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Recent high throughput technologies such as microarrays have made it
possible to accurately and efficiently monitor transcription levels of thousands of
genes in parallel. Genomic data generated by these microarray experiments offer
tremendous potential for advances in molecular biology and functional genomics.
With the exploding volume of genomics data, the analysis and integration of
datasets to extract biological meaning becomes challenging.
Cluster analysis is typically the first step in expression data analysis and
knowledge discovery. Many cluster analysis algorithms have been developed to
analyze gene expression microarray data. However, due to high computational
cost, most algorithms are not time effective and fail when clustering larger
datasets. To overcome this limitation, we have developed a new memory efficient
clustering algorithm which performs clustering of extremely large datasets in
'

minimal time. We have implemented this algorithm as a software tool (HPCiuster),
which is designed to provide the research community with an easy and
manageable client-server Windows application.
Another key analysis for extracting biological information from genomics
data is the elicitation of gene interaction networks underlying complex diseases.
MicroRNAs add another complex layer to these gene regulatory networks.
Recently, microRNAs have been found to be key regulators of gene expression

and are involved in many biological processes. However, the impact of
microRNA mediated gene regulation in complex diseases is largely unknown.
This dissertation has made an attempt to develop a strategy to combine the gene
expression data and microRNA expression data to generate microRNA
regulatory networks that might be involved in the changes observed in the gene
expression. We developed new tools to streamline the process while
incorporating several publicly available bioinformatics resources. As a proof of
principle, we apply this approach to identify the molecular mechanisms of leptin
mediated weight loss in a systems-oriented manner. We found several genes,
microRNAs, subnetworks, pathways, biological processes, microRNA-mRNA
modules that respond to leptin treatment and might be involved in leptinmediated weight loss in ob/ob mice. These findings will help researchers in
hypothesis generation to carry out further studies to find the precise molecular
mechanisms of leptin action and for the treatment of obesity.

INDEX WORDS: Gene Expression, Microarrays, MicroRNA, Cluster-Analysis,
Network-Analysis, mRNA-microRNA networks, Leptin, Liver, Leptin Resistance,
Obesity, ob/ob, weight loss
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I. INTRODUCTION
A. STATEMENT OF THE PROBLEM
High-throughput genomic technologies such as microarrays allow for
genome wide profiling of data. Measurements of gene expression using
microarrays are accomplished by detecting messenger RNA (mRNA) levels.
Bioinformatics provides the analysis and interpretation of these datasets as it is
almost impossible to understand these data without the computational tools
required for analysis. A key analysis for extracting biological information from
genomics data is the elicitation of gene interaction networks underlying complex
diseases. MicroRNAs (miRNAs) add another complex layer to these gene
regulatory networks. Recently, miRNAs have been found to be key regulators of
gene expression and are involved in many biological processes. However, the
impact of miRNA mediated gene regulation in complex diseases is largely
unknown. Thus, algorithms are needed to integrate genome scale mRNA and
miRNA data to elucidate the complex networks of gene interactions underlying
complex diseases.
We propose a general framework that integrates genomic data to identify
key pathways and mRNA-miRNA modules associated with disease or given
phenotype. We apply our methods to identify pathways correlated with leptin
mediated weight loss. Also, we integrate gene expression and miRNA expression
data to reveal gene regulatory networks associated with obesity.
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B. REVIEW OF RELATED LITERATURE

Part-1: Gene Expression Profiling using Microarrays

1.1.

Gene Expression Profiling

Almost every cell of the body contains the identical genome. However,
only a fraction of the genes in the genome are "expressed", which determines the
unique properties of each cell. 'Gene expression profiling' is the process of
discovering expression levels of genes, as measured using mRNA, that are
associated with specific cell types under certain conditions. Variation in gene
expression profiles can act as an important indicator of disease or predisposition
to disease. Gene expression data have been successfully combined with other
experimental approaches to facilitate identification of new information regarding
pathogenesis and prognosis of complex diseases (Sabatier et al., 2010;
Luscombe et al., 2004). Traditional methods of gene expression analysis such as
Northern blots and quantitative PCR are used to measure gene expression on a
limited scale ranging from a single gene to small groups of genes. Gene
expression profiling on a more global scale can be accomplished using
microarrays. In the past decade, microarray technology have been invaluable in
analyzing and understanding the molecular mechanisms of disease, biomarker
discovery,

identifying

disease sub types,

drug

response,

and

therapy

development (Santos et al., 2009; Chang et aL, 2009; Stroncek et al., 2009;
lmoto et al., 2003; Pomeroy et al., 2002; van, V et al., 2002; Alizadeh et al.,
2000).
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1.2.

Introduction to Microarray Technology

Microarray technology is based on the principle of complementary
hybridization between nucleic acids (Figure 1). Fluorescently labeled target
sequences from biological samples are hybridized against an array of sequences
from thousands of known genes, which are commonly known as "probes".
Excess molecules are washed off and slides are scanned to measure
fluorescence. The fluorescent intensity of a probe is proportional to the amount
and strength of target sample binding to the probe present at a given spot, with
fluorescence intensity thus reflecting levels of gene expression in the sample.
Two types of arrangement of probes are popular (i) the probes are attached to a
solid surface such as glass or silicon chip; (ii) probes are attached on address
coded micro beads, which assemble into micron-sized wells to form a randomly
arranged array of beads.

1.3.

Two-color vs. Single-channel Microarrays

In two-color microarrays, eDNA prepared from two samples labeled using
different color dye (e.g. Cy3 and Cy5) are mixed and hybridized to a single
microarray. The intensity ratio of the two colors reflects the relative expression of
a given gene between samples (Figure 2). In a single-channel or one-color
microarray a single dye is used to label the samples and only one sample is
hybridized on each array chip. In this case, the data collected represent absolute
values of gene expression.

Figure 1. Principle of gene expression microarray.

Short single-stranded sequences (probes) from known genes/ESTs are fixed as
microscopic spots on a surface. mRNA is extracted from the samples, eDNA
reverse transcripts are prepared and labeled with dye. The labeled sequences
are hybridized to the fixed probes. Each target preferentially hybridizes to form

a double helix with the complementary probe. After a laser excitation, fluorescent
intensity is recorded which is proportional to the degree of hybridization that has
occurred. The gene expression levels in the sample are deduced form the
intensity of the different spots.
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Labeled sample
A

Fixed probes

Labeled sample hybridized
to probes

Figure 2. Comparison of two-color and single-channel microa"ays.

For two-color microarray experiments, the RNA samples from two cell
populations, for instance control and treatment, are labeled using two different
color dyes Cy3 (green) and Cy5 (red). The samples are mixed and hybridized on
the same slide array, which is scanned with a laser, followed by intensity analysis
of the image. For single channel arrays, RNA from only one sample is hybridized
to microarray chip and scanned on a laser scanner, subsequently the image data
is processed by the computer to get the intensity values.
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1.4.

Microarray Platforms & Formats

The first microarray platform was invented by researchers at Stanford
University (Schena et al., 1996; Schena et al., 1995), when they used a glass
slide spotted with an array of probes to measure the mRNA levels of thousands
of genes simultaneously. Since then, a variety of microarray platforms have
evolved using different manufacturing technology, probe lengths, and the number
of samples that can be hybridized to an array. The most commonly used
commercial microarray platforms include the following: Affymetrix, Agilent,
Applied Biosystems, Codelink, lllumina, and NimbleGen (Table-1). Of these, the
"Affymetrix Gene-Chip" and "lllumina Bead-Array" are the most popular.
Affymetrix gene-chips use a photolithographic fabrication technique and
almost 1.3 million DNA oligos are available on a 1-cm by 1-cm chip (Lipshutz et
al., 1999). A set of 25-mer oligos are synthesized from the sense sequence of
known genes and expressed sequence tags (EST's) and each gene is
represented by multiple probe pairs (Figure 3A). Each probe pair consists of a
perfect match (PM) and a mismatch (MM) oligonucleotide. Mismatch probes are
identical to their perfect match partners except for a single base difference in the
central position (i.e. base 13). The MM probes act as specificity controls that
theoretically allow the direct subtraction of both background and crosshybridization signal.
lllumina bead-array technology is based on 3-micron silica beads that
randomly assemble in micro wells on planar silica slides (Figure 3B). Each bead
is covered with hundreds of thousands of copies of a specific oligonucleotide (50
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Table 1: The most commonly used commercial microarray platforms.
Platform

Manufacturing Technology

Probe Length

Affymetrix

Photolithography

25mers

Agilent

Inkjet synthesis

60mers

Applied Biosystems

Contact spotting

60mers

CodeLink

Non-contact printing

30mers

Illumina

Beads-linked oligo array

SOmers

NimbleGen

Mirror photolithography

24mers

Figure 3. Gene-Expression Array Design.
(A) Affymatrix GeneChips: A known gene or EST is represented on the chip by a
unique probe set, which is a collection of 11-20 probe pairs. Each probe pair
consists of Perfect Match (PM) and Mismatch (MM) probes of each 25 bases
in length. The PM oligomer is identical to MM oligomer with the exception of a
mismatched base at the central position (i.e. base 13).
(B) 11/umina's BeadArray technology: is based on 3-micron silica beads. Each

bead is covered with several copies of a specific oligonucleotide composed of
50 base gene-specific probe sequence linked to 29 base address sequence.
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base gene-specific probe linked to 29 base address). Approximately 30 copies of
each bead type are available per array. lllumina BeadChips use a block design
and most of the chips are available in six to twelve samples format.

1.5.

Normalization ofMicroarray Data

After hybridization of chips and image acquisition, there are many
necessary steps to gain meaningful information from microarray experiments.
Microarray data preprocessing consists of three key steps: background
adjustment, normalization, and probe set summarization. RMA (Robust Multichip
Averaging) is one of the more popular methods (Irizarry et al., 2003) for
background adjustment and summarization. In this method PM probe intensities
are corrected by using a global model for the distribution of probe intensities.
Background correction is performed on each array separately. Normalization
procedures remove both random and systematic variations that arise during
processing. This step is necessary to compare multiple arrays, with the aim to
make the distributions of gene expression values similar across arrays (Figure 4).
The quantile method is the most popular method for normalization which was
introduced by (Bolstad et al., 2003). Probe summarization converts probe level
values to probe-set expression values. GeneChip RMA (GC-RMA) is an
improved form of RMA which uses the sequence-specific probe affinities for
background correction 0fVu and Irizarry, 2005).
The Robust Spline Normalization (RSN) method has been shown to be an
effective method for normalizing lllumina beadarray data RSN combines the

Figure 4. Boxplots of microarray intensity before and after normalization.

Hybridizations were performed using MouseRef-8 v2.0 Expression BeadChips
as per manufacturers instructions. After hybridization, arrays were washed,

stained with Cy3-conjugated streptavidin, and scanned.

Image data were

analyzed with BeadStudio V2.0. Raw intensity data from BeadStudio were
exported for further analyses. Microarray data were normalized using the lumi
package in R, using the variance stabilizing transformation (VST) of the package
and robust spline normalization (RSN).
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strength of curve fitting and quantile normalization (Du et al., 2008). RSN
performs a quantile normalization of the entire microarray dataset and fits a
weighted monotonic-constraint spline.

1.6.

Cluster Analysis

Clustering is an analytical method aimed at revealing natural structures
and identifying unique patterns of gene expression in the underlying data. Genes
(or samples) are re-ordered in the expression dataset so that similar expression
patterns are grouped together into "clusters". There are two main reasons for
performing cluster analysis: (i) "Gu'ilt by association"; genes (or samples) with
similar expression patterns might share common regulatory mechanisms, or
might be involved in the same/related pathways; and (ii) Visualization; the
primary microarray dataset is in the form of a matrix with a massive collection of
numbers and is difficult to assimilate.

A graphical representation (heatmap) is

used to visualize the data, where the expression values are represented as
colors in a two-dimensional map. Clustering and rearranging the order of genes
(or samples) creates a heatmap that is clear and easy to understand (Figure 5).
This allows biologists to assimilate and explore the data in a more intuitive
manner.
Most of the clustering algorithms use a distance metric to compute the
similarity between expression vectors. Common distance metrics used for this
purpose are Euclidean, Manhattan and Pearson product-moment correlation.
One way to cast the task of clustering is to try to minimize the intra-cluster
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distances and to maximize the inter-cluster distances. Many data clustering
algorithms are available in the literature with three being more frequently used in
analyzing microarray data: Hierarchical Clustering, k-means, and Self organizing
maps (SOM). These methods are popular due to their conceptual simplicity and
their availability in standard software packages rather than for their algorithmic
qualities (Hand I et al., 2005).
Hierarchical Clustering is widely used in the scientific community because
it is easy to read and interpret due to better visualization of clusters using a
dendrogram (assuming the dataset size is small). In this method, a pairwise
distance matrix is calculated for all the genes (or samples) prior to the
construction of the dendrogram. Initially, all genes (or samples) are considered
as individual clusters followed by sequential merging of the two closest clusters
in each subsequent step based on their distance. The final step has only one
cluster left with all the genes (or samples) in it. The dendrogram represents the
hierarchy of clusters in the dataset based on their distance from one another. A
new distance is calculated once two clusters are merged into a new cluster.
Three methods can be used to calculate the new cluster distance: single linkage,
average linkage, and complete linkage. Single linkage takes the smaller of the
two distance values, complete linkage takes the greater of the two distance
values, and average linkage takes the average of the two distance values.
K-means and SOM are partition-based algorithms and therefore clusters
are not represented as hierarchies but rather the genes (or samples) are grouped
into partitions based on their similarity in expression. In the k-means algorithm,
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k points are initialized as cluster centroids. Each gene (or sample) is assigned to
the cluster that has the closest centroid. When all genes (or samples) have been
assigned, the positions of the k centroids are recalculated. These steps are
repeated until the centroids do not move any more.
SOM clustering depends on the user choosing a geometry of nodes
usually a two-dimensional grid (Tamayo et al., 1999). The nodes are mapped into
high dimensional space of the data points, initially at random, and then iteratively
adjusted. Each iteration involves randomly selecting a data point P and moving
the nodes in the direction of P. The closest node is moved the most, whereas
other nodes are moved by smaller amounts depending on their distance from the
closest node in the initial geometry. The selection of a two-dimensional grid
imposes a 2-D structure on the high dimensional data, with neighboring nodes
tending to define related clusters. Both k-means and SOM have been
consistently reported to perform better than other methods, such as hierarchical
clustering (Thalamuthu et al., 2006a; Datta and Datta, 2003; Chen et al., 2002).

Figure 5. Heatmaps generated from microarray data before and after cluster
analysis.

These heatmaps represent expression values of 480 genes at 4, 8, 12, 16 and
20 weeks of age (n = 5 mice per age group). Each row in heatmap represents a
gene and each column represents an array. Up-regulated gene expressions are
shown in red, down-regulated gene expressions are shown in green. Cluster
Analysis was performed for grouping the genes exhibiting similar expression
patterns using the HPCiuster program. These 480 genes are compartmentalized
and rearranged into 4 clusters, each of which exhibits a specific temporal gene
expression profile. In addition, each cluster is graphically modeled as temporal
plots, based on Cluster analyses, showing the averaged gene expression
patterns over the 5 time points.
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Part-11: Role of microRNAs in transcriptional regulation

1. 7.

Brief History ofMicroRNA Discovery

MicroRNAs are recently discovered endogenous, small non-coding RNA
molecules about 21-25 nucleotides in length (Bartel, 2004). It has been
established now that miRNAs are key regulators of gene expression using
translational repression or degradation of one or more target mRNAs. In 1993,
the first miRNA was discovered in C. e/egans (Lee et al., 1993), however it took
almost 7 years to discover a second miRNA (Reinhart et al., 2000). Soon after
that, there was a rapid increase in the number of identified miRNAs in different
organisms including humans. Today, there are more than 7000 known miRNAs
from different species which can be found on the miRBase registry, the primary
online repository for known miRNAs (Griffiths-Janes et al., 2006), and include
1048 human and 672 mouse miRNAs (Table-2).

1.8.

Functions ofMicroRNAs

There is increasing evidence that miRNAs regulate a large fraction of
protein-coding genes and are more important in gene regulation than previously
thought. The number of publications on miRNA research has increased steadily
every year. One recent study showed that an average miRNA has approximately
100 mRNA targets (Brennecke et al., 2005). Over one third of human genes
(5300) are predicted to be potential miRNA targets (Lewis et al., 2005). Some of
these genes may be more strongly regulated than others which provide another
layer of gene expression control by miRNAs.
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Table 2: Number ofmicroRNAs registered in miRBase* Release 16 (Sept 2010)
Species

miRNA count

Homo sapiens

1048

Mus musculus

672

Bos taurus

662

Gallus gallus

499

Rattus norvegicus

408

Xenopus tropicalis

186

Drosophila melanogaster

176

Caenorhabditis elegans

175

*The miRBase database provides a searchable online repository for published microRNA
sequences and associated annotation. miRBase also provides a gene naming and
nomenclature function in the miRBase Registry. Release 16 of the database contains
15172 entries representing hairpin precursor miRNAs, expressing 17341 mature miRNA
products, in 142 species.
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1. 9.

MicroRNA Target Prediction

.

MicroRNAs interact with mRNA targets at specific sites to inhibit
translation

or

induce

mRNA degradation.

High-throughput experimental

techniques to determine the miRNA targets are not available. Only a very few of
microRNA targets have been confirmed experimentally. Therefore, computational
techniques are used to locate and rank potential genomic binding sites of miRNA
sequences. The accurate prediction and validation of genes targeted by miRNAs
is a major challenge for miRNA research. Several computational approaches
have been developed to predict miRNA target genes (Table-3). Huge databases
of the predicted targets identified using these methods are available, however,
relatively few targets have been experimentally validated (Sethupathy et al.,
2006a). Most of the computational tools devised to predict the miRNA targets in
animals are based on sequences complementarity to the seed (6-8 nucleotides),
conservation across species, and the thermodynamic stability of the binding
duplexes by evaluating the free energy of folding (llG) and/or structural
information.
The most commonly used algorithms for miRNA target prediction are
miRanda, TargetScan, PicTar, and PITA.

miRanda optimizes sequence

complementarity using a position-weighted local alignment algorithm and relies
on strict requirements of interspecies conservation (Enright et al., 2003).
TargetScan combines thermodynamics of RNA duplex interactions with
comparative sequence analysis to predict miRNA targets conserved across
multiple genomes (Lewis et al., 2003). The PicTar algorithm implements a
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maximum likelihood approach to find targets for single miRNAs and for
. combinations of miRNAs (Krek et al., 2005). This algorithm uses a 'perfect
nucleus' or seed as a perfectly paired stretch of 7 nucleotide starting at either the
first or the second base of the miRNA. PITA (Probability of Interaction by Target
Accessibility) is based on a parameter-free model for miRNA-target interaction
that computes the difference between the free energy gained from the formation
of the miRNA-target duplex and the energetic cost of unpairing the target to
make it accessible to the miRNA (Kertesz et al., 2007). This study showed that
mutants reducing the target accessibility also drastically reduce the miRNA
based gene repression.
In the past, miRNA computational research mainly focused either on
identification of the complete set of miRNAs in a species or in increasing the
accuracy of target sites without introducing too many false positive weak
predictions. In the future, the challenge is to incorporate these miRNA-target
interactions into larger regulatory networks.
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Table 3: Computatio11al approaches to predict microRNA target ge11es.

Method

Website for the latest list of targets

miRanda

http://www.rnicroma.org

TargetScanS

http://www.targetscan.org/

RNAhybrid

http://bibiserv. techfak. uni-bielefeld.de/mahybrid/

PicTar

http://pictar.bio.nyu.edu/

RNA22

http://cbcsrv. watson.ibrn.corn!ma22.htrnl

rniRNAMap

http://rnimarnap.rnbc.nctu.edu.tw/index.php

PITA

http://genie.weizrnann.ac.illpubs/rnir07/rnir07_ exe.htrnl

Tarbase

http://www.diana.pcbi.upenn.edu/tarbase.htrnl

StarMir

http://sfold.wadsworth.org/starrnir.pl

rniTarget

http://cbit.snu.ac.kr/-rniTarget/

..
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Part-Ill: Leptin and Obesity

1.10.

