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1. Introduction
It is now apparent that many diseases such as diabetes are more complex and
heterogeneous than had been thought just a decade ago. Combinations of varying
causative factors, as well as interactions between environmental and genetic factors all
play a role in the onset of the disease. This complexity has hindered the development of
new effective treatment options for patients, and makes understanding the onset of the
disease difficult. This chapter will focus on a new technology to study diabetes using a
novel unbiased approach, and to develop individualised therapeutics for patients with
diabetes.
1.1 Type 2 diabetes
Diabetes mellitus is characterised by dysregulation of a number of metabolic processes
as a result of abnormal insulin secretion and/or signalling (Saltiel and Pessin, 2002).
Insulin, secreted by the pancreas, is a potent anabolic hormone involved in the
regulation of glucose homeostasis as well as lipid and protein metabolism (Saltiel and
Pessin, 2002). There are two main types of diabetes mellitus. Type 1 diabetes (T1D), is
caused by a defect in insulin secretion by the pancreas, and can be treated by
administration of exogenous insulin. T1D is often caused by an autoimmune disorder,
where the insulin-secreting -cells of the pancreas are destroyed, however, additional
environmental causes such as viruses may also be involved (Tisch and McDevitt, 1996).
In contrast, type 2 diabetes (T2D) is characterised by resistance to the action of insulin in
key metabolic tissues such as skeletal muscle, liver and adipose tissue, coupled with
reduced insulin secretion caused by impaired -cell function in the pancreas (McKinlay
and Marceau, 2000; NIDDK, 2009).
T2D accounts for over 90% of all reported cases of diabetes (Taylor, 1999). The disease is
characterised by peripheral insulin resistance, hyperglycaemia and defective insulin
secretion. Defective insulin signalling in peripheral tissues including muscle, adipose tissue
and the liver, adversely affects whole body glucose homeostasis. Impaired insulin
signalling, coupled with the eventual exhaustion of -cell insulin production, leads to T2D
(Fig. 1). Unlike type 1 diabetes, where insulin therapy can provide effective relief, T2D
requires treatment of insulin resistance, in addition to insulin secretion defects.
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Fig. 1. A simplified overview of the pathogenesis of type 2 diabetes, encompassing insulin
resistance in muscle, adipose tissue and liver, as well as impaired insulin secretion by the cells of the pancreas. Adapted from (Baudry et al., 2002).
1.2 Prevalence and cost of diabetes
There are currently 25.8 million people in the United States living with diabetes, and this
accounts for 8.3% of the population (CDC, 2011). This alarming figure is growing rapidly, with
1.9 million people being newly diagnosed in 2010 alone (CDC, 2011). Diabetes represents a
significant health burden to the US, both in terms of the number of patients currently living
with diabetes, and the huge number of patients estimated to develop diabetes in the coming
years. It has been estimated that there are currently 79 million adults in the US who are prediabetic (as determined by fasting blood glucose or HbA1c levels). The costs associated with
managing the diabetes epidemic were recently estimated at $174 billion annually, and this
figure is set to increase in the coming years. The projected increase in the prevalence of
diabetes, coupled with the already significant economic costs associated with the disease,
make the development of alternative effective treatments an urgent priority.

2. Diagnosis and treatment of type 2 diabetes
2.1 Diagnosis of type 2 diabetes
Diagnosis of T2D, and its precursor insulin resistance, is made difficult by the lack of
symptoms early in the development of the disease, and many cases go undiagnosed. The
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Australian Diabetes, Obesity and Lifestyle study found that half of all subjects studied who
were suffering from T2D had not been previously diagnosed (Dunstan et al., 2002).
Predictors of risk for the development of T2D and cardiovascular disease include body mass
index (BMI), ethnic origin, blood pressure and cholesterol levels (Gavin et al., 2003). Current
clinical guidelines for the diagnosis of diabetes however are based upon blood glucose
measures. The World Health Organisation (WHO) standard criteria for diagnosis of T2D
involve fasting plasma glucose (FPG) and the response to an oral glucose tolerance test
(OGTT). FPG is a measure of plasma glucose after 8 hours of fasting, while the OGTT
measures plasma glucose 2 hours following an intake of 75 g glucose. The current guidelines
are outlined in Table 1.

NGT
IGT
IFG
Diabetes

FPG
< 6.1 mmol/L
< 7.0 mmol/L
6.1 – 6.9 mmol/L
≥ 7.0 mmol/L

OGTT
< 7.8 mmol/L
7.8 – 11.1 mmol/L
< 7.8 mmol/L
≥ 11.1 mmol/L

Abbreviations used: NGT – normal glucose tolerance, IGT – impaired glucose tolerance, IFG – impaired
fasting glucose (WHO/IDF, 2006).

