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ABSTRACT

Microarray Analysis of Hepatic Gene Expression During the Development of
Diet-Induced Obesity
Vira Patel

Obesity is known to result in insulin resistance, Type 2 diabetes and the eventual
development of non-alcoholic steatohepatitis (NASH). The underlying molecular
mechanisms involved in the progression of these diseases are currently unknown. To
obtain a better understanding of these molecular pathways, DNA microarray analysis was
used to examine gene expression profiles during the development of diet-induced obesity
(DIO) in the mouse. Mice fed a high fat diet (HFD) quickly become obese primarily due
to fat deposition, resulting in a significant increase in body weight and marked
hyperinsulinemia in comparison to chow fed (ND) controls. Hepatic gene expression
profiles were examined using trend and correlation analysis in HFD and ND groups at 0,
2,4, 8 and 12 weeks after high fat feeding. Statistical analysis using ANOVA identified
1947 genes to have a significant diet effect (P < 0.05). Analysis of the data revealed

| significant changes in gene expression in genes involved in protective mechanisms in the
early weeks of HFD such as those in glycolysis and beta-oxidation. At the later time
points there was down regulation of gene expression in pathways of leptin signaling, liver
regeneration and protective radical scavengers. In addition, expression of genes involved
in gluconeogenesis and fat synthesis pathways were also more highly expressed at the
later time points. This microarray analysis has identified several novel pathways that are

involved in the development of insulin resistance and steatosis in the liver.
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Chapter 1

Introduction

The molecular mechanisms involved in obesity and insulin resistance are still
poorly understood. The ability of the new technology of microarray analysis to survey
genome-wide changes in gene expression should provide valuable insight into
understanding these diseases and their complications at the molecular level.

Obesity is an excellent disease system in which to apply microarray technology
for the following reasons. First, obesity is a multigenic disease and the Affymetrix MG-
U74Av2 microarray has approximately 13000 genes. This technology has the potential
of identifying multiple patterns of gene expression. Second, the diet-induced obese (DIO)
mouse model is well characterized at the pharmaéolo gical level. Third, the liver is one of
the major organs that is affected by obesity and can be readily isolated from mice.

Both obesity and diabetes are reaching epidemic proportions worldwide in all age
spectrums and is most evident in the North American population (7,60). Non-alcoholic
steatohepatitis (NASH), a liver disease which is a consequence of obesity also is
emerging as an important metabolic syndrome. The role of obesity is so critical in the
development of NASH that it is now considered as “another disease of affluence”
(45,70).

A strong link exists between consumption of a high fat diet (HFD) and the
development of adverse health effects (74). High fat feeding is known to result in the
development of obesity, insulin resistance and steatosis (NASH) (53). This study defines

a relationship between diet induced disease progression and gene expression.



The specific aims for these projects were to:

1. Design a microarray experiment of diet-induced obesity (DIO) that would
support a thorough statistical analysis of the data.

2. Identify statistically signiﬂcant changes in hepatic gene expression at 0, 2, 4, 8
and 12 weeks of high fat feeding.

3. Use trend and correlation analyses to provide biological insights into the data.

4. Identify molecular mechanisms associated with the development of obesity,

insulin resistance and steatosis (NASH).



1.1 Messenger RNA (mRNA) and Microarray Technology

The etioldgy of multigenic diseases such as obesity, insulin resistance and
steatosis (NASH) are not easily solved using single gene approaches. Alternative
strategies in the field of gene discovery may prove to be beneficial in identification of
genetic pathways associated with the above mentioned diseases. The combination of
microarray technology and the appropriate animal model can be a powerful tool in
understanding the underlying mechanisms of human multigenic diseases such as obesity
and Type 2 diabetes (25).

In the past decade, there has been an explosion of knowledge and tools in both
molecular biology and computational technology. Sequencing of the human and mouse
genomes has mapped out the majority of the genes. Photolithography, robotics and
miniaturization have created the analytical systems. These recent advances are facilitating
the study of gene expression and the discovery of the roles played by specific genes in the
development of diseases. Microarrays display in a single experiment the expression levels
of thousands of genes within a cell (5).

Dr. Mark Schena and co-workers developed Microarrays at Stanford University in
the early 1990s. This field emerged with the involvement of several major disciplines in
science: biology, .chemistry, physics, engineering, mathematics and computer science
(71). Microarray technology includes arraying of DNA on a glass surface, hybridization,
detection method (laser) and analysis software that facilitates management of large data
sets (36). More specifically, the amount of mRNA bound to the spots on the microarray is

precisely measured, generating a profile of gene expression in cells and tissues (5).



Today microarrays are available from several commercial vendors and are
replacing traditional biological assays based on such as gels, filters and purification
columns (71). Affymetrix GeneChip microarrays are becoming increasingly used in
academic and industrial institutions. These microarrays offer several internal controls;
each chip contains approximately 13000 different genes. The Affymetrix MG-U74Av2
contains ~6000 genes that have been functionally characterized and ~6000 expressed
sequenced tags (ESTs). Each gene is represented minimally by one set of: 16-20 different
‘probe pairs’. A probe pair consists of a 25-base-pair (bp) ‘perfect-match’ oligonucleotide
probe and a 25-bp ‘mismatch’ probe, in which the 13" position does not match the target
sequence. The intensity across all the paired probes (‘the probe set’) is integrated by
proprietary GeneChip software. The software compares the mRNA levels in two RNA
preparations by analyzing probe-set signals from two GeneChips: one hybridized with
complementary RNA (cRNA) made from the control RNA preparation, the other
hybridized with cRNA generated from the experiment. The Affymetrix platform
designates the cRNA made from the cellular RNA as the “target” and the oligonucleotide
on the chip as the “probe” (59).

The powerful tool of microarray technology offers a significant advantage in
terms of the number of genes that can be analyzed simultaneously. Large-scale gene
expression analysis generates a detailed molecular profile thus allowing for the
identification of previously unknown genes and pathways associated with particular
biological processes (41). Several recent publications have demonstrated how genomic
tools, in particular microarrays are beginning to offer unprecedented insights into

complex diseases (11,12,24,38,62). Although, understanding the relationship between



genes and diseases remains a particularly challenging task with the use of advanced
genomic technologies such as GeneChip arrays, researchers can view complex diseases
from a genome-wide perspective (40,41).

This is the first report to describe hepatic gene expression profiles throughout the
development of obesity, insulin resistancé and steatosis (NASH) in a mouse model of
DIO. It would be expected that high fat feeding would cause dramatic changes in
expression pattern particularly of genes involved in metabolic pathways. The purpose of
this time course experiment was to gain insights into the expression of liver genes that are
altered upon the development of obesity, insulin resistance and steatosis (NASH). Also to
determine which genes most highly correlate with the pharmacological data on body
weight, glucose and insulin. Additionally, we wanted to examine if the observed changes
between the two diet groups ‘were consistent with existing mechanisms in the
development of the diseases.

1.2 Obesity and Type 2 Diabetes

Obesity is currently a public health concern with about 315 million people world-
wide who fall into the World Health Organization (WHO) definition of obesity (21).
Over 90% of the cases of diabetes worldwide are in the form known as Type 2 diabetes
and approximately 85% of Type 2 diabetics are obese (37). Obesity and Type 2 diabetes
are rapidly spreading under the new dietary habits and sedentary lifestyle of our age
(42,88).  Both diseases also are leading to increasing cases of NASH, which is a
significant cause of morbidity and mortality in patients with obesity related Type 2
diabetes. Consistently, all three diseases are generating immense health care costs

(1,43,51).



Obesity leads to several complications such as insulin resistance, Type 2 diabetes,
heart disease, hypertension, stroke, sleep apnea, gestational diabetes, degenerative joint
disease, liver diseases (NASH) and certain cancers (20,30,33,34,67). The risk of
developing most of these conditions increases with weight gain and deposition of fat in
cell types other than adipocytes. The result of excess lipid accumulation in cell types such
as the liver and muscle leads to inhibition of insulin action. It has been shown that
reduction of the levels of fat accumulation in liver and other tissues results in improved
insulin sensitivity (33). Deregulated expression of genes that are involved in fat synthesis,
satiety, insulin signaling and thermogenesis may lead to the development of obesity and
its consequences. A number of gene products have been identified to be key players in
this phenotype, for example leptin, however, many still remain unknown (35,79).

Type 2 diabetes or non-insulin-dependent diabetes mellitus (NIDDM) follows the
onset of obesity and insulin resistance (32). The pathogenesis of the disease involves
hyperglycemia, insulin resistance and hyperinsulinemia (8,33). In the healthy state,
insulin is secreted from pancreatic beta-cells in response to increasing glucose
concentrations in the blood. Insulin mediates its action on multiple points of both glucose
and lipid metabolic pathways. Insulin attenuates gluconeogenesis, promotes glycogen
synthesis in the liver, facilitates glucose uptake by peripheral tissues, inhibits lipolysis in
adipose tissue and inhibits hepatic glucose production (61). As insulin resistance
develops, many of these key regulatory mechanisms are lost and complications such as
retinopathy, nephropathy, neuropathy, hypertension, dyslipidemia, coronary heart
disease, stroke and cancer results (17,54,61). Much research has gone into understanding

the insulin-signaling pathway in the hope of identification of the mechanisms of insulin



resistance. However, many pathways involved in this disease remain unknown and a
better understanding of the underlying mechanisms involved in the development of
insulin resistance and obesity would provide new insights into these diseases and possibly
the identification of novel therapeutic targets (37).