Leptin Signaling

Leptin, a cytokine-like protein which contains 167 amino acids is
predominantly expressed in adipocytes and was discovered in 1994 by positional
cloning of the obese (ob) gene (Zhang et al., 1994). Leptin plays an important
role in regulation of body weight and fat deposition through the inhibition of food
intake and stimulation of energy expenditure (Halaas et al., 1997). Leptindeficient (oblob) mice and leptin receptor-deficient (db/db) mice are severely
obese, infertile, insulin resistant, have increased food intake, reduced body
temperature and decreased energy expenditure, (Ducy et al., 2000; Friedman
and Halaas, 1998; Chehab et al., 1996). In vitro and animal studies suggest a
multifunctional role of leptin also in immune system and insulin resistance
(Fernandez-Riejos et al., 201 0; Stofkova, 2009; Dyck, 2009).

1.11.

Leptin Resistance

Leptin circulates in blood and acts on receptors in the hypothalamus of the
brain, which sends downstream signals to regulate body weight. Leptin therapy
has been successful in treating leptin deficient obese patients. However, high
levels of leptin have been observed in more common forms of obesity indicating
that leptin is not effectively reducing .food intake and stimulating fat burning
(Munzberg, 2010; Friedman, 2009; Caro et al., 1996; Maffei et al., 1995).
Somehow, the effect of leptin is blocked. This state is known as "leptin
resistance" which limits the application of leptin in the treatment of obesity.
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Important components in leptin resistance appear to be the development of
defective leptin uptake into the brain, downregulation of leptin receptors, and
decreased leptin sensitivity.
The molecular mechanism by which leptin reduces body weight has been
partially elucidated. Still, there is a need to have a precise understanding of the
metabolic pathways affected by leptin deficiency or leptin resistance. Therefore,
understanding the mechanisms by which leptin and its targets influence energy
balance may lead to new therapeutic targets for obesity.

II. GOALS AND SPECIFIC AIMS
Microarray experiments facilitate the monitoring of changes in expression
patterns of large collections of genes. These global quantitative expression
profiles are freely available on the web and efficient computational tools are
required to extract the biological meaning of the data. The computational
analyses of microarrays can be challenging and requires integration of
information from various public resources such as NCBI Entrez, Gene Ontology,
Protein-Protein interaction databases. These analyses can be divided mainly into
four major categories; differential expression analysis, cluster analysis, gene
enrichment analysis, and network analysis. For cluster analysis, most of the
available tools are not suitable for the larger datasets. Therefore, we have
developed a computation tool for cluster analysis of larger microarray datasets.
Further, miRNA mediated gene regulation has been linked to many pathologies
and there is an increased awareness of the importance of miRNA in gene
regulation.

However, methods are not available to jointly analyze miRNA

interactions and gene expression data. Therefore, we have developed a
framework for combined analysis of miRNA microarray and gene expression
microarray. For this purpose, we have utilized various resources to integrate the
expression data with protein-protein interactions and miRNA-gene interactions.
As a proof of principle, we apply this approach to identify key pathways and
miRNA networks associated with leptin- mediated weight loss.
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Specific Aim 1:

A large numbers of published computational algorithms are available for
clustering microarray data, yet most of these programs fail when investigators try
to analyze large datasets. This failure is primarily due to the high 1/0 cost and
large distance matrices involved in the analyses (time and memory). To
overcome these limitations, we have developed a modified hyperplane clustering
algorithm that minimizes data scans, enhances memory utilization, and produces
clusters in minimum time without affecting cluster accuracy. To encourage use of
this algorithm, we also developed an application (HPCiuster) that implements this
algorithm and has practical applicability in the scientific community.

Specific Aim 2:

Leptin is a circulating hormone that acts on the hypothalamus to regulate
downstream signals for food intake and energy expenditure. Leptin resistance
limits the application of leptin in the treatment of obesity. However, new
therapeutic strategies for the treatment of obesity may be possible if leptin
resistance could be by-passed and genes/pathways that respond to leptin
treatment could be regulated directly. We have used analytical tools that we have
developed as well as publicly available bioinformatics resources to analyze the
global hepatic gene expression profiles after peripheral and central leptin
treatment. The goal of these analyses is to identify key molecular pathways and
downstream genes that respond to leptin treatment and might be involved in
leptin-mediated weight loss.
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Specific Aim 3:

In the past, miRNA research has been mostly focused on miRNA gene
finding or mRNA target predictions. Less computational work has been
conducted to analyze gene expression and miRNA expression data together. We
have developed a framework to integrate the miRNA microarray data with gene
expression microarray data utilizing target prediction and protein-protein
interaction databases. We have used this framework to construct mRNA-miRNA
networks that are jointly active in leptin mediated weight loss.

III. MATERIALS AND METHODS

3.1.

Animals and Design

Leptin deficient (ob/ob) female mice (11 wk old) on the C57BL6
background were obtained from Jackson Laboratory (Bar Harbor, ME). These
mice were housed 2 per cage in shoebox cages with food and water available ad
libitum. Their health, body weight and food intake were monitored and recorded

weekly for 4 weeks as they adapted to the pellet diet (LabDiet 5010, PMI
Nutrition International).

At 15 weeks of age, the mice were divided into four

treatment groups such that the mean body weight between treatments was not
statistically different.

Two groups of ten mice each were subjected to the

subcutaneous (SQ) treatment (vehicle and leptin) and two groups of ten mice
each were subjected to the intracerebroventricular (ICV) treatment (vehicle and
leptin). Surprisingly, we observed negligible weight loss (ranging from -5.42% to
1.49%) in four animals of leptin-ICV treatment group, in which the cannula may
not have been in place or the treatment did not work. Therefore, these animals
were removed from the analyses while evaluating effects of leptin administration
on body weight, food intake and insulin levels. However, we thought that it would
be interesting to determine if the gene expression profile of these animals were
different from the animals showing weight loss. Therefore, for microarray
analyses,

we

sub-divided

the

LEP-ICV
25

group

into

two

groups:
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(a) LEP_ICV group: treatment worked (weight loss range: 25%-38%) and (b)
LEP_ICV*: treatment did not work (weight loss -5.42% to 1.49%). This resulted in
total five groups: VEH-SQ, LEP-SQ, VEH-ICV, LEP-ICV, and LEP-ICV*. To
minimize the cost of the experiment, we randomly selected mice (n=4) from these
five groups for microarray profiling.

3.2.

Leptin Administration

Mice assigned to ICV treatments were surgically prepared with unilateral
cannulas directed towards the right lateral cerebral ventricle as previously
described (Choi et al., 2003). Osmotic mini-pumps were surgically placed SQ to
provide continuous infusion of control and test solutions for 12 days. For ICV
treatments, polyethylene tubing filled with 61JI artificial cerebrospinal fluid (aCSF)
was connected from the mini-pump to the ICV cannula. All mice were allowed to
recover for 2 days after surgery; during this time 61JI of saline or 61JI of aCSF
were infused prior to the treatment infusion. Leptin was continuously delivered
subcutaneously (SQ; Control: 6 IJI/d saline; Leptin group: 10.0 IJg/d leptin) or into
the lateral cerebral ventricle (ICV) (Control: 6 IJI/d aCSF; Leptin group: 1.5 IJg/d
leptin) via osmotic pumps for 12 days. Body weight and food intakes were
measured daily. Water was available ad libitum. The mice were sedated with
C02 , sacrificed by guillotine prior to the collection of blood and tissues. Serum
samples were stored at -80° C until assayed. Insulin, was determined using the
Luminex100TM instrumentation and a multiplex assay kit (Mouse Endocrine
Immunoassay

Panel

catalog

#

MEND0-75K,

protocol
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http://www.lincoresearch.com/protocols/mendo-75k.html)
LINCO Research, Inc (St. Charles, MO).

manufactured

by

Brains of mice assigned to ICV

treatments were sectioned to confirm proper cannula placement. All surgical and
experimental procedures in this study were conducted in accordance with the
NIH Guidelines and were approved by the Animal Care and Use Committee for
The University of Georgia prior to initiating the studies under the Animal Use
Proposal# A2007-10224-0.

3.3.

Gene Expression Microarray Hybridization

Total RNA was isolated from liver tissue using TRI REAGENT (Sigma),
according to the manufacturer's protocol. Purified RNA (200 ng) was further used
for cRNA amplification and labeling with biotin using Target Amp eDNA synthesis
kit (Epicenter catalog no. TAB1 R6924). Approximately 750ng of labeled cRNA
was hybridized to the MouseRef-8 v2.0 Expression BeadChips as per
manufacturer's instructions. MouseRef-8 BeadChip targets 25,600 RefSeq
transcripts and enables the interrogation of eight samples in parallel. After
hybridization, arrays were washed, stained with Cy3-conjugated streptavidin, and
scanned. The image data were analyzed with BeadStudio V2.0. Raw intensity
data from BeadStudio were exported for further statistical analyses. The
microarray data are MIAME compliant and have been deposited in NCBI Gene
Expression Omnibus and are accessible through GEO Series accession number
GSE20878.
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3.4.

MicroRNA Microarray Hybridization

The quality of the total RNA was verified by an Agilent 2100 Bioanalyzer
profile. 800 ng total RNA from sample and reference was labeled with Hy3 TM and
Hy5™ fluorescent label, respectively, using the miRCURY™ LNA Array power
labeling kit (Exiqon, Denmark) following the procedure described by the
manufacturer. The Hy3™-labeled samples and a Hy5™-labeled reference RNA
sample were mixed pair-wise and hybridized to the miRCURY™ LNA array
version 11.0 (Exiqon, Denmark), which contains capture probes targeting all
miRNAs for human, mouse or rat registered in the miRBASE version 13.0 at the
Sanger Institute. The hybridization was performed according to the miRCURY™
LNA array manual using a Tecan HS4800 hybridization station (Tecan, Austria).
After hybridization, the microarray slides were scanned and stored in an ozone
free environment (ozone level below 2.0ppb) in order to prevent potential
bleaching of the fluorescent dyes. The miRCURY™ LNA array microarray slides
were scanned using the Agilent G2565BA Microarray Scanner System (Agilent
Technologies, Inc., USA) and the image analysis was carried out using the
lmaGene 8.0 software (BioDiscovery, Inc., USA). The quantified signals were
background corrected (Ritchie et al., 2007) and normalized using the global
Lowess (LOcally WEighted Scatterplot Smoothing) regression algorithm.

3.5.

Differential Expression Analysis

Microarray data were processed using the lumi package in R, using the
variance stabilizing transformation (VST) of the package and robust spline
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normalization (RSN). Differential expression analyses were conducted using the
LIMMA (Linear Models for Microarray Analysis) package from the Bioconductor
project (Smyth, 2004). LIMMA uses an empirical Bayes approach that uses the
variability in all genes for testing for significant differences (differentially
expressed genes), with this approach resulting in more stable inferences for a
relatively small number of arrays (Kerr, 2009; Smyth, 2004). We used LIMMA to
test for a linear association between gene expression levels and amount of
weight loss (grams), using the amount of weight loss in a linear model and
testing for the significance of the regression coefficient for weight loss. We used
the false discovery rate (FOR) to adjust for multiple testing (Benjamini and
Hochberg, 1995).

A 8-statistic (the log of the odds of a gene showing any

association with weight loss) were calculated for each probe. Expression values
for multiple probes from the same gene were averaged. We used a combination
of "B statistic" and absolute value of slope (logFC) to select differentially
expressed genes. We used a cut-off of B >0 and logFC >0.02 (which
corresponds to -2-fold or greater change in expression from lowest weight loss
to highest weight loss point in graph). A total of 221 probes representing 214
unique genes were found significantly associated with weight loss.

3.6.

Cluster Analysis

Cluster analysis was performed for grouping differentially expressed
genes exhibiting similar expression patterns using the HPCiuster program
(Sharma et al., 2009). HPCiuster is a two-stage algorithm:

the first stage is
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based on BIRCH (Balanced Iterative Reducing and Clustering using Hierarchies),
while the second stage is a conventional k-Means. With BIRCH, a tree of cluster
features defining the partitioning of high dimensional space is generated,
followed by a conventional k-Means clustering of each cluster feature obtained
with BIRCH. Differentially expressed genes could be grouped into four clusters
based on the expression data.

3.7.

Gene Enrichment Analysis

Associations of the differentially expressed genes with

biological

processes, molecular functions and cellular compartments were annotated using
the GOTree Machine (Zhang et al., 2004). The GOTree Machine uses the
hypergeometric test to evaluate the significance of enrichment for each category
by determining if the observed number of gene counts exceeded the expected
counts. The FDR was used to adjusting for multiple testing. The results were
visualized as a directed acyclic graph (tree) to show the relationship among the
enriched GO categories.

IV.

A NEW CLUSTERING ALGORITHM FOR EFFICIENT AND ACCURATE
CLUSTER ANALYSIS OF EXTREMELY LARGE DATASETS.

4.1.

Introduction

As the number of publically available microarray experiments increases,
the ability to analyze extremely large datasets across multiple experiments
becomes critical. Most of the available algorithms are good for small datasets,
but either fail or have difficulty completing when analyzing large datasets (e.g.
tens of thousands of genes by hundreds of arrays).

Since, most of the

conventional clustering algorithms require multiple iterative scans of the data and
intermediate calculations, a significant amount of memory and CPU time is
required to perform cluster analysis for larger datasets. For example, clustering
more than 30,000 genes x 100 arrays is time consuming and computationally
difficult using available algorithms on a desktop computer.

The memory

requirements and computation time increases dramatically as the dataset size
increases with the complexity being proportional to the square of the dataset size.
To address this issue, we have developed a two-stage algorithm designed to
cluster large datasets. The first stage of the algorithm reduces the data
complexity using the BIRCH algorithm (Zhang et al., 1996b). This data reduction
step is done in a single scan of the data and reduces the memory requirements.
The second stage uses the resulting partitions from the first stage and performs a
31
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conventional k-means algorithm on the reduced dataset.

This algorithm has

been implemented in a software tool (HPCiuster) designed to cluster gene
expression data. The software was written inC# (.NET 1.1).
The clustering results using our algorithm were compared with the
conventional k-means algorithm from other available programs. To test this
algorithm, we used both simulated and real datasets. The simulated datasets
have defined clusters with known results and are used to assess the accuracy of
the algorithm.

Since the first stage traverses the data in a single scan, the

performance and speed increases substantially.

Our results indicate the

modified hyperplane algorithm is significantly faster than existing algorithms,
having substantially reduced memory requirements and providing comparable
accuracy and quality when evaluated relative to existing algorithms.

4.2.

Algorithm

The modified hyperplane clustering algorithm (HPCiuster) works in two
stages: (1) reduction of the dataset using cluster features and (2) conventional kmeans clustering on the cluster features obtained in stage 1. The first stage of
the algorithm is derived from the Balanced Iterative Reducing and Clustering
using Hierarchies (BIRCH) algorithm proposed by Zhang et al (Zhang et al.,
1996a). BIRCH summarizes a dataset into a set of cluster features (subclusters)
to reduce the scale of the clustering problem. Dense data points that are
extremely close to each other are treated collectively as a single cluster feature
and not individually.
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A Cluster Feature (CF) is a group of closely related data points and is
defined based on three variables (N, LS, SS) that summarize information related
to the data points in the CF,

CF = (N,SS,LS),

(1)

where N is the number of data points in the CF, SS is the Sum of the Squares of
the N data points and LS is the Linear Sum of the N vector data points. The LS
is defined as
N

LS

="X.
L..J ,.

(2)

i=1

where Xi is the d-dimensional data-point vector. The SS is calculated as
N

-2
ss = "L..J xi.

(3)

i=1

The centroid, radius and diameter of a cluster feature can be calculated
using these variables and are defined as:

Centroid (X 0 )

= -LS
N

(4)

N

L (X;- Xo)2
Radius (R) = (

-"i==..:l_ _ _ _ _ ) 112

N
N

(5)

N

L L(X;-Xj)2

Diameter (D)

= ( _i_=l_,_j=_l_ _ _ _ _ y/2
N(N -1)

(6)
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First stage of the algorithm:
Step 1: Calculate the maximum allowable diameter (Dmax) for the cluster features.

Dmax is an important parameter which is calculated based on a random sampling
of 10% of the genes from the dataset. The details of this step are explained in the
next section.
Step 2: The first gene from the dataset becomes the first cluster feature with N=1.
Step 3: The next gene is added to this first cluster feature.
Step 4: After addition of this gene, the diameter of the cluster feature is

calculated. If the diameter is greater than Dmax. this gene is taken out and a new
cluster feature is made with this gene.
Step 5: The next gene is then compared to each of the cluster features and is

added to the closest cluster feature.
Step 6: Step 4 and 5 are repeated till the end of the gene list.

At the end of the first stage, the whole dataset is partitioned into cluster
features with summary information available for these dense collections of datapoints.

The centroid, radius and diameter of these cluster features can be

calculated using equations 4-6.

Second stage of the algorithm:

The second stage of the algorithm uses a conventional k-means clustering
algorithm. Cluster features obtained in the first stage are now considered as
individual data points and we use the Euclidian distance between two CFs as a
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measure of the distance between these CFs. The Euclidean Distance between
two cluster features is the distance between their centroids

Euclidean Distance (ED)

= ((X0 A - X0 B ) 2 )' 12

(7)

Step 1: Cluster centroids are initialized; the different initialization schemes used
are explained in the next section.

Step 2: Cluster features are assigned to the closest centroids.
Step 3: Cluster centroids are recalculated
Step 4: Step 2 and 3 are repeated until there is no change in the centroids.

4.3. Estimation of the Maximum Diameter of a Cluster Feature
The degree of data reduction depends upon the maximum allowable size
of the cluster features, which is a function of the maximum diameter (Dmax). A
large Dmax will result in a smaller number of cluster features and hence a greater
degree of data reduction whereas, a small Dmax will result in a larger number of
cluster features and a lesser degree of data reduction. By setting the Dmax. we
can control the maximum size (in space) of the cluster features.

If we over-

estimate Dmax. we will get fewer final cluster features. If the diameter is too small,
than we will get a larger number of final cluster features. For example, Dmax can
be set so large that you could result in a single CF containing all the genes in the
data set or so small that the number of CFs is equal to the number of genes.
This means we can get 1 to N number partitions of the data depending upon the
diameter. Estimating the initial Dmax to use in the first stage of the algorithm is an
important step.
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In order to estimate Dmax for the cluster features, we use the 90-10 rule
suggested by Dash et al. (Dash et al., 2003) to assess the similarity of the data
between nodes of a cluster.

This empirically derived rule is based on the

observation that approximately 90% of the agglomerations in a hierarchical
cluster of non-uniform data will initially have very small distances as compared to
the maximum closest pair distances (the last 10% of agglomerations).

In order

to calculate an appropriate Dmax. we perform hierarchical clustering on a random
10% of the genes and create a distance plot of the distance values from the first
merge to last merge (iteration number vs closest pair distance). The inflection
point of the distance plot indicates a sharp increase from the smallest distance
pairs to the largest distance pairs (the last 10% of agglomerations). Below this
inflection point the closest pair distances are small (Figure 6). This inflection
point is an appropriate initial value of the maximum diameter because the
objective of the first phase is to merge the data points which are extremely close
to each other and consider them collectively.

4.4.

Initial Centroid Calculation Schemes

Since the second phase of the algorithm uses a classic k-means algorithm,
the results of the modified hyperplane clustering algorithm are sensitive to the
values of the initial centroids used in the second phase. We use two approaches
to initialize the centroids.

Figure 6. Example distance plot using a random 10% of the experimental
microarray dataset to calculate the Dmax·
Approximately 90% of the agglomerations in a hierarchical cluster of non-uniform
data initially have vel}' small distances as compared to the maximum closest pair
distances (the last 10% of agglomerations).

In order to calculate an appropriate

Dmax, we perform hierarchical clustering on a random 10% of the genes and
create a distance plot of the distance values from the first merge to last merge
(iteration number vs closest pair distance). The inflection point of the distance
plot (arrow) indicates a sharp increase in the distance between the cluster-pairs
merged.

