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Abstract

Introduction: Multiple pharmacological treatment options are currently available
for managing type 2 diabetes mellitus (T2DM) with variable safety and extra-
glycaemic profiles. However, clinical guidelines mostly do not have a clear
treatment algorithm for the optimal selection of antidiabetic drugs (ADDs) as
alternative first-line and add-on therapy.

Methods: This thesis comprised multiple studies. First, a systematic review and
meta-analyses (SRMA) of observational studies investigating factors associated with
prescribing ADDs was conducted to identify the gap in this area of research. Second,
retrospective cohort studies were performed using linked routinely collected data
of patients with T2DM who received ADD between Jan/2010 and Dec/2020 to
describe the ADD prescribing patterns and factors influencing ADD
prescribing/selection at drug initiation and first-intensification. Data were analysed
using descriptive statistics and multinominal logistic regression as appropriate.

Results: The identified factors in the SRMA were mapped into four categories;
demographic, socioeconomic, clinical, and prescriber factors. Patient age, sex,
baseline HbAlc, body mass index (BMI), and kidney problems were the most
frequently studied factors. Between 2010 and 2019, 145909 new ADD users with
T2DM were identified in Scotland, with around 91% (N=132382) of patients
receiving a single ADD. Of those, metformin was the most often prescribed
monotherapy (89.7%). Of 145909 new ADD users, 50731 patients were started on
metformin (N=46730) or SU (N=4001) monotherapy and intensified with additional
ADD(s) between Jan/2010 and Dec/2020. Most initial-metformin (98.4%) and initial-
SU users (97.3%) were intensified with single ADD. SU (48.3%) was the most
common first-intensifying monotherapy after initial metformin but was replaced by
SGLT2-l in 2019. Metformin was the most frequently added monotherapy to initial
SU (75%). Nevertheless, there was a significant increase in prescribing newer
antidiabetic classes (SGLT2-l, DPP4-1), opposite to older ones (SU, insulin,
thiazolidinedione). Moreover, multiple clinical (e.g., HbAlc, BMI, etc.) and non-
clinical (e.g., age, sex) factors were associated with ADD selection, yet the extent
and direction of association varied by antidiabetic class.

Conclusions: An overall increase in prescribing newer antidiabetic classes compared
to older ones was observed. Some identified factors associated with the prescribing
choice were consistent with the variability in drug characteristics, but others
(particularly baseline cardiovascular disease) showed inconsistent results.
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Thesis structure

This thesis describes the prescribing pattern and factors influencing the prescribing
choice of antidiabetic drugs for patients diagnosed with type 2 diabetes mellitus at
drug initiation and the stage of first drug intensification in Scotland using multiple
national record-linked datasets. Additionally, it summarises the published literature
that examined factors associated with antidiabetic medication prescribing using a
systematic review and meta-analysis approach. This thesis consists of six chapters:
Chapter one: provides a clinical background on type 2 diabetes mellitus and
discusses the principles of drug utilisation research and its application in the area of
antidiabetic drugs.

Chapter two: is a systematic review and meta-analysis that summarises, classifies,
and quantifies factors associated with antidiabetic drug prescribing, both at the
initiation and intensification stages.

Chapter three: describes the technical process in terms of data request, access,
preparation, and cleaning and provides details about data sources and variables
used in this project.

Chapters four and five: present prescribing patterns of antidiabetic drugs among
patients diagnosed with type 2 diabetes mellitus across Scotland over time and
explore factors associated with the selection of antidiabetic drugs at both drug
initiation (Chapter 4) and stage of first intensification (Chapter 5). They also
describe the baseline characteristics of patients diagnosed with type 2 diabetes who
received one or more antidiabetic drugs in Scotland at both stages of treatment.
Chapter 6: summarises the findings and discusses the strength and limitations of

this work and indicates its implication on clinical practice and future research.
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1 Chapter 1: Background

The purpose of this chapter is to provide a clinical background relevant to the
studied disease of interest and discuss the principles of drug utilisation research
(DUR). It begins with the disease definition and epidemiology, then briefly
summarises diabetes pathophysiology, its related risk factors, and the potential
consequences of the disease. In addition, it describes the management of type 2
diabetes, including details about the available antidiabetic drugs (ADDs) as well as
the treatment algorithms described in the current clinical guidelines with a specific
focus on the recent evidence related to the newer ADDs. Moreover, it introduces

the principles of DUR and its current application on ADDs.