Table 1. WHO guidelines for the diagnosis of diabetes and other hyperglycaemic states.
IGT and IFG are both strong indicators of risk for the development of T2D, with individuals
suffering from both conditions placed at even higher risk (Gavin et al., 2003). IGT is
characterised by peripheral insulin resistance, while defects in insulin secretion coupled
with increased hepatic glucose output characterise IFG (Davies et al., 2000). While the
associated health risks, prevalence and distribution vary for IGT and IFG (Unwin et al.,
2002), the risk of developing T2D is similar for both, and increases further when both IGT
and IFG are present (Gavin et al., 2003).
2.2 Current anti-diabetic treatments
The development of both insulin resistance and impaired glucose tolerance, conditions
which precede the onset of T2D, are closely linked with obesity (Sharma, 2006). Excess
visceral fat, and the hormones and inflammatory factors it releases, coupled with excess free
fatty acid release have been implicated in the development of T2D (Mlinar et al., 2007). For
obese patients exhibiting these symptoms, changes to healthier eating patterns and increases
in exercise can result in improvements to glucose tolerance. However this approach often
fails within the first year of treatment, and therefore the use of various medications is
usually required (Nathan et al., 2006). Lifestyle changes immediately following the
diagnosis of T2D can often be successful in the early treatment of the disease. Unfortunately,
a lack of diagnosis, coupled with difficulties in maintaining lifestyle changes, means that
this is not a treatment option which will be effective in the long term for all patients (Nathan
et al., 2006).
Metformin is an oral antidiabetic agent, based upon the molecule biguanide. Its mechanism
of action involves a reduction in hepatic gluconeogenesis, leading to a reduction in blood
glucose levels (Knowler et al., 2002). This can also have the associated benefit of reducing
blood insulin levels. Metformin has a number of side effects including gastrointestinal
symptoms and has been linked with rare cases of lactic acidosis which can be fatal, although
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evidence for this has been contradicted in some studies (Salpeter et al., 2006). Metformin is
one of only two oral anti-diabetic agents on the WHO list of essential medicines. The second
oral anti-diabetic to be listed by WHO is the drug family known as the sulfonylureas, the
most commonly used drug of which is glibenclamide. The sulfonylureas mechanism of
action involves enhancing insulin secretion (Groop, 1992). For this reason, the sulfonylureas
show their best efficacy in the early stages of the disease when -cell function is still viable.
Side effects associated with the sulfonylureas include hypoglycaemia due to their long half
life in plasma, and weight gain.
The glinides are a family of drugs with a mechanism of action similar to the sulfonylureas,
in that they bind to the same receptor – although at a different binding site – to induce
insulin secretion from the -cells of the pancreas. The glinides have an advantage over the
sulfonylureas in that they have a shorter half life in blood plasma. As such, some glinides
pose a lower risk of hypoglycaemia then some of the sulfonylureas (Kristensen et al., 2000).
Thiazolidinediones (TZDs or glitazones) are an insulin sensitizing family of compounds.
TZDs are ligands for the nuclear transcription factor peroxisome proliferator-activated
receptor (PPAR ). It is through transcriptional regulation of PPAR that this family of
compounds increase the sensitivity of muscle, liver and adipose tissue to the effects of
insulin (Yki-Jarvinen, 2004). However, this family of drugs has been linked to some serious
long term side effects. Troglitazone, first approved for use in T2D patients in 1997, was
withdrawn from the market in 2000 after it was linked to a number of cases of liver
dysfunction and failure (Watkins, 2005). The widely used alternative rosiglitazone has in
recent years been linked to increased cardiovascular disease (Nissen and Wolski, 2010). The
drug has been withdrawn from sale in the UK and New Zealand. While still available in the
US, rosiglitazone is currently branded with additional safety warnings and restrictions on its
use, and sales in recent years have fallen significantly (GlaxoSmithKline, 2010).
Exogenous insulin is a very important therapeutic agent for the treatment of diabetes,
capable of increasing blood insulin levels when -cell function has been impaired, and can
be given in increasing amounts to overcome insulin resistance. However, insulin is also
associated with increases in weight gain, as well as risk of hypoglycaemia if monitoring of
blood glucose levels is not rigorously performed.
Glucagon-like peptide 1 agonists (GLP-1 agonists) are mimics of a protein secreted by the Lcells of the small intestine. They act on GLP-1 receptors in pancreatic -cells, inducing
insulin release. GLP-1 agonists have also been shown to stimulate -cell proliferation
(Drucker, 2003, 2005) and suppress glucagon release and gastric motility, while inducing
weight loss. Side effects of GLP-1 agonists include a decrease in gastric motility, responsible
for the nausea commonly experienced by patients (Kendall et al., 2005).
Amylin is a -cell hormone co-secreted with insulin. Amylin lowers blood glucose levels by
inhibiting glucagon secretion following a meal, and induces satiety by acting upon the area
postrema (AP) neurons within the brain stem (Potes and Lutz, 2010). While amylin forms
aggregates which make it unsuitable as a therapeutic agent, amylin agonists such as
pramlintide can effectively simulate the effects of the physiological amylin. Like GLP-1
agonists, amylin agonists can also induce nausea in patients (Schmitz et al., 2004).
2.3 Problems and adverse effects of current drug therapies
As highlighted above, the currently used range of antidiabetic medicines have a number of
adverse side effects, including hypoglycaemia, fluid retention and weight gain, and gastro-
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intestinal symptoms. As T2D generally progresses over time to a worsening in glycaemic
control, the need to utilise multiple therapies together is unfortunately the reality for many
patients with T2D (Nathan et al., 2006). Difficulties in managing T2D are exacerbated by the
fact that the various drugs available have a wide range of effects in individual patients, in
terms of the magnitude of both efficacy and side effects. In addition to these factors, many of
the current drugs used to treat T2D lose their efficacy over time (Cohen and Horton, 2007).
Therefore, the focus of new treatments has to be on how to personally tailor
pharmacotherapy to suit each patient’s characteristics.
We believe that the reason why current therapies are not effective in all patients is that they
do not address the heterogeneous nature of T2D. A number of different subtypes of insulin
resistance have been described, in a number of different tissues and due to varying insults.
If effective treatments for T2D are to be developed, there is a need to gain a better
understanding of the different subtypes of insulin resistance. Then, the development of new
treatment regimes which specifically target the various subtypes of insulin resistance will be
possible – enabling the development of a personalised medicine approach to T2D.