37

Distance Graph
35

."'
.

"'C

~

30

E

"' 25
"iii
c.
~

-."'
'

~

.
..
.
.

20

"'
i5

5

u"'

-

..c:

1:

15

Dmax =7.815

;:

.c 10
u

1:

..."'

............

--------------97~3%o~t;b~~;;o::--------~--

0
0

100

200

300

400

500

600

Iteration Number

700

800

900

1000

38

a) Dense Regions From Data (DEN): The CF with the maximum number of datapoints (max N) are the dense regions of the dataset. After completing the first
stage, we sort the cluster features based on the value of N in each CF and
use the top k number of clusters as the initial centroids.
b) Random Initial Assignments (RIA): The initial centroids are calculated based
on a random assignment of each CF to a cluster followed by a calculation of
the mean for the random clusters. For example, if the algorithm is using k=3
clusters, the method will randomly assign each CF to one of three clusters. It
will then calculate the average for each cluster and use that vector as the
initial centroid for each cluster.

4.5.

Implementation

The modified hyperplane clustering algorithm is implemented in a program
called HPCiuster. This program is a high performance windows application that
implements the two stage algorithm in a GUI application. The program is suited
for large datasets because of the decrease in memory usage. The entire
software was written using the .NET Framework v1.1

and C# as the

programming language. The installation of the program is easy and uses the
built-in Windows Installer (MSI files).
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4.6.

Creation ofSimulated Datasets

We simulated clusters using a cluster-specific pattern across the arrays.
Thus, we created 5 time points with an equal number of replicates per time point.
The mean at the initial time point was chosen randomly from a Uniform(-4,4)
distribution. The mean at the subsequent time points was adjusted by a value (13)
randomly chosen from a Uniform (0, 1) distribution. We introduced "cycles" into
the pattern by sampling a new

l3

and changing its sign.

The means for the

replicates within a time point deviated from the mean for the time point by a value
randomly selected from a Gaussian distribution with mean, 0, and variance, 0.1.
The number of genes in a cluster was chosen randomly. The mean vector for
each gene within a cluster was set by sampling from a Gaussian distribution with
mean equal to the cluster mean and variance equal to 0.1. Random noise drawn
from a chi-squared distribution (x2 ) was added to the resulting matrix of "means."
We used a combination of conditions for the number of genes (p = 10000),
number of clusters present (nc

=4, 10, 20), and number of arrays (n = 100) in the

dataset to generate 6 total datasets. A heatmap of the simulated 20 cluster data
set is shown in Figure 7.

Figure 7. Heatmap of the simulated 20 cluster data set.

To evaluate both the accuracy and stability of the cluster partitions generated by
gene clustering methods, we simulated clusters using a cluster-specific pattern
acros_s the arrays. This heatmap represents 10,000 genes and 20 true clusters.
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Number of genes in
clusters 1 to 20:
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4.7.

Experimental Microarray Data

We also analyzed a real experimentally derived microarray dataset. The
dataset was downloaded from the NCBI Gene Expression Omnibus (GSE9006:
Gene expression in PBMCs from children with diabetes) (Kaizer et al., 2007).
The array platform is the Affymetrix GeneChip Human Genome HG-U133A and
HG-U133B chips.

Combined data from both chips were used for 44,760 genes

dataset analyzed. The data from only one chip (HG-U133A) was used for the
22,283 genes dataset and 10,000 randomly picked genes from the HG-U133A
set was used for the 10,000 gene dataset.

4.8.

Testing the Performance of the Algorithm

The performance of the algorithm was compared to other popular free
clustering algorithms, including GUI based packages.

R is a popular open

source statistics package that is used extensively by the biomedical community
and contains a number of clustering algorithms.

For our tests, we used the

"kmeans" and "som" functions to perform both K-means and SOM clustering
using R. We also compared our algorithm to both versions of Cluster (versions
2.0 and 3.0) (Eisen et al., 1998). This Windows based software is used by many
biomedical researchers due to the ease of analysis and graphical user interface
(GUI). All the algorithms were run on a Dell Poweredge 2650 machine with Dual
3.06 GHz/512K Cache Xeon Processors and 8.0 GB DDR 266Mhz RAM.
A common technique used to do meaningful comparisons of gene
expression patterns across conditions is to rescale the data by centering the data.
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This allows one to look for clusters of genes with relatively similar expression
patterns across the dataset without concern for the differences in the magnitude
of the expression. The data was standardized by centering the expression of
each gene.

(8)

Where

gij

is the expression value of the

f'

gene across the/' array,

gi is the

mean expression of the fh gene, and sd; is the standard deviation of the lh gene.
Clustering was performed 12 times on each of the simulated and real
microarray datasets for both centered and un-centered data. Three parameters
were compared during the testing: time taken, accuracy and stability. Accuracy
reflects the similarity between clustering results and the true underlying partitions
in the simulated datasets. Stability reflects the similarity between different runs
using the same program.
The similarity measure used to compare clustering results was the
Adjusted Rand Index, which measures the fraction of agreement between two
clustering results and can be between 0 and 1, where 1 is perfect agreement
(Hubert and Arabie, 1985; Rand, 1971).

4.9.

Significantly Reduced Time to Completion

In order to assess the speed of the new algorithm, we clustered both the
simulated and real microarray datasets for both centered and un-centered data
and recorded the time to completion.

Each dataset had 100 arrays, varying
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numbers of genes (10,000, 22,283, and 44,760), varying numbers of clusters (4,
10, and 20) and run 12 times each. The times and cluster assignments were
recorded for each run. Table-4 presents the results of this analysis for both the
simulated and real microarray centered datasets. All data are the average time
in minutes to complete the cluster analysis. We ran our algorithm using the two
different centroid initialization schemes (HPC-DEN = Density From Data, HPCRIA = Random Initial Assignment).
For comparison, we also ran the same analysis using 4 clustering
algorithms in three software packages. For the HPC program, the times include
the calculation of Dmax· All data is the time to complete the algorithm and does
not include the time to load the data sets.

As can be seen in Table-4, the

modified hyperplane clustering algorithm is significantly faster than the R function
(kmeans) and both versions of Eisen's Cluster program. The improvement in
speed is most notable as the datasets analyzed increase in both size and
complexity.

For example, the time to complete the smallest data set (10,000

gene real microarray data) with k=4 clusters shows a significant difference
between the two versions of Cluster (5X faster than v2 and 12X faster than v3),
but no difference between the R functions. Clustering the same data with k=20
clusters (more complex) resulted in HPC being significantly faster than the R
kmeans (4X) and both Cluster versions (18X v2, 29X v3). The largest and most
complex data set analyzed (44,760 genes, k=20) clearly demonstrated that HPC
was significantly faster than all but the R-SOM algorithm (7X R-KM, 35X Cluster
v2, 48X Cluster v3). Interestingly, analysis of the time to completion for the un-

44
centered data showed the same significant increase in speed (Table-5) with the
exception

that the

modified

hyperplane

clustering

algorithm

performed

significantly faster than all the algorithms tested, including R-SOM (26X R-KM,
2X R-SOM, 42X Cluster v2, 112X Cluster v3).

4.1 0.

Scalability of HPC

As the size and complexity of the datasets grow, the scalability of the
algorithm becomes more important. An ideal algorithm is one that scales well as
the size and complexity of the dataset increases. We used a factorial analysis of
variance of time to completion to compare the HPC algorithm to the other
clustering algorithms, using the number of clusters, the number of genes, and
algorithm as the three factors. We then used contrasts to compare algorithms for
the linear slopes of the time to completion versus number of genes, separately
for each number of clusters.
scalability.

Differences in slope indicate differences in

Since the slopes of all algorithms were compared pairwise, we

adjusted our tests using Tukey's HSD. The results of this analysis indicate that
the HPC algorithm performs significantly better as the datasets increases in size
and complexity.

For example, when one uses k=20 clusters, HPC performs

significantly better than all the programs tested (adjusted p<0.01).

However,

when k=10, HPC performs significantly better than all but the R-SOM program
(all other programs p<0.0001, R-SOM p=0.16).

Table 4: Comparison of time to complete analysis of various clustering a/goritllms using tile centered data.

SimUlated Dataset

Genes
Clusters

4

I

10.000
10

I

Expcrimcntall>atasct

20

4

I

10,000
10

I

20

4

I

22,283
10

I

20

4

44,760
10

I

20

IIPC·DEN 0.39 ± 0.04 0.42 ± 0.03 0.46 ± 0.03 0.32 ± 0.01

0.36 ± 0.02 0.67 ± 0.08 0.49 ± 0.07

0.84 ±0.07

1.48 ± 0.14

1.01 ± 0.17

II PC-RIA

0.40 ± 0.05 0.62 ± 0.06 0. 92 ± 0.09 0.33 ± 0.02

0.41 ± 0.02 0.71 ±O.Q9 0.58 ± 0.10

0.92 ± 0,13

1.58 ± 0.15

·t.n ± o.l4 2.41

R-KM

0.23 ± 0.02 0.56 ± 0.07

1.61 ± 0.09 0.24 ± 0.02

0.86 ± 0.08 2.94 ± 0.10 0.59 ± 0.04

2.00 ± 0.09

9.02 ± 0.49

1.07 ± 0.07

4.72±0.19

22.68± 1.39

R·SOM

0.22 ± 0.01

0.44 ± 0.01

0.93 ± 0.03

1.68 ± 0.03

1.01 ± 0.02

1.94 ± 0.04

3.48 ± 0.02

Cluster v2

0.35 ± 0.02 0.62 ± 0.12

Cluster vJ

0.48 ± 0.04 0.80 ± 0.01

2.16 ± 0.25

I

± 0.30

3.37 ± 0.74
4.22 ± 0.44

0.21 ±0.01

0.43 ± 0.01

0.83 ± 0.01

1.48 ± 0.08

5.09 ± 0.49

11.80 ± 1.20 4.72 ± 0.61

25.94 ± 1.32 45.25 ± 8.81 9;02 ± 2.09

1.12±0.08 3.06±0.18 8.94 ± 0.50 3.70 ± 0.42

9.68 ± 0.54

19.28 ± 1.61 8.73 ± 0.28

26.90 ± 1.88 57.50 ± 4.95 11.70 ± 0.56 51.50 ± 2.89 162.33 ± 10.60

1.95 ± 0.45

47.75 ± 9.67 118.33 ± 6.51

HPC·DEN= Density From Data, HPC·RIA= Random Initial Assignment, R·KM= R kmeans, R-SOM= R Self organizing maps, Cluster v2, Cluster v3= kmeans
algorithm. All values for the programs are the average time to completion in minutes and the standard deviation. N=l2 for each.
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Table 5: Comparison of time to complete analysis of various clustering algoritllms using tile un-centered data.
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2.9UO.SO
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033:0.01

0.58:0.02

0.87:0.04

0.39:0.03

0.7U0.08

1.15 =0.13

0.63:>0.04

1.19:0.07

2.57:0.50

1.16:0.06

2.28:0.13

4.07:0.45

R-KM

0.21±0.01

0.59:0.04

1.60:0.11

0.37:0.02

2.00:0.09

6.11:0.59

1.07:0.05

5.65:.0.11

29.66.:2.14

2.72:0.09

11.55:.0.41

75.2-1:1.92

R.SOll
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0.65±0.01
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116:0.08

U3:0.34

2.19:0.21

7.29:0.22

19.15:0.73
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67.28:9.26

15.06,;, 1.53

32.17:2.93

122.54:5.47

CloaltrT3

o.ss:0.08

3.92::!::02-t

11.36=0.54

4.12:0.14

14.3j:o.89

42.00 1.35_ 8.18:.0.20- 57.25:0.87 __ 130.67.:3.08

21.36•0.39

112.00 1.41

=

=

325.83

=19.0

HPC-DEN~

Density From Data, HPC-RIA~ Random Initial Assignment, R-KM~ R kmeans, R-SOM~ R Self organizing maps, Cluster v2, Cluster v3~ kmeans
algorithm. All values for the programs are the average time to completion in minutes and the standard deviation. N~12 for each.
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4.11.

Evaluation of Cluster Quality

In order to evaluate the quality of the cluster assignments produced by the
modified hyperplane clustering algorithm, we need to use a statistic that provides
a measure of agreement between the cluster results. A common statistic used to
evaluate gene clustering methods is the Rand Index (Rand, 1971). This statistic
indicates the fraction of agreement between two cluster partitions. Agreement
can be either pairs of objects that are in the same group in both partitions or in
different groups in both partitions. The Rand Index can be between 0 and 1 with
1 indicating perfect agreement. The Adjusted Rand Index (Hubert and Arabie,
1985; Rand, 1971) adjusts the score so that the expected value in the case of
random partitions is 0. The adjusted Rand Index (ARI) is a popular statistic used
to evaluate gene expression clustering algorithms (Kraj et al., 2008; Thalamuthu
et al., 2006b; Yeung et al., 2003).
We used the ARI to evaluate both the accuracy and stability of the cluster
partitions generated by gene clustering methods. Accuracy was evaluated on
the simulated datasets using the ARI calculated between the output cluster
partitions and the true partitions.

Accuracy is difficult to measure with

experimentally derived data since the true clusters are not known. However, the
true clusters are known for the simulated dataset. Figure 8 presents the average
ARI results for the accuracy of the gene assignments for 10,000 genes and 20
true clusters for both the centered and un-centered data after running each
program 12 times.

The HPC program was run using the two different

initialization schemes to determine their effect on cluster accuracy.

Figure 8. Accuracy of clustering algorithms using the simulated data set.

Cluster assignments for each algorithm were recorded 12 times each, using both
centered and un-centered data.

The average adjusted rand index (ARt) was

calculated for each algorithm.

HPC-RIA=Random Initial Assignment, HPC-

DEN=Density From Data, R-KM=R kmeans, R-SOM=R self-organizing maps,
Eisen's Cluster v2 and v3.
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Interestingly, all the programs tested were sensitive to whether or not the
data were centered before clustering. In general, the programs tended to do a
better job of clustering the centered data.

The exceptions to this are the HPC-

RIA and Eisen's Cluster v2, both of which use the same centroid initialization
scheme (Random Initial Assignment).
HPC-RIA (Random

With respect to the un-centered data,

Initial Assignment)

was significantly more accurate

(ARI=0.75±0.01) than the other programs tested (p < 0.01). However, the RSOM algorithm had the lowest accuracy (ARI=0.54) when compared to the other
algorithms (average 14% lower).

Interestingly, using the density based

initialization scheme for the HPC program resulted in an accuracy that was not
significantly different than the R-kmeans function and Cluster v2, but was
significantly worse than the RIA initialization scheme.
As stated

p~eviously,

using the centered data produced different results

from all the programs when compared to the un-centered data (Figure 8). The
HPC algorithm using the 'dense regions from data' (DEN) initialization scheme
did significantly better then all programs with an average ARI=0.89±0.01. In fact,
the HPC-DEN analysis averaged 19.3% better accuracy then all the programs.
Unlike the previous analysis with un-centered data, the HPC-RIA had the lowest
accuracy (ARI=0.48±0.02) followed by Eisen's Cluster v2 (ARI=0.55±0.03).
Since accuracy of experimental data is difficult to determine, we examined
cluster stability for analyses involving the experimental data. These analyses
provide information on the extent to which similar results would be obtained when
running the software multiple times. Figure 9 presents the stability plots for both
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the centered and un-centered 22,283 gene experimental data set using k=1 0
clusters. Similar to the accuracy data, centering the data has an effect on the
stability of the HPC algorithm, namely HPC-DEN is more stable for centered data
while the HPC-RIA is more stable for the un-centered data.

The R-SOM

(ARI=1.0) and Cluster v3 (ARI=0.98-1.0) algorithms were the most stable
followed by the R-kmeans (ARI=0.87-0.95), HPC (ARI=0.64-0.83) and Cluster v2
(ARI=0.65-0.9).
Given the level of agreement observed for both the simulated and
experimental data, and the accuracy observed for the simulated data, the DEN
initialization would be expected to produce a solution that is more accurate than
the other methods when the data is centered.

On the other hand, the RIA

initialization scheme produces cluster partitions that are more accurate when the
data is un-centered.

Figure 9. Stability of the clustering algorithms using experimental data.

We used 22,283 genes dataset and searched for 10 clusters.
assignments for each algorithm were recorded 12 times each.

Cluster

The average

adjusted rand index (ARI) was calculated for each pairwise comparison for the 12
results from each algorithm.

The median for each algorithsm is shown as a

horizontal bar. HPC-RIA=Random Initial Assignment, HPC-DEN=Density From
Data, R-KM=R kmeans, R-SOM=R self-organizing maps, Eisen's Cluster v2 and
v3. C =centered data, U =un-centered data.
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4.12.

Effect of Incorrect Cluster Number

The partitioning methods for clustering requires that the user provide the
number of clusters (k) before executing the algorithm.

Determining the

appropriate number of clusters to use can be difficult and has an impact on the
accuracy and usefulness of the resulting cluster analysis. In order to determine
the effect of using an incorrect number of clusters, we ran the modified
hyperplane clustering algorithm under varying numbers of clusters. Because we
want to assess the accuracy, we used both the centered and un-centered
simulated 4 cluster data set with 1000 genes and 100 arrays and determined the
ARI for the resulting partitions with the programs set to run at 2, 4, 10 and 20
clusters. For comparison, we performed the same cluster analysis using the R
functions (kmeans and scm) and Eisen's Cluster v2 and Cluster v3. As expected,
each of the programs had their peak ARI value at the correct 4 cluster analysis
with R-SOM (ARI=0.83) and Cluster v2 (ARI=0.84) having the lowest values
(Figure 10). Once k clusters increase above 4 (the correct number of clusters),
the calculated ARis for the R algorithms (kmeans and SOM) and Cluster v3
decrease very quickly (lowest ARI=0.21). However, the HPC algorithm sustains
high accuracy over the entire range of k clusters assessed. For example, the
ARI for HPC-DEN at 4 clusters is 1.0 while the ARI at 20 clusters is 0.97. For uncentered data, the HPC-RIA initialization scheme performed consistently better
across the entire range of k clusters evaluated with the ARI=0.97-1.0 (4-20
clusters). Interestingly, all other programs, including the HPC-DEN initialization
scheme, decreased very quickly as the cluster number increased (Figure 10).

Figure 10. Accuracy of the clustering algorithms over a range of cluster
sizes.
The 4 cluster 1000 gene 100 array centered simulated data set was analyzed by
each program using varying numbers of clusters with the resulting ARI for each
analysis plotted. HPC-RIA=Random Initial Assignment, HPC-DEN=Density From
Data, R-KM=R kmeans, R-SOM=R self-organizing maps, Eisen's Cluster v2 and
v3.
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4.13.

Summary

Clustering of large datasets can be very difficult with the available
clustering algorithms mainly due to the memory and time complexity. Hierarchical
clustering is suitable for smaller datasets but fails when the data sets become
large due to memory constraints of creating the large distance matrices required
to perform the clustering algorithm. Additionally, graphical visualization of the
larger datasets using a dendrogram is extremely difficult at the lower end of the
tree. Therefore, partitioning methods such as k-means or SOM are more suitable
to cluster the larger datasets.
The modified hyperplane clustering algorithm described provides a fast
and accurate way to cluster very large datasets. Many factors can affect the
speed and accuracy of clustering methods. These include not only the size and
complexity of the data being analyzed but how it is processed before the
partitioning schemes are applied. In this study, we investigated the effect of the
number of genes, clusters and arrays on the time to completion as well as the
effect of pre-processing the data for our modified hyperplane clustering algorithm.
Depending on the design of the microarray experiment, it may be
advantageous to center your data before beginning a cluster analysis.

For

example, one may want to center the data if the data represents a time course
experiment and the investigator is looking for similar expression profile patterns
over time without regard to the magnitude of the change.

However, if the

microarray data represents multiple groups (e.g. four different types of cancer)
you may be more interested in absolute expression differences between the
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groups. Surprisingly, all the programs we tested were sensitive to whether or not
the data was centered prior to cluster analysis.

