis pathway was
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relatively insignificant with respect to TG turnover reactions. When comparing
the significantly-altered fluxes in the MEHP-treated cells to the controls, we
found that the MEHP-treated cells exhibited ~78% faster cycling between TAG
and FFA pools. Nevertheless the TAG accumulation flux was not significantly
changed in MEHP-treated cells compared to controls on day 16. In terms of a
total lipid mass balance on the cell, the unchanged TAG accumulation and de
novo lipogenesis rates, in combination with a net efflux of FFA to the media, do
not explain the elevation in intracellular FFA levels. Alternate explanations arise,
such as: 1) there could be increased lipolysis of TAG before day 16, leading to an
accumulation of intracellular FFA, or 2) There could be alternate substrate
sources for FFA synthesis so that it was not discerned using isotopically labeled
glucose. For example, extracellular glutamine can enter the TCA cycle via
conversion to glutamate and subsequent conversion to 2-oxoglutarate, generating
a larger pool of potential substrates for lipid synthesis. Contribution of glutamine
to de novo lipogenesis can range from a normal level of ~10% to almost exclusive
use in brown adipocytes, tumor cells with defective mitochondria, or hypoxic
cells (Collins et al. 2011; Metallo et al. 2012; Yoo et al. 2008). Furthermore,
glucose may provide only ~45% of the carbon used for de novo lipogenesis
(Collins et al. 2011). Our measurements show a significantly higher glutamine
uptake rate (1.4-fold) in MEHP-treated cells (Appendix C, Figure C-2), and flux
estimates showed a proportional incorporation into the TCA cycle. Whether this
increased influx of glutamine contributes to lipid synthesis could be investigated
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with the use of isotopically labeled glutamine in future experiments, in the
presence and absence of labeled glucose.
The involvement of PPAR-γ in the broad effects of MEHP on metabolism
was difficult to assess. Though we did not observe significant changes between
the control and control + GW9662 conditions in the proteomics data of Chapter 3,
we did observe significant differences between the control and control + GW9662
conditions in metabolite concentrations and fluxes through various central carbon
metabolism reactions. We thus focused the analysis on the effects of the inhibitor
on the subset of reactions that made up >5% of glucose flux and were
significantly altered by MEHP (Table 4-2). We evaluated the effect of the
inhibitor by comparing the ratios of the fluxes in the MEHP and MEHP +
GW9662 conditions to their respective controls, without and with GW9662. The
inhibitor alone resulted in an increase in flux through TAG pathways including
TAG accumulation, and in combination with MEHP led to a shift from reduced
TAG accumulation to lipolysis. Similar to MEHP, the inhibitor lead to increased
flux away from glyceroneogenesis. These data suggest that MEHP, a suspected
PPAR-γ agonist, and GW9662, a chemical inhibitor, have similar metabolic
outcomes in terms of lipid balance regulation, going against intuition. Yet it is not
a novel concept that PPAR-γ agonists and inhibitors may have similar TAGdecreasing functions. Studies have demonstrated that, albeit by different
mechanisms, both PPAR-γ agonists and inhibitors ultimately work to prevent
adipocyte hypertrophy (Yamauchi and Kadowaki 2001; Yamauchi et al. 2001).
Specifically, they note that PPAR-γ inhibitors decrease TAG content in WAT in
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part due to lipid oxidation and decreased lipogenesis, which is in agreement with
our simulated flux calculations. Likewise they note that PPAR-γ agonists, notably
TDZs, whose insulin-sensitizing effects are partially attributed to decreasing FFA,
also work to prevent adipocyte hypertrophy. The difference in mechanisms is that
TDZs instead stimulate adipogenesis (differentiation) and apoptosis, thereby
preventing hypertrophy while still providing their FFA-buffering effects.
Complications could arise, however, in systems that have limited differentiation
capacity, such as obese individuals (Danforth 2000). In this case, sustained
PPAR-γ activation with an agonist could lead to uncontrolled effects that promote
accumulation of FFA and in turn, inflammatory mediators. In our model system,
which consists essentially entirely of differentiated adipocytes, there is no
additional capacity for excess FFA buffering beyond what could additionally be
stored in the form of intracellular TAG or oxidized in the mitochondria.
As discussed in Chapter 1, one of the means by which PPAR-γ can result
in more FFA is via upregulation of lipolytic enzymes such as adipose triglyceride
lipase (ATGL) and hormone sensitive lipase (HSL) (Festuccia et al. 2006;
Kershaw et al. 2007; Rodriguez-Cuenca et al. 2012). This action is typically
compensated by lipid-retaining pathways, preserving the balance of cellular lipids
(Festuccia et al. 2006). Adipocyte stimulation with rosiglitazone was shown to
regulate ATGL expression (Festuccia et al. 2006), suggesting that MEHP may
also regulate lipase expression. The exact mechanism by which MEHP shifts the
balance away from lipid-retaining pathways, and how it differs from the effects of
rosiglitazone, should be further investigated.
164

In general the intracellular fatty acid pool appears to be regulated by
PPAR-γ, as we expect. In the control cells the measured intracellular FFA profiles
correlate with PPAR-γ activity previously measured in 3T3-L1 adipocytes (Fig 411), sharply decreasing between days 12 and 16, following a plateau period from
days ~8-12 when the adipocytes have become fully differentiated.

Figure 4-11. Activity profile of PPAR-γ activity in 3T3-L1 adipocytes. Data is
represented as normalized activity from a dual fluorescence reporter assay. Image
produced using data from Choi et al. (2014) with permission.

In the MEHP-treated cells, however, the levels of FFA are sustained from
days 12-16, implying that MEHP is continuing to sustain PPAR-γ activity and
lead to uncontrolled alterations in lipid metabolism. Further investigation of the
role of PPAR-γ in the effects of MEHP on lipid metabolism dysregulation should
be performed, ideally using more fine-tuned methods of impairing normal PPARγ activity or its downstream mediators, so as to avoid the subsequent increase in
FFA that makes it difficult to distinguish between the effects of MEHP and
GW9662.
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Two recent studies focusing on differentiated adipocytes support a
lipolytic effect of phthalates DEHP and MEHP. Reduced TAG was observed in
3T3-L1 adipocytes exposed to DEHP (Kloting et al. 2015). Treatment for 6 days
with micromolar doses of MEHP in 3T3-L1 adipocytes resulted in smaller lipid
droplets and higher lipolysis activity, partly due to changes in the PKA-HSL
signaling axis (Chiang et al. 2014). Both studies also reported increased glucose
uptake in response to the phthalate exposure. Chiang et al (2014) found MEHP
increased glucose uptake by 1.40-2.77-fold, similar to our measured ~2-fold
increase. Further, they measured a corresponding 1.67-3.02 fold increase in
lactate production, also similar to our own measurements. Their measurements of
the protein level of GAPDH indicated increased glycolytic function, and support
our findings of elevated GAPDH abundance in Chapter 3. Our data further show
that GW9662 either had either no change on, or further increased, the already
elevated rates through glycolytic pathways, similar to the trend with TAG
reduction, however whether this is mediated by PPAR-γ is unclear; PPAR-γ is
partly involved in regulating glycolysis, though not to the extent that it regulates
lipid pathways. It is also worth noting that our MID measurements reflected
possible alterations in PPP in the MEHP condition, and though the flux
simulations showed flux to be higher though PPP pathways, the changes were not
significant. The model is limited in its coverage of the PPP, therefore finer
resolution of these changes may be achieved through modification of the model.
One factor that might complicate the interpretation of the role of PPAR-γ
in the greater context of the signaling and inflammatory effects of MEHP is
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differential effects by different FFA species. In our FFA measurements we
observed increases in both saturated and unsaturated species. It is possible that
some of the simultaneous and functionally opposing effects (i.e. upregulation of
both cytokines and adiponectin) are due to different species of FFA
simultaneously targeting distinct pathways and producing a mix of functional
outcomes (Yeop Han et al. 2010).
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CHAPTER 5: Environmental perturbations lead to changes in cecum
microbiota metabolite profile

5.1 Abstract
Background: The human GI tract is colonized by trillions of bacteria belonging
to ~1000 species, collectively possessing 150 times more genes than the human
genome. Both host and environmental factors (e.g. xenobiotics) can alter the gut
environment and result in dysbiosys. Alterations in microbiota composition and
metabolite profile are correlated to several pathologies including obesity and
inflammation. The wide array of metabolites that the microbiota produce to
mediate bacteria-host and bacteria-bacteria interactions has remained largely
uncharacterized, especially in terms of their biological functions and how they
correlate to microbiota composition.
Objective: We aimed to characterize the temporal changes in microbiota
metabolism and ultimately use this data to correlate the microbiota composition
and functional outputs. Additionally, we aimed to investigate the breakdown of
EDCs and their effects on the microbiota and how this might lead to metabolic
changes that could affect host health.
Methods: In this study we used a cecum culture model system and untargeted
metabolomics methods to characterize the products of metabolism of the
microbiota under normal conditions as well as under stress imposed by
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environmental pollutants BPA and DEHP. We also used both targeted and
untargeted metabolomics to investigate the fate of EDCs exposed to the microbes.
Results: Clustering of the detected features (precursor ion m/z) shows distinct
profiles for metabolites that are produced and consumed by the microbiota. ~1000
and ~500 distinct features were classified as substrates and products of microbial
metabolism, respectively. Of the features that were assigned a putative ID, the
consumption/production classifications agree with what is known about the
metabolic functions of the gut microbiota. Treatment with DEHP and BPA
showed different fates of the chemicals in this system; DEHP is rapidly
metabolized to MEHP, and BPA is not broken down. Out of the products of
microbial metabolism, 23% were altered by 7 day exposure to either BPA or
DEHP, and 6% of features were altered by both. Based on the most confident
putative IDs, it appears these altered features include metabolites largely involved
in bacteria-bacteria and bacteria-host cell signaling, including lipid mediators,
neuroactive chemicals, and quorum sensing autoinducers.
Conclusions: The cecum culture model used faithfully characterizes the genetic
diversity and metabolic functions of the gut microbiota. BPA and DEHP bring
about broad changes to the metabolite profile. Currently we are working on
pairing the metabolomics data with metagenomic data from 16S sequencing of the
microbiome to understand the functional shifts that occur upon perturbation of the
microbiota, and how they relate to the observed metabolic shifts.

169

5.2 Introduction

The adult mammalian gastrointestinal (GI) tract is colonized by ~1014 bacteria
belonging to at least several hundred species, which collectively outnumber the
genes of their host by ~100-fold (Qin et al. 2010; Turnbaugh et al. 2007).This gut
microbiota impacts a wide array of physiological functions in the GI tract that
affect host health, from breakdown of food, to pathogen defense, to maintenance
of the epithelial barrier. A significant alteration in the microbial populations, or
dysbiosis, correlates with not only GI diseases such as inflammatory bowel
disease (IBD), but also other chronic diseases including obesity and diabetes (Ley
et al. 2005; Manichanh et al. 2012). Ley et al (2005) found that compared with
lean mice, genetically obese animals fed an identical diet had a 50% reduction in
the abundance of Bacteroidetes and a proportional increase in Firmicutes
divisions, which was attributed to differences in ability to harvest energy from
food. Similar shifts have also been observed in human models (Ley et al. 2006;
Zhang et al. 2009). Dysbiosis also correlates with alterations in the profile of
metabolites in the intestine and systemic circulation, which can act as signaling
molecules to engage various host receptors and regulatory molecules, as well as
interact with the microbial community. In the context of obesity and diabetes,
these interactions affect lipid uptake, synthesis and breakdown, altered bile acid
entero-hepatic cycle, and TLR-mediated inflammation (Musso et al. 2011).
While gut microbiota are gaining recognition as important players in the
pathogenesis of obesity and diabetes, little is known about their role in the
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toxicodynamics of environmental chemicals, including endocrine disrupters, such
as obesogens (Snedeker and Hay 2012). It has been recently proposed that gut
microbiota may play a causative role in obesity and related metabolic diseases,
whereby low-grade, systemic and chronic inflammation induced by the gut
microbiota can initiate and aggravate these metabolic diseases in humans (Zhao
2013), making the gut microbiota an attractive area of focus to study the effects of
EDCs on metabolic disease. Further, since the digestive tract is the first site of
exposure to ingested EDCs before distribution to other bodily organs/tissues, the
gut microbiota are likely one of the first targets to be affected by EDCs.
Additionally, the gut is an important site of biotransformation of xenobiotic
chemicals, modulating the ratio of active/inactive forms of a drug or EDC that
reach systemic circulation (Snedeker and Hay 2012).
Commensal microbes produce a large number of low molecular weight
factors that mediate the interactions between the commensal microbes and host as
well as the various species comprising the microbiota community. Due to its
profound influence on host function via secreted factors (i.e. metabolites and
peptides), the microbiota is being increasingly recognized as an endocrine organ
(Clarke et al. 2014). However, specific functions have been identified for only a
few of these metabolites (Krishnan et al. 2015). There is a pressing need to
characterize the metabolic functions of the microbiota and better understand how
these functions depend on microbiota composition. Appropriate model systems
are needed that allow broad and comprehensive characterization of the
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metabolites produced by gut microbiota under specific perturbations that lead to
population shifts.
There are a number of elegant model systems of the gut microbiota
(Kostic et al. 2013). Germ-free (GF) mice, which have no microorganisms living
in them, and conventionally-raised mice (CONV-R), are often compared when
studying the systemic effects of the gut microbiota on host metabolism. In vivo
systems such as these offer the advantage of physiological relevance, but are
limited by multiple confounding systemic influences. For example, it is difficult
to examine the direct impact of a perturbation in inter-kingdom model systems as
many metabolites are present in both microorganisms and mammalian cells due to
a high degree of metabolic pathway conservation (Sridharan et al. 2014). In vitro
systems, particularly mixed culture systems, offer greater control over the
environment and stimuli, while preserving the community-level interactions
between the diverse species that inhabit the gut. On the other hand, it remains to
be seen how faithfully the in vitro culture can capture the microbiota composition
and chemical profile. To address these questions, a multi-omics approach is
needed to simultaneously characterize the microbiota composition and functional
outputs.
In this study, we utilize a novel, simple and robust model system in the
form of an anaerobic batch culturing system capable of representatively culturing
the microbiome isolated from the mouse cecum. We used an untargeted
metabolomics method to characterize the time evolution of metabolite profiles in
the cecal culture. We then utilize the system to investigate the impact of an
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environmental perturbation from xenobiotic chemical exposure. We perturbed the
cecum culture using a pair of representative environmental chemicals – bisphenol
A (BPA, 0.1, 1 and 10 uM) and diethylhexyl phthalate (DEHP, 10 and 100 uM) –
to investigate changes in the metabolite profile, as well as microbiota
composition.
Ongoing work includes further validating the model by comparing the
microbial products from the cecum against metabolites in the cecum contents
isolated from conventional and germ-free mice, and investigating whether the
long-term functional shifts induced by the xenobiotic perturbation correlate with
population changes in the microbiome. We anticipate these changes will not be
evident at the phylum level, but will appear at a finer level of resolution.