3. Insulin resistance subtypes
3.1 Insulin resistance subtypes
Insulin resistance is a major risk factor for the development of T2D (Lillioja et al., 1993).
Combating insulin resistance is therefore a key to developing effective treatments for T2D. The
etiology of T2D is multifactorial, with both genetic and environmental factors involved
(Bergman and Ader, 2000). Likewise, the onset of insulin resistance is multifactorial and can
occur in different tissues and arise from multiple causes as depicted in Fig. 2. There are
numerous known insults to insulin signalling and action. Insults to insulin action can be both
endogenous, such as inflammatory cytokines released in response to a fatty meal, and
exogenous, such as the fatty acids themselves, which can lead to the development of insulin
resistance. These subtypes can be mimicked in cell culture based models, as shown in Table 2.
Subtype
Inflammation
ER Stress
Glucocorticoid
Hyperinsulinemia
Oxidative stress
Hyperlipidemia

Causative agents
Cytokines: eg. Some interleukins, TNF
Tunicamycin, Thapsigargin
Dexamethasone
Chronic elevated insulin levels
ROS: eg. Superoxide anions
Long chain, saturated FFAs: eg. Palmitate (16:0) (Chavez and
Summers, 2003)

Table 2. Proposed subtypes of insulin resistance and the insults which can lead to their
genesis in cell models.
While there are a number of factors which may lead to the development of insulin resistance
in various tissues, they do not necessarily develop in complete isolation, and signalling
crosstalk between the various models mentioned above occurs. For example,
hyperlipidemia induced insulin resistance has also been linked to increased generation of
the inflammatory cytokine TNF- through activation of proinflammatory transcription
factor NF-κ (Itani et al., 2002; Jove et al., 2006).
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Fig. 2. The multifactorial nature of T2D. Multiple clinical phenotypes such as abdominal
obesity, polycystic ovary (PCOS) and Cushing’s syndromes, lipodystrophies, chronic levels
of hyperinsulinemia, acromegaly (elevated growth hormone) and chronic infection are all
associated with insulin resistance. The links between the causes of insulin resistance
associated with these phenotypes is not obvious since multiple pathways have been
implicated in the development of insulin resistance, such as hyperlipidemia, elevated levels
of pro-inflammatory cytokines and/or induction of oxidative or endoplasmic reticulum (ER)
stress pathways which may be activated individually or concurrently. Superimposed on this
network of interactions is the genetic variability of each individual that confers a differential
susceptibility to each insult, adding another layer of complexity. However, all of these
insults can cause insulin resistance, albeit via different mechanisms.
We propose that there may be multiple factors contributing to insulin resistance in an
individual. We aim to identify a “signature” or “profile” for each of the causative agents of
insulin resistance. Profiling of patients could then allow the determination of which
subtypes of insulin resistance each individual has. One such subtype of insulin resistance is
that caused by increased saturated fatty acid levels in some obese individuals. We
hypothesise that we can use the profiles to identify a main contributing subtype to a
patient’s insulin resistance. Then we will aim to specifically target that subtype (or subtypes)
in an individual for longer term and personalised management of their metabolic
dysregulation. This will be discussed in further detail below.
3.2 Obesity
The most commonly associated disorder linked with the onset of insulin resistance is obesity
(Cummings and Schwartz, 2003; Granberry and Fonseca, 1999). Obesity is widespread in the
western world, with the recent US National Health and Nutrition Examination Survey
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(NHANES) finding that 67% of Americans aged 20 and above are overweight or obese, with
34% being obese (NCHS, 2008). The WHO estimates that in 2005 there were 1.6 billion adults
worldwide who were overweight, at least 400 million of who were obese. These numbers
are projected to increase to 2.3 billion overweight and at least 700 million obese adults by
2015 (WHO, 2006). The increasing epidemic of obesity will further increase the prevalence of
insulin resistance and T2D within society, making the development of effective treatments a
critical challenge for the 21st century.
As one of the primary risk factors for the development of T2D, obesity warrants extensive
study as a target for the development of additional and alternative therapies. The defining
characteristic of obesity is increased adiposity. Increased availability of free fatty acids (FFA)
in patients with obesity plays a critical role in the development of insulin resistance
(DeFronzo, 2004). There are numerous factors in obesity which can lead to increases in
circulating free fatty acids, including exceeding the storage capacity of adipose tissue by
excess caloric intake (Langeveld and Aerts, 2009), and adipose tissue stimulation by the
paracrine tumour necrosis factor alpha (TNF ) which induces triglyceride metabolism and
free fatty acid release (Ruan and Lodish, 2003). Insulin resistance in adipose tissue can also
lead to excess fatty acid release, due to suppression of the antilipolytic effects of insulin
(Ruan and Lodish, 2003). The direct effects of increased circulating free fatty acids on
macrophages to stimulate release of pro-inflammatory cytokines such as TNF and IL-6 has
also been recently described (for a review see (Bilan et al., 2009)). The onset of insulin
resistance caused by free fatty acids is therefore highly complex, and although direct action
upon target tissues have been described, there are secondary actions upon other tissue types
which further complicate the pathology of the disease. Given the increasing prevalence of
obesity around the world, dissecting the mechanisms by which free fatty acids contribute to
insulin resistance may identify new avenues for effective treatment regimes