The HPC algorithm had the

highest accuracy in both the centered (ARI=0.89±0.01) and un-centered
(ARI=0.75±0.01) data sets.

However, the stability of the algorithm was modest

when compared to the other programs tested.

With respect to the cluster

initialization schemes, the DEN based initialization was more accurate when
analyzing centered data while the RIA was more accurate for the un-centered
data (Figure 8).

Interestingly, one of the most stable programs (R-SOM,

ARI=1.0) had the worst accuracy when the data was centered (ARI=0.54),
indicating that being more stable does not necessarily give you a better answer.
In addition, the HPC algorithm preformed consistently better over a wide range of
k clusters. Meaning, the cluster solution determined by the HPC program will be
robust even if the investigator uses a k that is very different then the true cluster
number (Figure 10).
The advantage of the HPC algorithm is not only can it produce accurate
results, but it performs the analysis in a scalable and fast manner. When the
data sets are small and less complex (e.g. 10,000 genes, k=4) all the algorithms
tend to run quickly. However, as the data sets increase in size and complexity
(e.g. 44,760, k=20), the HPC algorithm performs significantly faster. Similar to
the accuracy data presented, we also observed that centering the data before
analysis affected how fast the algorithms completed (Table-4 and Table-5).
Specifically, the R-KM, R-SOM, Cluster v2 and Cluster v3 all performed
significantly slower on the un-centered data. However the HPC algorithm was
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not affected and the time to completion was similar for both data sets, especially
for the large complex data.
The speed of clustering algorithms will continue to gain in importance. As
the number of publically available microarray experiments increases, the ability to
analyze extremely large datasets across multiple experiments becomes critical
(Butte and Kahane, 2006). There is a requirement to develop algorithms which
are fast and can cluster extremely large datasets without affecting the cluster
quality. Here we present a modified hyperplane clustering two phase algorithm
that solves this problem. To encourage use of this algorithm, we also developed
an application (HPCiuster) that implements this algorithm and has practical
applicability in the scientific community.

Screen captures of the program are

shown in Figure 11.

4.14.

Availability:

The HPCiuster program is freely available and can be downloaded from
http://www.amdcc.org/bioinformatics.

Figure 11. Screen captures of the HPC/uster program

To encourage use of the modified hyperplane clustering algorithm, we developed
an application (HPCiuster) that implements this algorithm and has practical
applicability in the scientific community.

Screen captures of the program are

shown here. This program is a high petformance windows application that
implements the two stage algorithm in a GUI application. The program is suited

'

for large datasets because of the decrease in memory usage. The entire
software was written using the .NET Framework v1.1 and C# as the
programming language. The installation of the program is easy and uses the
built-in Windows Installer (MSI files). The HPCiuster program is freely available
and can be downloaded from http://www.amdcc.org/bioinformatics.
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V. HEPATIC GENE EXPRESSION PROFILING REVEALS KEY PATHWAYS
INVOLVED IN LEPTIN-MEDIATED WEIGHT LOSS IN Ob/Ob MICE

5.1. Background
Obesity is one of the most serious health problems worldwide and is
associated with increased risk of a wide range of diseases including
cardiovascular disorders, type 2 diabetes, atherosclerosis, and various types of
cancer. Both environmental and genetic factors have been shown to contribute
towards obesity. Leptin therapy has been used to treat selected cases of obesity
with congenital and acquired leptin deficiencies in humans. Leptin usually works
as a negative-feedback signal regulating the mass of the adipose tissue.
However, high levels of leptin have been observed in obese humans and rodents,
suggesting the development of leptin resistance in these cases (Munzberg, 2010;
Friedman, 2009; Caro et al., 1996; Maffei et al., 1995). An important component
in leptin resistance appears to be the development of defective leptin uptake into
the brain, downregulation of leptin receptors and decreased leptin sensitivity. The
molecular mechanism by which leptin reduces body weight has been partially
elucidated. There is a need to have a precise understanding of the metabolic
pathways affected by leptin deficiency or leptin

resistance.

Therefore,

understanding the mechanisms by which leptin and its targets influence energy
balance could lead to new therapeutic targets for obesity.
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The liver has an integral role in lipid metabolism and also has significant
energetic demands; therefore, studies have suggested that leptin's effect on
metabolism may be mediated by the liver. Leptin-deficient mice have significant
abnormalities in macronutrient metabolism, which can be corrected by leptin
administration. A recent study has shown that acute leptin infusion rapidly
reverses hepatic steatosis and plasma dyslipidemia induced by a high sucrose
diet in rats (Huang et al., 2007), and the preservation of hepatic leptin action after
a high sucrose diet is associated with the maintenance of low adiposity and
plasma leptin concentrations.
We utilized self-developed and publicly available bioinformatics tools to
identify the genes which respond to leptin treatment and subsequent pathways
correlated with leptin-mediated weight loss. Microarray analyses were done to
compare two types of leptin administration: one involving a direct stimulatory
effect when administered peripherally (subcutaneous: SQ) and another that is
indirect, involving a hypothalamic relay that suppresses food intake when leptin is
administered centrally (intracerebroventricular: ICV). We report here the impact
of central and peripheral administration of leptin on food intake, body weight and
body fat composition in ob/ob mice. We also report hepatic gene expression
changes caused by central versus peripheralleptin administration.

5.2. Study Design
Leptin deficient ob/ob mice were continuously administered with leptin via
ICV (1.5 J.lg/d) or SQ (1 0 J.lg/d) over the 12-day treatment period. Liver RNA was
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extracted and eDNA microarray technology was used to explore the change in
global gene expression profiles after two types of leptin administration. The four
animals with negligible weight loss (ranging from -5.42% to 1.49%) after leptinICV treatment animals were removed from the analyses while evaluating effects
of leptin administration on body weight, food intake and insulin levels. However,
we profiled these animals for gene expression, and the data were included for
identification of genes correlated with weight loss.

5.3. Leptin administration decreases body weight and food intake.
Both central· and peripheral leptin administrations caused a significant
reduction in food intake (FI) in leptin treated oblob mice as compared to vehicle
treated oblob mice (SQ: 3.66 ± 0.49 g (leptin) vs 5.80 ± 0.79 g (vehicle); ICV:
2.45 ± 0.65 g (leptin) vs 5.57 ± 0.65 g (vehicle); Figure 12A). Similarly, there was
a significant reduction in body weight (BW) in both ICV & SQ leptin groups as
compared to their respective controls. Interestingly, percent weight loss in the
ICV leptin-treated group was significantly greater than the weight loss in SQ
leptin-treated group (SQ: 14.89 ± 1.15 g (leptin) vs -4.50 ± 0.76 (vehicle); ICV:
30.51 ± 2.87 g (leptin) vs -4.23 ± 0.78 g (vehicle); Figure 128). Values are
mean ±SEM.

5.4. Leptin administration decreases serum insulin levels.
The 12 days of leptin infusion in oblob mice, resulted in a significant
decrease in serum insulin levels in both central and peripheral leptin treatment
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groups, as compared to their respective controls (SQ: 91.79 ± 8.91 (leptin) vs
787.7 ± 70.74 pM (vehicle); ICV: 29.25 ± 6.44 (leptin) vs 815.2 ± 98.15 pM
(vehicle), Figure 12C). There was also a significant difference between the leptintreated groups; the decrease in the insulin levels being greater in the ICV group
as compared to the SQ group (Figure 12C). Values are mean± SEM.

5.5. Identification ofgenes correlated with leptin-mediated weight
loss.
We adopted microarray technology to compare the global gene
expression profiles after the central (ICV) and peripheral (SQ) leptin treatments in
ob/ob mice. C578L6 mice were used for the baseline gene expression. Two

hundred and twenty-one probes representing 214 unique genes were found to be
significantly correlated with leptin mediated weight loss. We have listed the top
15 upregulated genes (with a two-fold or greater change in expression for each
treatment) in Table-6 and 37 downregulated genes in Table-7. The plots of the
regression analyses (expression vs weight loss graphs) of the top six
upregulated and top six downregulated genes mentioned above are shown in
Figure 13. The phenotype data and weight loss of four ICV leptin treated animals
(represented by red crossed circle) were very similar to the vehicle treated
animals. Sectioning of the brain could not confirm placement of the cannula in
two of these animals. As seen in the correlation plots, the expression of these
animals is very similar to the vehicle treated animals.

Figure 12. Effect of central (intracerebroventricular:ICV) or peripheral
(subcutaneous:SQ) leptin treatment on food intake, weight loss, and serum
insulin levels in ob/ob mice.

Leptin deficient, ob/ob mice were continuously administered with leptin over 12days using central or peripheral route of administration. Both types of leptin
infusion significantly decrease food intake (A), weight (B), and serum insulin
levels (C), as compared to their respective controls. The weight loss caused by
central treatment is significantly greater than the peripheral treatment. Also, the
decrease in the insulin level was more in the central group as compared to the
peripheral group. VEH_SQ: vehicle subcutaneous treatment, LEP_SQ: leptin
subcutaneous treatment, VEH ICV: vehicle intracerebroventricular treatment,
LEP_ICV: leptin intracerebroventricular treatment. Values are mean ± SEM; n
Veh_SQ, n=10 Lep_SQ, n=9 Veh_ICV and n
respective vehicle,

=4

t p<0.05 Lep_ICV vs Lep_SQ.

=9

Lep_ICV; *p<0.05 leptin vs
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Figure 13. Regression plots of top six downregulated (A) and top six
upregulated (B) genes.
The regression analysis was petformed using "LIMMA" to identify genes whose
expression is significantly correlated with leptin mediated weight loss. Blue open
circle is vehicle subcutaneous treatment; Blue filled circle is leptin subcutaneous
treatment; Red open circle is vehicle intracerebroventricular treatment; Red filled
circle is leptin intracerebroventricular treatment; Red crossed circle is leptin
intracerebroventricular treatment but no weight loss.
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Table 6: Top 15 upregulated genes involved in leptin mediated weight loss.
Symbol

FC_S(f

FC_IC

FC_ob!B6'

adj.P.J-1

Definition

lglbp2

6.54

16.10

0.06

2.!0E-08

insulin-like growth factor binding protein 2

Acot!

3.12

5.60

0.65

0.000739

acyl-CoA thioesterase 1

Lyz

2.33

4,93

0.41

0.000107

Lysozyme

Mat2a

2.55

. 4.10

0.37

0.000703

methionine adenosyltransferase II, alpha

Lpl

2.32

4.03

0.86

0.000211

lipoprotein lipase (Lpl)

Pla2gl2a

2.Q4

4.57

0.66

0.000125

phospholipase A2, group Xl!A

WbpS

3.01

3.44

0.35

0.000535

WW domain binding protein 5

Clqb

2.32

3.22

0.28

0.000584

H2-Abl

2.52

2.88

0.50

0.001534

Hadhb

2.04

3.17

0.99

0.000344

complement component I, q
subcomponent, beta polypeptide
histocompatibility 2, class ll antigen A,
beta 1
hydroxyacyl-Coenzyme A dehydrogenase

Egfr

2.58

2.48

0.16

0.00ll44

epidermal growth factor receptor

Slc25a33

2.60

2.43

0.38

0.000271

solute carrier family 25, member 33

Slc40al

2.24

2.77

0.68

0.00ll66

LOC100046120

2.30

2.65

0.33

0.001791

solute carrier family 40 (iron-regulated
transporter), member 1
similar to clusterin

Rpsll

2.12

2.52

0.38

0.001243

ribosomal protein S II

'FC_SQ: fold change in gene expression after peripheral (subcutaneous) leptin administration as compared
to vehicle subcutaneous treatment.
"FC_ICV: fold change in gene expression after central (intracerebroventricular) leptin administration as
compared to vehicle intracerebroventricular treatment.
'FC_ ob/B6: fold change in gene expression in vehicle treated ob/ob mice as compared to the expression in
B6 mice.
•adj.P.Val: adj. p-value of regression analysis performed to test for a linear association between gene
expression levels and amount of weight loss.
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Table 7: Top 37 downregulated genes involved in leptin mediated weigllt loss.
Symbol

FC_S(l'

FC_IC

FC_ob!B6'

adj.P.Va

Sed I
Gstal
Hamp2
Cyp17al

0.05
0.09
0.32
0.24

O.Ql
0.11
0.03
·0.17

Ahey
Raetlb
Sardh
Gsta2
Rdh16
Aass
Pla2g4f
Lrtml

0.25
0.41
0.27
0.23
0.29
0.29
0.23
0.32

0.18
0.12
0.17
0.22
0.20
0.22
0.28
0.20

4.50
7.26
3.86
8.24
5.93
4.63
4.14
2.05

7.94E-05
8.76E-07
0.001766
0.000131
5.65E-06
0.000942
0.000178
6.44E-05

Gstt3
Thrsp

0.41
0.35

0.12
0.21

2.67
0.90

2.13E-07
0.000931

Bhmt
Selenbp2
Rcan2
Mmd2

0.35
0.32
0.30
0.29

0.23
0.30
0.33
0.34

5.59

1.76
3.01
2.79

0.000696
0.000285
8.09E-05
0.000309

Gamt

9130409123Rik
Slc38a4
Slc25al

0.36
0.31
0.41
0.48
0.35
0.45
0.36
0.48
0.35
0.40
0.44

0.29
0.34
0.25
0.18
0.31
0.22
0.31
0.21
0.35
0.32
0.30

1.85
3.82
6.69
4.48
3.98
1.99
2.66
1.29
3.35
5.60
1.81

0.000344
0.000703
2.86E-06
0.000109
0.000314
0.000682
0.000315
0.002523
0.001156
0.002091
2.96E-05

Urocl
Hsdl7b10
Pls3
Fam158a
C530044N13Rik
Stc44al
Oprsl
Mfsd2

0.48
0.42
0.46
0.44
0.47
0.48
0.47
0.45

0.28
0.36
0.33
0.39
0.39
0.40
0.43
0.48

2.84
3.47
4.45
2.84
3.14
2.09
2.03
2.59

6.63E-05
0.000125
0.002206
0.00198
0.002232
5.28E-05
0.001192
0.001226

Dmgdh
Oligl
Tmie

Snhgll
Kcnk5
Aes
Nnmt

4.60
41.28
2.16
2.59

3.33E-07
0.000125
8.76E-07
6.85E-06

Definition
stearoyl-Coenzyme A desaturase I
glutathione S·transferase, alpha 1
hepcidin antimicrobial peptide 2
cytochrome P450, fumily 17, subfamily a,
polypeptide 1
S-adenosylhomocysteine hydrolase
retinoic acid early transcript beta
sarcosine dehydrogenase
glutathione S-transferase, alpha 2
retinol dehydrogenase 16
aminoadipate-semialdehyde synthase
phospholipase A2, group lVF
leucine-rich repeats and transmembrane
domains I
glut~thione S-transferase, theta 3
thyroid hormone responsive SPOT14
homolog
betaine-homocysteine methyltransferase
selenium binding protein 2
regulator of calcineurin 2
monocyte to macrophage differentiationassociated 2
guanidinoacetate methyltransferase
dimethylglycine dehydrogenase precursor
oligodendrocyte transcription factor 1
transmembrane inner ear
small nucleolar RNA host gene 11
potassium channel, subfamily K, member 5
amino-tenninal enhancer of split
nicotinamide N-methyltransferase
Rll<EN eDNA 9130409123 gene
solute carrier family 38, member 4
solute carrier family 25 (mitochondrial
carrier, citrate transporter}, member I
urocanase domain containing I
hydroxysteroid (17-beta) dehydrogenase 10
plastin 3
family with sequence similarity 158, memb A
RllCEN eDNA C530044Nl3 gene
solute·carrier family 44, member I
opioid receptor, sigma 1
major facilitator superfamily domain
containing 2

•pc_SQ: fold change in gene expression after peripheral (subcutaneous) leptin administration as compared
to vehicle subcutaneous treatment. •pc_ICV: fold· change in gene expression after central
(intracerebroventricular) leptin administration as compared to vehicle intracerebroventricular treatment.
'FC_ ob/B6: fold change in gene expression in vehicle treated oblob mice as compared to the expression in
B6 mice. 'adj.P.Val: adj. p-value of regression analysis performed to test for a linear association between
gene expression levels and amount of weight loss.
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5.6.

Cluster analysis of correlated genes
Next, we performed cluster analyses on the 214 genes significantly

correlated with leptin mediated weight loss and found 4 clusters, each of which
defined a unique pattern of expression (Figure 14). The four animals in which the
cannula may not have been in place or treatment did not work are represented
on the heatmap as LEP-ICV*. The expression pattern of these animals is similar
to

the

vehicle

groups.

Seventy

genes

represented

by

cluster-1

are

overexpressed in oblob mice as compared to 86 mice. After leptin replacement,
the expression of these genes is normalized towards 86 mice. Similarly, 46
genes in cluster-2 are underexpressed in ob/ob as compared to 86 and leptin
treatment could correct the expression back to normal. 56 genes of cluster-3 and
42 genes of cluster-4 have similar expression in 86 and oblob but these genes
are downregulated (Ciuster-3) or upregulated (Ciuster-4) after leptin treatment.

5.7. Biological processes regulated by leptin treatment
Using the GOTree Machine web application (Zhang et al., 2004), the 214
differentially expressed genes were categorized as being associated with specific
biological processes, molecular functions and cellular compartments. Statistically
significant over-represented biological processes were determined using the
hypergeometric test. Among the cellular compartments, mitochondrion (32
genes), endoplasmic reticulum (22 genes) and vacuole (8 genes) were
significantly over represented. To determine differences in enrichment of
upregulated versus downregulated genes, the two groups (126 downregulated
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and 88 upregulated genes) were also mapped separately to GO categories. The
results were visualized as a "gene ontology tree" to elaborate the relationship
among the enriched GO categories (Figure 15). Several biological processes
such as cellular metabolic processes (101 genes), catabolic processes (36
genes), biosynthetic processes (28 genes), oxidation reduction (27 genes),
response to chemical stimulus (35 genes), and inflammatory response (1 0
genes) were found to be significantly over represented. Among the molecular
functions, oxidoreductase activity (26 genes), cofactor binding (14 genes),
catalytic activity (89 genes), electron carrier activity (10 genes) and iron ion
binding (12 genes) were significantly over represented.

Figure 14. Heatmap of 214 differentially expressed genes showing gene
expression levels across different samples.

Each row represents one gene and each column represents one sample. Red
indicates higher expression and green indicates lower expression. The global
gene expression profiles were compared after the central and peripheral leptin
treatments in ob/ob mice, while C57BL6 mice were used for the baseline gene
expression. Cluster analysis on the gene expression data was performed to
group the genes with similar expression patterns across experimental conditions.
VEH-SQ: vehicle subcutaneous treatment,

LEP-SQ: leptin subcutaneous

treatment, VEH-JCV: vehicle intracerebroventricular treatment, LEP-ICV: leptin
intracerebroventricular treatment, LEP-ICV*: represents four animals in which the
cannula may not have been in place or treatment failed.
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C57BL6

1

2

3

4

VEH-SQ

LEP-SQ

VEH-ICV

LEP-ICV

LEP-ICV*

Figure 15. Gene Ontology tree representing the cellular compartments
enriched by upregulated and downregulated set of genes.

Gene enrichment analysis was performed using the GOTree Machine software
which performs the hypergeometric test to evaluate the significance of
enrichment for each category by determining if the observed number of gene
counts exceeded the expected counts.

Among the cellular compartments

mitochondrion and endoplasmic reticulum are enriched by downregulated genes
and vacuole, vesicle, lysosome are significantly enriched by upregulated genes.
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5.8.