1.3 Insulin Resistance and Hyperinsulinemia

In response to rising levels of blood glucose the pancreas produces increasing
amounts of insulin. Hyperinsulinemia is the body’s way of counteracting insulin
resistance. Thus insulin resistance gradually develops during excess weight gain.
Obesity, Type 2 diabetes and NASH, all positively correlate with insulin resistance,
suggesting that insulin resistance is critically involved in the pathogenesis of all three
diseases (37,43,50). In fact, studies have shown that obesity is directly associated with
insulin resistance and weight loss improves insulin sensitivity (47,68,87). The molecular
mechanisms involved in the development of insulin resistance and its consequences are
unknown. It would be of interest to examine on a genome-wide level the genes that
correlate with the development of insulin resistance.

1.4 Non-alcoholic steatohepatitis (NASH)

NASH was considered a relatively uncommon disease and has only become
evident recently because of the prevalence of obesity. More than 70% of people with
NASH are obese and up to 75% of people with NASH have Type 2 diabetes. It is not
unexpected that this population also would have associated hyperinsulinemia and
hyperleptinemia. Most patients with NASH are between the ages of 40 and 60.
However, the reports of children at the age of 10 having NASH, are a major concemn

(6,43,70).



This liver disease begins in its earliest stages with the development of fatty liver
also known as steatosis and progresses to cirrhosis and eventually liver failure (70). The
progression from start to finish involves several pathological processes. Initially steatosis
develops with association to insulin resistance, obesity and development of Type 2
diabetes. The mechanisms involved in this first step are insulin resistance, which causes
the mobilization of fatty acids in the hepatocytes thus leading to steatosis. The second
phase of this disease is mediated by oxidative stress. Cytochrome P450 2E1 (CYP2EI)
generates free radicals that damage the hepatocytes resulting in the secondary recruitment
of inflammatory cells and leading to the occurrence of necrosis and inflammation.
There are several mechanisms being proposed for the dramatic alterations in liver
function that occur with these diseases, however, the exact molecular mechanisins
involved in this broad-spectrum disease are currently unknown (6,23,28,43,45)

1.5 The Role of Liver in Glucose Homeostasis and High Fat Diet

High fat feeding has dramatic effects on liver function. It has been reported
previously that upon high fat feeding there is conversion into a fatty liver and an altered
gene expression profile (39). More specifically, liver abnormalities are being identified in
diabetic patients, the majority being attributable to a fatty liver and altered metabolic
processes (70,73). Clearly, both the development of Type 2 diabetes and obesity are
leading to altered liver morphology, resulting in susceptibility to various liver diseases
(cirrhosis, NASH, NAFLD, hepatitis C).

The liver is a relevant organ to analyze for changes in gene expression in the
development of obesity, insulin resistance and steatosis (NASH) as it plays a central role

in metabolism and its functional state has a profound effect on the entire body (39). The



liver is the largest solid organ in the body and is strategically situated to carry out
remarkable functions by receiving blood from the portal vein and hepatic artery. These
inputs import large amounts of nutrients, toxic substances, endobiotics and xenobiotics.
Some of the major functions of the liver include converting food into stored energy,
removing toxic substances from the blood, defending against bacteria, drug metabolism
and production of bile. Additionally, the liver is responsible for blood glucose
homeostasis and providing glucose to extrahepatic tissue (9). Up to 60% of glucose
absorbed from the digestive tract is taken up by the liver and stored either as glycogen or
converted into amino acids or fatty acids (37). Therefore, the liver also acts as a
metabolic fuel converter in order to provide extrahepatic tissues with appropriate fuels
9).

Tissue specific knockout mice lacking the insulin receptor (IR) in muscle, fat and
also liver showed that the loss of the insulin signaling pathway in the liver results in a
phenotype of severe insulin resistance and progressive hepatic dysfunction as seen with
obesity, Type 2 diabetes and steatosis (NASH). Knockout mice, lacking the muscle and
fat IR, only display some of the phenotypes. In context of the pathologies being
investigated, the liver is the primary organ responsible for blood glucose homeostasis
(18,46,55-57,89).

The liver also has been examined with respect to steatosis, which is commonly
observed upon high fat feeding. This fatty liver syndrome can be reversed in a
lipodystrophic mouse model upon administration of leptin. Leptin signaling results in
down regulation of genes involved in triglyceride synthesis thereby preventing fat

deposits in the liver and improving the symptoms of Type 2 diabetes (72,79,80).



Based on the work of many researchers, the liver has been shown to be
significantly involved in the development of obesity, insulin resistance and steatosis
(NASH). Therefore, further investigation of hepatic gene expression profiles may provide
information into an understanding of the diseases.

1.6 The Diet-Induced Obese Mouse Model

An excellent animal model to study the changes in hepatic gene expression during
the development of obesity, insulin resistance and steatosis (NASH), is the DIO lnousé.
For example C57BL/6J male mice have been reported to be the most common mouse
model for DIO studies (4). In the late 1980s high fat feeding experiments were carried
out on the C57BL/6J mouse strain and several other rodent models (76,77,86). Obesity
resulted in this model without being chemically induced and further resulted in Type 2
diabetes. Upon high fat feeding these mice are susceptible to the development of obesity
and Type 2 diabetes in a manner analogous to the majority of Type 2 diabetic symptoms
in humans (75,76,78). In addition, for the mouse genome project the C57BL/6J strain was
selected for sequencing, hence >90% of the DNA sequence for this strain is known.
Sequencing of the mouse genome will help in the identification for many of the expressed
sequence tags (ESTs) used on these microarrays. This is because 99% of genes within
the mouse genome have counterparts in the human genome. Furthermore, since the
sequence of genes with common functions are relatively well conserved between humans
and mice and mice can be used experimentally, this will allow scientists to test and learn
more about the function of human genes, leading to better understanding of human

disease and improved treatments and cures (15,83).
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1.7 Contributions from Colleagues

Microarray experiments require contributions from various disciplines of science
and the successful completion of this thesis was due to the help of a number of
collaborators. Dr. Chi-Chung Chan, MST Lijing-Xu and Jimmy Fourtounis from the
Department of Pharmacology at Merck Frosst assisted in development of the DIO mouse
model and were responsible for carrying out the animal work and providing me with
tissue samples. In addition, Dr. Richard Raubertas from the Merck Biometrics
Department in Rahway was responsible for statistical analysis of the data on the
transformed scale using the R package software. Yves Bois in the Merck Frosst
Genomics Group provided expertise for the use of Affymetrix chips aﬁd James Mortimer
from the Bioinformatics Department at Merck Frosst contributed his efforts for the
microarray analysis.

1.8 Thesis Organization

This thesis is divided into four chapters. The first chapter introduces microarray
technology, diseases being examined in this project (obesity, insulin resistance, Type 2
diabetes and steatosis (NASH), the role of liver in glucose homeostasis and the animal
model. The materials and methods used for the pharmacological and microarray
experiments are outlined in chapter 2. In addition, this chapter outlines the microarray
analysis. Details of the results obtained from the pharmacological characterization of the
DIO mouse and results from hepatic gene expression profiles during HFD treatment over
a 12 week time course are provided in chapter 3. Issues with microarray designs, the

biological mechanisms identified in the DIO mouse model, summary and suggestions for

future studies are all detailed in chapter 4.
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Chapter 2

Materials and Methods

EXPERIMENTAL PROCEDURES

2.1 Strain and Time Course

The diet-induced obese (DIO) mouse model was developed and characterized by
the Merck Frosst Pharmacology group (Dr. Chi-Chung Chan and Li-jing Xu). Complete
details of this model will be published elsewhere. In this particular experiment
microarray profiling was used to examine the effects of high fat feeding on hepatic gene
expression during the development of obesity. C57BL/6J male mice, 7-8 weeks old were
obtained from the Jackson Laboratory (Bar Harbor, Maine). All animals were housed in-
group cages (6 mice per cage) at the Merck Frosst Animal Center. The animals were
kept under controlled lighting (12-h light-dark cycle), temperature (72° + 2°F) and
humidity (50 £ 10%). Two days after their arrival they were randomly assigned to
condensed HFD (24 animals) or a ND (30 animals). The HFD diet was composed of
35.5% fat, 20% protein, 0.1% fiber, 3.7% ASH, 32.7% carbohydrate and has a caloric
profile of 5.36 Kcal/gram (Bio-serv;. The ND diet was composed of 4.4% fat, 24.5%
protein, 3.7% fiber, 7.8% ASH, 46.6% carbohydrate and has a caloric profile of 3.1
Kcal/gram (Harlan). Body weight, food and water consumption were recorded
throughout the 12 week time course study.

2.2 Blood Glucose, Insulin and I.eptin Measurements

At all time points, blood was collected via heparin tubes. The plasma samples

were kept at -80°C until analyzed. Glucose, insulin and leptin levels were measured with
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a glucose meter, RIA-Insulin kit (Linco, St. Charles, MO, Cat #RI-13K) and RIA-Leptin
kit (Alpco, Mouse/Rat-Leptin-RIA) respectively. At each time point (0, 2, 4, 8 and 12
weeks), six mice per diet (12 per time point with the exception of week 0, where n = 6)
were sacrificed with carbon dioxide. A portion of the liver was collected in RNase-free
tubes and snap frozen in liquid nitrogen. Frozen tissues were stored at -80°C until
processed for RNA extraction.