5.3 Methods

5.3.1 Cecum culture. Wildtype female C57BL/6J mice were maintained using
protocols approved by the Texas A&M University animal care and use
committee. The mice were maintained on an ad libitum chow diet (8604 Teklad
Rodent diet). For this experiment, five mice aged 8 weeks were euthanized using
asphyxiation with CO2 and the whole cecum was extracted and transported to an
anaerobic chamber (Coy chamber) in a anaerobic transport medium (Anaerobic
systems). The cecal contents were extracted into a pre-weighed tube inside the
chamber. The weights were recorded and the cecal contents extracts were
suspended in 1ml pre-reduced PBS with 0.1% cysteine by vortexing for 5
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minutes. Gut microbiota medium (GMM) was prepared as mentioned in
Goodman et al. (2011). 1% of the cecal contents slurry was inoculated into 10 ml
of GMM ± 0.1, 1 or 10 µM BPA and 10 or 100 µM DEHP. Cultures were 37°C
for seven days in anaerobic conditions. Samples for metabolites extraction were
taken on day 1 and day 7. Culture media in the absence of microbes was a
negative control for microbial metabolite production.

5.3.2 Metabolomics:-

5.3.2.1 Extraction of cecum metabolites. The cecal contents and culture samples
were homogenized using lysing matrix E beads (MO BIO) on a bead beater
(VWR) with equal volume of cold methanol and half volume of chloroform. The
samples were homogenized for a minute on the bead beater and kept on ice for a
minute before completing the homogenization for another two minutes. The
samples were then centrifuged at 10,000 g at 4 °C for 10 min. Supernatant was
passed through a 70 µm sterile nylon cell strainer and 0.6 ml of ice cold water was
added. The samples were vortex and centrifuged again at 10,000 g for 5 minutes.
The upper phase and lower phase were collected and 400 µl of upper phase was
dried to a pellet using a vacufuge (Eppendorf, Hauppauge, NY), and then
reconstituted in 50 μl of methanol/water (1:1, v/v). The samples were stored at
−80 °C until LC-MS analysis.

5.3.2.2 LC-MS
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Untargeted analysis of cecum metabolites. Untargeted analysis of cecum
metabolites was performed using LC-MS experiments on a quadrupole time-offlight (TripleTOF 5600+, AB Sciex) mass analyzer coupled to a binary pump
HPLC system (1260 Infinity, Agilent Technologies). An information-dependent
acquisition (IDA) method was run in both positive and negative ion modes to
increase the coverage of analytes detected.
For positive ion mode, chromatographic separation was achieved on a C18
reverse phase (RP) column (Synergi Fusion-RP 4µ 80Å 150 x 2.0 mm,
Phenomenex) using a gradient method, as described in Chapter 2 section 2.3.2.1.
For negative ion mode, chromatographic separation was achieved using
hydrophilic interaction chromatography (HILIC) on an amide column (Luna NH2
5µ 100Å 250 x 2.0 mm, Phenomenex) as described in Chapter 2 section 2.3.2.1.
Samples maintained at 4°C prior to acquisition. For each method, 15µl of sample
was loaded onto the column. Samples eluting from the column were ionized using
a DuoSpray ion source (TurboIonSpray probe, AB SCIEX).
Both IDA methods comprised a TOF MS (survey) scan and (triggered)
high-resolution MS/MS (product ion) scans monitoring up to 8 candidate ions per
cycle. The dependent scans were triggered whenever the survey scan detected a
precursor ion matching the following criteria: mass range of m/z 40-1500, mass
tolerance of 50 mDa, and exclude isotopes within 4 Da. Previously fragmented
target ions were excluded from fragmentation for 5 sec to improve the number of
different ions fragmented. Dynamic background subtraction was applied to
improve detection of precursor ions.
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Targeted analysis of MEHP and BPA. The amount of residual BPA in the
culture medium as well as the amount of MEHP produced in culture were
quantified using a negative mode TOF-MS survey scan and dedicated product ion
scans on the TripleTOF instrument. Chromaographic separation was achieved
using RP chromatography with a Luna C8(2) column as described in Chapter 2,
section 2.3.2.1. BPA and MEHP were quantified in MultiQuant by summing the
intensities of the fragment ions for their respective precursors ions. For BPA we
used the transition m/z 227.1  m/z 133.07 and 212.09, and for MEHP we used
m/z 277.1  277.15 and 233.16. We used purified standards of BPA and MEHP
prepared in the same solvent composition as the metabolite samples to optimize
instrument MS/MS parameters and generate standard curves for quantification.

5.3.2.3 Data processing and annotation. Raw data from the TOF-MS survey scan
of the IDA experiments was processed in MarkerView (v. 1.2, AB Sciex) to
identify and quantify peaks of ions with known m/z and retention time (RT).
Peaks were aligned across samples by treating peaks from two samples with the
same m/z (30 ppm tolerance) and RT (2.5 min tolerance) as the same mass
feature. The minimum retention time peak width was set to 5 scans to ensure good
quality peaks, and an intensity threshold of 100cps was applied to remove very
low-intensity features. The number of peaks identified was cut off at 15,000 based
on intensity. Non-monoisotopic features were removed from the data set. The
relative abundance of each feature across samples was represented as a response
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(integrated peak area). At this stage the metabolite identity of each feature is not
known, and features are identified by their precursor mass-to-charge ratio (m/z)
and retention time (RT).
Data was first visualized by performing discriminant principal component
analysis (PCA-DA) in MarkerView software (AB Sciex) on Pareto-scaled
peaklists from the survey (TOF-MS) scan of the IDA experiments.
The raw peaklist was exported to MATLAB (Mathworks) to identify
features of interest to later assign a metabolite ID. The peaklist was Pareto scaled
to reduce the influence of high intensity peaks while emphasizing lower intensity
peaks that may also hold biological importance. Hierarchical clustering analysis
(HCA) was performed on the full set of monoisotopic features to identify trends
of interest.
Features of interest were assigned putative metabolite identifications by
using MS/MS libraries (Metlin and the Human Metabolome Database (HMDB))
or an in silico fragmentation tool (MetFrag) (Ruttkies et al. 2016; Smith et al.
2005; Wishart et al. 2009). Briefly, a script was written in R to extract the MS/MS
spectrum m/z and intensities for each feature from the raw IDA scan files, and
then compare the precursor ion and fragment MS/MS data to database libraries or
predicted spectra, annotating each feature with all metabolite matches and their
confidence scores assigned by the respective databases or tools. Only H+ and Hmolecular ion adducts were considered for positive and negative ionization
modes, respectively, and precursor mass error tolerance was kept below 20ppm.
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5.3.3 Statistical analysis. To identify statistically significant differences in
metabolite levels across treatment conditions, we used one-way ANOVA with a
p-value significance cut-off of 0.05.

5.4 Results

5.4.1 Characterization of substrates and products of microbial metabolism
We first characterized the time evolution of metabolite profiles in the cecum
culture to gain an understanding of the major products of microbial metabolism in
our model. We used several pattern recognition methods to visualize differences
in the metabolite data from the day 1 and 7 cecum culture samples and mediaonly controls. Discriminant principal component analysis on the peaklists from
the survey scan of the positive mode IDA run showed clear differentiation
between sample groups as shown by the scores plot (Fig 5-1). All media only
controls (-ve) clustered closely together, as there is not expected to be a change in
media composition in the absence of microbes, except for a negligible amount of
metabolite degradation. The culture samples (GMM), while both separate from
the media-only clusters, showed significant differences between each other from
day 1 to day 7, reflecting significant changes in nutrient uptake and/or production
of metabolites over time. Similar results were found in negative mode (Appendix
D, Fig D-1).
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Figure 5-1. Scatter plot of PCA-DA scores reveals temporal changes in
microbiota metabolite profile (GMM) compared to nutritional media (-ve).

To obtain a more detailed visualization of the time-course changes of the
metabolite profiles, we performed hierarchical clustering analysis on the dataset.
Clustering the detected features (precursor ion m/z) revealed distinct profiles for
metabolites that are produced and consumed by the microbiota. Based on their
time profiles, the features clustered into four major groups: rapidly consumed
(depleted in 1 day), slowly consumed (depleted over 7 days), rapidly produced
(significantly elevated in 1 day), slowly produced (significantly elevated after 7
days) (Fig 5-2). The levels of these features in the culture medium remain
unchanged over time when the culture is not inoculated with the cecal isolates,
confirming that the changes are due to microbial metabolism. We also were able
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to resolve a fifth group, early intermediates of metabolism (significantly elevated
in day 1 and depleted by day 7). Identifying intermediate products could help
resolve specific biochemical pathways that are active by filling in additional
points along a known pathway from a substrate to a product detected at a later
time. Similar patterns were identified in the negative mode data (Appendix D, Fig
D-2). Similar patterns were identified in both modes using k-means clustering.

Figure 5-2. Hierarchical clustering of untargeted metabolomics data reveals
products of microbiota metabolism; some metabolites are produced rapidly,
whereas other products accumulate gradually. Columns represent distinct
mass features (metabolites) and rows represent different biological samples (n=5).

Features that were significantly elevated or depleted compared to medium control
(without inoculation) were identified using one-way ANOVA (p < 0.05). A
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description of the logic rules used to classify metabolites into groups can be found
in Appendix E. For the positive mode run, the peak list generated in MarkerView
from the IDA survey scan consisted of 1926 monoisotopic features. Based on the
statistical differences from ANOVA, the features were distributed among the
classifications as such: 937 rapidly consumed, 209 slowly consumed, 248 slowly
produced, 161 rapidly produced, and 102 intermediate metabolites. The remaining
269 features were not significantly different in the medium control versus the
inoculated sample (Fig 5-3a). The results for the negative mode run are shown in
Appendix D, Figure D-3.
The features were then annotated using experimental MS/MS libraries
with additional validation from an in silico fragmentation tool. Putative
metabolite IDs were assigned to the mass features in each of the five classification
groups, for example tryptophan was identified to be a rapidly consumed
metabolite and indole, a known product of tryptophan, a slowly produced
metabolite (Fig 5-3b-c).
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Figure 5-3. Classification of mass features detected in cecum culture. A)
Distribution of detected features classified as products, substrates, intermediates
of metabolism, or other. Profiles of tryptophan B) and indole C) in cecum culture.
Filled markers represent inoculated cultures while open markers represent media
only. Triangles and circles represent day 1 and 7 time points, respectively. The
colors represent the designations in the pie chart. *=p<0.05 (ANOVA).

Once the features were annotated, we selected the top ranked feature (or features,
if they had identical top scores) from each of the three databases/tools, Metlin,
HMDB, and MetFrag. For the positive mode IDA run, 590 out of the 1657 total
significant features, or 21%, were assigned a top-scoring putative metabolite ID
using any of the three experimental and/or predictive databases. The breakdown
182

for one database at a time was: 470, 300, and 134 features assigned a metabolite
ID using only MetFrag, Metlin, or HMDB, respectively. 390 features were
assigned an ID by either Metlin or HMDB. For the negative mode experiment,
390 out of 1651 features were assigned a top-scoring putative metabolite ID using
any of the 3 databases/tools, and the breakdown for each database was 342, 57,
and 97 for MetFrag, Metlin, and HMDB, respectively.
We tabulated the features with the most confident IDs in terms of their
Metlin and HMDB assignments (Table 5-1). We indicated varying degrees of
confidence in metabolite ID assignments in the results section tables, as follows.
For a feature to appear in the results table, it needed to have at least one
experimental-spectrum-based match. A feature that received the same top
metabolite ID from Metlin and HMDB was represented in bold text. A feature
with an experimental-spectrum-based ID that also received the same top
metabolite ID using the MetFrag predictor tool was indicated with a cross. The
most confident ID assignments therefore are those both bolded and indicated with
a cross. HMDB also offered some predicted IDs in addition to experimental IDs.
In the event that no experimental ID was available from HMDB, the predicted ID
was used and indicated with an asterisk; this result would only appear in the table
if there were also a Metlin ID assigned to the same feature.
In addition to prediction-only matches, the following additional features
were removed from the tables: 1) peptide (unless matched by both Metlin and
HMDB, or unless another experimental match was available), 2) synthetic
chemicals/drugs as the only match 3) HMDB entries >400Da, 4) features whose
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ID does not match its known RT in our in-house library. Putative IDs for positive
mode substrates, as well as the negative mode products and substrates are
tabulated in Appendix D, Table D-1, D-2, and D-3, respectively.