Downregulated biological pathways after leptin treatment
5.8.1. Mitochondrial metabolic pathways:

The gene enrichment analyses revealed that most significantly enriched
cellular compartments among downregulated genes are mitochondrion and
endoplasmic reticulum. Thirty-two genes could be mapped to mitochondrion, 26
genes were downregulated and 6 genes were upregulated after leptin treatment
(Table-S). The most affected mitochondrial pathways are, ketone metabolic
process, organic acid metabolic process, oxidation reduction, amino acid
metabolic process, and nitrogen compound metabolic process. Among the
molecular functions, electron carrier activity, catalytic activity, and coenzyme
binding were most affected after leptin treatment. We found that overexpression
of genes related to cellular metabolism is a characteristic of ob/ob mice, while
leptin replacement normalizes this expression back towards 86. The livers of
ob/ob mice are overloaded with large amounts of free fatty acids either through

increased fatty acid biosynthesis or through decreased fatty acid oxidation.
Leptin administration promotes a hypometabolic state and downregulates cellular
metabolic activity. Surprisingly, this condition is very similar to hibernation
(Boutilier, 2001). The key to the survival under hibernation lays in an inherent
ability to downregulate cellular metabolic rate to new hypometabolic steady
states. There was a downregulation of most genes involved in amino acid
metabolism, lipid, fatty acid and steroid metabolism and oxidation/reduction after
leptin treatment in ob/ob mice. Mitochondrial metabolic pathways are major
regulators of leptin-mediated weight loss.
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Table 8: Mitocllondrial Genes involved in Leptin Signaling
FC_IC
0.17
0.22
0.21
0.25
0.34
0.30

FC ob/B6'
3.86
4.63
2.96
2.30
3.82
1.81

adj.P.Va

Symbol
Sardh
Aass
Gck
A bat
Dmgdh
Slc25al

FC S(l'
0.27
0.29
0.58
0.53
0.31
0.44

Hsd17b10
Otc
Cisdl
Kynu
Gcdh
Nipsnapl

0.42
0.82
0.53
0.62
0.57
0.69

0.36
0.32
0.38
0.46
0.52
0.48

3.47
1.71
2.35
1.98
1.67
1.61

0.000125
0.002029
0.001166
3.95E-05
0.000211
1.01E-06

Ndufs8

0.62

0.51

1.47

0.001217

Sfxnl
Dbi
Cyp17al

0.76
0.60
0.24

0.55
0.61
0.17

1.77
2.05
2.59

1.61E-05
0.000292
6.85E-06

Haao
Prodh
Gls2
Ass!
Mmab

0.57
0.61
·0.73
0.80
0.75

0.20
0.21
0.25
0.34
0.47

1.26
1.35
0.84
0.94
0.95

0.000502
2.57E-05
1.45E-03
0.001664
2.96E-05

Macrodl
Cyb5r3
Hsd3b2

0.95
0.60
0.83

0.50
0.56
0.49

0.64
1.04
1.13

0.001609
0.000137
0.000502

Ndufa3

0.74

0.60

1.08

0.000687

Uqcrcl
Hadhb

0.58
2.04

0.64
3.17

1.24
0.99

0.000902
0.000344

Ung
Mrps6
Slc25a33
Hsp90abl

1.27
1.20
2.60
1.69

2.95
1.91
2.43
2.32

0.76
0.92
0.38
0.47

0.00021
0.002234
0.000271
0.001625

Cyba

1.20

2.00

0.68

7.33E-05

0.001766
0.000942
0.000114
7.0\E-05
0.000703
2.96E-05

DejinitimJ
sarcosine dehydrogenase
aminoadipate-semialdehyde synthase
Glucokinase
4-aminobutyrate aminotranSferase
dimethylglycine dehydrogenase precursor
solute carrier family 25 (mitochondrial carrier,
citrate transporter), member 1
hydroxysteroid (17-beta) dehydrogenase 10
ornithine transcarbamylase
CDGSH iron sulfur domain 1
kynureninase.(L-kynurenine hydrolase)
glutaryl-Coenzyme A dehydrogenase
4-nitrophenylphosphatase domain and nonneuronal SNAP25-Iike protein homolog 1
NADH dehydrogenase (ubiquinone) Fe-S
protein 8
sideroflexin 1
diazepam binding inhibitor
cytochrome P450, family 17, subfamily a,
polypeptide 1
3-hydroxyanthranilate 3,4-dioxygenase
proline dehydrogenase
glutaminase 2 (liver, mitochondrial)
argininosuccinate synthetase 1
melhylmalonic aciduria (cobalamin
deficiency) type B homolog (human)
MACRO domain containing I
cytochrome b5 reductase 3
hydroxy-delta-S-steroid dehydrogenase, 3
beta- ·and steroid delta-isomerase 2
NADH dehydrogenase (ubiquinone) I alpha
subcomplex, 3
ubiquinol-cytochrome c reductas.e core prot I
hydroxyacyl-Coenzyme A dehydrogenase/3ketoacyl-Coenzyme A thiolase/enoylCoenzyme A hydratase (trifunctional protein),
beta subunit
uracil DNA glycosylase
mitochcindrlal ribosomal protein S6
solute.carrier family 25, member 33
heat shock protein 90kDa alpha (cytosolic),
class B member I
cytochrome b-245, alpha polypeptide

'FC_SQ: fold change in gene expression after peripheral (subcutaneous) leptin administration as compared
to vehicle subcutaneous treatment. "FC_ICV: fold change in gene expression after central
(intracerebroventricular) leptin administration as compared to vehicle intracerebroventricular treatment.
'FC_ ob/86: fold change in gene expression in vehicle treated ob/ob mice as compared to the expression in
B6 mice. 'adj.P.Val: adj. p-value of regression analysis performed to test for a linear association between
gene expression levels and amount of weight loss.
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5.8.2. Lipid metabolic process:

We found 26 differentially expressed genes under lipid metabolic
processes, out of which 19 genes were downregulated. Also, 12 of these genes
could be mapped to lipid biosynthetic process, out of which 10 genes were
downregulated. Leptin influences the rates of synthesis and degradation of lipids
through its autocrine and paracrine actions. The molecular mechanism of leptin
action in fatty acid metabolism and lipid biosynthesis has not yet been fully
elucidated. We found that Scd1, Faah, Acot1, Rdh16 and Lss are downregulated
by leptin treatment. The microsomal enzyme, stearoyi-CoA desaturase-1 (Scd1)
catalyzes the biosynthesis of monounsaturated fatty acids from saturated fatty
acids. In our study, we found that leptin-deficient ob/ob mice have high levels
(-5-fold) of Scd1 gene expression as compared to B6 control mice and after
leptin replacement in ob/ob mice, the Scd1 gene expression is extremely
downregulated (-20-fold in SQ and -100-fold in ICV) as compared to their
respective controls. Therefore, Scd1 appears to be a major player in the leptin
mediated lipid biosynthesis and fatty acid metabolism. This finding is consistent
with other studies which have shown that ob/ob mice with mutations in Scd1
gene are significantly less obese than oblob controls and have markedly
increased energy expenditure. A significant proportion of metabolic effects of
leptin are the result of inhibition of this enzyme (Cohen et al., 2002). On the other
hand the Scd1_,_ mice in SV129 background are lean, resistant to diet-induced
obesity, have increased insulin sensitivity, and increased metabolic rate (Ntambi
et al., 2002).
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5.8.3. Carboxylic acid metabolic process:

Twenty-four downregulated genes including Gck, Faah, Otc, Arg1, Gls2,
Ass1, Prodh and Aass, could be mapped to carboxylic acid metabolic pathways.
Glucokinase (GcK) regulates rate-limiting reactions in glycolysis. Expression of
Gck is regulated in the liver in response to fasting and feeding. We found that
Gck is 2-fold and 5-fold downregulated after leptin administration. Hepatocyte
nuclear factor 4 alpha (HNF4alpha} plays an important role in transcriptional
regulation of GcK gene (Hirota et al., 2008) and many genes expressed in the
liver. We found that HNF-4 has a downward trend after leptin administration, but
could not reach to statistical significance. HNF4alpha is also critical for urea
homeostasis by direct regulation of the Otc gene (Inoue et al., 2002). Otc is a key
enzyme in the urea cycle to detoxify ammonium produced from amino acid
catabolism. Here, we found that Otc gene was also significantly downregulated
after leptin replacement.

5.8.4. Iron ion binding:

In this study, we found that 12 genes could be annotated to the iron ion binding
group. The 9 downregulated genes were Cisd1, Haao, Cyp17a1, Dpyd, Hpd,
Scd1, Cyp2c29, Ndufs8, and Sfxn1 and 3 upregulated genes of this group were
Cyba, Hpx and, Slc40a1. There is a well-established link between obesity and
iron metabolism. Oblob mice have higher iron absorption as compared to lean
mice (Failla et al., 1988). There is evidence in the literature that insulin resistance
is associated with hepatic iron overload. A recent study found a role of Hepacidin
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expression in metabolic syndrome and hepatic iron overload associated with
insulin resistance (Le et al., 2007). Interestingly, in our study, we also found that
expression of hepcidin antimicrobial peptide 2 (Hamp2) was 3-fold and 28-fold
down regulated after leptin treatment.

5.8.5. Glutathione S Transferases:

Glutathione is a major endogenous anti-oxidant for the cell. We found that
three of the glutathione S-transferases were significantly overexpressed in ob/ob
mice as compared to 86 (Gsta1: 41-fold, Gsta2: 8-fold, Gstt3: 3-fold). Also, leptin
replacement caused the downregulation of Gsta1, Gsta2, Gsta3, Gstt1 and Gstt3
in oblob mice. Reactive oxygen species (ROS) production by mitochondria plays
a critical role in many physiological processes and therefore; over quenching of
ROS in oblob mice may result in pathological conditions. A recent study has
shown that mice lacking one of the key enzymes involved in the elimination of
physiological ROS, glutathione peroxidase 1 (Gpx1), were protected from highfat-diet-induced insulin resistance (Loh et al., 2009).

5.8.6. Genes involved in adipocyte proliferation and differentiation:

It is well known that adipocyte proliferation and differentiation plays a
critical role in obesity. Leptin causes alterations in the expression of several
genes inhibiting adipocyte differentiation. The expression of lgfbp2 gene, which
negatively regulates the biological activity of IGF1, was 6-fold (SQ) and 16-fold
(ICV)

upregulated

after

leptin

replacement.

lgfbp2

is

almost

17-fold
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downregulated in ob/ob mice as compared to 86. Another mitochondrial gene,
Cisd1 was 2.4-fold upregulated in ob/ob mice as compared to 86 and ·corrected
back to normal by leptin supplementation. This protein encodes for MitoNEET
protein Which exists in low levels in preadipocytes, and its expression increases
exponentially in differentiated adipocytes. Leptin has also been shown to have a
mitogenic potential in liver cancer cells, which is mediated through the induction
of Mat2a and Mat2b genes (Ramani et al., 2008). In this study, we found that
expression of Mat2a was induced after both types of leptin treatment.

5.9.

Upregulated biological pathways after leptin treatment
5.9.1. Lysosomal activity:

We found that the cellular compartments enriched by upregulated genes
were lysosome (5 genes), vacuole (6 genes), and vesicle (9 genes). Lysosomes
contain enzymes which destroy organelles that have been damaged. Also, when
adequate amount of food is not available for the cell, the organelle degradation
and lysosomal activity is increased. A recent study has identified the previously
unknown role. of autophagy in regulating intracellular lipid stores (Singh et al.,
2009). Lysosomes continuously use portions of lipid droplets and process them
for energy production during nutrient deprivation (Singh et al., 2009).

5.9.2. Immune system and inflammatory response:

Leptin has structural similarities with the family of long-chain helical
cytokines, including IL-6 and IL-12 and has also been found to play a critical
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regulatory role within the immune system that affects the course of inflammation
(Lago et al., 2007). Various studies have shown that immune cells respond to
pharmacological doses of leptin. In this study we found that the immune system
process and inflammatory response were enriched in the upregulated group of
genes. The upregulated genes in this group are; C1qb, Cd44, Ccl4, Nupr1, Cyba,
Fcer1g, Rmcs2, Fcer1g, Rps19, Plscr1, Ednrb, Cd44, Ung, Ctnnb1, Lmo2, and
Hpx. A recent study has shown the function of leptin within T-cell polarization
(Batra et al., 2010). Utilizing the model of oxazolone-induced colitis, authors
found that oblob mice were protected, whereas, wild-type and leptinreconstituted ob/ob mice developed colitis. This protection of Th1- as well as in
Th2-dependent inflammation was associated with decreased expression of T -bet
and GATA-3, in naive oblob T cells (Batra et al., 2010). In our study, we also
found that epidermal growth factor receptor (EGFR) expression was upregulated
almost 2.5 times after leptin replacement in oblob mice. It is known that EGFR
mediates both chemotaxis and proliferation in monocytes and macrophages and
treatment with EGFR inhibitor decreases the protein expression of TN F-a and IL6, and reduces subclinical inflammation in HFD-fed mice (Prada et al., 2009).

5.1 0. Network Analysis:
Differentially expressed genes were further analyzed using Ingenuity
Pathway Analysis software (IPA; Ingenuity Systems, Mountain View, CA;
www.ingenuity.com) to construct and visualize molecular interaction networks.
The top scoring network (Figure 16) is enriched in lipid metabolism and cell-cell
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signaling. EGFR (which is upregulated after leptin treatment) is one of the central
hub genes of this network. Also, a lot of genes involved in this network are
connected through important kinases. Expression of these kinases does not
change after leptin replacement, but these might be mediators for the signal
transduction between the genes which respond to leptin treatment. The
transcriptional regulators in the network are Ets2, Xbp1, Sap30, Nupr1, Hmga1,
Zfp36, Maged1 and Cttnb1.

5.11. Discussion
Though leptin has shown promising results in the mouse models, the
success rate of leptin for the reduction of body weight in humans is still low. This
is mainly due to the fact that a very small fraction of the obese human population
is leptin deficient, and the most common forms of obesity are associated with
high leptin levels (Maffei et al., 1995). In such cases, most obese patients are
leptin resistant and fail to respond effectively to exogenous leptin (Friedman,
2009). Several defects may contribute to the leptin resistant state, including
defective leptin transport across the blood-brain barrier, reduced leptin receptor
expression, defects in leptin signal transduction, or the induction of feedback
inhibitors (Caro et al., 1996) (Munzberg, 2010).

However, if leptin resistance

could be by-passed and genes/pathways which respond to leptin treatment could
be regulated directly, new therapeutic strategies for the treatment of obesity may
be possible. In this study, we determined the global hepatic gene expression
profiles after peripheral and central leptin treatment. We found that the effect of

Figure 16.

Top scoring network obtained from network analysis of

differentially expressed genes.

Ingenuity Pathway Analysis software was used to construct and visualize this
molecular interaction network. Red indicates higher expression and green
indicates lower expression after leptin administration.
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central treatment on weight loss was significantly better than peripheral
treatment; which confirms that leptin action on weight loss is primarily controlled
by a central pathway via hypothalamic relay. In our study, we found 214 genes
significantly correlated with leptin-mediated weight loss.
Obesity results from the imbalance of energy intake and energy utilization.
When energy intake exceeds energy expenditure, excess energy is stored as
triglycerides in lipid droplets. Conversely, during nutrient deprivation, stored
triglycerides are hydrolyzed into fatty acids and converted back to energy.
Therefore, metabolic pathways are key regulators of energy balance. In our study,
we found that genes which belong to metabolic, catabolic and biosynthetic
pathways in mitochondria are highly expressed in oblob mice when compared
with the 86 baseline expression. However, leptin replacement results in the
down regulation of these pathways back to normal. The stearoyi-CoA desaturase
1 (Scd1), which is a lipogenic enzyme involved in fatty acid synthesis and
oxidation, is overexpressed in the livers of oblob mice as compared to 86 and is
downregulated after leptin replacement. This is consistent with previously
published studies which have shown that Scd1 deficient mice are protected
against obesity and insulin resistance (Cohen et al., 2002; Ntambi et al., 2002).
Also in humans, genetic variations in the Scd1 gene were found to be associated
with body fat deposition and insulin sensitivity (Warensjo et al., 2007). Some
recent studies have utilized pharmacological inhibition of Scd1 for the treatment
of obesity and insulin resistance (Li et al., 2009; lssandou et al., 2009).
Glucokinase (GcK) phosphorylates glucose to produce glucose-6-phosphate and
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therefore, regulates glucose metabolism. We found that expression of this gene
is negatively correlated with leptin-mediated weight loss in ob/ob mice. Long-term
overexpression of Gck increases hepatic lipogenesis and circulating lipids, which
leads to insulin resistance (Ferre et al., 2003).
Weight loss has also been linked to GH-IGF1 axis, which plays a critical
role in the proliferation and differentiation of adipocytes (Hausman et al., 2001).
IGF-binding proteins (IGFBPs) modulate bioavailability of IGF. In this study we
have found that lgfbp2 was highly underexpressed in livers of ob/ob mice but
was normalized after leptin replacement. Recent studies have shown that
overexpression of lgfbp2 protects against the development of obesity and
improves insulin sensitivity (Wheatcroft et al., 2007). Treatment with recombinant
lgfbp2 impairs 3T3-L 1 differentiation and hence adipogenesis (Wheatcroft et al.,
2007). Elevated insulin and body fat have also been shown to be associated with
decreased lgfbp1 and lgfbp2 levels cross-sectionally (Ahmed et al., 2007). A
recent study observed markedly lower expression of lgfbp2 in liver from morbidly
obese women (Eiam et al., 2009). Such studies provide an impetus for
investigating the effects of lgfbp2 for treatment of obesity. However, studies have
also shown that lgfbp2 is overexpressed in a wide spectrum of cancers and IGFindependent effects of lgfbp2 are emerging (Wheatcroft and Kearney, 2009).
lgfbp2 expression was significantly higher in breast cancer tissue compared with
benign breast tissue and lgfbp2 inhibition attenuated the associated aggressive
phenotype of breast cancer cells both in vitro and in vivo (So et al., 2008).
Overexpression of lgfbp2 has also been correlated with glioblastoma (Marucci et
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al., 2008; Fukushima and Kataoka, 2007) and lymph node metastasis in patients
with invasive breast carcinomas (Wang et al., 2008). These findings suggest that
further studies are required to evaluate IGF-dependent and independent
functions of lgfbp2 before selecting lgfbp2 as a therapeutic target for the
treatment of obesity.
We found that Cisd1, the mitochondrial gene which encodes for the
MitoNEET protein, is upregulated in livers of ob/ob mice as compared to 86 and
could

be

normalized

by leptin.

MitoNEET is an

iron-containing

outer

mitochondrial membrane protein that regulates oxidative capacity and is involved
in the control of maximal mitochondrial respiratory rates (Wiley et al., 2007). This
protein exists in low levels in preadipocytes, and its expression increases
exponentially in differentiated adipocytes. Also, MitoNEET has been identified as
a target for the thiazolidinedione class of diabetes drugs that may contribute to
lipid lowering and/or antidiabetic actions (Galea et al., 2004).
Interestingly, the expression of five glutathione S-transferases (Gsta1,
Gsta2, Gsta3, Gstt1, and Gstt3) were significantly downregulated after leptin
administration. In an earlier study, it was shown that Gsta3 expression was
markedly induced during adipose conversion, which was virtually undetectable in
confluent 3T3-L 1 cells under basal conditions (Jowsey et al., 2003). Inhibition of
the 3T3-L 1 adipogenic program demonstrated that Gsta3 expression is
associated specifically with acquisition of the adipocytic phenotype.
One important finding of this study was the upregulation of hepatic
lysosomal pathways, including vesicles and vacuole, after leptin treatment. This
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finding is consistent with a recent study which has identified the previously
unknown role of autophagy in regulating intracellular lipid stores (Singh et al.,
2009). Starvation causes the induction of autophagy, which delivers intracellular
proteins

and

organelles

sequestered

in

double-membrane

vesicles

(autophagosomes) to lysosomes for degradation and use as an energy source. It
was found that inhibition of autophagy in cultured hepatocytes and mouse liver
increased triglyceride storage in lipid droplets.
In conclusion, this study identified key molecular pathways and several
downstream target genes involved in the leptin-mediated weight loss. Many of
these genes have previously been shown to be associated with obesity; however,
we also identified a number of novel target genes. Further detailed studies will be
required to evaluate the possible use of these genes and the associated protein
products as therapeutic targets for the treatment of obesity.