4. Previous approaches at characterising insulin resistance
4.1 Classical single target-based approaches
Classical approaches for dissecting insulin resistance involve targeting signalling defects in
both in vitro and in vivo models of insulin resistance. These approaches – including western
blotting for proteins and PCR for genetic data have enhanced our knowledge of insulin
resistance and the mechanisms by which insulin signalling is impaired. However such
approaches rely upon previous knowledge to build a network of signalling connections, and
implicating signalling defects in the observed in vitro or in vivo model being observed. As is
becoming increasingly clear, signalling networks within cells are far more complicated than
previously thought. Single insults (such as fatty acids) not only impact upon insulin
signalling directly, but also on numerous signalling cascades such as inflammatory
pathways, which may be either distally related to insulin signalling or not related at all. This
will result in activation of many kinases, and modification of transcription of a number of
genes, in the process of the cell reaching an equilibrium state.
We now know that the single target or pathway approaches provide too narrow a
window to appreciate the changes induced in complex disease states. While the
contribution of the single target / pathway approaches cannot be denied, in terms of
expanding our knowledge base, a wider approach is now required for the development
of the next line of therapies.
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4.2 Endpoint-based approaches
Endpoint-based approaches have been significant in developing our understanding of the
development of diabetes. Utilising insulin signalling endpoints such as hepatic glucose
output or muscle glucose transport can provide a more global overview of the cellular state
compared with the phosphorylation of a single kinase amongst a signalling network. The
discovery of new therapies targeted against endpoints allow us to bypass the upstream
complexity that hinders the target-based approaches.
4.3 ‘Omics’ approaches
The development of powerful platform technologies such as microarrays has led to a vast
increase in the utilisation of the ‘omics’ type studies. Current mass spectroscopy techniques
allow for the study of nearly the entire lipid or protein fraction of a sample, allowing
characterisation of disease states in an unprecedented way. The requirement to investigate
and treat many diseases with multifactorial natures has necessitated the need for more
powerful technologies to give researchers a “global” view of disease states. The search for
effective early diagnostic tools, insight into the development of disease states, and the
development of new therapies are increasingly relying on one or more of these new
platform approaches.
In the context of obesity, lipidomic approaches are proving to be very useful in identifying
characteristic changes in tissue-specific lipid profiles of patients with T2D (Meikle and
Christopher, 2011), which has been made possible by advances in mass spectroscopy
techniques. Advances have also been applied to the proteomic field. Techniques such as
Stable Isotope Labeling by Amino acids in Cell culture (SILAC) are proving to be powerful
in furthering our knowledge of insulin signalling cascades in both normal and insulin
resistant states, by allowing the investigation of a large number of proteins at once across
multiple samples (Hanke and Mann, 2009).
4.4 Genomics-based approaches
Developed in the mid 90’s for the analysis of the expression of multiple genes in parallel
(Schena et al., 1995), microarray technology can now be used to assess the expression of tens
of thousands of genes in a sample simultaneously. This provides a powerful tool to assess
whole cell transcriptional events for any given cell or tissue in any biological state.
Microarray technology has a range of applications including identifying disease-causing
genes, identifying targets for new therapies and prediction of drug responsiveness (Jayapal
and Melendez, 2006).
Two major applications for microarray technology involve examining gene sets for pathway
analysis, and examining differentially expressed genes between two or more experimental
conditions (Kauffmann and Huber, 2010). Gene set enrichment analysis (GSEA) involves
taking a gene list , ranked according to the difference in expression between the phenotypes
or treatments being investigated. The goal of GSEA is to determine whether members of