Slow production

Rapid production

Table 5-1. Putative metabolite IDs for products of microbial metabolism, based
on experimental spectrum data from the positive mode ionization experiment.
RT
m/z (Da)
Metlin
HMDB
(min)
60.0813
21.9
Trimethylamine
100.0758 8.01
delta-Valerolactam
163.1103 28.07 5-phenyl-4E-pentenol
5-Hydroxylysine
169.0963 5.96
Pyridoxamine
Pyridoxamine
261.0743 34.23 Khellin †
2-Methoxystypandrone
*
375.2876 36.65
3b-Hydroxy-5-cholenoic
acid
391.2853 34.69 Pregnan-20-one, 17Nutriacholic acid
(acetyloxy)-3-hydroxy-6methyl-, (3a,5b,6a)407.2781 32.26 Acylated phloroglucinol
410.3261 36.59 PGF2a diethyl amide
415.2841 36.75 6-keto Testosterone
Enanthate
483.1262 28.88 Silybin †(iso)
608.388
23.42 Malyngamide J
89.0606
6.83
Isobutyric acid†
103.0762 15.6
Valeric acid
Isovaleric acid †
107.0473 4.87
Benzaldehyde
107.0485 9.84
Benzaldehyde †
107.0487 16.78
Benzaldehyde †
118.065
23.72 Indole †
Indole †
118.0845 18.63 L-Valine
Betaine
121.067
17.87 Phenylacetaldehyde
Phenylacetaldehyde
†(iso)
128.0687 4.17
Guvacine
131.1072 23.11 4-methyl-hexanoic acid
Methyl hexanoate;
Pentyl acetate
133.0632 24.16 Glycyl-glycine
Ureidopropionic acid;
Cinnamaldehyde
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Intermediates

134.0604
137.0583

17.85
25.46

Oxindole

Indoxyl
4Hydroxyphenylacetaldeh
yde; 2-Hydroxy-4methylbenzaldehyde

146.1176
153.0523

4
9.92

Acetylcholine
3-Hydroxyphenylacetic acid

154.0856

25.22

156.0319
159.0403
169.0523
172.0982

18.19
17.92
28.5
4.09

Octopamine (pHydroxyphenylethanolamine
)
4-Nitrocatechol

188.1279

18.53

190.0861

24.43

194.0821
202.1444
213.1462
227.0664
235.1062
243.1036
244.0967
252.1235
258.1108
263.0557

4.35
22.81
28.15
24.12
6.04
27.36
21.18
17.41
24.55
22.93

Methyl 2-benzamidoacetate

337.0858
115.1112

19.05
27.72

S-Nitroso-L-glutathione
4-Heptanone

153.0402
227.1996

4.15
32.6

258.1235

15.42

301.1399

37.04

377.2341

24.28

p-Anisic acid; 3Cresotinic acid
Dopamine†

4,5-Dihydroorotic acid †
Homogentisic acid
N-butanoyl-lhomoserine
lactone
7-Keto-8-aminopelargonic
acid†
3-Indolepropionic acid

7-Oxo-11-dodecenoic acid
2-Methoxyxanthone

Polyethylene glycol *
3-Indolepropionic acid;
Homocitrulline
Methylhippuric acid
Capryloylglycine
3-Nitrotyrosine
5-Methoxytryptophan

(S)-Equol
Cytidine
Acetyl tyrosine ethyl ester†
Tolmetin†

cis-Δ2-11-methylDodecenoic Acid
4(dimethylamino)azoxybenze
ne N-oxide
2,4,3',5'tetramethoxystilbene
Resolvin D1†(D2)
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5-Methylcytidine
Mannitol 1-phosphate;
Sorbitol-6-phosphate
2-Heptanone ; 4Heptanone
Xanthine† ; Oxypurinol

459.347
4.23
Neotigogenin acetate
*= Predicted metabolite from HMDB (all other HMDB entries are from
experimental data)
†= In agreement with top-ranked MetFrag metabolite

The putative metabolites that met the most stringent confidence criteria are:
pyridoxamine, indole, phenylacetaldehyde, 3-indolepropionic acid, and 4heptanone. These compounds are known microbial metabolites and indicate that
our system is representative of normal gut microbiota metabolism. Other notable
known products of microbial metabolism that have been identified include
isobutyric acid, isovaleric acid, N-butanoyl homoserine lactone, dopamine, and
(S)-equol.
The most confidently identified substrates were pyrrolidonecarboxylic
acid, indoleacrylic acid, adenine, adenosine, 5‘-methylthioadenosine, cyclic AMP,
arginine, tryptophan, phenylalanine, isoleucine, transcinnamic acid, taurocholic
acid, and dipeptides. Other features included complex lipids such as leukotrienes
and prostaglandins, other bile acids, phospholipids, and plant-derived alkaloids.

5.4.2 Characterization of impact of environmental perturbations on microbial
metabolism
We next perturbed the cecum culture using a pair of representative environmental
chemicals – bisphenol A (BPA, 1 and 10 uM) and diethylhexyl phthalate (DEHP,
10 and 100 uM) – to investigate the dependence of the metabolite profile on
culture community composition. Metabolomics analysis showed that both BPA
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and DEHP bring about significant changes in the metabolite profile in a dosedependent manner, as represented by principle components analysis scores plots
in Figure 5-4. Next, using hierarchical clustering, we identified groups of features
that were significantly altered in the DEHP or BPA condition compared to vehicle
control. Representative heat maps of clusters of metabolites altered by DEHP
and/or BPA are shown in Figure 5-5. One-way ANOVA was performed to
comprehensively identify all features significantly altered by DEHP and/or BPA.
Perturbation of the cecum culture with xenobiotics dramatically shifts the
metabolite profile. Out of 1,044 metabolic products detected in our metabolomics
analysis, 122 and 176 were significantly altered with DEHP and BPA treatment,
respectively. Fifty-seven of the significantly altered metabolites were common to
both BPA and DEHP treatment (Fig 5-6). In the negative mode data, 42% of
products were altered in the BPA or DEHP conditions (Appendix D, Figure D-4,
D-5).
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Figure 5-4. PCA-DA scores scatter plots reveal dose-dependent changes in
cecum culture metabolite profile in response to BPA and DEHP exposure (A)
Positive mode (B) Negative mode.
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Figure 5-5. Representative heat maps from hierarchical clustering analysis of
positive mode products. Columns represent distinct mass features (metabolites)
and rows represent individual samples (n=5).Yellow boxes illustrate 2 distinct
metabolite features that are either reduced (left) or elevated (right) in the EDCtreated cultures.

6%
12%
5%

Altered by both
BPA and DEHP
Altered by BPA
only
Altered by DEHP
only

77%

n.s.

Figure 5-6. Distribution of detected products of metabolism significantly
altered by BPA, DEHP, or both. 23% of the features that are products of
metabolism are altered by xenobiotics. There are both increases and decreases in
metabolic products.

189

We tabulated the putative IDs of the significantly altered metabolites in
both the BPA and DEHP conditions that met the previously described confidence
criteria (Tables 5-2-and 5-3). In these tables we included both metabolites
identified from the positive mode and negative mode experiments. For the
positive mode experiment, 45% and 40% of the features altered by BPA and
DEHP treatment were assigned a top-scoring putative metabolite ID by any of the
three databases/tools used. For the negative mode experiment, these identification
yields were 12% and 17%, for BPA and DEHP respectively.
Notably, acetylcholine, pyridoxamine, and delta-valerolactam were altered
in both treatment conditions. Some metabolites that were modified in the DEHP
treatment condition included short chain and long chain fatty acids, and a flavone
(putatively identified as diosmetin). BPA altered levels of melatonin as well as a
melatonin derivative, 6-hydroxymelatonin, complex lipids, riboflavin-derived
lumichrome, and lipid mediator jasmonic acid (Fig 5-7).
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Figure 5-7. Profiles of representative features that were increased or
decreased with the xenobiotic treatments, and their respective putative IDs.
*=p<0.05 (ANOVA).
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[M-H]-

Lower in DEHP

[M+H]+

Higher in DEHP

Table 5-2. Microbiota metabolites altered under DEHP exposure. Results for both
positive and negative mode ionization are shown.
Ion
RT
m/z (Da)
Metlin
HMDB
adduct
(min)
146.1159 4.14
Acetylcholine
181.0779 21.48 Protionamide
188.0916 32.65
109.0641 16.96
p-Cresol
Delta115.0769 23.06 4-hydroxy Hexenal
Hexanolactone
(R)-(-)-2138.0886 4.39
Tyramine
Phenylglycinol
175.0035 4.04
Phenol sulphate *†
2-Isoprenyl-3195.1019 34.54 hydroxy-5-methyl-a- Butylparaben *
pyrone
Tectorigenin;
301.0648 27.74 Diosmetin
Questinol; Santal;
Diosmetin *
100.0761 8.26
delta-Valerolactam
167.1038 20.47
Perillic acid
169.0961 6.13
Pyridoxamine
Pyridoxamine
333.2032 35.8
PGA3
89.0588
7.27
Isobutyric acid†(iso)
103.0742 5.29
Isovaleric acid†
Isovaleric acid †
87.0468
11.7
Butyric acid
4121.0291 8.73
Hydroxybenzaldeh
yde *†
131.0349 22.79
Ethylmalonic acid
3-(3Hydroxyphenyl)pro
panoic acid; 3,4Dimethoxybenzald
165.0545 9.54
Tropic acid
ehyde;
Ethylparaben;
Phenyllactic acid†;
Ethyl salicylate *
cis-9-palmitoleic
Palmitoleic acid
253.2157 8.09
acid†
*†
9(Z),11(E)279.2362 7.98
Conjugated Linoleic
Acid
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*= Predicted metabolite from HMDB (all other HMDB entries are from
experimental data)
†= In agreement with top-ranked MetFrag metabolite

[M+H]+
[M-H]-

Lower in BPA

[M+H]+

Higher in BPA

Table 5-3. Microbiota metabolites altered under BPA exposure. Results for both
positive and negative mode ionization are shown.
Ion
RT
m/z (Da)
Metlin
HMDB
adduct
(min)
146.1159 4.14
Acetylcholine
(R)-(-)-2138.0886 4.39
Tyramine
Phenylglycinol
181.0779 21.48 Protionamide
187.0565 31.96 Carbimazole
188.0689 32.9
Indoleacrylic acid
2-Isoprenyl-3195.1019 34.54 hydroxy-5-methyl-a- Butylparaben *
pyrone
211.1305 27.53 (-)-Jasmonic acid†
233.1253 20.07 Melatonin†
Melatonin†
243.0881 24.98 Lumichrome†
17-phenyl trinor371.2286 20.19 13,14-dihydro
Prostaglandin A2
377.234
24.78 Resolvin D1†
8-iso-16-cyclohexyl379.2505 25.5
tetranor
Prostaglandin E2
17-phenoxy trinor
432.2829 21.02
PGF2a ethyl amide
608.3904 23.92 Malyngamide J
333.2032 35.8
PGA3
100.0761 8.26
delta-Valerolactam
169.0961 6.13
Pyridoxamine
Pyridoxamine
249.1206 15.3
6-Hydroxymelatonin
87.0468
11.7
Butyric acid
4121.0291 8.73
Hydroxybenzaldeh
yde *†
131.0349 22.79
Ethylmalonic acid
3-(3165.0545 9.54
Tropic acid
Hydroxyphenyl)pro
panoic acid; 3,4193

Dimethoxybenzald
ehyde;
Ethylparaben;
Phenyllactic acid†;
Ethyl salicylate *
Vanillic acid; 35-Methoxysalicylic
167.0331 9.35
Hydroxymandelic
acid
acid
*= Predicted metabolite from HMDB (all other HMDB entries are from
experimental data)
†= In agreement with top-ranked MetFrag metabolite

5.4.3 Fate of EDCs in cecum culture
Prior to investigating the changes in endogenous metabolite profiles induced by
BPA or DEHP, we performed a targeted search for breakdown products of the
pollutants, as we anticipated the microbiota may play a role in biotransformation
of the xenobiotic chemicals themselves. In this way, we could determine whether
the microbiota could alter the systemic bioavailability of the chemicals in vivo.
Furthermore, it is possible that the effects on the microbiota could be due to a
bioactive breakdown product of BPA or DEHP, in addition to, or instead of, the
original compound.
We first searched for possible breakdown products of BPA and DEHP by
examining patterns in the features of the positive and negative mode peaklists
from the IDA experiments. A script was written in Matlab to identify features
only (significantly) elevated in the BPA or DEHP conditions yet not significantly
different between all other conditions including the media negative control. No
possible breakdown products were found using this method (data not shown).
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We next performed a series of targeted product ion (MS/MS) scans for
documented break-down products of DEHP and BPA from literature and database
sources. Due to the limited availability of data on the breakdown of DEHP and
BPA in the mouse gut, we selected a panel of target compounds based on a human
study by Koch et al (2005) for products of DEHP, and the soil microbial
bisphenol degradation pathway in the KEGG database (Kanehisa et al. 2014) for
BPA (Appendix D, Table D-4). Since pure standards were not available for most
compounds, we based the identification of the targeted compounds on: 1)
monoisotopic exact mass, 2) molecular ion natural isotope abundance, and 3)
pattern of relative abundance in the sample (i.e. significantly elevated in BPA or
DEHP samples, but not significantly different among all other samples). Using
this method, no previously-reported breakdown products of BPA were found. The
targeted MS/MS scan for putative biotransformation products of DEHP revealed
that DEHP produces its monoester metabolite MEHP as quickly as the first day of
culture, and the level of MEHP in the culture remains unchanged over time at the
highest dose of DEHP (Fig 5-8). We obtained a pure standard of MEHP to verify
the retention time and fragmentation pattern, and to quantify its abundance in the
samples.