VI. HEPATIC microRNA-mRNA NETWORKS ASSOCIATED WITH LEPTINMEDIATED WEIGHT LOSS

6.1.

Introduction

Computational and experimental studies have predicted that miRNAs can
regulate the expression of a large fraction of genes (Friedman et al., 2009;
Grimson et al., 2007). Due to their integral role, miRNAs have been shown to be
involved in several biological processes, including cell growth (Cheng et al.,
2005), apoptosis (Xu et al., 2004), cell-signaling (Karp and Ambros, 2005), cell
differentiation (Chen et al., 2004), metabolism (Moore et al., 2010; Poy et al.,
2004) and autoimmune inflammation (O'Connell et al., 2010). High throughput
techniques such as qPCR or microarray are very popular for investigating the
global expression profiles of miRNAs. However, integration of these data with
gene expression data to construct regulatory networks is still a challenge.
Numerous protein-protein interaction databases have been established in the last
decade and are essential resources for biomedical research. We utilized these
predefined protein-protein interactions and a modified MATISSE algorithm
(Uiitsky and Shamir, 2007) to integrate miRNA expression data with gene
expression data.
In our study, we present an integrative approach to understand the miRNA
regulatory mechanisms and to identify functional miRNA-mRNA modules by
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combining miRNA expression data, mRNA expression data, protein-protein
interactions, and miRNA-gene interactions. We used this approach to gain insight
into the association between miRNA expression and obesity, and identification of
the miRNA-mRNA networks as novel regulators involved in the development of
obesity. First, we utilized miRNA microarray technology to compare the miRNA
expression changes caused by central versus peripheral leptin administration in

oblob mice. Next, we identified the miRNA-mRNA modules and subsequent
pathways involved in leptin mediated weight loss. This integrative approach to
elucidating the functional role of miRNAs in biology will have a major impact on
biomedical research and will provide novel therapeutic targets for treatment of
diseases.

6.2.
6.2.1.

METHODS AND ANALYSIS STRATEGY
Creation of expression correlation matrix

In the first step, we used miRNA microarray and gene expression
microarray data, to compute all possible pairwise correlation between gene-gene,
miRNA-gene and miRNA-miRNA expression. Only the genes and miRNAs
whose expression was varied across arrays were considered to be informative.
Inclusion of other genes/miRNAs in the analysis, would have possibly introduced
noise into the system. Thus, we computed the coefficient of variation (CV) of all
the miRNAs and genes, and selected those genes/miRNAs with a CV larger than
a cut-off. The genes/miRNAs with a CV less than this threshold were dropped
from subsequent analyses. This filtering also reduced the complexity and was
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effective in overcoming the computational limitations in the subsequent steps
(due to a smaller matrix size). A total 1740 genes and 72 miRNAs were included
in the analysis. To compute the expression similarity we used the square of the
Pearson correlation (R2 ) between the expression vectors.

6.2.2.

Creation of interaction database

In the second step, we created SQL tables of interaction data on a local
server. These interaction tables were compiled in three parts. The first part was
the previously compiled human physical interaction network data from the
MATISSE website (http://acgt.cs.tau.ac.il/matisse) and was downloaded and
converted to mouse homologs. This resulted in 109,488 interaction pairs.
Second, this database was augmented with 44,706 additional interactions from
the BioGRID interaction database (http://thebiogrid.org/). Third, we used
computationally predicted miRNA targets for miRNA-target gene interactions.
Three target prediction algorithms are currently popular: miRanda (John et al.,
2004), PicTar (Krek et al., 2005), and TargetScan (Lewis et al., 2005). Our
preliminary analysis as well as a comparative study (Sethupathy et al., 2006b),
has shown that miRanda has the highest false positive rate when compared to
PicTar and TargetScan. Therefore, we only used the 108,098 miRNA-gene pairs
from the PicTar and TargetScan databases. The final complete database
contained 262,292 interactions.
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6.2.3.

Construction of Jointly Active Connected Subnetworks

A large network of 262,292 gene-gene I miRNA-gene interactions, created
in the earlier step, was used to search for expression similarity using MATISSE
(Module Analysis via Topology of Interactions and Similarity SEts) (Uiitsky and
Shamir, 2007). This algorithm detects jointly active connected subnetworks by
identifying heavy sub-graphs in an edge-weighted similarity graph while
maintaining connectivity in the interaction network. Edge weights were defined as
the absolute correlation (R2) between nodes.
6.2.4.

Visualization of Subnetworks

The modules were imported in simple interaction format to Cytoscape
(Shannon et al., 2003), to visualize the subnetworks generated in the previous
step. Node annotations were imported as fold-change of each gene after leptin
treatment. Red node color was used for upregulated genes and green node color
was used for downregulated genes. Edge attributes were imported as the
correlation coefficient between the pairs. Edges with positively correlated pairs
were shown in blue and edges with negatively correlated pairs were shown in
pink.
6.2.5.

Gene Enrichment Analysis of Subnetworks

The Bioconductor package "GOstats" was used for testing the association
of Gene Ontology terms to the genes in a sub-network (Falcon and Gentleman,
2007). A p-value based on the hypergeometric test was computed to assess
whether the number of genes associated with the term is larger than expected.
The p-values obtained were adjusted for multiple testing using the FOR.
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6.3. RESULTS
6.3.1.

miRNAs correlated with leptin mediated weight loss.

To compare the global miRNA expression profiles after ICV and SQ leptin
treatments in oblob mice, miRNA microarray hybridizations were performed
using the Exiqon miRCURYTM LNA arrays. C57BL6 mice were used for the
baseline miRNA expression. LIMMA was used to identify miRNAs whose
expression was significantly correlated with leptin mediated weight loss. A total of
28 miRNAs were found to be significantly correlated with weight loss (adj p-val <
0.05 and logFC >0.015). We have listed fold changes of these 11 upregulated
miRNAs and 17 downregulated miRNAs in Table-9 and Table-10 respectively.
The plots of the regression analyses (expression vs. weight loss graphs) of the
top six significantly correlated miRNAs mentioned above are shown in Figure 17.
Next, we clustered these 28 miRNAs using our HPCiuster program and
found 4 clusters defining unique patterns of expression (Figure 18). The four
animals in which the treatment did not work are represented on the heatmap as
LEP-ICV*. The expression pattern of these animals is similar to the vehicle
groups.

88

Table 9: Upr:egulated microRNAs involved in leptin mediated weigflt loss.
miRNA S inbol
mmu-miR-142-3p
mmu-miR-142-5p
mmu-miR-342-3p
mmu-miR-23a
mmu-miR-146a
mmu-miR-146b
mmu-miR-99b
mmu-miR-126-3p
mmu-miR-34a
mmu-miR-223
mmu-miR-19a
mmu-miR-706

FCS

FC IC
1.80
2.20
1.17
1.24
1.68
1.59
1.25
1.47
1.08
1.18
1.32
2.09

2.29
2.25
2.53
1.59
1.73
1.68
1.74
1.49
2.50
1.80
1.28
2.58

FC ob!Brf
0.58
0.42
0.84
0.87
0.59
. 0.59
0.81
0.79
1.04
0.90
0.51
0.75

1.16E-05
2.41E-05
5.53E-05
5.53E-05
6.94E-05
9.43E-05
0.0001689
0.0004772

•pc_SQ: fold change in miRNA expression after peripheral (subcutaneous) leptin
administration as compared to vehicle subcutaneous treatment.
bFC_ICV: fold change in miRNA expression after central (intracerebroventricular) leptin
administration as compared to vehicle intracerebroventricular treatment.
•pc_ob/B6: fold change in miRNA expression in vehicle treated ob/ob mice as compared
to the expression in B6 mice.
dadj.P.Val: adj. p-value of regression analysis performed to test for a linear association
between gene expression levels and amount of weight loss.
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Table 10: Downregulated microRNAs involved in leptin mediated weigllt loss.
miRNAS mbol
mmu-miR-802
mmu-miR-365
mmu-miR-34c*
mmu-miR-107
mmu-miR-31 *
mmu-miR-203
mmu-miR-194
mmu-miR-31
mmu-miR-665
mmu-miR-193
mmu-miR-668
mmu-miR-138*
mmu-miR-192
mmu-miR-487b
mmu-miR-675-5p
mmu-miR-455 ·

•pc_SQ:

FC S(f
0.84
0.84
0.49
0.83
0.83
0.99
0.95
0.92
0.58
0.80
0.65
0.59
1.10
0.78
1.14
0.94

FC IC
0.28
0.59
0.53
0.58
0.53
0.48
0.57
0.60
0.57
0.52
0.55
0.56
0.58
0.48
0.76
0.69

FC obfB({
1.68
1.34
1.71
1.38
1.24
1.01
0.96
1.12
1.67
0.98
1.92
1.14
0.89
1.03
1.18
1.45

9.88E-05
0.000106
0.000144
0.000208
0.000361
0.000854
0.000977
0.001501
0.002592
0.004811
0.015705
0.018805

fold change in miRNA expression after peripheral (subcutaneous) leptin
administration as compared to vehicle subcutaneous treatment.
bFC_ICV: fold change in miRNA expression after central (intracerebroventricular) leptin
administration as compared to vehicle intracerebroventricular treatment.
<pc_ob/B6: fold change in miRNA expression in vehicle treated ob/ob mice as compared
to the expression in B6 mice.
dadj .P. Val: adj. p-value of regression analysis performed to test for a linear association
between gene expression levels and amount of weight loss.

Figure 17. Regression plots of top six miRNAs correlated with leptin
mediated weight loss.
The regression analysis was performed using "LIMMA" to identify miRNAs whose
expression is significantly correlated with leptin mediated weight loss. Blue open
circle is vehicle subcutaneous treatment; Blue filled circle is leptin subcutaneous
treatment; Red open circle is vehicle intracerebroventricular treatment; Red filled
circle is leptin intracerebroventricular treatment; Red crossed circle is leptin
intracerebroventricular treatment but no weight loss.
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Figure 18. Heatmap of 28 differentially expressed miRNAs showing
expression levels across different samples.

Each row represents one miRNA and each column represents one sample. Red
indicates higher expression and green indicates lower expression. The global
miRNA expression profiles were compared after the central and peripheralleptin
treatments in ob/ob mice, while C57BL6 mice were used for the baseline gene
expression. Cluster analysis on the miRNA expression data was performed to
group the miRNAs with similar expression patterns across experimental
conditions.

VEH-SQ:

vehicle

subcutaneous

treatment,

LEP-SQ:

leptin

subcutaneous treatment, VEH-ICV: vehicle intracerebroventricular treatment,
LEP-ICV: leptin intracerebroventricular treatment, LEP-ICV*: represents four
animals in which the cannula may not have been in place or treatment failed.
While analyzing the phenotype data, we found that there was no weight loss in
these four animals. Sectioning of the brain could not confirm placement of the
cannula in these animals. The expression of these animals is very similar to the
vehicle treated animals.
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6.3.2.

Identification of Jointly Active Connected Subnetworks.

We used the correlation matrix of 1812 genes/miRNAs and a compiled
network of 262,292 gene-gene I miRNA-gene interactions for detection of jointly
active connected sub-networks using MATISSE. Nine sub-networks were
identified and further analyzed to determine the enriched biological processes
and cellular components. The main hubs of each module were determined based
on the number of edges incident to the node (degree). Further, to explore the
connectedness between these subnetworks, all nine modules were merged using
the hub nodes.
6.3.3.

Modu/e-1

The highest scoring network is shown in module-1 (Figure 19). The main
hubs in this network are Traf6, Cycs, Mcc, a group of ribosomal genes, and a
group of genes involved in electron transport chain. TNF receptor associated
factor-6 (Traf6) is the key adaptor of TLR4 signaling pathway and triggers the
activation of innate immune system response via NF-kappaB signaling (Zhou et
al., 2010). The Cycs gene encodes cytochrome c, which is an essential
component of electron transport chain in mitochondria. This gene is connected to
several ATP-synthase subunits and NADH dehydrogenase subunits in the
network. Cytochrome-c is also involved in initiation of apoptosis and Traf6 has
been shown to be involved in TNF-induced apoptosis and cytochrome-c release.
Mcc, which is a negative regulator of cell cycle and inhibits entry into the S phase,
is upregulated after leptin treatment. Several ribosomal protein genes (Rpl18,
Rpl29, Rpl9, Rplp1, Rps13, Rps2, Rps4x, Rps6, Rps7, Rps9), and eukaryotic
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initiation factors (Eif2b1, Eif5, Eif3i, Eif3k, Eif2s3x, Eif3i, Eif31), which are part of a
dense subnetwork involved in translation are mostly upregulated. The most
enriched biological processes in this network are transport, cellular metabolic
process, electron transport chain, and translation.
6.3.4.

Modu/e-2

The main hub of this network is miRNA miR-203 and other well connected
genes are Esr1, Alb, Pik3r1, Ccnd1, and Stat3 (Figure 20). miR-203 regulates
cell growth and has been shown to be overexpressed in hepatocellular
carcinoma (Furuta et al., 2010) and pancreatic adenocarcinoma (lkenaga et al.,
2010).

miR-203 has also been shown to have a stimulatory effect on the

production of IL-6 via the NFKB pathway (Stanczyk et al., 201 0). This miRNA was
found to be downregulated after leptin treatment. Ccnd1 (Cyclin 01), which is a
cell cycle gene shown to inhibit adipogenesis through histone deacetylase
recruitment (Fu et al., 2005), has a very strong negative correlation with miR-203.
Among the other upregulated targets of miR-203, ontology term "response to
nutrient levels" is enriched, confirming the involvement of this miRNA in leptin
biology,

Esr1 (Estrogen receptor alpha), Ptpn1 (protein tyrosine phosphatase,

non-receptor type 1), and Stat3 (Signal transducer and activator of transcription
3) are downregulated after leptin treatment. These three genes have been
previously reported as involved in leptin signaling (Lund et al., 2005). Alb
(Albumin) which is a carrier protein for steroids, fatty acids, and thyroid hormones
and is synthesized in the liver was down regulated after leptin treatment. Pik3r1 is
a GH-dependent gene which mediates the negative effects of GH on insulin
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signaling (Rhoads et al., 2007). The enriched biological processes of the network
were found to be inflammatory response, macromolecule metabolic process, and
response to stress.

6.3.5.

Modu/e-3

This module contains mmu-miR-16 and mmu-miR-34a as major hub
miRNAs and other highly connected genes are Egfr, Map2k1, Mapk1, Hras1 and
Ywhag (Figure 21). mir-34a plays an important regulatory role in the process of
differentiation, especially in the arrest of cell growth (lchimura et al., 2010) and
miR-16 family induces cell cycle arrest by regulating multiple cell cycle genes
(Liu et al., 2008). The miRNA miR-16 has been implicated in the induction of
apoptosis by targeting Bcl2 (Cimmino et al., 2005) and is also significantly
associated with nutrient-derived signals and controls cell growth. Several genes
involved in the EGFR-Ras-MAPK signaling are enriched in this network. Map2k1
and map2k2 are downregulated whereas Egfr1 and Mapk1 are upregulated after
leptin treatment.

6.3.6.

Modu/e-4

This module is highly enriched in mitochondrial genes mainly involved in
respiratory chain (Figure 22). The Hadhb gene is one of the major hubs of the
network. This gene is known as the part of an enzyme complex called
"mitochondrial trifunctional protein" which catalyzes several reactions in beta
oxidation. These enzymes are essential for a multistep process that breaks down
fats and converts them to energy. The three functions are hydroxyacyi-CoA
dehydrogenase, enoyi-CoA hydratase, and 3-ketoacyl CoA thiolase. This gene is
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the main hub of all mitochondrial genes in the network and is connected to acylGoA dehydrogenases (Acadl, Acadsb), propionyl Coenzyme A carboxylase alpha
and beta (Pcca, Pccb}, Branched-chain keto acid dehydrogenase (Bckdhb),
retinol dehydrogenase 14 (Rdh14), monoamine oxidase (Maob), alcohol
dehydrogenase 1 and 5 (Adh1, Adh5), UDP glucuronosyltransferase 2 family,
polypeptide 835 (Ugt2b35), cytochrome c (Cyc1), isocitrate dehydrogenase 1 & 3
(ldh1, ldh3), and many NADH dehydrogenases (Ndufa4, Ndufa5, Ndufa8,
Ndufa12, Ndufs2, Ndufs3, Ndufs4).
The other major hubs of this module are Actb, Vel, and Ctnnb1. The Actb
(actin, beta) gene is involved in cell motility, structure, and integrity and is a major
constituent of the contractile apparatus. Vel (Vinculin) is a cytoskeletal protein
associated with cell-cell junctions. It is thought to function as one of several
interacting

proteins

involved

in

anchoring

F-actin

to

the

membrane.

Ctnnb1(catenin beta 1) is also involved in the regulation of cell adhesion.

6.3. 7. Modu/e-5
This module is composed of four subnetworks, each centered at miR-19a,
let-7e, miR-101b, and miR-142-5p (Figure 23). Most of the genes in the miR-19a
subnetwork are localized to the nucleus and are involved in regulation of
transcription. Several genes from let-7e subnetwrok encode for trans-membrane
proteins (Gpr137, Pqlc2, St6gal1, Cldn1, Clptm1, Slc12a9, Slc17a2, Slc24a6,
Tor1aip2, and Tmem41a). The genes connected to miR-101 are enriched in the
nucleus and are trans-membrane. The genes connected to miR-142-5p are
enriched in the Golgi apparatus. The enriched biological processes in the whole
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module are the negative regulation of the macromolecule metabolic process and
DNA binding.
6.3.8. Modu/e-6

This module is highly enriched in the genes involved in protein, ketone,
organic acid, oxoacid, carboxylic acid, and amino acid metabolic processes
(Figure 24). The microRNAs miR-15a, miR-194 and miR-365 are part of the
network. miR-15a has been implicated in cell cycle regulation. Its expression is
negatively correlated with cdc14b, which is a protein tyrosine phosphatase
involved in the exit of cell mitosis and initiation of DNA replication. miR-194 is
highly expressed in hepatic epithelial cells and is involved in cell differentiation.
Also, it has been shown that maternal high fat diet during pregnancy and
lactation downregulates the hepatic expression of miR-194 in the adult offspring
(Zhang et al., 2009). Not much is known about the function of miRNA miR-365,
but it was upregulated in NIH3T3 cells after UVB irradiation (Guo et al., 2009).
This miRNA is downregulated after leptin treatment and three of its main targets
(Sgk1, Ugcg, Tpm4) are upregulated. Glucocorticoid-inducible-kinase 1 (Sgk1) is
activated by insulin and growth factors via the PI-3K pathway and regulates
transcription factors NF-kappaB. Sgk1 has a critical role in renal fluid retention
and hypertension, glucose-induced obesity, coagulation and increased matrix
protein formation.

Figure 19.
Modu/e-1: The highest scoring jointly active subnetwork is shown in this figure.

This subnetwork is enriched in "Electron Transport Chain" and "Protein
Synthesis". Several ribosomal proteins (Rps, Rpl) and Translational initiation
factors (Eif) are part of a highly connected sub-module. Each node represents
one gene or microRNA. Red indicates higher expression and green indicates
lower expression after leptin administration. Edge thickness represents the
correlation coefficient between the pairs. Edges with positively correlated pairs
are shown in blue and edges with negatively correlated pairs are shown in pink.
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Figure 20.
Modu/e-2: The main hub of this network is miRNA miR-203 and other well

connected genes are Esr1, Alb, Pik3r1, Ccnd1, and Stat3. The enriched
biological

processes

of

the

network

are

"inflammatory

"macromolecule metabolic process", and "response to stress".

response",
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Modu/e-2
miR-203 and its target genes involved in
"response to nutrient levels".
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Figure 21.
Modu/e-3: Leptin regulates the "arrest of cell growth" pathway through miR-16,

miR-34a and a set of cell cycle genes. Several genes involved in the EGFR-RasMAPK signaling are enriched in this network. This module contains mmu-miR-16
and mmu-miR-34a as major hub miRNAs and other highly connected genes are
Egfr, Map2k1, Mapk1, Hras1 and Ywhag.
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Modu/e-3
Leptin regulates the "arrest of cell growth" through
miR-16, miR-34a and a set of cell cycle genes.
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Figure 22.
Modu/e-4: This module is highly enriched in mitochondrial genes mainly involved

in respiratory chain. The Hadhb gene is one of the major hubs of the network.
This gene is known as the part of an enzyme complex called "mitochondrial
trifunctional protein" which catalyzes several reactions in beta oxidation. These
enzymes are essential for a multistep process that breaks down fats and
converts them to energy.
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Figure 23.
Modu/e-5: This module is composed of four subnetworks, each centered at miR-

19a, let-7e, miR-101b, and miR-142-5p. The enriched biological processes in the
whole module are the "negative regulation of the macromolecule metabolic
process" and "DNA binding".
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Figure 24.
Modu/e-6: Leptin regulates the "metabolic processes" through miR-15a, miR-194

and miR-365. This module is highly enriched in the genes involved in protein,
ketone, organic acid, oxoacid, carboxylic acid, and amino acid metabolic
processes.