specific gene sets (grouped on functional similarity), are ranked together towards the top or
bottom of the list. GSEA therefore indicates whether a correlation exists between differential
expression of that set of genes, and the specific phenotype being investigated (Oron et al.,
2008; Subramanian et al., 2005). This pathway analysis approach to dissecting disease is
complimented well by proteomic approaches which can similarly be used for pathway
analysis.
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The second of the two applications involves performing microarray analysis on gene sets
from multiple experimental conditions, and can be used to identify differentially expressed
genes in differing disease states. This ‘shotgun’ style approach to genome analysis can yield
previously unknown information about the regulation of disease states at the transcriptional
level, which can have important implications for understanding the pathophysiology of
disease. The set of differentially expressed genes can also be used for a diagnostic approach
to the disease. Applying Bayesian Linear statistical modelling to gene sets allows for
selection of a relatively small gene set which can characterise the particular biological state
of the cell or tissue being investigated (Smyth, 2004). This process statistically evaluates
which set of genes have the greatest differential expression between the conditions tested,
and identifies a ‘fingerprint’ indicative of the biological state of the cell or tissue involved,
known as a gene expression signature (GES). Previously, GESs have been applied to the
field of cancer research, for applications such as classifying tumour types and predicting
tumour response to chemotherapy. By classifying tumours into distinct types, and with
knowledge of how each type will respond to particular therapies, clinicians are therefore
able to treat patients more effectively by personalising treatment regimes (Lee et al., 2007).
Personalised medicine approaches such as this are becoming increasingly important tools in
fighting diseases and the use of GES are likewise increasing in disease research.

5. Gene expression signatures
5.1 Gene expression signatures as a diagnostic tool
First described in 2000, GESs were developed in the field of cancer research. The differences in
patient response to therapies led researchers to believe that groups of cancers that were not
able to be histologically characterised were actually a heterogeneous group of tumours.
Seeking a non-biased method for classification, gene expression data was investigated to
search for patterns which could differentiate classes of B-cell lymphomas with differing patient
survival rates (Alizadeh et al., 2000). The main outcome of the study was the finding of two
subgroups, classified on the basis of differential gene expression of hundreds of genes, with
differing survival outcomes for patients. This early study was instrumental in highlighting the
use of gene expression data as a disease classification tool. The power of the GES approach is
that entire genome datasets are narrowed down to the smallest number of genes capable of
robustly characterising differences between biological samples. Using complex statistical
analysis of large datasets, the prediction power of these small subsets of genes has been shown
to be equivalent to the whole dataset. Once developed, the GES tool allows for rapid, reliable
characterisation of various cellular states, which has a number of important applications.
Accurate classification of disease states plays a vital role in diagnosis and treatment. GESs
have been successfully used in a number of different cancer types including breast (Nuyten
et al., 2008; van de Vijver et al., 2002), gastric (Cui et al., 2011), lung, colon and ovarian
cancer (Mettu et al., 2010) to aid in prediction of survival, and to guide clinicians in choice of
treatments for their patients. Recently, GESs have even been applied to predicting the
likelihood of side effects in patients treated by acute radiotherapy (Mayer et al., 2011).
Using GES technology for prediction and/or classification however represents only part of its
potential. The use of GESs for the discovery and development of new therapies is perhaps the
most promising application of this technology. The use of GESs to develop new therapies is
especially powerful when a specific endpoint is known, but intermediate signalling steps or
the molecular targets have not been identified. Provided a model for the disease of interest has