2.3 Dual Energy X-rav Absorptiometrv (DEXA) Analvsis at 8 weeks and Qil Red O
Staining for Fat

At time point 8 weeks, dual energy x-ray absorptiometry (DEXA) was performed
to determine the lean tissue, fat tissue, total tissue and percentage of fat content. The
animals were anesthetized for 15 to 20 min with an intraperitoneal injection of 5%
xylazene, 8% ketanine and 5% dextrose. Additionally, at 8 weeks, liver histology samples
from a representative experiment were evaluated on frozen sections. Sections of 14 yum
were cut, fixed in formalin and stained with Oil Red O.

2.4 Isolation of Total RNA and Quality Conftrol

Approximately 500 mg of liver tissue was homogenized in TRIzol (Life
Technologies, Gaithersburg, MD) using a homogenizer and total RNA was isolated from
each sample using a guanidine isothiocyanate phenol-chloroform extraction according to
the manufacturer’s protocol. Total RNA was reprecipitated using RNAmate (Biochain,
San Leandro, CA) and RNA was further purified with RNeasy columns (Qiagen). RNA
concentrations and purity were determined spectrophotometrically and its quality further

assessed by RNA Nano LabChip (Agilent Technologies) according to the manufacturer’s

protocol. RNA analysis was performed with Agilent 2100 bioanalyzer software.
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2.5 Pooling and Synthesis of cDNA

Equal amounts of RNA from pairs of individual samples within each group were
pooled for microarray analysis. Thus each treatment was represented by three pooled
samples, using two mouse livers per pool. Using the pooled total RNA (12 to 15 ug),
first-strand cDNA was synthesized with SuperScript II reverse transcriptase (Invitrogen)
using a T7-(dT),4 primer (5'- GGCCAGTGAATTGTAATACGACTCACTATAGGGA-
GGCGG-(dT)a4 - 37) for 1 h at 42°C followed by second-strand synthesis using E. coli
DNA polymerase I and RNase H (Invitrogen) at 16°C for 2 h. The ¢cDNA was purified
by Phase Lock Gels (Eppendorf) with phenol-chloroform extraction according to
Affymetrix (GeneChip Expression Analysis Technical Manual 701021 Rev. 2).

2.6 Incorporation of Biotinvlated Ribonucleotides and Quality Control

One half of the purified cDNA was used as a template for in vitro transcription
with T7 RNA polymerase incorporating biotin-labeled UTP and CTP into the resulting
copy of cRNA using the Bioarray High Yield RNA transcript labeling kit (Enzo). RNA
concentrations were determined spectrophotometrically and its quality further assessed
by RNA Nano LabChip (Agilent Technologies) according to the manufacturer’s
protocol. RNA analysis was performed with Agilent 2100 bioanalyzer software.

2.7 Frasmentation of ¢cRNA and Quality Control

For each sample, 20 pg of adjusted biotinylated cRNA was fragmented to a mean
size of 150 bases by incubating at 94°C for 35 min in 40 mM Tris-acetate, pH 8.1, 100
mM potassium acetate and 30 mM magnesium acetate. The adjusted cRNA yield is equal

to RNA, (amount of cRNA measured after cRNA synthesis) subtracted from the total
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RNA| (starting amount of total RNA) multiplied by Y (fraction of cDNA reaction used in
cRNA synthesis). This calculation takes into account an estimate of 100% carryover for
the unlabeled total RNA. Samples of cRNA were reprocessed for those that did not
produce 20 ug of adjusted biotinylated cRNA. The cRNA samples also must meet
concentration criteria of 0.6 pg/ul, in order to set up the fragmentation reaction. The
quality of fragmented cRNA was assessed by RNA Nano LabChip (Agilent
Technologies) according to the manufacturer’s protocol. Data analysis was performed
with Agilent 2100 bioanalyzer software.

2.8 Hvbridization, Washing, Staining and Scanning of Chips

Fragmented cRNA (15 pg) was combined with control oligonucleotide B2,
control cRNA (BioB, BioC, BioD), herring sperm DNA and acetylated BSA in the
hybridization buffer (100 mM MES, 1 M [Na'], 20 mM EDTA, 0.01 % Tween 20). The
hybridization cocktail was heated at 99°C for 5 min followed by incubation at 45°C for 5
min before the sample was injected into the MG-U74Av2 microarray. Hybridization was
carried out at 45°C for 14-16 h with mixing in a GeneChip Hybridization Oven 640
(Affymetrix) at 60 rpm. After hybridization, the hybridization cocktail was removed and
the arrays were washed with non-stringent wash buffer (6X SSPE, 0.01 % Tween 20) at
25°C on a fluidics station (Affymetrix) and subsequently with stringent wash buffer (100
mM MES, 0.1 M [Na'], 0.01 % Tween 20) at 50°C. The arrays were then stained with
streptavidin-phycoerythrin (10 pg/ml) (Molecular Probes) at 25°C for ten minutes,
followed by wash cycles with non-stringent wash buffer at 25°C, then microarrays were
stained with biotinylated antibody (3 pg/ml) (Vector Laboratories) for ten minutes at

25°C to further amplify the signal. Which was followed with a second staining using
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streptavidin-phycoerythrin (10 pg/ml) (Molecular Probes) at 25°C for ten minutes. The
final washes were carried out with the non-stringent buffer at 30°C and the microarrays

were scanned using the Hewlett-Packard GeneChip system confocal scanner at 570 nm.

MICROARRAY DATA ANALYSIS

2.9 Initial Quality Control of Microarray Scans and Upload of Data into Resolver

Initial quality control of the microarrays was assessed by analyzing the *.dat files
for scratches, dust particles, grid alignments and intensities using the Affymetrix
microarray suite V.4.0. In addition, expression reports were generated for each of the
microarrays and analyzed by verifying the baseline noise, number of probe sets present,
housekeeping controls and the spike controls. Microarray data was exported into
Resolver and annotated with complete details of the experimental procedures.

' 2.10 Identification of Qutlier Chips and Combining Triplicate Chips

Microarrays were tested for their reproducibility by correlation coefficients using
the Rosetta Resolver Software. Triplicate chips were tested using the combination of
n ¢ k = nl/k!(n-k)!. In these sets of correlations we used 2 ¢ 3. This allowed for a
complete correlation of each chip within the triplicates. Therefore, for a set of three
replicates, three comparisons were carried out to test the various combinations (31).

All intensity profiles (individual microarray intensities) were combined into
intensity experiments using the Resolver Intensity Hyb manager. Both the intensity

profiles and intensity experiments were used for further analysis.
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2.11 2D Cluster Analvsis of Intensity Experiments

Agglomerative cluster analysis was performed according to the Rosetta
RESOLVER™ Expression Data Analysis System User Guide (2). Nine intensity
experiments representing a combination of the triplicate experiments were used to
identify similarities and differences between the groups.

2.12 Normalization of Microarray Expression Data

Affymetrix CEL files for each of the 27 arrays were processed in Rosetta
Resolver to yield background-corrected intensity values for the 12488 probesets on the
arrays. Collaboration was éet up with Dr. Richard Raubertas to use a robust statistical
approach for the microarray analysis. The intensities were exported ﬁom Resolver and
analysis was carried out using the statistical program R (44). Intensities for each array
were multiplied by a scale factor to equalize the medians for all arrays. The within-group
variability of intensities increased approximately quadratically with the overall intensity
level, so a variance stabilizing transformation suggested by Weng (85) was applied. The
transformation is approximately linear at low intensities but approaches a logarithmic
transformation at high intensities. The transformed values for each array were
normalized to remove any biases in the intensity response for that array.

Normalization is a computatidnal process in which data from different
microarrays are equalized prior to analysis. This process corrects for minor imbalances
that arise during the labeling, hybridization, scanning and other processes between
microarray chips (71). Probesets with the least evidence of differential expression
between groups (those with the smallest ratio of between-group to within-group

variability) were identified. The median transformed intensity for each probeset across
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all arrays was calculated. For each array a smooth, nonparametric regression curve was
fitted to a graph of deviations from the medians, versus the medians. The fitted curve
was then subtracted from the data for the array (Appendix A). All subsequent analyses
used these normalized, transformed intensity values.