The microRNAs miR-15a, miR-194 and miR-365 are highly

connected to these genes in the network.
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6.3.9. Modu/e-7

This module contains microRNAs miR-143, miR-200a, miR-106a, miR125a-5p, miR-135b, and miR-30e* (Figure 25). However, the correlation of
microRNAs to their targets is not strong. Tgfbr2 gene is connected to four
miRNAs and its expression is negatively correlated to miR-135b. This gene has
been identified as one of the candidate causal genes for abdominal obesity
(Yang et al., 2009). This module is enriched in a group of genes that are well
connected and are involved in lipid/fatty acid metabolism. These genes are Bdh2
(hydroxybutyrate dehydrogenase, type 2), Aacs (acetoacetyl-GoA synthetase),
Elovl2 (elongation of very long chain fatty acids-like 2), Ehhadh (enoyi-Coenzyme
A,

hydratase/3-hydroxyacyl

Coenzyme

A

dehydrogenase)

and

Pex7

(peroxisomal biogenesis factor 7). Interestingly, these genes are also connected
to two miRNAs miR-223 and miR-135b through an intermediate gene Abat
(Aminobutyrate aminotransferase). Abat is responsible for catabolism of GABA
(an important, mostly inhibitory neurotransmitter), into succinic semialdehyde.
Another enriched biological process is vesicle mediated transport and the genes
involved in this group are Cd47, Necap1, Sar1b, Cnih, Hook2, Sirpa, Tgfbr2 and
Vldlr. This group has an important role in metabolic processes. Ontology Cellular
Component, "microtubule cytoskeleton", which is the internal framework of a cell
and is composed of microtubules and associated proteins is also highly enriched
in this module. The genes involved in this group are Actr1a, Dctn2, Dynlt3,
Gabarapl1, Hook2, Map11c3b and Usp2.

Figure 25.
Modu/e-7: This module contains microRNAs miR-143, miR-200a, miR-106a,

miR-125a-5p, miR-135b, and miR-30e*. Mian enriched biological process is
"vesicle mediated transport". Cellular Component "microtubule cytoskeleton':
which is the internal framework of a cell and is composed of microtubu/es and
associated proteins is also highly enriched in this module.
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6.3.10. Modu/e-8

Several microRNAs including miR-146a, miR-146b, miR-148a, miR-130a,
miR-142-3p, and let-7c are an integral part of this module (Figure 26). One of the
salient features of the network is the gene Robo1 which has a strong negative
correlation with three microRNAs. In a previous study, an age-varying
association between a SNP in Robo1 and obesity was identified (Lasky-Su et al.,
2008). Robo1, a member of the immunoglobulin gene superfamily, encodes an
integral membrane protein that is both an axon guidance receptor and a cell
adhesion receptor. Robo1 is expressed in adipose tissue, though its function in
this tissue is completely unknown (Lasky-Su et al., 2008). This module can be
sub-divided into six sub-modules. One sub-module is highly enriched in the
genes involved in Glutathione metabolism (Gsta2, Gstm3, Gstp1, Gpx1, Gpx3,
Mgst1, Mgst3, Txndc12) and cytochrome P450 sub-units (Cyp2b10, Cyp3a13,
Cyp3a25, Cyp4a12a, Cyp2c37). This is supported by previous studies, where
alteration in glutathione metabolism has been linked to the pathogenesis of
insulin resistance in obesity (Kobayashi et al., 2009). Another sub-module
centered at let-7c miRNA is enriched in genes involved in leukocyte activation
(Fcer1g, Cdkn1a, H2-Aa, Zap70). The central sub-module is enriched in several
secreted proteins and growth factors such as Cpb2 (carboxypeptidase 82), Ctgf
(connective tissue growth factor), Endod1 (endonuclease domain containing 1),
Gpc1 (glypican1), lgf1 (insulin-like growth factor1), Pig (plasminogen), Serpina1e
and lgfbp2 (insulin-like growth factor binding protein-2).

Figure 26.
Module-S: Leptin mediated regulation on the "Glutathione metabolism" and

several other "immunity modules". Several microRNAs including miR-146a, miR146b, miR-14Ba, miR-130a, miR-142-3p, and let-7c are an integral part of this
module. One sub-module is highly enriched in the genes involved in Glutathione
metabolism. Another sub-module centered at let-7c miRNA is enriched in genes
involved in leukocyte activation. The central sub-module is enriched in several
secreted proteins and growth factors
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6.3.11. Modu/e-9

This is the least scoring module which contains two microRNAs miR-15b
and miR-144 and several genes involved in cellular metabolic process and
oxidation reduction (Figure 27). The highly connected genes of the module are
Pafah1b1 (Platelet-activating factor acetylhydrolase 18 subunit alpha), Dynll1
(Dynein light chain 1), Pla2g12a (phospholipase A2 Group XIIA), Prmt5 (protein
arginine methyltransferase 5), Ddc (dopa decarboxylase), Cyp1a2 (Cytochrome
P450

1A2),

Hprt (Hypoxanthine-guanine

phosphoribosyltransferase).

The

product of Pafah1b1 gene (Lis1) is a component of the brain platelet-activating
factor acetylhydrolase 1b (Pafah1b) complex, and mutation in this gene causes
brain formation disorder caused by defective neuronal migration (Reiner et al.,
1995; Reiner et al., 1993). The entire Pafah1b complex resembles a G-protein
signaling complex. Lis1 also participates in mitosis and regulates the function of
cytoplasmic dynein function and microtubule organization (Smith et al., 2000;
Faulkner et al., 2000). We found a strong positive correlation between this gene
and Dynll1. Two lactate dehydrogenase genes (ldha, ldhd), which catalyze the
conversion of lactate to pyruvate in the final step of glycolysis, are highly
upregulated in the network. This network is also highly enriched in several
metabolic pathways including amino acid metabolic process, nucleoside
metabolic process, heterocycle metabolic process, and nitrogen compound
metabolic process.

Figure 27.
Modu/e-9: This is the least scoring module which contains two microRNAs miR-

15b and miR-144 and several genes involved in cellular metabolic process and
oxidation reduction. This network is enriched in several metabolic pathways
including amino acid metabolic process,

nucleoside metabolic process,

heterocycle metabolic process, and nitrogen compound metabolic process.

108

\.. T
..
__ /

Modu/e-9

/\
~
_..

.. .. \-

10

20

......._

/

Cellular Compartments

B iological Processes

0

..

..I ..

II Genes
30

40

0

50

10

20

II Genes
30

40

50

veSICUlar fraction

em1no acad and denvattve metabolic process

microsome

41

primary metabolic process

ansoluble fraction

nucleoside metabolic process

membrane fractlon

30

nttrogen compound metabolic process

cy1op1asm1c part

42

cellular metabolic process

sotubte fracttOn

oxtda tlon redud ton

-

heterocyae metaboUc process
eeHular mtrogen compound metabolic process
neterocycJe cataboliC process

cell fracbon

4i
N

0
0
0

~

0
0

~
0

P-Value

47

.ntracellutar

metabolic process
0

48

tntraoellular pan

adjP

80
0

cyloplasm
0

0

0
"'
0

0

0

8
0

80
0

P-Value

~

0

0
0

109

6.4. DISCUSSION/SUMMARY
Utilizing global miRNA and gene expression profiles, we found several
important miRNA-mRNA modules and pathways involved in leptin mediated
weight loss. Leptin appears to represent a critical link among nutritional status,
metabolism and immunity. Here we summarize the major findings of our study.
Electron Transport Chain: As expected, leptin caused major changes in several
•
mitochondrial metabolic pathways including the electron transport chain. We

found alterations in several genes in the mitochondria that encode for NADH
dehydrogenase subunits. These genes are highly connected in the networks and
their expressions are highly correlated (Fig 28A, B). NADH Dehydrogenase and
cytochrome c are important components of the mitochondrial electron transport
chain that produces a proton gradient that in turn generates ATP through
oxidative phosphorylation. Pharmacological stimulation of NADH oxidation
ameliorates obesity and related phenotypes in mice (Hwang et al., 2009). In our
study, we found two groups of NADH dehydrogenase genes based on
connectivity and expression. One group mostly composed of units from alpha
subcomplex (Ndufa12, Ndufa4, Ndufa5, Ndufa8) and Fe-S protein (Ndufs3,
Ndufs4, Ndufs2). This group is highly connected to Cytochrome c1 (Cyc1),
cytochrome c oxidase subunits (Cox5a and Cox7a21), and hydroxyacylcoenzyme A dehydrogenase (Hadhb). Hadhb is a subunit of mitochondrial
trifunctional protein, which catalyzes several reactions in the 13-oxidation pathway.
The other group is composed of beta subcomplex subunits (Ndufb2, Ndufb4,
Ndufb5, Ndufb6, Ndufb10), Ndufc2, cytochrome c, and Cox?b. Interestingly, most
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NADH subunits of the alpha complex and Fe-S protein are upregulated after
leptin treatment whereas the subunits of beta complex are downregulated.
Further studies will be required to explain the molecular mechanisms of the
observed differences in the expression of these complexes. All the genes that
are involved in energy production and that responded to leptin treatment are
listed in Figure 29A.
Protein Synthesis: Another major pathway over-represented in the set of genes

affected by leptin treatment is translation initiation (protein synthesis) (Figure
288). It appears that increased energy production is utilized in protein synthesis
via translational regulation genes. This highly connected sub network consists of
several ribosomal proteins (Rps, Rpl) and Translational initiation factors (Eif). We
have listed all the genes that are involved in protein synthesis and respond to
leptin treatment in Figure 298.
Immunity: Leptin has been shown to play a critical regulatory role within the

immune system that affects the course of inflammation (Lago et al., 2007).
Various studies have shown that immune cells respond to pharmacological
doses of leptin. Recent studies have established the regulatory function for leptin
in immunity, regulating hematopoiesis and in the pathogenesis of various
autoimmune diseases (Lam and Lu, 2007; La and Matarese, 2004). Our network
analysis also found that TNF receptor associated factor-6 (Traf6) is a major hub
gene. This gene is known to be a key adaptor of TLR4 signaling pathway and
triggers the activation of innate immune system response via NF-kappa8
signaling (Zhou et al., 2010). Previous studies have shown that Leptin
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upregulates TLR expression in preadipocytes and mature adipocytes (Batra et al.,
2007). The evidence increasingly points to white adipose tissue playing a critical
role as an endocrine organ in the regulation of immune and inflammatory
processes (Stofkova, 2009). TLR-NF-kappaB signaling during immune response
has been linked to microRNA, miR-146 (Taganov et al., 2006). We found that
microRNAs miR-146a and miR-146b were most significantly regulated by leptin.

Glutathione metabolism: Leptin mediated regulation on the "Glutathione
metabolism" involves a subnetwork composed of Cytochrome P450 (CYP) and
glutathione S-transferases (GST) enzymes. These are drug metabolizing and
antioxidant enzyme systems which play a major role in the detoxification and
activation of many xenobiotics and reactive oxygen species. Changes in the
antioxidant defense mechanisms have been seen in the obese rodent model and
alterations in these hepatic enzymes associated with obesity are of great interest.
This is supported by previous studies, where alteration in glutathione metabolism
has been linked to the pathogenesis of insulin resistance in obesity (Kobayashi et
al., 2009).

Arrest of cell growth: Leptin regulates the "arrest of cell growth" pathway
through miR-16, miR-34a and a set of cell cycle genes. We found major
alterations in the EGFRIMAPK signaling cascade. The signal in this pathway
starts when epidermal growth factor (EGF) binds to its receptor (EGFR) on the
surface of the cell and MAPKIERKIRAS communicates the signal to the nucleus,
altering the levels and activities of transcription factors that are important for the
cell cycle and cell differentiation. Previous studies have shown that mir-34a plays
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an important regulatory role in the process of differentiation, especially in the
arrest of cell growth (lchimura et al., 201 0) and that the miR-16 family induces
cell cycle arrest by regulating multiple cell cycle genes (Liu et al., 2008). The
miRNA miR-16 has been implicated in regulation of apoptosis (Cimmino et al.,
2005) and is also significantly associated with nutrient-derived signals and
controlling cell growth. We found another module which is enriched in several
secreted proteins and growth factors including Cpb2, Ctgf, Endod1, Gpc1, lgf1,
Pig, Serpina1e and lgfbp2. Several microRNAs including miR-146a, miR-146b,
miR-148a, miR-130a, miR-142-3p, and let-7c are an integral part of this network.
Metabolic processes: Leptin has been known to alter the expression of several

genes involved in "metabolic processes". Interestingly, we found a connection
between these genes and miR-194, which is abundantly expressed in the liver.
Several genes of this subnetwork are involved in lipid metabolic processes and
lipid biosynthesis including lipoprotein lipase. Lpl is the rate-limiting enzyme for
the hydrolysis of the TG-rich lipoproteins and plays a critical role in free fatty acid
metabolism. The other two microRNAs connected to the genes involved in
metabolic processes are miR-15a and miR-365. We found that leptin treatment
regulates the expression of miR-203 and targets genes involved in "response to
nutrient levels". miR-203 miRNA was found to be downregulated after leptin
treatment. Ccnd1 (Cyclin 01), which is a cell cycle gene has a very strong
negative correlation with miR-203. Gene enrichment analysis revealed that the
ontology term "response to nutrient levels" is enriched in the upregulated targets
ofmiR-203.
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In conclusion, we identified several microRNAs, genes, microRNA-gene
modules, pathways and biological processes that play an important role in leptin
mediated weight loss. Many of these findings have previously been shown to be
associated with obesity.

However, we also identified a number of novel

microRNAs and target genes. These new findings will help researchers in
hypothesis generation to carry out further studies to find the precise molecular
mechanisms of leptin action and in turn discover treatments for obesity.

Figure 28. Alterations in the expression of NADH dehydrogenase subunits.

We found alterations in several genes in the mitochondria that encode for NADH
dehydrogenase subunits. These genes are highly connected in the networks and
their expressions are correlated. We found two groups of NADH dehydrogenase
genes based on connectivity and expression. (A): One group is mostly composed
of units from alpha subcomplex. This group is connected to Cytochrome c1, and
hydroxyacyl-coenzyme A dehydrogenase (Hadhb). (B): The other group is
composed of mostly beta subcomplex subunits.
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B

Figure 29. Genes involved in Energy Production and Protein Synthesis.

Obesity results from the imbalance of energy intake and energy utilization. It is
known that Protein Synthesis is one of energy utilization process. We found
many genes that are involved in Energy Production (A) or Protein Synthesis (B)
and respond to leptin treatment.
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VII. SUMMARY

Recent high throughput technologies such as microarrays have made it
possible to accurately and efficiently monitor transcription levels of thousands of
genes in parallel. Genomic data generated by these microarray experiments offer
tremendous potential for advances in molecular biology and functional genomics.
With the exploding volume of genomics data, analysis and integration of datasets
to extract biological meaning becomes challenging.
Cluster analysis is typically the first step in expression data analysis and
knowledge discovery. The purpose of clustering is to partition a given dataset
into groups based on similar expression patterns. This technique has proven
useful for identifying biologically relevant groups of genes and samples. Many
cluster analysis algorithms have been developed to analyze gene expression
microarray data. However, due to high computational cost, most algorithms are
not time effective and fail when clustering larger datasets. To overcome this
limitation, we have developed a new memory efficient clustering algorithm which
performs clustering of extremely large datasets in minimal time. We have
implemented this algorithm as a software tool (HPC/uster), which is designed to
provide the research community with an easy to use and manageable clientserver Windows application. Unlike the R version of many clustering algorithms,
which require programming experience to run, HPC/uster presents the user with
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a graphical user interface (GUI). HPC/uster is faster than existing algorithms and
is able to analyze much larger datasets. This software is freely available and has
the potential to help the scientific community with more accurate and effective
microarray data analyses.
In the next step, typically the expression data is integrated with other
bioinformatics databases such as Gene Ontology, to extract the biological
processes, molecular functions, and signaling pathways enriched in specific
genes. Network analyses are performed to explore the connection between the
genes of interest and provide us with better insight into the complex myriad of
pathways and interactions that govern the complex phenotypes. Most of these
network analyses lack the combined use of expression similarity and interaction
information. Further, miRNAs have been shown to have an extremely important
role in gene expression regulation and are implicated in a variety of human
diseases. This is still an open area of research and not much is known about the
exact role of miRNAs in complex diseases. The integration of miRNA expression
data with gene expression data will increase our understanding of their specific
role in signaling cascade pathways.
This dissertation is focused on the development of an integrative
genomics approach to identify key signaling pathways and regulatory networks
associated with complex phenotypes. This dissertation has made an attempt to
develop a strategy to combine the gene expression data and miRNA expression
data to generate miRNA regulatory networks that may be associated with
changes observed in gene expression. To accomplish this we proposed an

118
analysis pipeline to extract causal information related to complex phenotypes
such as obesity. We developed new tools to streamline the

proce~s

while

incorporating several publicly available bioinformatics resources. We utilized selfdeveloped tools, bioinformatics resources, network Visualization software,
pathway analysis, interaction networks overlaid with gene expression data, and
gene ontology to identify the molecular mechanisms of leptin mediated weight
loss in a systems-oriented manner. We found several genes, miRNAs,
subnetworks, pathways, biological processes, and miRNA-mRNA modules
affected by leptin treatment in ob/ob mice. Our results indicate that integrating
miRNA expression, gene-expression, gene-ontology, protein-protein interactions,
and miRNA-target interactions may help in finding new targets for common
human diseases.
Certain issues surrounding this process will require more careful
consideration. The extraction of information is based on the reliability of the
interaction databases and target prediction databases. These databases have a
large number of false positives and false negatives which may result in distorted
results.. Efforts are being made to curate these interaction databases and
experimentally validated targets are increasing in number. The proposed
methods will be more useful with the increased reliability of these databases.