www.intechopen.com

154

Medical Complications of Type 2 Diabetes

been developed, high throughput screening of small molecule libraries can be performed by
assessing the effects of those agents on the mRNA levels of the genes identified as the GES.
The GES approach has been used in a number of cancer models to identify new therapies,
which have increased efficacy over current treatments. For acute myelogenous leukemias, the
identification of inducers of terminal differentiation has opened up new therapeutic avenues
previously unavailable (Stegmaier et al., 2004). For the treatment of Ewing sarcomas, the
targeting of the EWS/FLI oncoprotein had previously been unsuccessful with screening
approaches, until the GES approach was used successfully to identify cytosine arabinoside as a
modulator of the EWS/FLI oncoprotein (Stegmaier et al., 2007).
What makes GESs unique is that the GES genes are not limited to genes known to be
involved in the particular physiological process being investigated. A GES is the minimal set
of genes that best defines the difference between two biological samples – be that a disease
state or the physiological response to a particular drug or chemical. While it is possible that
a GES gene plays a role in the specific model being investigated, it is also possible it does
not, and thus any conclusions based upon the identity of genes in the GES must be
confirmed with subsequent studies.
6. Overview of GES development

Fig. 3. Development procedure for a GES for insulin resistance, based upon (Stegmaier et al.,
2004). mRNA is extracted from in vitro cell culture models of insulin resistance, and
analysed using whole genome microarrays. The GES genes are identified, and validated in
human tissues. The validated GES can then be used to identify novel treatments, as well as
stratify patients. This allows for the personalised treatment of T2D.
6.1 Application to dissecting insulin resistance subtypes
We propose that GESs can be applied to dissect and study insulin resistance subtypes. The
GES methodology described here can be undertaken in either animal tissues or cell culture
models. Due to the high reproducibility required when extracting the data from relevant
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platform technology (for example, microarray), we have found that working in cell culture
systems is the most robust and consistent approach. Once the GES is developed from a cell
culture model, the biological relevance of an in vitro-derived GES requires validation in
human tissue. Validation of the GES in human cohorts tests for a correlation between the
homeostasis model assessment (HOMA) measures of insulin resistance, based upon plasma
glucose and insulin levels (Matthews et al., 1985), and similarity to the GES profile for each
subject. If it can be shown that those patients whose expression profiles were most similar to
the GES showed a greater degree of insulin resistance as indicated by the HOMA score, the
GES is considered to be valid in human tissue. The modelling of insulin resistance subtypes
in the GES models involves the use of a specific insult to induce insulin resistance which are
known to cause insulin resistance in individuals. Such insults include saturated fatty acids
(PA) or mediators of chronic inflammation (TNF ).
The development of a GES in cell culture requires modelling three distinct cellular states relating
to insulin sensitivity. The first state is that of a ‘healthy’, insulin sensitive cell. The second state is
that of a ‘diseased’, insulin resistant cell. This is achieved by treatment of the target cells with the
insulin resistance insult such as TNF or PA. The third state represents a ‘recovered from
disease’ state, which is achieved by treating insulin resistant cells with a cocktail of antidiabetic
agents to restore insulin action. The definition of these three states is deliberate and critical to the
integrity of the GES. Insulin resistance in this model system is measured using a key endpoint of
insulin action, such as glucose uptake in muscle or adipose tissue, or glucose production in the
liver, and will be discussed in further detail below (see section 6.2).
To apply the GES approach to insulin resistance, firstly we assessed the significant changes in