2.13 Expression Analvsis of Diet Affected Genes and Linear Trend Analysis

For each gene a ﬁested series of ANOVA models were fit to the data. The models
focused on identifying and characterizing diet-related effects on gene expression. The
most general model allowed separate means for the nine week/diet combinations in the
experiment. Successively more constrained models allowed (a) arbitrary main effects for
week and diet, but gpecified that any interaction between them must take the form of a
linear trend in diet effects across weeks; (b) main effects for week and diet, but no
interactions between them (i.e., any diet effect must be constant across weeks); and (c)
only week effects (no diet effect at all). By comparing the fits of these models, we
obtained p-values for tests of various hypothéses about diet effects. In addition, contrasts
among means were used to estimate the magnitudes of these effects. The primary filter
for genes of interest was that there should be evidence of some diet effect on expression
level. This was implemented by requiring a small p-value for a test of diet effect,
obtained by comparing the fits of model (c) and the general model above. For genes with
a significant diet effect, the effect was estimated separately at each week and a test for

trend in the effects across week was carried out (comparing models (a) and (b)).
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2.14 Correlations: Gene Expression Profiles to Pharmacological Data and Biological
Processes

For genes with a significant diet effect, the correlation of expression level with
body weight, blood glucose level, and insulin level at sacrifice also was examined. Each
RNA sample hybridized to an array was a pool of material from two animals, so the
values of the physiologic variables for the pair of animals were averaged when
calculating correlations (adjusted p-value). The gene symbols used in the Figures and
Tables are from the NetAffx™ and Mg U74Av2 annotations. The biological processes
for the gene level transcripts are derived from the gene ontology consortium (Gene
Ontology), although in some cases the term is derived from published reports as shown
(10). All expression profile data and gene ontology terms were placed into a single

database in Microsoft Access for generation of Figures and Tables.
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Chapter 3

Results
This chapter describes the characterization of the DIO mice throughout the 12
weeks of high fat feeding. The data support the use of these mice for microarray
profiling in the development of obesity and insulin resistance. The remainder of the
chapter outlines the results obtained from tétal RNA isolation, cDNA synthesis, cRNA

synthesis, cCRNA fragmentation, hybridization and microarray analysis.

3.1 Diet-Induced Obesity Time Course: Food and Water Consumption

C57BL/6] male mice were fed for a period of 12 weeks a high fat diet (HFD, n =
24) containing ~36% fat or a chow diet (ND, n = 30) containing ~5% fat. The high fat
diet group’s food and water consumption were less than the ND group (Figure 1A and

1B) but both groups consumed the same amount of calories (Figure 1C).
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Figure 1A. Food consumption of high fat diet (HFD) and chow diet (ND). B. Water consumption of
high fat diet (HFD) and chow diet (ND) C. Caloric intake of high fat diet (HFD) and chow diet

(ND).
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3.2 Development of Obesity and Insulin Resistance; Body Weight, Blood Glucose,
Insulin and I.eptin

The body weights of the HFD and ND group mice were measured at 0, 2, 4, 6, 8,
10 and 12 weeks (Figure 2A). A significant difference in body weight between the two
groups was evident as early as two weeks (P < 0.01), weight gain trends are also in
agreement with a previous report (84). At the conclusion of the 12 week time course, the

HFD group (43 + 2 g) was significantly heavier than the control group (31 + 2 g) animals

(P <0.0001).
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Figure 2A. Body weight of C57BL/6J on high fat diet (HFD) or chow diet (ND). Mice were
6 weeks of age at start of time course. Data are means + SE. No difference detected between
two groups at week zero (p = 0.5). Significant difference between groups at all other weeks
(*p < 0.01; **p < 0.0001). In the graph, the n values denote the number of animals used to
calculate the body weight at the corresponding time points.
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To further characterize the effects of high fat feeding, blood glucose and insulin
levels were measured in both HFD and ND groups. Similar to body weight, significant
diet effects were seen with blood glucose at all time points except week 0 (Figure 2B).
The HFD group mice became mildly hyperglycemic by week 2 and glucose levels
remained elevated throughout the time course experiment (~10 mM versus ~8 mM).
Insulin levels of the HFD and ND group mice were measured at 0, 2, 4, 8 and 12 weeks
(Figure 2C). By 8 weeks, insulin levels were 3 times higher than that of ND controls and

by week 12 the HFD group had plasma insulin levels ~10 times higher than the control

group.
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Figure 2B. Non fasting plasma glucose levels of mice on high fat diet (HFD) or chow
diet (ND). Data are means + SE. No difference detected between two groups at week
zero (p = 0.5, n = 30 and n = 24 for ND and HFD respectively). Significant differences
between groups at all other weeks (*p < 0.01; **p < 0.001). In the graph, the n values
denote the number of animals used to calculate the glucose levels at the corresponding
time points.
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Figure 2C. Insulin levels of mice on high fat diet (HFD) or chow diet (ND). Data are
means + SE. No difference detected between two groups from week zero to week 4.
Significant difference between groups at week 8 and week 12 (*p < 0.03). In the graph,
the n values denote the number of animals used to calculate the insulin levels at the
corresponding time points.

Leptin levels were measured throughout the 12 weeks of high fat feeding.
At all of the time points the HFD group had higher levels of leptin than the ND group.
Significant differences in leptin levels were seen as early as two weeks (p <0.001). By 2
weeks, leptin levels of HFD group were 3 times that of the control group and by week 12

they were ~5 times that of the control group as shown in Figure 2D.
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Figure 2D. Leptin levels of mice on high fat diet (HFD) or chow diet (ND). Data are
means + SE. No difference detected between two groups at week zero. Significant
difference between groups at weeks 2, 4, 8 and 12 (*p < 0.05; **p < 0.03; *EEp <
0.006; **** p < 0.001).

3.3 Dual Energy X-ray Absorptiometry (DEXA) Analysis and Qil Red O Staining at
8 Weeks of Time Course

Eight weeks after initiation of high fat feeding, dual energy x-ray absorptiometry
(DEXA) analysis revealed a significant difference in the total tissue content. The HFD
(33.2 £ 0.7 g) was heavier in comparison to the ND (25.7 + 0.7 g) group (P < 1.6E-0.5).
As expected the lean tissue and length (HFD vs ND: 9.5 vs 9.4 cm) of mice were similar
in both groups while fat tissue was significantly higher in the HFD (9.2 £09 g) in
comparison tQ the ND (3.2 + 0.3 g) group (P < 0.001) (Figure 3A). The percentage of fat
was also significantly higher in the HFD group in comparison to the ND group (Figure
3B). Body weight gain was primarily due to increased fat tissue (HFD vs ND: 27.4 % vs.

12.6 % fat of the body mass, *p <0.001).
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Figure 3A. DEXA scan reveals differences between the high fat diet (HFD)
and chow diet (ND) treatment group. At 8 weeks differences were observed
in total tissue (**p < 1.6E-05) and fat tissue (*p < 0.001). 3B. Percentage
(%0) of body fat of HFD and ND mice also revealed differences (*p <0.001).
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Also at eight weeks a histological examination for fat accumulation was performed on
liver sections. Staining of sections with the lipid specific Oil Red O stain as shown in

Figure 4 revealed excessive lipid accumulation in HFD versus ND liver.

Figure 4. Histology of liver sections of high fat diet (HFD) and chow diet (ND)
animals. Oil Red O stains fat deposits red and nuclei blue. Staining indicates large
amounts of fat deposits upon high fat feeding at 8 weeks (40X magnification).

3.4 Summary of Diet-Induced Obesity (DIO)

Taken together all of the pharmacological results described above show the
development of weight gain, hyperglycemia, hyperinsulinemia, hyperleptinemia and
steatosis upon HFD treatment. All the results support the use of mice from the DIO

experiment for further microarray profiling.
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3.5 Microarray Experimental Desion

The goal of this study was to determine hepatic gene expression changes resulting
from the development of obesity. In particular, we were interested in identifying the
molecular mechanisms involved in the development of obesity, insulin resistance and
steatosis (NASH). To identify changes correlated with the development of obesity a time
course experiment was set up for a period of 12 weeks as described above and depicted
below in Figure SA. Liver samples were collected at 0, 2, 4, 8 and 12 weeks of treatment.
The sample preparation for each treatment group is outlined in Figure 5B. In this study 6
animals were used per treatment time point, however their expression profile was
determined using 3 microarrays. Therefore, there was random pooling of 2 RNA samples
per array at the cDNA synthesis step. This generated 27 microarray datasets for

microarray analysis.

A

: (ND) Normal Diet
(HFD) High Fat Diet

A }

* 54 C57BL/6 mice, 9 groups of 6

* group 1: fed chow diet (ND) for 12 weeks

e group 2: fed high fat diet (HFD) for 12 weeks

* mice 7-8 weeks old were fed either HFD or ND for 12 weeks
* sacrificed at weeks: 0, 2,4, 8 and 12

Figure 5A. High fat feeding 12 week time course experiment. Liver samples
were isolated at 0, 2,4, 8 and 12 weeks after treatment with high fat diet (HFD)
and chow diet (ND).
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Figare 5B. Microarray design. This is a representation of sample preparation for
each of the treatment groups. HFD and ND treatment groups were processed the
same way. The time point for each treatment was analyzed using 3 microarrays.