195

14
12

Day 1
Day 7

MEHP -µM

10
8
6
4
2
0

Microbes + + + - - - + + + - - DEHP (µM) - 10 100 - 10 100 - 10 100 - 10 100

Figure 5-8. Gut microbiota partially metabolize DEHP to MEHP. n=5 for
cecum culture samples, n=1 for media controls.

Since we detected no breakdown products of BPA, we aimed to detect its
depletion in the cecum cultures over time. Targeted analysis of BPA in the cecum
culture using a purified chemical standard showed instead that BPA persists in
both the media and the culture over the 7 day experiment (Fig 5-9).
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Figure 5-9. BPA is not significantly metabolized by day 7. n=5 for cecum
culture samples, n=1 for media controls.

5.5 Discussion
In the investigation of products of normal microbial metabolism, we detected
several secreted chemicals that participate in bacteria-bacteria and bacteria-host
signaling, including but not limited to aromatic amino acid (AAA) derivatives, a
lactone, and fatty acids.
In this culture system we identified gradual production of several AAA
derivatives including neuroactive chemicals. Indole, for example, was detected
and its abundance correlated inversely with its precursor amino acid tryptophan.
Indole is well known to be a bacteria-specific metabolite in the context of the GI
tract due to the absence of the tryptophanase A (TNA) enzyme in mammals
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(Zelante et al. 2013). Other AAA derivatives included 3-indolepropionic acid, and
phenylacetaldehyde. Notably, we detected the gradual production of melatonin, a
tryptophan-derived neurotransmitter. We also detected the production of other
neuroactive compounds, including dopamine, derived from phenylalanine which
was also a detected substrate (Appendix D, Figure D-6). A handful of studies
have shown that neurochemicals like acetylcholine, serotonin, dopamine, and
GABA can be produced from gut bacteria isolates (Asano et al. 2012; Roshchina
2016; Wall et al. 2014). In some cases, such as with serotonin, not only do
microbes synthsize the compound, but they also help enhance host production of
the signaling compound (Yano et al. 2015). The reason why the gut microbiota
produce these chemicals is not well understood, though it is clear that production
of neurochemicals by gut microbiota could potentially exert a huge influence on
host psychological function and behavior (Diaz Heijtz et al. 2011; Ridaura and
Belkaid 2015).
Our metabolomics analysis also detected the production of short chain
fatty acids (SCFAs). SCFAs are not only important factors in energy metabolism
of both the host and microbiota, but also play a role in regulation of tissue
inflammation via interaction with epithelial cell and antigen-presenting cells (Kim
et al. 2014). The balance of whether SCFAs are pro- or anti-inflammatory,
however, is highly context-dependent.
Another classic microbiota-derived compound our untargeted analysis
detected was N-butanoyl homoserine lactone. Acyl homoserine lactones (AHLs)
are fatty-acyl-based signaling compounds produced by Gram negative bacteria
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that mediate several bacterial processes via inducible transcriptional regulation of
genes. These processes include, but are not limited to, bacterial motility,
virulence, and defense by production of antibiotics, and their activation is based
on changes in cell density (which correlates with the level of the signal inducer),
in a phenomenon known as quorum sensing. AHLs are one form of inducer;
specifically they cross the cell membrane and interact with cytoplasmic receptors
of the LuxR family (e.g. LasR and RhlR) to modulate gene expression (Parsek
and Greenberg 2000). The use of lipid mediators for signaling and regulation of a
wide array of biological functions is common to both bacteria and mammals, with
eicosanoids and long-chain fatty acids being the analogous effectors in the latter.
Intriguingly, in recent literature it has been proposed that quorum-sensing
signaling is not restricted to communication among bacteria, but also allows
communication between microorganisms and their hosts (Hughes and Sperandio
2008; Shiner et al. 2005). In mammalian cells, AHLs have been reported to affect
immunomodulation, calcium signaling, and apoptosis (Shiner et al. 2006). In
mammalian cells, AHLs can gain access to the cytoplasm by crossing the plasma
membrane, however their fate in host cells is not well understood (Hughes and
Sperandio 2008). However, one study showed that one form of AHL, 3-oxoC(12)-HSL, can control inflammatory responses in immune cells by modulating
expression of MCP-1 and macrophage inhibitory protein (MIP-2) (Tateda et al.
2003), supporting the notion that bacterially-derived signaling compounds can
play a role in the pathophysiology of inflammatory diseases. Furthermore it is
worth noting that not all members of the collective gut flora produce the same
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AHL products. Different AHLs are synthesized with tightly-regulated specificity
by different bacteria (Gould et al. 2006), underscoring the importance of the
ability of bacterial population shifts to regulate outcomes in host health and
disease.
Another bacterial product we detected that can interact with host signaling
by inducible receptor-binding is (S)-equol, a diet-dependent product. This
compound is a soy isoflavone derivative produced by intestinal bacteria in
exclusively the S-enantiomeric form. It participates in endocrine signaling in
mammalian cells by binding estrogen receptors and down-regulating their activity
(Marin et al. 2015). Its production is attributed to the activities of particular
species: Streptococcus intermedius, B. ovatus, Ruminococcus productus,
Lactobacillus mucosae EPI2, E. faecium EPI1, Veillonella spp., Eggerthella sp.
Julong732, and Finegoldia magna EPI3, emphasizing the idea that together diet
and microbiota composition can modulate host health.
Though our model is based on murine intestinal flora, our results are in
agreement with, and thus have relevance to human models. Some of the products
of metabolism we measured overlap with results from in silico predictions in a
human model (Heinken et al. 2013).This increases confidence that our murine
cecum model may lead to important insights that are relevant to human disease.
In addition to the products of metabolism, the substrates we were able to
characterize in our model were representative of the functions of the mouse gut
microbiota. We detected several bile acids, prostaglandins/complex lipids, amino
acids/peptides, sugars, nucleotides, plant metabolites as the main sources of
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energy and downstream metabolite production (Krishnan et al. 2015). The
substrates were found to be consumed at different rates in the culture, indicating
different preferences and energy requirements over time. Though we focused the
results of the environmental perturbation experiments on changes in products of
metabolism, and not in substrate consumption, this may be interesting to
investigate in future efforts.
The xenobiotic perturbation experiments showed that the microbiota
metabolite profile was drastically altered after exposure to BPA or DEHP for 7
days. Studies using other environmental contaminants showed that a wide variety
of pollutants have the ability to alter the metabolic activity (and composition) of
gastrointestinal bacteria (Claus et al. 2016).
Interestingly, BPA and DEHP altered the levels of neurotransmitters, and
anti-microbial or host-modulating signaling chemicals. Altered fatty acid levels
were detected in the DEHP treated conditions, specifically reduction of isovaleric
acid, a SCFA from amino acid fermentation, as well as palmitoleic acid. The
source of the palmitoleic acid production is unclear; though production of
palmitoleic acid has been reported to occur in anaerobic microbes (Scheurbrandt
and Bloch 1962). Palmitoleic acid could also be produced by metabolism of
phospholipids. In vivo, palmitoleic acid has been linked to inflammation, and
obesity/diabetes, though its role is variable depending on physiological context. In
some studies it has been positively correlated to metabolic syndrome (Phinney
2005), whereas in others it is negatively correlated (Souza et al. 2014). Isovalerate
also plays a role in inflammation. Increasing SCFA by controlling dietary inputs
201