gene expression levels between the ‘healthy’ insulin-responsive cells, and the ‘insulin resistant’
cells to identify the genes which change in response to the insulin resistance-inducing insult. In
order to determine which genes are being affected due to insulin resistance and not nonspecific changes induced by the insult per se, the changes induced by the ‘recovered from
disease’ state was then assessed. Only those genes whose expression levels were significantly
changed in the ‘diseased’ state, and then changed again in the reverse direction in the
‘recovered from disease’ state are used for the development of the GES. It is this group of
genes whose expression are linked to the insulin resistant state of the cell or tissue.
6.2 Characterising insulin resistance in vitro
In order to effectively model insulin resistance in vitro, an endpoint measure of insulin
action is required. Cell-based models offer a number of assays which can be used to
determine insulin signalling in both sensitive and insulin resistant states. In vitro models of
insulin resistance can be developed in each of the main insulin sensitive tissues; muscle,
adipose and liver. One key measure of insulin action in muscle and adipose cells is glucose
uptake. In liver cells, regulation of gluconeogenesis by insulin is one of the key endpoints of
insulin action. These assays work by measuring the relevant endpoint (glucose uptake or
gluconeogenesis) in the presence and absence of an insulin resistance insult to characterise
insulin resistance. As the in vitro cell culture model must be manipulated from healthy to
diseased and then restored, a robust and large dynamic range is needed in the bioassay used
to measure the insulin resistance endpoint parameter.
Reversal of insulin resistance involves assessing a wide range of known insulin sensitisers in the
model of choice. A combination therapy which is able to fully reverse insulin resistance is
selected, based upon its ability to not only reverse insulin resistance, but also avoid negatively
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impacting upon cellular viability. Combination therapy is required, as this will ensure that the
GES is characteristic of an insulin resistant state which has been reversed by a multi-target
approach. There is a greater chance that in drug development the GES will identify novel
therapies, rather than the individual therapies used in its creation – as may happen with a single
treatment GES. Potential reversers of insulin resistance include known antidiabetic drugs such
as the biguanide metformin, TZDs, chemical chaperones such as tauroursodeoxycholic acid
(TUDCA) (Iglesias et al., 2002), antioxidants such as N-acetylcysteine (NAC) (Houstis et al.,
2006), and NSAIDs such as aspirin (Sinha et al., 2004; Yuan et al., 2001).
6.2.1 Personalised treatment for patients
The GES holds promise for personalised treatments for patients by allowing the
stratification of patients based on subgroups of insulin resistance. Once patients are sub
grouped, treatments can be personalised to their individual diagnosis, leading to improved
health outcomes. The subgrouping of patients according to the GES involves measuring the
expression levels of the GES genes in the patient. Regardless of which tissue or cell type the
GES is derived from, a non-invasive, easy to obtain sample is needed to facilitate screening
of as many individuals as possible. A blood sample is ideal for these requirements.
Lymphocyte gene expression profiles have been shown to correlate well with gene
expression profiles of insulin responsive tissues including liver and adipose tissue (Iida et
al., 2006). We propose that by measuring the expression levels of the GES genes in a patients
white blood cells we can subtype patients according to one or more GES. The GES which
best correlates with the gene expression pattern of a patient’s white blood cells will therefore
indicate a specific avenue of treatment for that patient (see Fig. 4).
Insulin resistant patients

Compare patient’s
lymphocyte gene expression
levels against GES models

Highest similarity group → Lowest similarity group

Stratify patients on a continuum
according to their similarity to one
of the GES models → appropriate
treatment regime