3.6 Generation of Target cRNA -

Quality control after total RNA isolation, cRNA synthesis and cRNA
fragmentation was necessary to ensure that the highest quality of target cRNA was
applied to the microarrays. The integrity of these samples must be confirmed at various

steps of preparation to ensure the success of the microarray experiments (71). Shown

below in Figure 6 are the number of steps that are required for generation of target cRNA

samples. RNase free tubes were used and gloves were worn at all times. Liver tissue, is

carefully removed and snap frozen in liquid nitrogen immediately after the mice have

been sacrificed. The liver is stored at -80°C until time of processing the cRNA target

samples. The sample may be stored at -80°C after total RNA processing or cDNA
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synthesis but must be applied to the microarrays immediately after cRNA synthesis since

the cRNA can not be kept at -80°C for longer than five days.

cRNA sample preparation

* Liver tissue

l Total Liver RNA Isolation

TRIzol
RNAmate
RNeasy

r QC: A260/A280
QC: A260/A280
r QC: A260/A280 and 28S/18S rRNA ratio

i c¢DNA synthesis

SuperScript Choice System
Phase lock gel purification

i cRNA synthesis

T7 RNA polymerase reaction
RNeasy ¥ QC: A260/A280 and even distribution

¢ cRNA fragmentation

Metal induced hydrolysis QC.: size of fragments

Figure 6. cRNA sample preparation. This figure highlights the steps for target cRNA sample
preparation from liver tissue. All samples must pass the quality control (QC) steps prior to being
hybridized on the microarray. The stars symbolize points of QC. Samples which do not pass QC
have to be reprocessed from remaining frozen tissue.
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3.7 Isolation and Quality Control of Total RNA

Total RNA was isolated from 54 liver samples using a three-step isolation
protocol, which included TRIzol, RNAmate and RNeasy. After TRIzol and RNeasy
isolation protocols, quality control procedures were carried out to assure the sample was
free from contaminants and degradation products. The samples were assessed for their
quality based on'ithe absorbance ratio at A260 and A280. Ratios <1.5 indicated the
presence of contamination. Table 1 summarizes representative absorbance values
obtained from the week 2 liver samples after RNeasy treatment. The first six samples
(N1-N6) were the HFD treatment mice and samples N7 to N12 were from the ND mice.
All of the samples had A260/A280 ratios greater than 1.5 and were used for further
experimentation. All 54 liver samples were processed until ratios greater than 1.5 were
obtained for the RNA samples. A second step in analyzing the quality of the total RNA
sample was to determine the 28S to 18S ribosomal RNA ratio by examining the integrity
of the 28S (4800 base pairs) and 18S rRNA (1900 base pairs) using an Agilent
bioanalyzer. Ratios <1 would indicate degradation which appears in the gel lane as an
increase in low molecular weight products and the disappearance of the 28S band.
Degraded samples were reprocessed from remaining frozen liver tissue. All 54 samples
were processed until they were free from degradation and contaminants. Figure 7 is a
representative gel image of samples from liver for week 2 from HFD (N1-N6) and ND

(N7-N12). Lanes 11 and 12 in Figure 7 are examples of degradation.
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Table 1. A260/A280 ratio after RNeasy purification and concentration of total RNA.
The A260/A280 is an indication of sample purity. All these samples have values
greater than 1.5 indicating acceptable samples. The concentration of the samples
are calculated as follows: Abs 260nm X 40 pg/mL x dilution(250) = [RNA] pg/mL.

260 280 260/280 ug/mL
N1 0.424 0.271 1.6 4240
N2 0.585 0.364 1.6 5850
N3 0.343 0.221 1.6 3430
N4 0.279 0.179 1.6 2790
N5 0.48 0.305 1.6 4800
N6 0.398 0.247 1.6 3980
N7 0.467 0.297 1.6 4670
N8 0.478 0.299 1.6 4780
N9 0.537 | 0.341 16 5370
N10 0.417 0.266 1.6 4170
N11_| 0.394 | 0.251 1.6 3940
N12 0.466 0.296 1.6 4660
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Figure 7. Quality control assessment of total liver RNA by examination of 28S and
18S rRNA band using RNA Nano LabChip. Representative samples from week 2: HFD
lanes 1-6 and ND lanes 7-12.
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3.8 Quality Control of cRNA

As mentioned above (3.5 Microarray Experimental Design) equal amounts of two
RNA liver samples were pooled randomly at the time of cDNA synthesis for each of the
treatment groups. The cDNA then was used to synthesize cRNA were biotin labeled
ribonucleotides were incorporated. Quality control of this step afso was assessed using
the Agilent Bioanalyzer. The quality of cRNA synthesis was evaluated for each treatment
group. Each time point was required to have consistent synthesis reactions. A good
quality cRNA synthesis should show an even distribution of RNA products. Figure 8A is
a representation of cRNA synthesis reactions from weeks 0, 2 and 4. Examination of the
gel image revealed lanes 1 to 4 and 6 to 7 to have an even distribution of molecular
weights. Lanes 8 to 10 had an uneven distribution of RNA products. Lanes 5, 11 and 12
show low intensity cRNA products. These gel image results also can be visualized by
traces which give better intensity and determination for how even the synthesis was. A
closer examination of the individual groups in Figure 8B reveals that only week 2
samples 1-4 and 6 have even distribution. Examination of the week 4 samples reveals
even distribution for cRNAL4-1 (lane 7) with slightly more lower molecular weight
products. While the remaining week 4 samples (lanes 8 to 10) have a higher distribution
for the lower molecular weight RNA products. Week O liver samples indicate even
distribution but low intensity. All 27 cRNA synthesis reactions were carried out until
even synthesis of the reactions was obtained. Each sample also was assessed for adjusted

cRNA concentrations of 0.6 ug/ul. This second step of quality control assures that the
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cRNA synthesis was essentially even across all the RNA species, thus removing biases
from the cRNA synthesis reactions.

3.9 Quality Control of fragmented ¢cRNA

Samples of cRNA were fragmented to a mean size of 35 to 200 base pairs. The
quality of the fragmentation was assessed by the size of RNA products using the Agilent
Bioanalyzer. Figure 9 is a gel image representation of samples from the week 2 liver
HFD (lanes 1-3) and ND (lanes 4-6). All of these samples passed the quality control
since all fragments were below 200 base pairs. This third quality control step assures that

all samples are the appropriate size in order for optimal hybridization reactions with the

microarray probes.
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Figure 8A. Quality control assessment of biotin labeled cRNA synthesis reactions.
Representative samples from weeks 0, 2 and 4. Samples are assessed using the Agilent
Bioanalyzer. Lanes 1-4 and 6-7 show c¢RNA synthesis reactions with production of even
molecular weight products. Lanes 8§ to 10 show uneven cRNA synthesis reactions. Lanes 5, 11
and 12 show synthesis of only low molecular weight products.
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Figure 8B. cRNA synthesis profiles. Representative samples from weeks 0, 2 and 4. Samples are
assessed using the Agilent Bioanalyzer. The numbers in the square boxes correspond to lane
numbers from the gel image Figure 8A. Lanes 1-4 and 6-7 have even distribution. Lanes 8-10
have increased lower molecular weight RNA products. Lanes 11-12 have low intensity but even
distribution.
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Figure 9. Fragmented cRNA quality control. Representative samples from week 2. Samples are
assessed using the Agilent Bioanalyzer. Samples were fragmented to below 200 base pairs,
indicating that these samples would have passed the quality control.
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3.10 Initial Quality Control of Microarrav Scans

Once fragmented cRNAs were prepared, all 27 samples weré hybridized to the
microarrays. The microarrays were washed, stained and prepared for visualization as
mentioned in Chapter 2 (Materials and Methods). The initial quality control carried out
on the microarrays was to look for scratches and dust particles. All arrays passed this
first step. In addition, all chips also had similar intensities and perfect grid alignments.
To further assess the quality of the chips, Affymetrix expression reports were generated
for all 27 chips. This was assessed using the background intensity value (50-100), scaled
noise (Q 1.0-5.0), consistency of scaling factor between the chips, 3°/5° ratio of
housekeeping controls (<3), probes present (~50%), and a present call for all of the spike
controls (Table 2). The fact that the 3°/5” ratios were less than three fold was also a good
indication that the RNA samples were not degraded. In addition, the increasing call of
the spike controls indicates that the scanner detected gene expression from low transcript

genes since the least abundant spike (BIOB) was detected with a value of 328.4.
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Table 2. Affymetrix Expression Report. The report includes values for several controls
which allows for assessment of cRNA synthesis reaction, hybridization and

noise of the microarray.

Report Type Expression Report
File Name UT4A2-LIV-WK2-2HFD280202.chp
Algorithm Expression
Controls Antisense

Probe array MG U74Av2
Scaled Noise (Q) 4.093

Scale Factor 1.215

Probe Present 48.6% (6067)
Background 58.44
Housekeeping Controls 3°/5’ ratio
B-actinmur 1.2

GAPDH 1.1

18SRNA 1.5

Spike Controls Call

BIOB 3284

BIOC 802.5

BIODN 1231.5

CREX 7456.2

3.11 Identification of Outlier Microarrays (chips)

Individual chips for each triplicate was tested for reproducibility using correlation
analysis prior to combining the results. Each microarray was plotted against each other
within a group and the R factor was recorded. Figure 10 is a representation of a single
correlation plot of microarrays from week 12 (HFD chip-1 versus HFD chip-2). The
diagonal comes from plotting gene intensity for each individual gene from the 2 chips.
The tighter the diagonal, the stronger the correlation is between the two microarrays.
Gene expressions points that deviate from the diagonal are not correlated in the two
chips. The high correlation coefficient obtained from the analysis (Table 3) indicates that
no outlier chips were detected, hence the appropriate microarrays were then combined

into intensity experiments and annotated in the Rosetta RESOLVER™ database.
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Table 3. Correlation coefficient of all chip combinations. The high correlation
coefficients indicate that the chips are highly reproducible.