has been shown to increase anti-inflammatory responses, whereas high-fat diets
can lead to increased lipopolysaccharide (LPS) and therefore gut permeability and
inflammation (Puddu and Sanguineti 2014). Additionally, pyridoxamine was
found to be decreased in the cecum culture by both EDCs tested, and this could
suggest a link between EDC exposure and obesity and diabetes. In high-fat dietinduced mice, pyridoxamine prevented impaired glucose metabolism and insulin
resistance (Maessen et al. 2016). Pyridoxamine supplementation also attenuated
gene expression of both inflammatory and adipogenic markers.
Disturbances in melatonin and acetylcholine levels were detected in the
BPA condition suggesting the pollutant leads to dysregulation of neurotransmitter
production pathways. Evidence has shown that the gut microbiota plays an
essential role in maintaining the balance of neurochemicals in the body (Asano et
al. 2012). For example, most of the serotonin produced in the body originates
from the gut (Yano et al. 2015). Perturbations in the balance of neurotransmitter
levels can lead to a wide array of disorders. For example, altered acetylcholine
levels have been linked to symptoms of depression (Mineur et al. 2013). Our
results show that BPA may be a possible risk factor impacting the host‘s
neurochemical balance, which could in turn affect obesity related pathways,
though the effects of particular neurotransmitters have yet to be clarified.
Melatonin levels are typically correlated with protective outcomes in metabolic
syndrome (Cardinali and Hardeland 2016), however recent studies have also
found that increased melatonin signaling can be a risk factor for type 2 diabetes
(Tuomi et al. 2016).
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In addition to neurotransmitters, 4 out of 23 identified metabolites altered
by BPA are prostaglandin derivatives, indicating that BPA exposure alters
microbial metabolism of host-derived lipids. This could provide a link to host
inflammation by altering the profile and availability of signaling lipids to target
host cells. One metabolite was putatively identified as a resolvin, a
docosahexanoic acid derivative. Evidence is mounting that microbes, including
those that inhabit the gut of animals can produce PUFAs, such as linoleic acid and
DHA (Druart et al. 2013; Druart et al. 2015). We have also observed that levels of
free linoleic and oleic acid increased in cecum culture over 7 days (Appendix D,
Figure D-7), suggesting that microbiota could play an important role in host lipid
metabolism and lipid-mediated signaling. Due to the commonality of several lipid
between gut microbes and host, their lipid metabolism pathways may be
intricately linked.
Two other compounds that were matched to mass features increased by
BPA exposure were signaling molecules lumichrome and jasmonic acid Appendix
D, Figure D-8. Classically, lumichrome has been associated with bacteria-plant
interactions in the rhizosphere. Rhizobacteria produce lumichrome from the
vitamin riboflavin, which controls plant development and other functions (Phillips
et al. 1999). Conversely, plants can also produce lumichrome where it serves as a
defense molecule protecting against pathogens (Mehboob et al. 2009).
Lumichrome can function as an interkingdom signal, as it has been shown to
activate LasR receptors, known targets of AHLs, and thus possesses quorum
sensing autoinducer capabilities. Beyond its ability to affect development in
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plants, recent evidence shows it could also possibly serve as a developmental
signal in animals (Rajamani et al. 2008; Tsukamoto et al. 1999). Jasmonic acid
(JA) is also a compound typically associated with bacteria-plant interactions.
Plants produce JA in response to certain stresses, including those induced by
bacteria to regulate responses involved in pathogen defense or reproduction.
Though mostly recognized as a plant-derived signaling mediator, JA can be
produced by bacterial isolates as well (Forchetti et al. 2007). Evidence suggests
that JA production and lumichrome are coupled via the riboflavin synthesis
pathway. Specifically, disruption of a gene upstream of lumichrome production
affected jasmonate-mediated signaling in a plant model (Xiao et al. 2004). Null
mutations of the gene upstream of lumichrome abolished all downstream
responses of JA stimulation. Taken together, these results suggest that these
signaling mediators may be coupled in the gut microbiota. Their co-upregulation
in response to BPA suggests that they may be part of a stress-response mechanism
in the microbiota, and this possibility should be further investigated. In general,
studies of the co-evolution of soil bacteria and plants may be valuable in shedding
light on associations between the communities of the microbiota and the
interactions between the microbiota in host as many analogous pathways exist
(Ramirez-Puebla et al. 2013).
Gut microbes have an extensive capacity to break-down xenobiotics and
environmental chemicals, which can modulate their toxicity and bioavailability in
the host (Claus et al. 2016), so we aimed to also investigate the possible
breakdown products of DEHP and BPA in the cecum culture. We observed that
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DEHP is rapidly, partially metabolized to MEHP by microbiota. This is likely to
occur via bacterial lipases as conversion of DEHP to MEHP involves cleavage of
a carbohydrate chain. In mammals, mono-deesterification of DEHP is attributed
to blood or liver lipases (Koch et al. 2005). However, Pollack et al (1985)
showed that approximately 80% of an oral dose of DEHP undergoes monodeesterification in the gut (as opposed to 1% via intraarterial or intraperitoneal
injection). Though MEHP from DEHP in the gut has been reported previously,
the relative contribution by the microbes versus the host was not well understood.
Studies have shown that microbes in aqueous environments can degrade DEHP to
MEHP (Hashizume et al. 2002), demonstrating that at least some strains of
bacteria possess the enzymes necessary to perform the reaction. Which specific
strains could perform this function in the gut remains to be investigated. Our
results suggest that gut microbiota can enhance the bioavailability of MEHP to
other tissues via systemic circulation by rapidly producing it when exposed to
DEHP. In other tissues, MEHP could exert toxic or endocrine-disrupting effects
as we observed in Chapter 3. In the case of BPA, our data shows that while BPA
measurements did correlate with exposure concentration, it is not significantly
degraded by cecum bacteria over 7 days. Since BPA is bioactive in its original
form (e.g. via receptor-mediated gene transcription events), persistence of the
compound in the gut could draw out the duration of its effects. Whether or not this
would be the case in vivo needs to be further investigated; our model does not
include the contribution of mammalian xenobiotic degradation pathways.
Research performed in environmental contexts has shown that significant
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differences exist between BPA biodegradation in anaerobic versus aerobic
conditions. BPA is more rapidly biodegraded in aerobic conditions (>90%) than
anaerobic conditions (<10%), and BPA in an anaerobic environment can persist
for a long time (Kang and Kondo 2002). The culture system we used is an
anaerobic batch reactor, thus these conditions could be the reason we saw no
significant BPA degradation by the microbes.
Despite acquiring data on a large list of metabolites/peaks using IDA
experiments, over 50% of the significant mass features of interest could not be
assigned a putative ID using Metlin, HMDB, or MetFrag. Nevertheless, there is
huge potential in the dataset that remains undiscovered and should continue to be
explored. One of the main reasons attributed to the incomplete identification of
these metabolites is incomplete database coverage of MS/MS spectra. Though we
have yet to perform a complete analysis doing so, one way to account for
unmatched features is to supplement the MS/MS-based identifications with just
MS-based identifications. In Metlin, this would be accomplished by performing a
batch search on the precursor ion exact mass only to reveal all metabolites that
could be matches despite there not being MS/MS data available for them in the
database. We tried a manual search for some unidentified metabolites altered by
xenobiotics based on only MS precursor m/z using Metlin. For example, we
searched for the feature m/z 186.0433 with RT 17.4 min, which was significantly
elevated in the cultures at the highest dose of BPA (Appendix D, Figure D-9).
This metabolite matched to only one compound by exact mass- 2-amino-3carboxymuconate semialdehyde, for which experimental MS/MS data was not
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available in the database (and therefore we did not get a hit in our results)
(Appendix D, Figure D-10). This metabolite is a derivative of tryptophan and
precursor of quinolate, a compound with reported neurotoxic effects (LugoHuitron et al. 2013). The tryptophan to quinolate pathway has been identified in
bacteria (Kurnasov et al. 2003). In mammalian tissues, this metabolite can be nonenzymatically converted to the neurotoxin quinolinate, indicating that
overproduction by microbiota could lead to direct effects in vivo. Clearly,
potentially additional valuable biological information remains untapped in the
dataset and we can expect to gain more insight into microbiota metabolism by
continuing to explore the rest of these features.
Another challenge we have encountered even in the case of MS/MS-based
identifications is that of false positive ID assignments—features incorrectly
matched to a database entry. Not all metabolite ID assignments that are made
using the databases were relevant and had to be interpreted with care. For this
reason we are working towards developing a model consisting of all the possible
reactions that could be performed by the microbiota. Knowledge of which
reactions are already known to be catalyzed by the microbiota will help validate
certain ID matches and eliminate irrelevant matches such as synthetic compounds.
Nevertheless, we do not have a complete understanding of the microbiome, as
many of the cecum microbes have incompletely-explored genomes, so we would
have to be careful of losing information and limiting the discovery potential of the
model.
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Other factors that may complicate the interpretation of the untargeted data
include the presence of alternative ion adducts than those used in the database
search, as well as the composition of the sample and possible presence of
interfering inorganic compounds such as salts. In the negative mode dataset we
detected a large number of salt clusters that were present in both the MS and
MS/MS spectra across almost the entire scanned mass range. This led to a higher
number of both not-significant and not-identified compounds in the comparison of
GMM to media samples. Interestingly, a larger proportion of products was
observed to be altered by BPA and DEHP; however the identification yield for
these features was low.
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Ongoing work
Beyond this analysis, ongoing work towards this project includes investigating the
correlations between the observed metabolite profiles and the compositional
changes of the microbial community. Initially we want to investigate whether
there is a correlation between the slowly produced metabolites and compositional
change from day 1 to day 7. We plan to use a model based on the 16S sequencing
data that describes the possible reactions that can be performed by the microbiota,
to put the metabolite data into context.
We also will explore whether there is a shift in the microbiota population
in response to the xenobiotic perturbations, and whether they correlate with the
shifts in metabolites. In a study on the human gut microbiome, drastic changes in
the microbial population were observed after only 4 days of an alteration in diet
(David et al. 2014). Given that alterations in gut microbiota metabolism and
population can occur in a matter of days, we anticipate seeing effects of the
xenobiotic perturbations after one week.
Beyond noting shifts, we seek to understand at what taxonomic level the
changes occur, and whether any of the changes can be attributed to specific taxa.
It is possible that small changes in microbiota population can lead to large
changes in metabolite profile (Noecker et al. 2016). We can assess these changes
by linking each metabolite in the model to a bacterium that can produce it, and
seeing if a small number of organisms contribute to the production of a certain
perturbed metabolite.
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Last, once we have identified important metabolic biomarkers of interest
using meta-omics efforts, biochemical assay studies should be used to study their
effects and confirm their functional roles.
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CONCLUSIONS AND FUTURE RECOMMENDATIONS
Conclusions
In this work we aimed to investigate the fate and effects of a subset of EDCs in
cellular models related to obesity and metabolic disease, namely adipose tissue
and the gut microbiota. By performing a comprehensive survey of relevant
literature (Chapter 1) we identified key regulatory networks or connections that
contribute to normal development, growth, and signaling functions with emphasis
on inflammation. The findings of our research supported the notion that sustained
perturbation of metabolism can override normal homeostatic controls, leading to a
cascade of signaling events that can lead to inflammation. Given the documented
ability of EDCs to interact with nuclear receptors, we hypothesized that they
might act by perturbing metabolic and inflammatory signaling networks to elicit
their effects.
We first investigated these possibilities by employing data-driven cellular
state characterization to determine global patterns of alterations in the levels of
cellular metabolites and proteins and draw conclusions based on influences and
associations. Our findings from the metabolomic and proteomic analysis of the
effects of MEHP in adipocytes suggested that MEHP alters lipid metabolism and
inflammatory pathways, characterized by accumulation of FFA, and elevated
expression of cytokines and lipid metabolic enzymes, including downstream
targets of PPAR-γ (Chapter 3). Controlled PPAR-γ-inhibition experiments
demonstrated that the effects of MEHP on cytokine and lipid metabolic enzyme
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expression were at least partly mediated by PPAR-γ (Chapter 3). We then
integrated these findings from the data-driven analysis with modeling-driven
analysis of pathway engagement to gain further mechanistic insight of the effects
of MEHP on lipid metabolism, with particular interest in exposing the cause of
elevated FFA. Our results from the 13C-labeling experiments pointed to reduction
in TAG accumulation, compared to the control, as a potential cause of
intracellular FFA accumulation (Chapter 4), though a clear understanding of the
mechanism warrants further investigation.
To begin to characterize the effects of EDCs on the second model system,
the gut microbiota, we also employed a data-driven metabolomics approach,
relying on clustering methods and statistical comparisons to drive the
interpretation. Our findings showed significant changes across 23% of the
detectable products of microbial metabolism under exposure to either EDC, which
included features with putative metabolite matches for several lipid species and
other signaling molecules (Chapter 5). We also found that the isolated microbe
cultures are capable of metabolizing DEHP to MEHP, but have limited to no
ability to break down BPA under the experimental conditions.

Future Recommendations
As a result of this work, several areas that merit further investigation were
identified, and are presented herein by chapter:
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Chapter 1- After surveying the relevant literature of AT signaling, metabolic, and
growth regulatory connections, we found that while regulatory molecules or hubs
in AT have been studied in isolation in great detail, there is a lack of systemslevel knowledge about how these molecules interact with one another to exert
control over these processes. One question that systems-level approaches could
help to address is whether adipocyte metabolism plays a causative role in linking
over-nutrition

or

other

environmental

perturbations

with

inflammation.

Furthermore, there is a shortage of mathematical models of AT regulatory
networks. Predictive models could aid in the understanding of the possible
interactions among regulatory molecules, and help to validate experimental
findings and generate hypotheses.
Chapter 2- Though the use of multivariate projection and clustering approaches
are increasingly widely-used in handling large omics datasets, there is a lot of
variation in methodologies among studies, and overall little standardized
consensus on how best to handle data prior to analysis (e.g. scaling) and how to
best interpret the results. These are areas that could be improved by additional
studies that compare the use of various different methods toward interpreting a
data set. Concerning the experimental protocols developed in this work, additional
improvements could be made in the proteomics workflow. With the described
extraction and digest protocol and LC-MS method, we were able to identify
~1,000 proteins, nonetheless favoring the most abundant proteins, including
several key metabolic enzymes, structural proteins, transport proteins, and
adipokines. We had limited detection capability of transcription factors and
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signaling-pathway intermediates, for example. Further efforts should be made to
improve the extraction and/or detection of important low-abundance proteins.
Chapters 3&4- In the MEHP exposure experiments we were able to successfully
profile the metabolic and proteomic alterations elicited by MEHP, and link the
observed lipid metabolic and inflammatory alterations to a known regulator,
PPAR-γ. Nevertheless, an understanding of the explicit mechanistic connections
between the metabolic changes and the inflammatory outputs continues to elude
us. The role of PPAR-γ in metabolic flux alterations elicited by MEHP was
especially difficult to interpret, as elevated FFA levels due to chemical inhibition
of PPAR-γ activity confounded the interpretation of the results. It is also unclear
whether this could be in part due to potential off-target effects of the chemical
inhibitor, which could be tested for by comparing chemical inhibition with a
tissue-specific PPAR-γ knockdown. For example, Use of floxed PPAR-γ
heterozygous mice could be useful for studying whether the effects of MEHP in
vivo are still largely mediated by PPAR-γ. Nonetheless, studies in PPAR-γ
heterozygous mice have shown that the effects of this mutation on a physiological
level are similar to the effects of supraphysiological activation of PPAR-γ,
possibly complicating the interpretation of the role of PPAR-γ in the effects
(Yamauchi et al. 2001). Furthermore, PPAR-γ heterozygous mice exhibit reduced
body size (Rieusset et al. 2004) and fat mass (Kubota et al. 1999), effects that
would have to be controlled for.
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Additionally, the large majority of studies in the relevant literature report a
general anti-inflammatory role of PPAR-γ, further complicating the interpretation
of its connection to the inflammatory outputs we observed. Nevertheless, studies
that challenge this viewpoint exist (Huang et al. 2016; Liu et al. 2009), suggesting
that the role of PPAR-γ in regulation of inflammation is complex, and is likely
highly dependent on the cellular state and inputs (particularly concerning the
nature of the ligand). Undoubtedly there is a need for additional studies that
explore the effects of PPAR-γ agonism with several different types of ligands, for
varying durations, and in a variety of cellular states. FABP4 appears to be a likely
candidate linking MEHP-induced PPAR-γ activation and inflammation, and more
detailed, mechanistic investigations should assess knock-down (as well as
overexpression) of FABP4 in the presence/absence of MEHP.
An additional recommendation is that more EDC exposure experiments be
performed at low doses, for long durations (versus acute exposure), and in mature
adipocyte models to provide further validation of our hypothesis. The
overwhelming majority of studies of the effects of EDCs on adipocytes have been
focused on adipogenic and/or lipogenic effects and exposure during
differentiation, with few studies exploring the effects in mature adipocytes.
However, new studies are appearing that share similarities with our findings, such
as a very recent study by Ariemma et al (2016) that reports increased expression
of pro-inflammatory cytokines and simultaneous up-regulation of PPAR-γ
downstream targets in mature 3T3-L1 cells chronically exposed to low doses of
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BPA. Though the inputs are different, and there is some divergence in terms of
cellular phenotype, these results are encouraging.
Chapter 5- We completed a preliminary characterization of microbiota metabolite
profiles, as well as of the effects of EDC treatment on microbiota metabolism.
This work is part of an ongoing project, and we outlined the current efforts
towards integrating metabolic profile data with microbiota composition data.
Nonetheless, there are further areas of improvement in the metabolic profiling
analysis that should be investigated. One is improving the metabolite
identification step to generate more confident IDs by exploring the capabilities of
additional databases, and developing a rigorous confidence scoring system. If
additional databases are limited, developing a machine-automated routine that
uses rules based on chemical intuition to interpret the spectra and reject poorlymatched database identifications may be instrumental in ruling out false positives.
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Appendix A: Isotopomer LC-MS method validation- citrate example.
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A standard of unlabeled citrate was run using HILIC chromatography and a
negative mode MS method consisting of a TOF-MS survey scan and dedicated
product ion scans for m/z 191.0 192.0,…,197.0 representing the M+0,
M+1,…M+6 isotopomers of citrate. Here we illustrate the extraction of the
precursor ion XICs of the first two isotopomers (M+0 and M+1) from the TOFMS scan. Below each XIC is the MS/MS spectrum from the triggered
fragmentation of each precursor ion. We observe a shift in the masses of the
product ions when fragmenting different isotopomers. The M+0 MS/MS spectrum
consists of only unlabeled product ions, whereas the M+1 MS/MS spectrum
consists of mostly +1 labeled product ions, and some unlabeled product ions.
A quantification method was built based on the product ions m/z 87.0089 and
88.0089 for M+0 citrate and M+1 citrate, respectively. Using this method, the
natural isotopic abundance of the unlabeled citrate standard was recovered:
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Appendix B: Additional data from Chapter 3