Fig. 4. Stratification of patients according to their similarities to the GES models of insulin
resistance.
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6.2.2 Development of “targeted” therapies
The GES can be used to aid in the development of new therapies for T2D, by allowing for
high throughput screening for new drugs with insulin sensitising and antidiabetic
properties. Screening involves treating cells with chemical libraries, which can include
previously known and marketed drugs. After screening the GES genes in the treated cells,
the key analysis is comparing the GES genes in the treated cells with the GES profile of the
specific model being used. Those chemicals which mimic the GES profile of successful
reversal of insulin resistance are identified as the most promising candidate drugs. These
drugs can then be validated both in vitro and in vivo to assess their efficacy. We propose that
new therapies identified via this approach may show increased efficacy in treating patients
subtyped by the same gene expression signature. The subtyping of patients according to
gene expression signatures, as well as the potential for targeted therapies against each
subtype, represents a personalised medicine approach for the treatment of insulin resistance
and T2D.
6.3 Proof of principle: Inflammation-induced cellular “insulin resistance”
As proof of principle, we recently developed a GES for TNF -induced insulin resistance
(Konstantopoulos et al., 2011). Using 3T3-L1 adipocytes as the cell-based model, we
identified 3325 genes whose expression was altered by the induction of insulin resistance by
TNF . Of those genes, only 1022 showed altered expression by the reversal of insulin
resistance with the insulin sensitisers aspirin and troglitazone. From those 1022 genes, a set
of 5 genes were selected whose combined expression profile gave the highest predictive
power to differentiate the insulin resistant state, and the re-sensitised state.
As described above, GESs can be used for screening of patients with T2D. We evaluated this
by assessing whether the in vitro-derived GES for TNF could characterise insulin resistant
subtypes in a human cohort. We used lymphocytes from the San Antonio Family Heart
Study (Mitchell et al., 1996), and measured the expression of 47,289 transcripts in 1,240
individuals from 42 extended families (Goring et al., 2007). The TNF GES of 5 genes was
detected in the human profile dataset, and GES score assigned – comprising the sum of the
absolute values of the standardised expression units of each of the 5 genes. This was tested
for association with HOMA measures of insulin resistance for each subject. Those patients
whose expression profiles were most similar to the TNF GES showed a higher degree of
insulin resistance as indicated by the HOMA score (P<0.001) (Konstantopoulos et al., 2011).
This correlation is consistent with the use of GES technology to characterise an insulin
resistant subtype in this population.
In vitro screening of compound libraries has also been used in this model, assessing the
ability of a given compound to affect the genes identified in the GES (Fig. 5). Screening for
those compounds whose effects on the target genes mirrored the expression profile
observed in the gene expression signature was successful in identifying known and novel
insulin sensitising agents such as non-steroidal anti-inflammatory agents, -adrenergic
antagonists, beta-lactams and sodium channel blockers (Konstantopoulos et al., 2011).
Investigation of the GES genes, and their role in insulin resistance has also yielded positive
outcomes. We conducted a series of studies to assess what role (if any) the GES genes might
play in the development of insulin resistance. Our investigation of the GES gene STEAP4
was mirrored by the results of data published at that time which showed that STEAP4
protects against inflammation and metabolic dysfunction (Wellen et al., 2007). This
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highlighted the utility of the GES in gene discovery related to the particular biological state
being investigated, and is further proof of the power of this technique in investigating
disease states.

3T3-L1 Adipocytes
96 well format

RNA extraction
cDNA synthesis

Signature detection
by multiplex qPCR / MS

Insulin Resistant
3ng/ml TNF for 72hr
Compound Screen
10M each compound
for last 24hr

Normalised gene expression levels in the ‘insulin resistant’ state
Gene expression levels in the ‘insulin re-sensitised’ state

Fig. 5. GES screen of a chemical library. Screening involves assessing the effects of
compounds on the GES profile in insulin resistant cells.
6.4 Identification of palmitate-derived GES from liver cells
Following the development of the TNF GES, a GES for palmitic acid (PA) induced insulin
resistance is currently being developed. The cell model has been established in FAO liver
cells, with insulin resistance achieved after incubating the cells with 75µM PA for 48h. This
insulin resistant phenotype has been reversed by treating PA treated cells with 0.25mM
metformin and 2mM sodium salicylate (NAS) in the final 24 hours of PA incubation (Fig. 6).
This model has been developed using the same statistical modelling as the TNF GES. The
identity of the GES genes for this model is currently being determined.
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Fig. 6. PA induced insulin resistance in FAO liver cells. Insulin stimulation of FAO
hepatocytes decreased glucose production by 34 ± 1% (*, p≤0.005 compared with basal cells,
n=8). Exposure of FAO hepatocytes to 75µM PA for 48h decreased insulin-induced
suppression of glucose production to only 6 ± 3% (*, p≤0.005 compared with PA-treated,
basal hepatocytes, n=8). Addition of 0.25mM metformin and 2mM NAS in the final 24h of
the 48h PA treatment reversed this increase in glucose production, reducing insulinstimulated glucose release to the same levels as observed in vehicle treated cells.
The PA derived GES will be used for the stratification of patient cohorts as described above.
We anticipate that the PA derived GES will identify an insulin resistant subpopulation from
the cohorts we test it in. A key comparison with the different GES models will be the
identity of the subgroups identified, and the degree of overlap (if any) observed in the
groups. Drug screening, as well as investigation of the GES genes will also be performed for
the PA derived GES.

7. Conclusion
The use of ‘omics’ style approaches to disease states such as T2D are becoming increasingly
accepted as one way research should investigate these diseases in the 21st century. The
success of GES technology in the cancer field as both a diagnostic tool and a drug discovery
tool is becoming increasingly apparent, and we have shown this technology is equally
applicable to the study of T2D. As disease research is progressing towards the development
of personalised medicine as the ‘holy grail’ for treatment regimes, we foresee a future where
personalised medicine is seen as the gold standard for patient care. We believe GES
technology will provide a platform for the development of novel, personalised treatments
for patients with T2D.
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