Chip Comparisons Correlation
Week 0-1 to 0-2 0.994
Week 0-1 to 0-3 0.999
Week 0-2 to 0-3 0.995
Week 2 ND 1 to 2 0.994
Week 2 ND 1to 3 0.997
Week 2 ND 2to 3 0.994
Week 2 HFD 1 to 2 0.994
Week2HFD 1t0 3 0.992
Week 2 HFD 2 to 3 0.995
Week 4 ND 1 to 2 0.994
Week 4 ND 1 to 3 0.994
Week 4 ND2to 3 0.996
Week 4 HFD 1 to 2 0.994
Week 4 HFD 1 to 3 0.994
Week 4 HFD 2 to 3 0.995
Week 8 ND 1 to 2 0.991
Week 8 ND 1 to 3 0.990
Week 8 ND 2 to 3 0.994
Week 8 HFD 1 to 2 0.992
Week 8HFD 1to 3 0.993
Week 8 HFD 2 to 3 0.991
Week 12 ND 1to 2 0.990
Week 12 ND 1to 3 0.982
Week 12ND 2 to 3 0.989
Week 12 HFD 1 to 2 0.993
Week 12 HFD 1to 3 0.995
Week 12 HFD 2 to 3 0.994
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3.12 2D Cluster of Intensity Experiments

The initial clustering of the intensity experiments revealed that there was a
distinct separation of the ND and HFD animals at 0, 4, 8 and 12 weeks, whereas the 2
week ND and HFD mice clustered together as shown in Figure 11. The clustering of the
2 week time point, independent of diet, was due to a very strong signature from a group
of developmentally regulated genes as shown in Figure 11 boxes A and B. This result
stresses the importance of comparing age matched treated and non-treated animals
instead of comparison to time = 0.

3.13 Diet Affected Genes

To identify genes, whose expression was affected by diet for any of the time
points, the intensity values from the microarrays were normalized and transformed as
described in Chapter 2 Materials and Methods and analyzed separately using analysis of
variance (ANOVA) and of covariance. Expression was analyzed using transformed
intensity (not fold change), so as to identify all significantly affected genes. This method
should be more sensitive in picking up the small but significant changes in gene
expression that are known to have profound affects on phenotype. Using this method the
differences in expression level between HFD and ND for each of the time points can be
calculated with an associated p-value. Based on this analysis, of the 12422 non-control
genes on the arrays, a total of 1947 genes (~16%) were found to have a significant diet
effect (p < 0.05) see Appendix B. Appendix B lists the gene names, symbols,
description, mean expression level for week 0 (on the transformed scale), diet affected p-
value (pANY) and the differences in expression level between HFD and ND for weeks 2,

4, 8 and 12 with the corresponding p-values.
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3.14 Linear Trend and Correlation Analysis

After having identified 1947 genes to have a significant diet effect at P < 0.05 we
utilized two approaches, linear trend and correlation analysis to parse the data in order to
identify the more significant affected pathways and to reduce the size of the lists. One of
our initial approaches was to use magnitude and direction of genes that followed a linear
trend throughout the 12 weeks of high fat feeding. Trend analysis was based on
differences in gene expression level between HFD and ND for weeks 2, 4, 8 and 12.
Based on the analysis 211 genes were identified to have significant trends (P < 0.01).
These genes were classified into 2 separate tables without the ESTs: upward trend 65 and
downward trend 81 (Appendix C and D). However, analysis of the gene list revealed that
linear trends were not always relevant in identifying the biological significance. For
example, tubulin beta 3 (Tubb3) showed a positive linear trend (2.54) (Appendix C)
although expression increased during HFD feeding, expression levels in HFD group were
still below ND in three of the time points as shown in Appendix B. Therefore, caution
was required interpreting the linear trend results since they did not always reflect the
biology

In order to introduce the biology into the analysis we correlated the
pharmacological data with the expression profiles. This analysis would identify all genes
whose expression was significantly correlated or anti-correlated with a particular
physiological trait. Tables 4, 5 and 6 list the genes whose expression is significantly
correlated or anti-correlated to body weight, insulin and glucose levels during the
development of obesity. For example, one of the genes that was correlated with weight

gain and insulin profiles was fructose bisphospatasel (Fbp1), a key regulatory protein in
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gluconeogenesis. Further in depth analysis of the gene list from Appendix B showed that
all the genes for the key regulatory enzymes involved in glycolysis and gluconeogenesis
were affected at some point during the time course. A number of critical biological
pathways whose expression was significantly affected by high fat feeding were identified
and are described below.

3.15 Regulation of Glvcolysis and Gluconeogenesis

Upon examining the correlation results, Fbp1, as mentioned above was identified
to have significant poéitive correlations with weight gain (0.834) and insulin profiles
(0.761). Also one of the top genes that is anti-correlated with body weight is
phosphoenolpyruvate carboxykinase 1 (Pckl) which is involved in gluconeogenesis.
Upon identification of the above-mentioned genes in the correlation analysis, we further
examined Appendix B and the genes for all six key enzymes involved in hepatic glucose
metabolism were present, which would indicate that these genes are significantly affected
by diet. In addition, 6-phosphofructo-2-kinase/fructose-2-6-bisphophatase 1 (Pfkfb1), the
bifunctional enzyme responsible for controlling hepatic gluconeogenesis and glycolysis
also was significantly affected by diet (64). Shown in Figure 12 is the plot of data from
Appendix B for all six genes that are involved in glycolysis and gluconeogenesis. The
plot represents the HFD-ND transformed intensity at all of the time points. Figure 12
suggests that in the early stages of the high fat feeding, glycolysis predominates (weeks 2
and 4) as indicated by up regulation of Glucose kinase (Gck), Phosphofructokinase
(Ptkm) and Pyruvate kinase (Pklr). While, at the earlier time points gluconeogenesis
genes such as Glucose 6 phosphatase (G6pc) and (Pckl) are being down regulated. With

the development of insulin resistance (weeks 8 and 12) there is a switch to
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gluconeogenesis as shown with up regulation of Gépc and Fructose bisphosphate 1

(Fbpl).

HFD-ND Transformed Intensity

5

=

8

10

Time (Weeks)

Figure 12. Glycolysis and gluconeogenesis regulatory genes. All six genes were identified
to be affected by the high fat diet (HFD) treatment. The expression levels are displayed as
high diet (HFD)-chow diet (ND) transformed intensity for Phosphofructokinase (Pfkm),
Pyruvate kinase (Pklr), Glucose kinase (Gck), Fructose bisphosphatase 1 (Fbpl),
Glucose 6 phosphatase (G6pc) and Phosphoenolpyruvate carboxykinase 1 (Pckl).
p-values for each of the time points can be found in Appendix B.
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Table 4. Gene correlation/anti-correlation with body weight (P < 0.05)

Name |CorrBW |Sequence Description Biological Process
Gdc1 0.858 |Glycerol phosphate dehydrogenase 1, Glycerol metabolism
cytoplasmic adult
Fbp1 0.834 |Fructose bisphosphatase 1 Gluconeogenesis
Aatk 0.816 |Apoptosis-assaciated tyrosine kinase Protein kinase
Hadhsc | 0.809 |L-3-hydroxyacyl-Coenzyme A dehydrogenase, |Fatty acid metabolism
short chain
Cyp2b9 | 0.799 |Cytochrome P450, 2b8, phenobarbitol Metabolism
inducible, type a
Cd72 0.796 |CD72 antigen Immune response
Rad51i1| 0.787 |RAD51-like 1 (S. cerevisiae) DNA repair/binding ATPase
Umpk 0.771 |Uridine monophosphate kinase Nucleotide biosynthesis
Tcea3d 0.768 |Transcription elongation factor A (Sl1), 3 Nuclegstide binding
Lgais1 0.752 |Lectin, galactose binding, soluble 1 Sugar binding
Inhbe 0.750 [inhibinbeta E Receptor binding/glycopeptide
hormone
Mpp1 0.748 |Membrane protein, palmitoylated (55 kDa) Signal transducer
Akap1 0.748 |A kinase (PRKA) anchor protein 1 Integral membrane protein
Prkab1 | 0.743 |Protein kinase, AMP-activated, beta 1 non- Fatlty acid biosynthesis
catalytic subunit
Capn2 0.740 |Caipain 2 Protein catabolism
Gins 0.739 |Glutamine synthetase Nitrogen metabolism
Anxa2 0.729 |Annexin A2 Actin binding
Skd3 0.728 |Suppressor of K+ transport defect 3 Nucleotide binding
Sect4l2 | 0.726 |SEC14-like 2 (S. cerevisiae) Transcription
Sorbs1 | 0.719 |Sorbin and SH3 domain containing 1 Cell adhesion/glucose
uptake/insulin receptor signaling
Pck1 -0.717 |Phosphoenolpyruvate carboxykinase 1, Gluconeogenesis
cytosolic
Aldo3 -0.723 [Aldolase 3, C isoform Glucose catabolism
Cyp2c4 | -0.730 |Cytochrome P450, 2¢c40 Metabolism
0
Egfr -0.735 |Epidermal growth factor receptor Transmembrane receptor
protein tyrosine kinase
Usf1 -0.735 |Upstream transcription factor 1 Transcription
Rps5 -0.736 |Ribosomal protein S5 Protein biosynthesis
Agxt -0.737 |Alanine-glyoxylate aminotransferase Amino acid metabolism
Rpl12 -0.738 |Ribosomal protein L12 Protein biosynthesis
lgk-v20| -0.743 |Mouse VK gene for kappa light chain variable |immune response
region and J4 sequence.
Irf6 -0.751 |Interferon regulatory factor 6 Transcription
Tciex3 | -0.752 [t-complex testis-expressed 3 Transcription
igfbp2 -0.759 [Insulin-iike growth factor binding protein 2 Growth factor binding
Rps27a | -0.761 |Ribosomal protein S27a Protein biosynthesis
Tle1 -0.779 |Transducin-like enhancer of split 1, homolog of |Cell growth and/or maintenance
Drosophila E(spl)
Lamp2 | -0.783 |Lysosomal membrane glycoprotein 2 Lysosome
Ccl9 -0.799 |Chemokine (C-C motif) ligand 9 Immune response
Rpl5 -0.800 |Ribosomal protein L5 Cell growth and/or maintenance
Lifr -0.801 |Leukemia inhibitory factor receptor Integral membrane protein
Lbcl1 -0.804 |Lymphoid blast crisis-like 1 Signal transducer
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Table 5. Gene correlation/anti-correlation with insulin (P < 0.05)