Figure B-1. MEHP broadly alters metabolite levels in a dose dependent
manner. (A) Ellipses around PLS-DA scores show regions of 95 % confidence.
For 100nM and 10µM MEHP, p=0.047 and 0.01, respectively.(B) Discriminatory
metabolites identified based on the loadings are listed in the boxed insert. (C-E)
Intracellular levels of TCA and glycolysis intermediates on Day 16.
Concentrations of the isomers citrate/isocitrate and DHAP/GAP are showed as
lumped quantities. All data shown are averages of N = 5 biological replicates.
(*P-value < 0.05). DHAP: dihydroxyacetone phosphate; GAP: glyceraldehyde 3phosphate.
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Table B-1. Primer sequences used for qPCR
Gene
Forward (5’ to 3’)
Reverse (5’ to 3’)
18S rRNA

ATGGCCGTTCTTAGTTGGTG

TCTAAGGGCATCACAGACCT

MCP-1

CTCTCTTCCTCCACCACCAT

ACTGCATCTGGCTGAGCCA

TCTCATGCACCACCATCAAGGA

TGACCACTCTCCCTTTGCAGAACT

TNF-α
CT
CXCL1

ACCCAAACCGAAGTCATAGCC

TTGTCAGAAGCCAGCGTTCA

TCCAGTTGCCTTCTTGGGACTGA

AGCCTCCGACTTGTGAAGTGGTAT

IL-6
T
PPAR-γ

GCACTGCCTATGAGCACTTCA

ACCATTGGGTCAGCTCTTGT

C/EBPα

AGACATCAGCGCCTACATCG

TGTAGGTGCATGGTGGTCTG

PEPCK

AGCGGATATGGTGGGAAC

GGTCTCCACTCCTTGTTC
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Table B-2. Discriminatory proteins from PLS-DA.
LV
(-/+)a

LV1
(-)

LV1
(+)

Histone H4 (Hist1h4a)/

SwissProt
accession
#
P62806

Superoxide dismutase [Cu-Zn] (Sod1)

P08228

Acyl-CoA-binding protein (Dbi)

P31786

78 kDa glucose-regulated protein (Hspa5)

P20029

Stress-70 protein, mitochondrial (Hspa9)

Calmodulin (Calm1)

P38647
Q6GSS7,
Q8CGP6,
P27661
P62204

Serpin H1 (Serpinh1)

P19324

Malate dehydrogenase, mitochondrial (Mdh2)

P08249

40S ribosomal protein S19 (Rps19)

Q9CZX8

Voltage-dependent anion-selective channel protein 1 (Vdac1)

Q60932

Peroxiredoxin-5, mitochondrial (Prdx5)

P99029

Protein disulfide-isomerase (P4hb)

P09103

40S ribosomal protein S13 (Rps13)

P62301

Pyruvate kinase PKM (Pkm)

P52480

Annexin A1 (Anxa1)

P10107

Protein S100-A11 (S100a11)

Hemoglobin subunit alpha (Hba)

P50543
P99024,
Q922F4,
Q7TMM,
P68372
P01942

Alpha-actinin-4 (Actn4)

P57780

Fatty acid synthase (Fasn)

P19096

6-phosphofructokinase, liver type (Pfkl)

P12382

NAD(P) transhydrogenase, mitochondrial (Nnt)

Q61941

Fatty acid-binding protein, epidermal (Fabp5)

Q05816

Stress-70 protein, mitochondrial (Hspa9)

P38647

Core histone macro-H2A.1 (H2afy)

Q9QZQ8

6-phosphogluconolactonase (Pgls)

Q9CQ60

ATP synthase subunit beta, mitochondrial (Atp5b)

P56480

Protein ID (gene name)

Histone H2A type 2-A (Hist2h2aa1), Histone H2A type 1-H
(Hist1h2a), Histone H2A.x(H2afx)

Tubulin beta-5 chain (Tubb5), Tubulin beta-6 chain (Tubb6),
Tubulin beta-2A chain (Tubb2a), Tubulin beta-4B chain (Tubb4b)

LV2
(-)
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LV2
(+)

LV3
(-)

LV3
(+)

10 kDa heat shock protein, mitochondrial (Hspe1)

Q64433

Alpha-enolase (Eno1)

P17182

Glyceraldehyde-3-phosphate dehydrogenase (Gapdh)

P16858

GTP:AMP phosphotransferase AK3, mitochondrial (Ak3)

Q9WTP7

Peroxisomal multifunctional enzyme type 2 (Hsd17b4)

60S acidic ribosomal protein P0 (Rplp0)

P51660
P60710,
P62737,
P68134,
P14869

Ran-specific GTPase-activating protein (Ranbp1)

P34022

Triosephosphate isomerase (Tpi1)

P17751

1-acylglycerol-3-phosphate O-acyltransferase ABHD5 (Abhd5)

Q9DBL9

60 kDa heat shock protein, mitochondrial (Hspd1)

P63038

Serine/threonine-protein kinase WNK3 isoform 1 (Wnk1)

Q80XP9

Glutamate dehydrogenase 1, mitochondrial (Glud1)

P26443

Vimentin (Vim)

P20152

40S ribosomal protein S24 (Rps24)

P62849

Rab GDP dissociation inhibitor beta (Gdi2)

Q61598

Stress-70 protein, mitochondrial (Hspa9)

P38647

Histone H2B type 1-B (Hist1h2bb)

Q64475

Prostaglandin E synthase 3 (Ptges3)

Q9R0Q7

Actin, cytoplasmic 1 (Actb), Actin, aortic smooth muscle (Acta2),
Actin, alpha skeletal muscle (Acta1)

Annexin A2 (Anxa2)

P07356

Trafficking protein particle complex 9 (Trappc9)

b

Zinc finger FYVE domain-containing protein 16 (Zfyve16)b
a

Q3U0M1
Q80U44

The far left column indicates whether the loading value was in the positive (+) or
negative (-) latent variable (LV) space. Significant discriminatory proteins were
identified for the first three LVs.
b
One peptide found for the indicated protein. A protein identification was
considered highly confident if at least two unique peptides were found at 99%
confidence for that protein. All other discriminatory proteins in the table meet
these criteria. 760 unique proteins were identified at a global 1% FDR.
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Appendix C: Additional data from Chapter 4

Amino acids

Fatty acids

Table C-1. Measured extracellular fluxes from Day 16 isotopomer labeling
experiment. Positive (green) values indicate uptake from the media, negative (red)
values indicate efflux to the media. Data represent average of 3 biological
replicates.
Flux (mmol/gDNA/2days)
Glucose
Lactate
Lauric acid
Myristic acid
Palmitoleic acid
Palmitic acid
Stearic acid
Oleic acid
Linoleic acid
Arachidonic acid
Alanine
Arginine
Aspartic Acid
Cysteine
Glutamate
Glycine
Histidine
Leucine/Isoleucine
Lysine
Glutamine
Methionine
Proline
Serine
Threonine
Tyrosine
Valine
Phenylalanine
Asparagine
Tryptophan

Control Control + GW9662 MEHP MEHP+GW9662 TNF
800.40
1221.09
1555.88
860.58
847.04
-806.79
-1256.65
-1687.38
-1051.15
-1581.05
0.03
0.03
0.00
0.01
-0.04
1.36
3.83
-0.47
-1.43
-2.15
0.00
-0.19
-0.46
-0.19
-2.04
2.68
2.00
-0.39
-3.72
-12.24
3.41
3.82
1.74
0.44
-1.56
-0.04
-5.33
-9.24
-4.71
-31.23
0.11
0.09
0.05
0.16
-0.66
0.85
1.47
2.14
1.72
2.45
-17.11
-28.38
-33.01
-12.85
-12.51
1.35
1.22
1.90
0.92
4.40
0.03
0.05
0.05
0.04
-0.09
-0.65
-1.34
-0.55
1.23
2.57
1.22
1.89
2.54
1.84
-0.91
-1.38
-3.95
-3.97
-1.01
4.17
0.46
0.42
0.78
0.65
1.41
3.55
4.80
6.05
8.89
-0.10
4.29
-2.20
10.48
7.04
-11.04
18.03
24.32
32.77
26.83
38.17
0.72
0.65
0.27
7.18
7.92
-2.57
-6.34
-6.71
-2.66
-3.53
1.00
1.33
1.89
1.60
2.62
0.91
0.20
1.77
6.18
4.38
-0.71
-1.53
-1.17
4.61
2.95
0.66
4.82
10.81
5.57
10.23
1.05
1.17
5.47
4.97
5.08
-0.20
-0.42
-0.49
-0.17
-0.30
1.99
1.25
2.31
2.58
6.33
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Table C-2. List of reactions in adipocyte metabolism model. Highlighted reactions
correspond to those for which measured extracellular fluxes were used as inputs.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66

Glycolysis

Pentose Phosphate pathway

TCA cycle (mitochondria)

TCA cycle

Oxidative phosphorylation
Palmitate biosynthesis
TAG biosynthesis

Metabolism of ketone bodies

Amino acid metabolism

Plasma exchange

Mitochondrial exchange

TAG accumulation

Glucose = Glucose 6-P
Glucose 6-P = Fructose 6-P
Fructose 6-P = Glyceraldehyde 3-P + Glycerone-P
Glycerone-P = Glyceraldehyde 3-P
Glyceraldehyde 3-P = P-Enolpyruvate
P-Enolpyruvate = Pyruvate
Pyruvate + NADH = Lactate
Glucose 6-P = Ribulose 5-P + CO2 + 2 NADPH
3 Ribulose 5-P = 2 Fructose 6-P + Glyceraldehyde 3-P
Pyruvate + Oxaloacetate = Citrate + CO2 + NADH
Pyruvate + CO2 = Oxaloacetate
Citrate = 2-Oxoglutarate + CO2 + NADH
2-Oxoglutarate = Succinyl-CoA + CO2 + NADH
Succinyl-CoA = Fumarate + FADH2
Fumarate = Malate
Malate = Oxaloacetate + NADH
Citrate = Acetyl-CoA + Oxaloacetate
Oxaloacetate + NADH = Malate
Malate = Pyruvate + CO2 + NADPH
Citrate = 2-Oxoglutarate + CO2 + NADPH
Oxaloacetate = P-Enolpyruvate + CO2
NADH + 0.5 O2 =
FADH2 + 0.5 O2 =
8 Acetyl-CoA + 14 NADPH = Palmitate
Glycerone-P + 3 Palmitate + NADH = Tripalmitoylglycerol
Tripalmitoylglycerol = Glycerol + 3 Palmitate
2 Acetyl-CoA = Acetoacetate
Acetoacetyl-CoA = Acetoacetate
Acetoacetate + NADH = 3-Hydroxybutyrate
Pyruvate + NH4+ + NADPH = Alanine
Aspartate + NH4+ = Asparagine
Aspartate = Oxaloacetate + NH4+ + NADH
Cysteine = Pyruvate + NH4+ + NADH
Glutamate = 2-Oxoglutarate + NH4+ + NADH
Glutamate + NH4+ = Glutamine
Serine = Glycine
Histidine = Glutamate + NH4+
Isoleucine = Succinyl-CoA + Acetyl-CoA + NH4+ + FADH2 + 2 NADH
Leucine + CO2 = Acetoacetate + Acetyl-CoA + NH4+ + FADH2 + 2 NADH
Lysine = 2-Oxoadipate + 2 NH4+ + 3 NADH
2-Oxoadipate = Acetoacetyl-CoA + 2 CO2 + FADH2 + 2 NADH
Methionine + Serine = Succinyl-CoA + Cysteine + NH4+ + NADH
Phenylalanine + O2 + NADH = Tyrosine
Glutamate + 2 NADPH = Proline
Serine = Pyruvate + NH4+
Threonine = Glycine + Acetyl-CoA + NADH
Tryptophan + 3 O2 + NADPH = 2-Oxoadipate + Alanine + CO2 + NH4+
Tyrosine + 2 O2 = Acetoacetate + Fumarate + CO2 + NH4+ + NADH
Valine = Succinyl-CoA + CO2 + 4 NADH + FADH2 + NH4+
Palmitate = Palmitate
Acetoacetate = Acetoacetate
Alanine = Alanine
Aspartate = Aspartate
Cysteine = Cysteine
Glutamate = Glutamate
Glycine = Glycine
Serine = Serine
Tyrosine = Tyrosine
O2 = O2
CO2 = CO2
NH4+ = NH4+
Pyruvate = Pyruvate
Citrate = Citrate
2-Oxoglutarate = 2-Oxoglutarate
Malate = Malate
Tripalmitoylglycerol = Tripalmitoylglycerol
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Table C-3. Simulated intracellular fluxes on day 16. Results are expressed as
mmol/gDNA/2days. Data represent the average of 3 biological replicates, and
error is expressed as +/- standard deviation.
Control
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66