VIII. REFERENCES OF LITERATURE CITED

Ahmed,R.L., Thomas,W. and Schmitz,K.H. (2007) Interactions between insulin,
body fat, and insulin-like growth factor axis proteins. Cancer Epidemiol.
Biomarkers Prev., 16, 593-597.
Alizadeh,A.A. et al. (2000) Distinct types of diffuse large B-cell lymphoma
identified by gene expression profiling. Nature, 403, 503-511.
Bartei,D.P. (2004) MicroRNAs: genomics, biogenesis, mechanism, and function.
Cell, 116,281-297.
Batra,A. et al. (201 0) Leptin: a critical regulator of CD4+ T-cell polarization in vitro
and in vivo. Endocrinology, 151, 56-62.
Batra,A. et al. (2007) Leptin-dependent toll-like receptor expression and
responsiveness in preadipocytes and adipocytes. Am. J. Pathol., 170,
1931-1941.
Benjamini,Y. and Hochberg,Y. (1995) Controlling the False Discovery Rate- A
Practical and Powerful Approach to Multiple Testing. Journal of the Royal
Statistical Society Series B-Methodological, 57, 289-300.
Bolstad,B.M. et al. (2003) A comparison of normalization methods for high
density oligonucleotide array data based on variance and bias.
Bioinformatics, 19, 185-193.
Boutilier,R.G. (2001) Mechanisms of cell survival in hypoxia and hypothermia. J.
Exp. Bioi., 204, 3171-3181.
Brennecke,J. et al. (2005) Principles of microRNA-target recognition. PLoS. Bioi.,
3, e85.
Butte,A.J. and Kohane, I.S. (2006) Creation and implications of a phenomegenome network. Nat. Biotechnol., 24, 55-62.
Caro,J.F. et al. (1996) Decreased cerebrospinal-fluid/serum leptin ratio in
obesity: a possible mechanism for leptin resistance. Lancet, 348, 159-161.
Chang,X.H. et al. (2009) Screening for genes associated with ovarian cancer
prognosis. Chin Med. J. (Engl.), 122, 1167-1172.
119

120
Chehab,F.F., Lim,M.E. and Lu,R. (1996) Correction of the sterility defect in
homozygous obese female mice by treatment with the human
recombinant leptin. Nat. Genet., 12, 318-320.
Chen,C.Z. et al. (2004) MicroRNAs
differentiation. Science, 303, 83-86.

modulate

hematopoietic

lineage

Chen,G. et al. (2002) Evaluation and comparison of clustering algorithms in
anglyzing ES cell gene expression data. Statistica Sinica, 12, 241-262.
Cheng,A.M. et al. (2005) Antisense inhibition of human miRNAs and indications
for an involvement of miRNA in cell growth and apoptosis. Nucleic Acids
Res., 33, 1290-1297.
Choi,Y.H. et al. (2003) Melanocortin receptors mediate leptin effects on feeding
and body weight but not adipose apoptosis. Physiol Behav., 79, 795-801.
Cimmino,A. et al. (2005) miR-15 and miR-16 induce apoptosis by targeting BCL2.
Proc. Nat/. Acad. Sci. U.S. A, 102, 13944-13949.
Cohen,P. et al. (2002) Role for stearoyi-CoA desaturase-1 in leptin-mediated
weight loss. Science, 297, 240-243.
Colca,J.R. et al. (2004) Identification of a novel mitochondrial protein
("mitoNEET") cross-linked specifically by a thiazolidinedione photoprobe.
Am. J. Physio/ Endocrinol. Metab, 286, E252-E260.
Dash,M. et al. (2003) Fast hierarchical clustering and its validation. Data &
Knowledge Engineering, 44, 109-138.
Datta,S. and Datta,S. (2003) Comparisons and validation of statistical clustering
techniques for microarray gene expression data. Bioinformatics., 19, 459466.
Du,P., Kibbe,W.A. and Lin,S.M. (2008) lumi: a pipeline for processing lllumina
microarray. Bioinformatics, 24, 1547-1548.
Ducy,P. et al. (2000) Leptin inhibits bone formation through a hypothalamic relay:
a central control of bone mass. Cell, 100, 197-207.
Dyck,D.J. (2009) Adipokines as regulators of muscle metabolism and insulin
sensitivity. Appl. Physiol Nutr. Metab, 34, 396-402.
Eisen,M.B. et al. (1998) Cluster analysis and display of genome-wide expression
patterns. Proc. Nat/. Acad. Sci. U. S. A, 95, 14863-14868.

121
Elam,M.B. et al. (2009) Hepatic gene expression in morbidly obese women:
implications for disease susceptibility. Obesity. (Silver. Spring), 17, 15631573.
Enright,A.J. et al. (2003) MicroRNA targets in Drosophila. Genome Bioi., 5, R1.
Failla,M.L., Kennedy,M.L. and Chen,M.L. (1988) Iron metabolism in genetically
obese (oblob) mice. J. Nutr., 118,46-51.
Falcon,8. and Gentleman,R. (2007) Using GOstats to test gene lists for GO term
association. Bioinformatics, 23, 257-258.
Faulkner,N.E. et al. (2000) A role for the lissencephaly gene Ll81 in mitosis and
cytoplasmic dynein function. Nat. Cell Bioi., 2, 784-791.
Fernandez-Riejos,P. et al. (2010) Role of leptin in the activation of immune cells.
Mediators. lnf/amm., 2010, 568343.
Ferre,T. et al. (2003) Long-term overexpression of glucokinase in the liver of
transgenic mice leads to insulin resistance. Diabetologia, 46, 1662-1668.
Friedman,J.M. (2009) Leptin at 14 y of age: an ongoing story. Am. J. Clin. Nutr.,
89, 9738-9798.
Friedman,J.M. and Halaas,J.L. (1998) Leptin and the regulation of body weight in
mammals. Nature, 395, 763-770.
Friedman,R.C. et al. (2009) Most mammalian mRNAs are conserved targets of
microRNAs. Genome Res., 19, 92-105.
Fukushima,T. and Kataoka,H. (2007) Roles of insulin-like growth factor binding
protein-2 (IGFBP-2) in glioblastoma. Anticancer Res., 27, 3685-3692.
Griffiths-Jones,8. et al. (2006) miRBase: micro RNA sequences, targets and gene
nomenclature. Nucleic Acids Res., 34, D140-D144.
Grimson,A. et al. (2007) MicroRNA targeting specificity
determinants beyond seed pairing. Mol. Cell, 27, 91-105.

in

mammals:

Guo,L. et al. (2009) Differential expression profiles of microRNAs in NIH3T3 cells
in response to UVB irradiation. Photochem. Photobiol., 85, 765-773.
Halaas,J.L. et al. (1997) Physiological response to long-term peripheral and
central leptin infusion in lean and obese mice. Proc. Nat/. Acad. Sci. U. S.
A, 94, 8878-8883.
Handi,J., Knowles,J. and Keii,D.B. (2005) Computational cluster validation in
post-genomic data analysis. Bioinformatics., 21, 3201-3212.

122
Hausman,D.B. et al. (2001) The biology of white adipocyte proliferation. Obes.
Rev., 2, 239-254.
Hirota,K. et al. (2008) A combination of HNF-4 and Foxo1 is required for
reciprocal transcriptional regulation of glucokinase and glucose-6phosphatase genes in response to fasting and feeding. J. Bioi. Chern.,
283, 32432-32441.
Huang,W., Dedousis,N. and O'Doherty,R.M. (2007) Hepatic steatosis and
plasma dyslipidemia induced by a high-sucrose diet are corrected by an
acute leptin infusion. J. Appl. Physiol, 102, 2260-2265.
Hubert,L. and Arabie,P. (1985) Comparing Partitions. J. Classification, 2, 193218.
Hwang,J.H. et al. (2009) Pharmacological stimulation of NADH oxidation
ameliorates obesity and related phenotypes in mice. Diabetes, 58, 965974.
lchimura,A. et al. (201 0) MicroRNA-34a inhibits cell proliferation by repressing
mitogen-activated protein kinase kinase 1 during megakaryocytic
differentiation of K562 cells. Mol. Pharmacal., 77, 1016-1024.
lmoto,S. et al. (2003) Use of gene networks for identifying and validating drug
targets. J. Bioinform. Cornput. Bioi., 1, 459-474.
lnoue,Y. et al. (2002) Defective ureagenesis in mice carrying a liver-specific
disruption of hepatocyte nuclear factor 4alpha (HNF4alpha ). HNF4alpha
regulates ornithine transcarbamylase in vivo. J. Bioi. Chern., 277, 2525725265.
lrizarry,R.A. et al. (2003) Exploration, normalization, and summaries of high
density oligonucleotide array probe level data. Biostatistics., 4, 249-264.
lssandou,M. et al. (2009) Pharmacological inhibition of stearoyi-CoA desaturase
1 improves insulin sensitivity in insulin-resistant rat models. Eur. J.
Pharmacal., 618, 28-36.
John, B. et al. (2004) Human MicroRNA targets. PLoS. Bioi., 2, e363.
Jowsey,I.R., Smith,S.A. and Hayes,J.D. (2003) Expression of the murine
glutathione S-transferase alpha3 (GSTA3) subunit is markedly induced
during adipocyte differentiation: activation of the GSTA3 gene promoter by
the pro-adipogenic eicosanoid 15-deoxy-Delta12, 14-prostaglandin J2.
Biochern. Biophys. Res. Cornrnun., 312, 1226-1235.
Kaizer,E.C. et al. (2007) Gene expression in peripheral blood mononuclear cells
from children with diabetes. J. Clin. Endocrinol. Metab., 92, 3705-3711.

123
Karp,X. and Ambros,V. (2005) Developmental biology. Encountering microRNAs
in cell fate signaling. Science, 310, 1288-1289.
Kerr,K.F. (2009) Comments on the analysis of unbalanced microarray data.
Bioinformatics, 25, 2035-2041.
Kertesz,M. et al. (2007) The role of site accessibility in microRNA target
recognition. Nat. Genet., 39, 1278-1284.
Kobayashi, H. et al. (2009) Dysregulated glutathione metabolism links to impaired
insulin action in adipocytes. Am. J. Physic/ Endocrinol. Metab, 296,
E 1326-E 1334.
Kraj,P. et al. (2008) ParaKMeans: Implementation of a parallelized K-means
algorithm suitable for general laboratory use. BMC. Bioinformatics., 9:200.,
200.
Krek,A. et al. (2005) Combinatorial microRNA target predictions. Nat. Genet., 37,
495-500.
La,C.A. and Matarese,G. (2004) The weight of leptin in immunity. Nat. Rev.
/mmunol., 4, 371-379.
Lago,F. et al. (2007) Adipokines as emerging mediators of immune response and
inflammation. Nat. Clin. Pract. Rheumatol., 3, 716-724.
Lam,Q.L. and Lu,L. (2007) Role of leptin in immunity. Cell Mol. lmmuno/., 4, 1-13.
Lasky-Su,J. et al. (2008) On the replication of genetic associations: timing can be
everything! Am. J. Hum. Genet., 82, 849-858.
Le,G.G. et al. (2007) Study of iron metabolism disturbances in an animal model
of insulin resistance. Diabetes Res. Clin. Pract., 77, 363-370.
Lee,R.C., Feinbaum,R.L. and Ambros,V. (1993) The C. elegans heterochronic
gene lin-4 encodes small RNAs with antisense complementarity to lin-14.
Cell, 75, 843-854.
Lewis,B.P., Burge,C.B. and Bartei,D.P. (2005) Conserved seed pairing, often
flanked by adenosines, indicates that thousands of human genes are
microRNA targets. Cell, 120, 15-20.
Lewis,B.P. et al. (2003) Prediction of mammalian microRNA targets. Cell, 115,
787-798.
Li,C.S. et al. (2009) Thiazole analog as stearoyi-CoA desaturase 1 inhibitor.
Bioorg. Med. Chern. Lett., 19, 5214-5217.

124
Lipshutz,R.J. et al. (1999) High density synthetic oligonucleotide arrays. Nat.
Genet., 21, 20-24.
Liu,Q. et al. (2008) miR-16 family induces cell cycle arrest by regulating multiple
cell cycle genes. Nucleic Acids Res., 36, 5391-5404.
Loh,K. et al. (2009) Reactive oxygen species enhance insulin sensitivity. Cell
Metab, 10, 260-272.
Lund,I.K. et al. (2005) Mechanism of protein tyrosine phosphatase 1B-mediated
inhibition of leptin signalling. J. Mol. Endocrine/., 34, 339-351.
Luscombe,N.M. et al. (2004) Genomic analysis of regulatory network dynamics
reveals large topological changes. Nature, 431, 308-312.
Maffei,M. et al. (1995) Leptin levels in human and rodent: measurement of
plasma leptin and ob RNA in obese and weight-reduced subjects. Nat.
Med., 1, 1155-1161.
Marucci,G. et al. (2008) Gene expression profiling in glioblastoma and
immunohistochemical evaluation of IGFBP-2 and CDC20. Virchows Arch.,
453, 599-609.
Moore,K.J. et al. (2010) microRNAs and cholesterol metabolism. Trends
Endocrine/. Metab.
Munzberg,H. (201 0) Leptin-signaling pathways and leptin resistance. Forum
Nutr., 63, 123-132.
Ntambi,J.M. et al. (2002) Loss of stearoyi-CoA desaturase-1 function protects
mice against adiposity. Proc. Nat/. Acad. Sci. U. S. A, 99, 11482-11486.
O'Conneii,R.M. et al. (2010) MicroRNA-155 Promotes Autoimmune Inflammation
by Enhancing Inflammatory T Cell Development. Immunity.
Pomeroy,S.L. et al. (2002) Prediction of central nervous system embryonal
tumour outcome based on gene expression. Nature, 415, 436-442.
Poy,M.N. et al. (2004) A pancreatic islet-specific microRNA regulates insulin
secretion. Nature, 432, 226-230.
Prada,P.O. et al. (2009) EGFR tyrosine kinase inhibitor (PD153035) improves
glucose tolerance and insulin action in high-fat diet-fed mice. Diabetes, 58,
2910-2919.
Ramani,K. et al. (2008) Leptin's mitogenic effect in human liver cancer cells
requires induction of both methionine adenosyltransferase 2A and 2beta.
Hepato/ogy, 47, 521-531.

125
Rand,W.M. (1971) Objective criteria for the evaluation of clustering methods. J.
Am. Stat. Assoc., 66, 846-850.
Reiner,O. et al. (1995) Lissencephaly gene (LIS1) expression in the CNS
suggests a role in neuronal migration. J. Neurosci., 15, 3730-3738.
Reiner,O. et al. (1993) Isolation of a Miller-Dieker lissencephaly gene containing
G protein beta-subunit-like repeats. Nature, 364, 717-721.
Reinhart,B.J. et al. (2000) The 21-nucleotide let-7 RNA regulates developmental
timing in Caenorhabditis elegans. Nature, 403, 901-906.
Rhoads,R.P. et al. (2007) Effect of nutrition on the GH responsiveness of liver
and adipose tissue in dairy cows. J. Endocrino/., 195, 49-58.
Ritchie,M.E. et al. (2007) A comparison of background correction methods for
two-colour microarrays. Bioinformatics, 23, 2700-2707.
Sabatier,R. et al. (2010) A gene expression signature identifies two prognostic
subgroups of basal breast cancer. Breast Cancer Res. Treat.
Santos,E.S., Perez,C.A. and Raez,L.E. (2009) How is gene-expression profiling
going to challenge the future management of lung cancer? Future. Oncol.,
5, 827-835.
Schena,M. et al. (1995) Quantitative monitoring of gene expression patterns with
a complementary DNA microarray. Science, 270,467-470.
Schena,M. et al. (1996) Parallel human genome analysis: microarray-based
expression monitoring of 1000 genes. Proc. Nat/. Acad. Sci. U. S. A, 93,
10614-10619.
Sethupathy,P., Corda,B. and Hatzigeorgiou,A.G. (2006a) TarBase: A
comprehensive database of experimentally supported animal microRNA
targets. RNA., 12, 192-197.
Sethupathy,P., Megraw,M. and Hatzigeorgiou,A.G. (2006b) A guide through
present computational approaches for the identification of mammalian
microRNA targets. Nat. Methods, 3, 881-886.
Shannon,P. et al. (2003) Cytoscape: a software environment for integrated
models of biomolecular interaction networks. Genome Res., 13, 24982504.
Sharma,A. et al. (2009) A modified hyperplane clustering algorithm allows for
efficient and accurate clustering of extremely large datasets.
Bioinformatics, 25, 1152-1157.

126
Singh,R. et al. (2009) Autophagy regulates lipid metabolism. Nature, 458, 11311135.
Smith,D.S. et al. (2000) Regulation of cytoplasmic dynein behaviour and
microtubule organization by mammalian Lis1. Nat. Cell Bioi., 2, 767-775.
Smyth,G.K. (2004) Linear models and empirical bayes methods for assessing
differential expression in microarray experiments. Stat. Appl. Genet. Mol.
Bioi., 3, Article3.
So,A.I. et al. (2008) Insulin-like growth factor binding protein-2 is a novel
therapeutic target associated with breast cancer. Clin. Cancer Res., 14,
6944-6954.
Stanczyk,J. et al. (2010) Altered expression of miR-203 in rheumatoid arthritis
synovial fibroblasts and its role in fibroblast activation. Arthritis Rheum.
Stofkova,A. (2009) Leptin and adiponectin: from energy and metabolic
dysbalance to inflammation and autoimmunity. Endocr. Regu/., 43, 157168.
Stroncek,D.F. et al. (2009) Global transcriptional analysis for biomarker discovery
and validation in cellular therapies. Mol. Diagn. Ther., 13, 181-193.
Taganov,K.D. et al. (2006) NF-kappaB-dependent induction of microRNA miR146, an inhibitor targeted to signaling proteins of innate immune
responses. Proc. Nat/. Acad. Sci. U.S. A, 103, 12481-12486.
Tamayo,P. et al. (1999) Interpreting patterns of gene expression with selforganizing maps: methods and application to hematopoietic differentiation.
Proc. Nat/. Acad. Sci. U.S. A, 96, 2907-2912.
Thalamuthu,A. et al. (2006a) Evaluation and comparison of gene clustering
methods in microarray analysis. Bioinforrnatics., 22, 2405-2412.
Thalamuthu,A. et al. (2006b) Evaluation and comparison of gene clustering
methods in microarray analysis. Bioinforrnatics., 22, 2405-2412.
Ulitsky,l. and Shamir,R. (2007) Identification of functional modules using network
topology and high-throughput data. BMC Syst. Bioi., 1, 8.
van,'., V et al. (2002) Gene expression profiling predicts clinical outcome of
breast cancer. Nature, 415, 530-536.
Wang,H. et al. (2008) IGFBP2 and IGFBP5 overexpression correlates with the
lymph node metastasis in T1 breast carcinomas. BreastJ., 14,261-267.

127
Warensjo,E. et al. (2007) Polymorphisms in the SCD1 gene: associations with
body fat distribution and insulin sensitivity. Obesity. (Silver. Spring), 15,
1732-1740.
Wheatcroft,S.B. and Kearney,M.T. (2009) IGF-dependent and IGF-independent
actions of IGF-binding protein-1 and -2: implications for metabolic
homeostasis. Trends Endocrine/. Metab, 20, 153-162.
Wheatcroft,S.B. et al. (2007) IGF-binding protein-2 protects against the
development of obesity and insulin resistance. Diabetes, 56, 285-294.
Wiley,S.E. et al. (2007) MitoNEET is an iron-containing outer mitochondrial
membrane protein that regulates oxidative capacity. Proc. Nat/. Acad. Sci.
U.S. A, 104, 5318-5323.
Wu,Z. and lrizarry,R.A. (2005) Stochastic models inspired by hybridization theory
for short oligonucleotide arrays. J. Comput. Bioi., 12, 882-893.
Xu,P., Guo,M. and Hay,B.A. (2004) MicroRNAs and the regulation of cell death.
Trends Genet., 20, 617-624.
Yang,X. et al. (2009) Validation of candidate causal genes for obesity that affect
shared metabolic pathways and networks. Nat. Genet., 41,415-423.
Yeung,K.Y., Medvedovic,M. and Bumgarner,R.E. (2003) Clustering geneexpression data with repeated measurements. Genome Bioi., 4, R34.
Zhang,B. et al. (2004) GOTree Machine (GOTM): a web-based platform for
interpreting sets of interesting genes using Gene Ontology hierarchies.
Bmc Bioinformatics, 5.
Zhang,J. et al. (2009) Maternal high fat diet during pregnancy and lactation alters
hepatic expression of insulin like growth factor-2 and key microRNAs in
the adult offspring. BMC Genomics, 10, 478.
Zhang,T., Ramakrishnan,R. and Livny,M. (1996a) BIRCH: an efficient data
clustering method for very large databases. pp. 103-114.
Zhang,T., Ramakrishnan,R. and Livny,M. (1996b) BIRCH: an efficient data
clustering method for very large databases. pp. 103-114.
Zhang,Y. et al. (1994) Positional cloning of the mouse obese gene and its human
homologue. Nature, 372, 425-432.
Zhou,X.Y. et al. (2010) TRAF6 as the key adaptor of TLR4 signaling pathway is
involved in acute pancreatitis. Pancreas, 39, 359-366.