Name | Corrins |Sequence Description Biological Process
Anxa2 0.875 |Annexin A2 Actin binding
Inhbe 0.833 |Inhibin beta E Receptor binding/glycopeptide
hormone
Slc22a1 | 0.814 |Solute carrier family 22 (organic cation Cell growth and/or maintenance
transporter), member 1
Apoc2 0.798 |Apolipoprotein C-ll Lipid catabolism
Cyp2b9 | 0.798 |Cytochrome P450, 2b9, phenobarbital Metabolism
inducible, type a
Hadhsc | 0.798 |L-3-hydroxyacyl-Coenzyme A dehydrogenase, |Fatty acid metabolism
short chain
Aatk 0.767 |Apoptosis-associated tyrosine kinase Protein kinase
Sic16a2 | 0.767 |Solute carrier family 16 (monocarboxylic acid |Integral plasma membrane
transporters), member 2 protein/transport
Lgals1 0.766 |Lectin, galactose binding, soluble 1 Sugar binding
Skd3 0.763 [Suppressor of K+ transport defect 3 Nucleotide binding
Fbp1 0.761 |Fructose bisphosphatase 1 Gluconeogenesis
Tubat 0.757 |[Tubulin, alpha 1 ' Microtubule-based process
Vnn1 0.755 [Vanin 1 Hydrolase
Aldh3a2 | 0.754 |Aldehyde dehydrogenase family 3, subfamily |Metabolism
A2
Umpk 0.754 |Uridine monophosphate kinase Nucleotide biosynthesis
Gapd 0.753 |Glyceraldehyde-3-phosphate dehydrogenase |(Glucose catabolism
Hmges2 | 0.751 |3-hydroxy-3-methylgiutaryl-Coenzyme A Cholesterol biosynthesis
synthase 2
Anxad 0.750 |Annexin A4 Lipid binding
Mpp1 0.746 |Membrane protein, palmitoylated (55 kDa) Signal transduction
Rad5111| 0.742 |RAD514ike 1 (S. cerevisiae) DNA repair/binding, ATPase
Akap1 0.736 |A kinase (PRKA) anchor protein 1 Integral membrane protein
Wars 0.735 |[Tryptophanyl-TrNA synthetase Protein biosynthesis/tRNA ligase
Sorbs1 0.735 {Sorbin and SH3 domain containing 1 Cell adhesion/glucose
uptake/insulin receptor signaling
Mgl 0.729 |Monoglyceride lipase Hydrolase
Slc25a2 | 0.726 |Solute carrier family 25 (mitochondrial Integral plasma membrane
0 carnitine/acylcarnitine translocase), member  |protein/transport
20
GO0s2 0.723 |GO/G1 switch gene 2 Cell growth and/or maintenance
Dp1l1 0.721 |Deleted in polyposis 1-like 1 Cell growth and/or maintenance
Lect2 0.720 |Leukocyte cell-derived chemotaxin 2 Chemotaxis
Gdm1 0.718 |Glycerol phosphate dehydrogenase 1, Glycerol metabolism
mitochondrial
Rps5 -0.721 |Ribosomal protein S5 Protein biosynthesis
Agxt -0.731 |Alanine-glyoxylate aminotransferase Amino acid metabolism
igfbp1 -0.738 |Insulin-like growth factor binding protein 1 Regulation of cell growth
Lifr -0.747 |Leukemia inhibitory factor receptor Integral membrane protein
Egfr -0.758 |Epidermal growth factor receptor Transmembrane receptor
protein tyrosine kinase
Tat -0.765 |Tyrosine aminotransferase Transaminase
Eefla2 | -0.791 |Eukaryotic translatiorn elongation factor 1 alphaProtein biosynthesis

2
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Table 6. Gene correlation/anti-correlation with blood glucose (P < 0.05)

Name |CorrGlu|Sequence Description Biologicai Process

Mgl 0.7835 |Monoglyceride lipase Hydrolase

inhbc 0.7637 |Inhibin beta-C Receptor binding

Casp8 | 0.7455 |Caspase 8 Induction of apoptosis

Ephx2 | 0.7222 |Epoxide hydrolase 2, cytoplasmic Cell communication

Cyp3a1 |-0.7249 Cytochrome P450, 3a16 Metabolism

6

Arsdr1 |-0.7296 {Androgen-regulated short-chain Metabolism
dehydrogenase/reductase 1

Cci9 -0.7525 {Chemakine (C-C motif) ligand 8 Immune response

Cyp3a1 |-0.7566 [Cytochrome P450, steroid inducible 3a11 Metabolism

1

Gstm3 | -0.8107 |Glutathione S-transferase, mu 3 Glutathione conjugation reaction

3.16 Regulation of Fat Metabolism

One of the other major metabolic pathways identified by the use of correlation
analysis was fat metabolism. Beta-oxidation genes were significantly affected by HFD.
Several genes show changes in gene expression within the time course that are consistent
with our model. We identified in the body weight (0.809) and insulin (0.798) correlation
Tables 4 and 5 expression profiles of L-3-hydroxyacyl-Coenzyme A dehydrogenase
(Hadhsc), a gene that plays an essential role in the mitochondrial beta-oxidation of short
chain fatty acids. In addition monoglyceride lipase was also identified as the sole gene to
positively correlate with blood glucose (0.7835) and insulin (0.729) trends. This enzyme
is involved in hydrolyzing triglycerides.

Therefore, we went back to our diet affected gene list (Appendix B) to see if
PPARa a known transcription factor to activate genes involved in beta-oxidation and
peroxisome proliferation was included in Appendix B. PPARo was identified on the list
and had similar gene expression patterns in both groups till 2 weeks of high fat feeding.

Between 4 to 12 weeks, the expression of this gene continues to increase in the HFD
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group while the expression in the ND group decreases (Figure 13). The response of
PPAR« at 4 weeks of high fat feeding suggests that it may be involved in initiating the
cascades that lead to full activation of the beta-oxidation of fatty acids. One cascade that
follows this pathway is the activation and the increase in expression of carnitine

acyltransferase 1 (cratl) also located in Appendix B.
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Figure 13 Normalized intensity of PPAR gene expression of chow diet (ND) and high fat diet
(HFD) for a period of 12 weeks.

Carnitine acyltransferases have a crucial role in the transport of fatty acids for beta-
oxidation and theif aretargets for fﬁérépeutic development against diabetes. In addition,
carnitine palmitoyltransferase 1 and carnitine palmitoyltransferase 2 also are affected by
high fat feeding. Solute carrier family 25 (mitochondrial carnitine/acylcarnitine
translocase) member 20 (Slc25a20) is also positively correlated (0.726) with the insulin

profiles. These four genes are involved in facilitating the transport of fatty acids across
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the mitochondrial membrane. In addition, 2,4-dienoyl CoA reductase 1 mitochondrial
(Decrl) also continues to increase its gene expression profile over the 12 weeks of high
fat feeding in comparison to the normal diet group. This enzyme is involved in the beta-
oxidation of polyunsaturated fats. By using the correlation tables as a primary screen to
identify the biological pathways that are being affected by diet we can further search our
larger list to get a more complete picture of each pathway.

The other major metabolic pathway in fat metabolism affected by high fat feeding
is fat synthesis. Two genes that are highly correlated with both body weight and insulin
are the cytoplasmic and mitochondrial glycerol phosphate dehydrogenase 1 genes (Gdcl:
0.858 and Gdm1: 0.718). These two proteins are used for formation of the glycerol
backbone for triglycerides (fat synthesis). Cytoplasmic glycerol phosphate
dehydrogenase 1 reduces dihydroxyacetone phosphate to form glycerol 3-phosphate.
Glycerol can then be incorporated into triglyceride molecules or can enter the glycolytic
pathway. The 5’-AMP-activated protein kinase (AMPK/Prkabl) is correlated positively
with body weight (0.743) and also is involved fatty acid synthesis.