800.398 ± 0.003
775.843 ± 18.575
792.213 ± 6.19
173.777 ± 16.166
974.176 ± 16.168
992.167 ± 38.446
806.796 ± 0.005
24.555 ± 18.577
8.185 ± 6.192
141.12 ± 16.054
45.378 ± 35.505
115.862 ± 12.577
97.727 ± 12.69
103.029 ± 12.715
104.703 ± 12.719
95.741 ± 19.45
24.536 ± 28.694
6.387 ± 6.404
15.349 ± 13.135
0.721 ± 0.222
17.99 ± 22.279
6.344 ± 3.316
119.763 ± 12.74
3.067 ± 3.586
618.435 ± 22.357
616.519 ± 23.552
4.851 ± 0.012
7.606 ± 0.007
19.339 ± 0.01
14.462 ± 0.003
0.189 ± 0.015
-0.157 ± 0.025
0.067 ± 0.002
-18.856 ± 0.086
18.007 ± 0.026
0.117 ± 0.026
0.475 ± 0.026
3.901 ± 0.019
4.547 ± 0.008
4.953 ± 0.002
7.606 ± 0.007
0.721 ± 0.002
1.715 ± 0.004
2.563 ± 0.006
0.173 ± 0.037
1.255 ± 0.014
2.653 ± 0.007
1.673 ± 0.006
0.678 ± 0.024
-2.681 ± 0.003
-0.66 ± 0.007
17.115 ± 0.004
0.031 ± 0.01
-0.653 ± 0.003
1.239 ± 0.026
1.373 ± 0.012
1.012 ± 0.011
-0.041 ± 0.002
76.077 ± 4.727
383.621 ± 9.179
-26.875 ± 0.269
186.499 ± 51.559
25.257 ± 28.631
-18.134 ± 0.305
52.353 ± 35.475
1.916 ± 1.195

Flux- mmol/gDNA/2days
Control + GW9662
MEHP
MEHP + GW9662
1221.087 ± 0.001
1179.201 ± 33.26
1207.125 ± 11.087
290.755 ± 20.411
1511.843 ± 20.41
1535.218 ± 44.559
1256.647 ± 0.001
41.886 ± 33.259
13.962 ± 11.086
210.807 ± 20.399
52.618 ± 36.126
168.471 ± 14.654
146.527 ± 20.22
157.458 ± 20.227
159.752 ± 20.224
158.188 ± 16.689
35.928 ± 40.612
12.177 ± 16.92
13.741 ± 11.938
6.408 ± 9.176
23.374 ± 24.28
8.44 ± 7.176
176.234 ± 20.236
4.491 ± 5.076
916.369 ± 31.488
914.205 ± 33.181
6.556 ± 0.002
1.704 ± 0.001
18.672 ± 0.001
25.799 ± 0.004
0.422 ± 0
-0.376 ± 0
-0.686 ± 0.002
-28.351 ± 0.003
24.321 ± 0.001
3.083 ± 0
0.419 ± 0
5.461 ± 0.004
6.789 ± 0
-0.873 ± 0.002
1.704 ± 0.001
0.647 ± 0
2.496 ± 0.001
6.335 ± 0
-2.399 ± 0
0.862 ± 0
2.578 ± 0.004
2.294 ± 0.003
4.82 ± 0.002
-2.003 ± 0
-1.326 ± 0
28.378 ± 0
0.045 ± 0
-1.333 ± 0.002
1.886 ± 0.002
3.946 ± 0
1.332 ± 0
-0.201 ± 0.001
107.158 ± 6.643
564.911 ± 13.194
-61.092 ± 0.012
263.426 ± 56.249
42.336 ± 34.368
-21.943 ± 9.179
65.843 ± 36.122
2.164 ± 1.692

1555.884 ± 0
1484.604 ± 25.22
1532.124 ± 8.406
433.036 ± 10.044
1988.92 ± 10.044
2001.6 ± 5.207
1687.382 ± 0.001
71.28 ± 25.22
23.76 ± 8.406
250.199 ± 10.042
41.688 ± 12.794
187.898 ± 16.356
152.442 ± 15.956
168.998 ± 15.957
170.99 ± 15.956
208.51 ± 21.957
61.596 ± 25.918
48.484 ± 32.08
10.964 ± 6.304
0.703 ± 0.402
12.68 ± 6.529
5.937 ± 4.925
200.094 ± 15.954
7.699 ± 3.239
1099.088 ± 18.389
1096.651 ± 19.469
5.498 ± 0.002
10.487 ± 0.002
21.15 ± 0.001
31.859 ± 0.003
0.485 ± 0.003
-0.432 ± 0.006
-0.279 ± 0.012
-36.159 ± 0.005
32.772 ± 0.001
2.77 ± 0.002
0.783 ± 0.003
5.477 ± 0.003
4.324 ± 0
9.331 ± 0.001
10.487 ± 0.002
0.27 ± 0.006
4.315 ± 0
6.71 ± 0.001
-1.155 ± 0.009
1.194 ± 0.001
1.155 ± 0.001
1.992 ± 0
10.807 ± 0.002
0.39 ± 0
1.151 ± 0
33.014 ± 0.001
0.053 ± 0.002
-0.55 ± 0.006
2.539 ± 0.001
3.965 ± 0.001
1.885 ± 0
-2.322 ± 0
114.783 ± 10.299
675.087 ± 3.572
-59.67 ± 0.012
291.888 ± 6.857
62.3 ± 26.317
-35.455 ± 0.401
60.237 ± 12.793
2.436 ± 1.079
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860.58 ± 0
848.583 ± 0.434
856.581 ± 0.144
307.444 ± 0.205
1168.025 ± 0.205
1171.483 ± 0.641
1051.145 ± 0
11.997 ± 0.434
3.999 ± 0.144
109.519 ± 0.203
9.691 ± 0.475
103.564 ± 0.274
76.564 ± 0.275
97.066 ± 0.276
102.057 ± 0.276
99.827 ± 0.312
5.955 ± 0.475
2.366 ± 0.161
4.596 ± 0.127
0±0
3.457 ± 0.439
1.361 ± 0.046
120.867 ± 0.276
0.744 ± 0.059
549.137 ± 0.347
550.127 ± 0.367
9.114 ± 0
5.031 ± 0
22.293 ± 0
12.568 ± 0
0.17 ± 0
-0.131 ± 0.001
8.408 ± 0
-26.999 ± 0.002
26.825 ± 0
-4.022 ± 0
0.647 ± 0
7.744 ± 0
5.449 ± 0
4.746 ± 0
5.031 ± 0
7.182 ± 0
2.674 ± 0
2.658 ± 0
-1.562 ± 0
5.035 ± 0
0.284 ± 0
4.99 ± 0
5.574 ± 0
3.716 ± 0
2.293 ± 0
12.853 ± 0
0.038 ± 0
1.225 ± 0
1.836 ± 0
1.012 ± 0
1.597 ± 0
2.316 ± 0
74.624 ± 0.16
315.471 ± 0.082
-18.481 ± 0.002
119.211 ± 0.661
5.955 ± 0.475
-26.999 ± 0.002
35.184 ± 0.474
-0.99 ± 0.019

TNF
847.031 ± 0.006
846.392 ± 0.64
846.818 ± 0.214
779.19 ± 0.844
1626.222 ± 0.851
1627.652 ± 1.485
1581.042 ± 0.017
0.639 ± 0.639
0.213 ± 0.213
44.17 ± 0.938
19.072 ± 0.401
25.287 ± 2.801
0.397 ± 0.218
19.443 ± 0.25
30.848 ± 0.203
25.097 ± 0.632
2.639 ± 0.896
0.84 ± 0.475
6.59 ± 0.364
16.243 ± 2.681
1.43 ± 0.783
56.95 ± 3.092
31.597 ± 0.326
0.329 ± 0.112
67.628 ± 0.863
71.596 ± 0.895
4.201 ± 0.013
-1.338 ± 0.043
18.332 ± 0.011
4.477 ± 0.06
0.29 ± 0.044
-0.369 ± 0.059
10.51 ± 0.063
-41.133 ± 0.022
38.155 ± 0.009
-9.355 ± 0.026
1.419 ± 0.006
0.79 ± 0.01
2.406 ± 0.004
-9.363 ± 0.026
-1.338 ± 0.043
7.96 ± 0.015
6.766 ± 0.028
3.496 ± 0.013
4.009 ± 0.05
5.205 ± 0.015
8.025 ± 0.025
11.405 ± 0.047
10.295 ± 0.04
12.234 ± 0.006
-1.657 ± 0.013
12.502 ± 0.043
-0.078 ± 0.015
2.549 ± 0.051
-0.901 ± 0.013
-4.149 ± 0.017
2.615 ± 0.011
4.638 ± 0.018
97.926 ± 1.641
100.327 ± 1.508
-46.331 ± 0.137
63.243 ± 1.297
18.883 ± 3.47
-24.89 ± 2.672
49.524 ± 0.386
-3.968 ± 0.037

Figure C-1. Relative uptake of glucose and lactate in MEHP-treated
adipocytes. Data are expressed as fold change in MEHP samples wrt control. n=3
biological replicates. *= p<0.05 (wrt control).

Figure C-2. Uptake of glutamine from cellular media. n=3 biological
replicates. *= p<0.05 (wrt control).
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Figure D-1. Scatter plot of PCA-DA scores from negative mode metabolite
data. GMM= cecum culture, -ve=microbe-free medium.
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Figure D-2. Hierarchical clustering analysis of peak list from negative mode
IDA experiment. Each column is a unique mass feature (i.e. metabolite), each
row is a biological sample (n=4 biological replicates per condition). Samples were
collected on days 1 and 7. Conditions represent cecum cultures (microbes) and
unionoculated media (media).
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Rapidly consumed

568

Slowly consumed
1222

Slowly produced
508

Rapidly produced
Intermediates

265

other/n.s.

199
111

Figure D-3. Distribution of detected features classified as products,
substrates, intermediates of metabolism, or other. Data is from the negative
mode IDA experiment.

Altered by both
BPA and DEHP
34%

Altered by BPA
only
Altered by DEHP
only

58%
6%

1%

n.s.

Figure D-4. Distribution of detected products of metabolism significantly
altered by BPA, DEHP, or both. Data is from the negative mode IDA
experiment.
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Figure D-5. Heat map from hierarchical clustering analysis of negative mode
IDA data from exposure experiments. Each column is a unique mass feature
(i.e. metabolite), each row is a biological sample (N=4 per condition). Samples
were collected on days 1 and 7. Conditions represent cecum cultures in the
presence or absence of BPA or DEHP (microbes +/- BPA/DEHP) and
unionoculated media (media).
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Table D-1. Putative metabolite IDs for substrates of microbial metabolism, based
on experimental spectrum data from the positive mode ionization experiment.
m/z (Da)

Rapid consumption

118.0863

RT
(min)
4.04
Betaine

Metlin

118.0866

4.12

Betaine

127.0365

5.59

Hydroxyhydroquinone

130.0482

4.25

(R)-(+)-2-Pyrrolidone-5carboxylic acid

133.0638
136.0611
136.0613
145.0473
146.0587

3.95
3.96
4.31
4.09
6.56

147.0747
147.0783
159.0923
175.087
175.1186
188.0715
189.1236

19.61
17.57
6.62
4.06
3.92
6.47
3.94

Glutamine†
Glutamine†
1-Benzylimidazole
MCI-186
L-Arginine†
Indoleacrylic acid
Gly Leu

205.0964
243.1339

6.52
15.75

254.1609
258.11
265.1164

4.43
4.04
15.78

268.1035

4.29

L-Tryptophan†
14-Methoxy-4,4-bisnor4,8,11,13-podocarpatetraen3-one
Anabasamine
Glycerophosphocholine
N-γ-Acetyl-N-2-formyl-5methoxykynurenamine
Adenosine

276.1701

4.87

Physostigmine†

Adenine

Isoquinoline N-oxide
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HMDB
Betaine; L-Valine; 5Aminopentanoic acid
Betaine; L-Valine; 5Aminopentanoic acid
4-Hydroxy-2H-pyran-3carboxaldehyde; Methyl
2-furoate *
Pyroglutamic acid;
Pyrrolidonecarboxylic
acid ; N-Acryloylglycine
Cinnamaldehyde
Adenine
Adenine†
3-Hexenedioic acid
1H-Indole-3carboxaldehyde *
Ureidoisobutyric acid *
Ureidoisobutyric acid *
1H-Indole-3-acetamide *
L-Arginine†
Indoleacrylic acid
N6-Acetyl-L-lysine; NAlpha-acetyllysine;
Glycyl-L-leucine
L-Tryptophan†

5-Methylcytidine

Adenosine;
Deoxyguanosine†
Arginyl-Threonine *

294.1797
298.0958

3.89
8.3

298.1128
329.1518

3.87
15.01

330.0587
371.1927

4.39
15.83

397.2639

26.38

411.2572

6.85

414.2715

3.95

425.2761

19.39

428.2512
444.2814

25.69
16.17

450.3227

35.47

466.3182
508.2854
513.286

33.37
22.8
15.8

513.2883

24.75

516.3033
537.2767

36.97
19.72

538.3595

23.37

561.283
633.365

28.75
20.87

Lys Phe
5′-Deoxy-5′(methylthio)adenosine †
2-Methylguanosine
Tyr Phe
cAMP
16-phenoxy tetranor
Prostaglandin A2
16,16-dimethyl-6-keto
Prostaglandin E1
1-Palmitoyl
Lysophosphatidic Acid
17-phenyl trinor
Prostaglandin E2 ethyl
amide
N-(4-nitrophenyl)5Z,8Z,11Z,14Zeicosatetraenamide
Anandamide O-phosphate
16-phenoxy tetranor PGF2a
cyclopropyl methyl amide

Phenylalanyl-Lysine *
5'-Methylthioadenosine
†
Phenylalanyl-Tyrosine
*
Cyclic AMP

Deoxycholic acid glycine
conjugate †
Glycocholic Acid†
Deltaline†
3αAcetoxydihydrodeoxygedun
in
3αAcetoxydihydrodeoxygedun
in
Taurocholic acid†
7- beta- hydroxy- 7desacetoxykhivorinic acid
methyl ester
1-O-Palmitoyl-2-O-acetylsn-glycero-3phosphorylcholine
Geldanamycin†
16,16-dimethyl
Prostaglandin E2 p-(pacetamidobenzamido)
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Taurocholic acid †

Slow consumption

664.369
132.1012
137.0438

26.26
4.14
4.13

phenyl ester
KOdiA-PC
L-Isoleucine

L-Isoleucine
Hypoxanthine; Threonic
acid†
trans-Cinnamic acid
L-Phenylalanine

149.0592 4.72
trans-Cinnamic acid
166.0863 4.78
L-Phenylalanine
454.2711 4.91
Leukotriene E4 methyl ester
497.2723 6.17
Leukotriene D4†
510.3216 16.15 1,2-Dioctanoyl PC
674.3536 21.23 Veratridine†
*= Predicted metabolite from HMDB (all other HMDB entries are from
experimental data)
†= In agreement with top-ranked MetFrag metabolite
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Table D-2. Putative metabolite IDs for products of microbial metabolism, based
on experimental spectrum data from the negative mode ionization experiment.

Slow production

Rapid production

m/z (Da)
143.1071
157.1228

RT
(min)
9.2
9.05

Metlin

HMDB

165.0205
171.0056

10.4
21.63

199.1678

8.55

283.2588

7.88

Palmitic Acid ethyl ester

297.2476

8.53

9S,10R-epoxy-stearic acid

313.0454

11.46

391.2923

10.36

Deoxycholic acid

121.0302

16.49

Benzoic acid

147.0276
149.0444

22.79
14.11

D-Xylulose

151.0406

15.95

169.0503

11.01

172.0631

11.81

172.0985
183.0668
255.2297
255.2341
268.0266

10.16
11.62
8.08
35.13
18.93

3-Hydroxyphenylacetic
acid

Caprylic acid
Oenanthic ether;
Pelargonic acid†; Pentyl
butanoate; Heptyl acetate
*
Terephthalic acid
Beta-Glycerophosphoric
acid *†
Ethyl decanoate;
Dodecanoic acid†;
Isobutyl octanoate *
16-Methylheptadecanoic
acid; Stearic acid *
9-Oxooctadecanoic acid
*
5'-Phosphoribosyl-Nformylglycinamide *†
Hyodeoxycholic acid;
Deoxycholic acid
4-Hydroxybenzaldehyde
*†
Citramalic acid
L-Threo-2-pentulose;
Arabinose†; L-Ribulose;
Beta-D-ribopyranose *
3-Hydroxyphenylacetic
acid
Herierin III ; 3,4Dihydroxyphenylglycol
*†
N-Acetyl-L-glutamate 5semialdehyde *†

Acetyl-DL-Leucine
Vanylglycol
Palmitic acid †
Palmitic acid †
N-Acetyl-L-glutamyl 5phosphate *†
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Intermediates

121.0302

24.01

Benzoic acid

151.028
151.0396
171.1377

14.43
13.36
9.07

Xanthine†(allo)
Vanillin

172.9898
213.1254
229.0118

6.74
9.64
21.82

247.0287

9.31

D-Xylulose 5-phosphate†

4-Hydroxybenzaldehyde
*†
Xanthine †(allo) *
Mandelic acid
Capric acid† ; 2Methylpropyl hexanoate *
Phenol sulphate *†
Dethiobiotin *†
D-Ribulose 5-phosphate;
Xylulose 5-phosphate†;
D-Arabinose 5-phosphate;
Ribose 1-phosphate;
Glucose 1-phosphate *

7-deshydroxypyrogallin-4carboxylic acid
384.2517 9.15
Actinonin†
407.2816 16.17 Cholic acid†
*= Predicted metabolite from HMDB (all other HMDB entries are from
experimental data)
†= In agreement with top-ranked MetFrag metabolite
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Rapid consumption

Table D-3. Putative metabolite IDs for substrates of microbial metabolism, based
on experimental spectrum data from the negative mode ionization experiment.
RT
m/z (Da)
Metlin
HMDB
(min)
119.0331 13.43 L-Erythrulose
(S)-3,4-Dihydroxybutyric
acid *
124.0076 10.16 Taurine†
132.0279 15.46 L-Aspartic Acid
134.0489 6.84
Adenine†
Adenine *†
137.0346 15.69 Urocanic acid
146.0453 15.5
N-Methyl-D-aspartic acid
D-Glutamic acid; NAcetylserine *
154.0618 11.12 L-Histidine†
173.1016 10.87 L-Arginine
179.0546 14.27 b-D-Galactopyranose
Allose
179.0546 8.74
b-D-Galactopyranose
Allose
180.0635 10.11 3-Amino-3-(4hydroxyphenyl)propanoate
195.0504 14.54 Gluconic acid†
216.0966 12.74
N-a-Acetylcitrulline *†
216.133
11.07
Alanyl-Lysine; Gammaglutamyl-L-putrescine *†
243.0588 6.32
Uridine†
Pseudouridine *
266.0852 6.22
Adenosine
274.137
15.67 epsilon-(gammaGlutamyl)-lysine
275.122
15.75 Saccharopine†
328.0404 14.04 cAMP†
341.103
9.61
Melibiose
Dulxanthone A *
341.1081 9.69
Melibiose
Dulxanthone A *
344.0342 16.23 cGMP
Cyclic GMP *
344.1293 9.21
4,5Didemethylsimmondsin
362.0461 20.54 Guanidylic acid (guanosine Cyclic pyranopterin
monophosphate)†
monophosphate *
365.1023 8.34
Glycyrol *†
373.2029 13.81 16-phenyl tetranor PGF2a
405.1754 10.12
Mammea A/BA *†
442.1544 19.39
Dihydrofolic acid *†
539.9895 14.74
Formamidopyrimidine
nucleoside triphosphate
*†
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Slow consumption

631.3333

11

148.0453
150.042
203.0847
217.0839
243.0997

9.21
9.11
9.31
11.52
20.81

16,16-dimethyl
Prostaglandin E2 p-(pacetamidobenzamido)
phenyl ester
L-Methionine†
Guanine *†
L-Tryptophan†
Eupatoriochromene†
Batatasin IV†; Batatasin
III *

Guanosine†(iso)
Nordihydroguaiaretic Acid
16-phenoxy tetranor
Prostaglandin E2
392.221
9.46
Reversine
629.3156 9.79
Dihydrogambogic acid
*= Predicted metabolite from HMDB (all other HMDB entries are from
experimental data)
†= In agreement with top-ranked MetFrag metabolite
282.0802
301.1401
387.1883

9.74
19.91
19.85
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Figure D-6. Microbial production of amino-acid-derived neuroactive
compounds.
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Linoleic acid
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Figure D-7. Free linoleic acid and oleic acid are generated by cecum culture
microbiota over 7 days.

Figure D-8. Abundance of putative metabolites jasmonic acid and
lumichrome in cecum cultures exposed to BPA.
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Figure D-9. Abundance of mass feature 135.0804 m/z in cecum culture
exposed to BPA for 7 days.

Figure D-10. Putative metabolite ID for mass feature 186.0433 m/z at 17.4
min based on Metlin database search.
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Table D-4. Known metabolic products of BPA and DEHP for targeted
quantification. Parent metabolites are indicated in bold, and products are listed
below. Products of BPA and DEHP were reported in (Kanehisa et al. 2014) and
(Koch et al. 2005).
Precursor
METLIN
Compound (and synonyms)
Formula
[M-H]- m/z
ID
Bisphenol A

227.1078

69602

C15H16O2

243.1027

69608

C15H16O3

225.0921

53234

C15H14O2

135.0452
151.0401

68507
69611

C8H8O2
C8H8O3

137.0244

3263

C7H6O3

121.0295

62451

C7H6O2

109.0295

505

C6H6O2

136.0404

3261

C7H7NO2

389.2697

44750

C24H38O4

Monoethylhexyl phthalate (MEHP)

277.1445

44802

C16H22O4

2-Ethylhexanol

129.1285

44876

C8H18O

Phthalic acid

165.0193

65619

C8H6O4

5OH-MEHP

293.1389

C16H22O5

5oxo-MEHP

291.1233

C16H20O5

5cx-MEPP

307.1182

C16H20O6

2cx-MMHP

307.1182

C16H20O6

2-(1-Oxyethyl)-hexyl phthalate
2-Ethyl-4-oxy-hexyl
phthalate
2-Carboxy-hexyl phthalate

291.1233

C16H20O5

291.1233

C16H20O5

293.1025

C15H18O6

2-Ethyl-3-carboxy-propylphthalate

279.0869

C14H16O6

2-Ethyl-4-carboxy-butylphthalate

292.0947

C15H17O6

2,2-Bis(4-hydroxyphenyl)-1propanol
(BPA-OH)
4,4‘-Dihydroxy-alphamethylstilbene
(DHMS)
4'-Hydroxyacetophenone
4-Hydroxyphenacyl alcohol
4-Hydroxybenzoate
(p-hydroxybenzoic acid)
4-Hydroxybenzaldehyde
p-Benzenediol (Hydroquinone)
4-Aminobenzoate
p-Aminobenzoic aicd
Diethylhexyl phthalate (DEHP)
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Appendix E: Logic rules for cecum metabolomics analysis
GMM to media comparisons (defining products and substrates)
One-way ANOVA was performed on all monoisotopic features; p-values and group means were
recorded for each feature.
Say p(A vs B) refers to the p-value of the comparison of the means of groups A and B.
Next, iterating through each feature one at a time, logic rules were used to classify the features as
follows:
Day 7 GMM vs media:
For feature i,
If max[p(D7 GMM vs D1 media), p(D7 GMM vs D7 media)] <0.05, AND mean(D7 GMM) >
max[mean(D1 media), mean(D7 media)]
Then, i == higher in D7 GMM than media (D1 and D7)
Else if max[p(D7 GMM vs D1 media), p(D7 GMM vs D7 media)] <0.05, AND mean(D7 GMM)
< min[mean(D1 media), mean(D7 media)]
Then, i == lower in D7 GMM than media (D1 and D7)
Else, i=n.s.
End
Day 1 GMM vs. media:
For feature i,
If max[p(D1 GMM vs D1 media), p(D7 GMM vs D7 media)] <0.05, AND mean(D1 GMM) >
max[mean(D1 media), mean(D7 media)]
Then, i == higher in D1 GMM than media (D1 and D7)
Else if max[p(D1 GMM vs D1 media), p(D7 GMM vs D7 media)] <0.05, AND mean(D1 GMM)
< min[mean(D1 media), mean(D7 media)]
Then, i == lower in D1 GMM than media (D1 and D7)
Else, i= n.s.
End
Feature grouping (product/substrate identification)
Next, features were grouped into the following patterns based on the above classifications:
Rapidly consumed: lower in D1 GMM than media (D1 and D7) AND lower in D7 GMM than
media (D1 and D7)
Slowly consumed: lower in D7 GMM than media (D1 and D7) AND n.s. between GMM and
media on D1
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Rapidly produced: higher in D1 GMM than media (D1 and D7) AND higher in D7 GMM than
media (D1 and D7)
Slowly produced: higher in D7 GMM than media (D1 and D7) AND n.s. between GMM and
media on D1
Intermediates: higher in D1 GMM than media (D1 and D7) AND n.s. between GMM and media
on D7
Features that did not meet any of the above criteria were deemed n.s.

GMM to BPA/DEHP comparisons (defining significantly altered products of metabolism)
One-way ANOVA was performed on all features classified as products of metabolism; p-values
and group means were recorded for each feature.
Say p(A vs B) refers to the p-value of the comparison of the means of groups A and B.
Next, iterating through each feature one at a time, logic rules were used to classify the features as
follows:
Day 7 GMM vs BPA:
For feature i,
If p(D7 GMM vs D7 BPA 10uM) <0.05, AND mean(D7 BPA 10uM) > mean(D7 GMM)
Then, i == higher in BPA 10uM than GMM on Day 7
Else if p(D7 GMM vs D7 BPA 10uM) <0.05, AND mean(D7 BPA 10uM) < mean(D7 GMM)
Then, i == lower in BPA 10uM than GMM on Day 7
Else, i=n.s.
End
Day 7 GMM vs DEHP:
For feature i,
If p(D7 GMM vs D7 DEHP 10uM) <0.05, AND mean(D7 DEHP 100uM) > mean(D7 GMM)
Then, i == higher in DEHP 10uM than GMM on Day 7
Else if p(D7 GMM vs D7 DEHP 10uM) <0.05, AND mean(D7 DEHP 100uM) < mean(D7
GMM)
Then, i == lower in DEHP 10uM than GMM on Day 7
Else, i= n.s.
End
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