Once again, we obtained a more detailed view of fat synthesis by examining in
further depth Appendix B. There, sterol regulatory element binding protein 1 (SREBP-1)
a transcription factor involved in the cholesterol and lipid metabolism was identified to
have a higher expression in the HFD treatment group at all of the time points in
comparison to the ND treatment group as shown in Figure 14. Several other genes such
as (Scdl, SPOT14, Elov2, Elov3, Fabp2, Fabp6) involved in fat synthesis also had

significant diet effects.
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Figure 14 Normalized intensity of SREBP-1 gene expression of chow diet (ND) and high fat diet
(HFD) for a period of 12 weeks.

Leptin signaling also is involved in regulation of fat synthesis. The plasma leptin
levels were significantly higher in the HFD treatment group than in the ND treatment
group at all time points in our model as shown in Figure 2D (consistent with the level of
leptin resistance). At the niolecular level protein inhibitor of activated STAT3 (PIAS3),
is more highly expressed in the high fat diet treatment group than in the normal diet
treatment group at weeks 8 (4.87) and 12 (11.65), corresponding with the development of
hyperleptinemia and hyperinsulinemia. Leptin is hrequired to keep the liver tissue free
from excess lipid deposition and inhibitors of this pathway such as PIAS3 maybe

contributing to the development of leptin resistance and steatosis.

49



3.17 Regulation of CYPs, GSTs and HSPs

Oxidative stress has been implicated in the pathogenesis of obesity and its
complications. Stress proteins such as cytochrome P450 isoforms (CYPs), heat shock
proteins (HSPs) and glutathione S transferases (GSTs) have been shown to protect
organisms in vitro and in vivo against oxidative stress (65,66). Examination of the anti-
correlated results in Tables 6 to 8 revealed Cyp3all (-0.7566), Cyp3al6 (-0.7249) and
Gstm3 (-0.8107) td be anti-correlated with the blood glucose profiles. Also Cyb2040
(-0.730) was anti-correlated with the body weight list. A closer examination of other
members of genes in this family revealed that a large number of the GSTs were down
regulated in the HFD treatment group as early as week 2 and this trend continued till the
end of the time course as shown in Table 7. Examination of the CYPs in Appendix B
revealed that 15 out of 20 of the dief affected CYPs also were down regulated in the HFD
treatment group at week 2. This pattern continued till week 12. Examination of the HSPs
in Appendix B also revealed that the number of HSP genes being affected by diet
increased with the duration of HFD treatment. Therefore, there was a decrease in
expression of these genes in the HFD treatment group in comparison to the ND treatment
group over time as shown in Table 8. In the DIO model as insulin resistance, obesity and

fatty liver are progressing, the protective mechanisms are being lost.
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Table 7. Differences in expression levels (HFD-ND) and p-values at all time points of
glutathione S transferases.

Desc

| Symbol

- Gsta2

glutathione S-
transferase, alpha 2

(Yc2)

WKO02

- 41.29

Gsta3

glutathione S-
transferase, alpha 3

453 o,

Gstad

glutathione S-
transferase, alpha 4

-16.58 -

Gstm1

glutathione S-
transferase, mu 1

Gstm?2

glutathione S-
»transferase, mu 2

1157

: Gstm3

glutathione S-
transferase, mu 3

,_ Gstmb

glutathione S-
transferase, mu 5

M__Q_Vstm6

glutathione S-
transferase, mu 6

14,55

Gstot

glutathione S-
transferase omega 1

516 0.

Gstp2

glutathione S-
transferase, pi 2

Gstt2

glutathione S-
transferase, theta 2
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Table 8. Differences in expression levels (HFD-ND) and p-values at all time points of heat shock
proteins.

Desc

WKO02 | pWK02

WKO04

pWKO04

WkO08

| Symbol

Hsp105

heat shock
protein, 105 kDa

heat shock
protein, 60 kDa

‘Hsp60

heat shock

Hsp70-1

‘Hsp84-1

heat shock

Hspa4

?Hspa5

heat shock 70

_kDaprotein4

heat shock 70kD
protein 5
{glucose-
regulated

protein, 78kD)

745
protein, 70 kDa1  13.92 .

protein, 84 kDa1  -7.38

0.18

012 1857

0.00

LA

2.62

0.03

0.01

17 ..

25.20

0.02

0.01

1.00

593 . 0.02
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0.07

1.90 053

12.32

0.00
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486 @ 012
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3.18 Enerpgy Metabolism Alteration

Upon high fat feeding there was increased lipid accumulation in the liver (Figure
4) and increased expression of genes involved in beta-oxidation (Figure 13) which leads
to increased production of free radicals. These alterations in the liver have been noted
previously to cause mitochondrial oxidative injury resulting in an impaired production of
ATP and damage to organs in other models of steatosis. Therefore, examination of the
FoF1-ATP synthase was of interest since it has been identified in male Wistar rats to be
down regulated (35% lower) by immunoblot analysis from fatty livers. In the diet
affected genes list (Appendix B) ATP synthase mitochondrial F1 complex (ATP5c1) was
identified with an ANOVA p-value 0of 0.03. As expected from previous published reports
there is down regulation of this gene at the RNA level in the HFD group in comparison to

the ND group as shown in Figure 15 which follows with the decreased protein expression
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Figure 15 HFD-ND transformed intensity of AtpScl. The high fat diet (HFD) group has a lower
expression in ATP synthase mitochondrial F1 complex (ATP5c1) than the chow diet (ND) group
for the majority of the time course experiment.
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3.19 Regulation of Growth Factors

The presence of steatosis and the eventual development of NASH result in liver
degeneration. One critical growth factor involved in liver regeneration is the epidermal
growth factor (Egf). In our experiments epidermal growth factor receptor (Egfi} was
identified to be anti-correlated to both body weight and insulin profiles. Hepatoma
derived growth factor (Hdgf) also was found on the diet affected gene list and also is

down regulated in a similar pattern as Egfr (Figure 16).
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Figure 16 Down regulation of Egfr and Hdgf upon high fat diet treatment. This graph
represents the HFD-ND transformed intensity throughout the time course.
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The Egfr receptor dramatically decreases between week 8 and 12. This is at the same
time points where we see a sharp increase in the insulin and leptin levels as shown in
Figure 2C and D. Progressive down regulation of essential growth factors for liver
regeneration indicates progression of steatosis and a transition into NASH at week 12
upon HFD treatment.

3.20 Microarray Analysis Summary

What has been reported in this thesis is one approach in analyzing the list of genes
affected by diet. There are several other methods that also can be used to analyze the
data. As well, additional pathways can be examined. This analysis will be an ongoing

process.
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Chapter 4

Discussion

4.1 Validation of the Diet-Induced Obese Mouse Model

Twelve weeks of feeding mice a HFD resulted in significant weight gain,
hyperglycemia, hyperinsulinemia and hyperleptinemia all hallmarks of insulin resistance
and obesity. Insulin resistance followed the onset of increased body weight and
hyperglycemia in this 12 week time course experiment. In addition, measurements of the
food intake revealed that the HFD group consumed less food by weight than the ND
group but when the caloric profiles were calculated both groups consumed the same
amount of calories over a period of 12 weeks. This indicates that the number amount of
calories consumed does not account for the development of obesity, but more importantly
it is the source of calories in the diet. Therefore, only the HFD group which consumed
food with a fat content of 35.5% in comparison to 4.4% fat in the ND developed
significant \%/eight gain, hyperglycemia and hyperinsulinemia (Figures 2A-C). The
pharmacological characterization is an essential first step and can be regarded as the first
quality control step in the microarray process to ensure that the correct biology is being
profiled.

4.2 Microarray Design Issues

The goal of this study was to profile hepatic gene expression changes during
development of obesity. However, other sources affecting gene expression changes can
be introduced during this time course which can complicate interpretation. To minimize
the effects of these variables, we used the experimental strategy outlined in Figure 5A

and B. First, 6 animals were used per treatment time point to provide sufficient sample
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numbers for measurements of physiolo gical parameters in order to compensate for animal
variability.

Second, each treatment time point was determined using 3 microarrays.
Therefore, there was random pooling of 2 animals per array as described in Chapter 2
(Materials and Methods). To minimize variation in expression patterns between different
mice, we studied 2 liver samples simultaneously, with equal amounts of cRNA mixed for
each of the treatment groups and the resulting cRNA pools then were hybridized to a
single microarray. The triplicate microarrays would be expected to control for both tissue
and experimental variability including tissue heterogeneity, variables in RNA isolation,
biotinylated cRNA production and variability in hybridization to GeneChip microarrays.
Variations in gene expression profiles should be normalized by this method, while gene
expression changes correlating with the development of obesity should be preserved (22).
Replication is necessary for reducing the variation in microarray experiments, In
particular biological replicates instead of technical replicates are essential for identifying
the natural biological variability in the system (69). Biological replicates have the
potential of highlighting the potentially important and reproducible changes between
treatment comparisons. Also, increasing the number of replicates decreases the
probability of identifying false positives and negatives (48). The microarray experimental
design has to include a minimum of three replicates to perform statistical analysis. The
triplicate approach as shown in this experiment generates a data set on which robust
statistical analysis can be applied. |

Third, the 5 point time cdurse adds significance to the gene expression profiles

since we are getting data from a single gene in two treatment groups over 5 time points
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