1.1 Definition of diabetes mellitus

Diabetes mellitus (DM) is derived from a Greek word, Diabetes, for a siphon which
means to pass through as a description of passing much urine, and a Latin word,
mellitus, for sweet (Sapra and Bhandari, 2020). DM is a common chronic progressive
metabolic disorder characterised primarily by persistent elevation in serum glucose
level as a consequence of decreasing insulin production and/or increasing insulin
resistance, causing impairment in the carbohydrate, protein, and fat metabolism

(Kharroubi and Darwish, 2015).

1.2 Classification and epidemiology of diabetes mellitus

DM is classified into several categories; type 1 DM (T1DM), type 2 DM (T2DM),
gestational DM (GDM), and other types of diabetes of specific causes such as
maturity-onset diabetes of the young (MODY), disease of the exocrine pancreas,
and drug or chemical induced DM (American Diabetes Association, 2019). The two
main types of diabetes are TLIDM which accounts for around 5-10% of patients with
DM, and T2DM, which occurs in the majority of diabetic individuals (~¥90%) (Sapra
and Bhandari, 2020, Kharroubi and Darwish, 2015).

DM is a disease that affects all nations, according to the International Diabetes

Federation (IDF). In 2021, around 537 million adults aged 20-79 years were



diagnosed with diabetes worldwide, which is projected to rise to 643 million by
2030 and to 783 million by 2045 (International Diabetes Federation, 2021, Sun et al.,
2021). Additionally, it was estimated that globally, around 240 million people living
with diabetes are undiagnosed, and 541 million are expected to have impaired
glucose tolerance (IGT) in 2021 (International Diabetes Federation, 2021). Nonetheless,
the prevalence of diabetes varies across age, sex, geographical region, and world
income level. Generally, the prevalence of diabetes increases by age; in which the
lowest prevalence was noticed among the 20-24 years age group (2.2% in 2021),
and the highest prevalence was among people aged 75-79 years (24.0% in 2021)
(Sun et al., 2021). Also, referring to the IDF report 2021, diabetes was slightly more
prevalent among men than women (10.8% vs. 10.2% aged 20-79 years) (Sun et al.,

2021).

Regarding the regional differences according to the IDF regions classification, at age
20-79 years, the highest comparative prevalence was observed in the Middle East
and North Africa (MENA) Region, while it was lowest in the Africa Region (18.1% vs.
5.3%) (Sun et al., 2021). Plus, it was higher in urban than rural areas (12.1% vs. 8.3%).
About 81% of diabetic people live in low- and middle-income countries, yet the
greatest relative increase in the prevalence of diabetes between 2021 and 2045 is
estimated to be in the middle-income countries compared to the high- and low-
income ones (21.1% vs. 12.2% and 11.9%, respectively) (Sun et al., 2021). Recent
statistics showed that 4.9 million people were diagnosed with DM in the United
Kingdom (UK), where the number of patients has doubled over the past 15 years,
with around 90% of patients having T2DM (Diabetes UK, 2021). The number of
individuals with diabetes in the UK is expected to be 5.5 million by 2030 if no
actions are implemented (Diabetes UK, 2021). In Scotland alone, the Scottish diabetes
survey reported 317,128 patients living with DM in 2020, of which 87.8%(278,239)

had T2DM (The Scottish Diabetes Data Group, 2020).

Diabetes is considered a major cause of mortality, which accounted for 12.2% of
global all-cause mortality in 2021 among people aged 20-79 years, excluding the risk

associated with the COVID-19 pandemic (International Diabetes Federation, 2021).



Diabetes also has an impact on global health expenditure; for instance, the global
diabetes costs for adults aged 20-79 years have increased from USD 232 billion in
2007 to USD 966 billion in 2021 (International Diabetes Federation, 2021). In the UK, at
least 10% of the entire annual budget (around £10 billion) of the National Health
Service (NHS) in both England and Scotland was spent on diabetes, and 80% of the
diabetes budget was spent on treatment of diabetes complications (Diabetes UK,

2021, Colhoun and McKnight, 2020).

1.3 Pathogenesis of T2DM

The main difference between T1DM and T2DM is the underlying cause. T1IDM is
mainly resulted from complete insulin deficiency due to autoimmune destruction of
the pancreatic B-cells of Langerhans; on the other hand, the cause of T2DM is
related to the development of insulin resistance with variable degrees of B-cell
dysfunction based on the stage of the disease (American Diabetes Association, 2019).
Post glucose ingestion, any disturbance in the balance between glucose production
and uptake mostly causes hyperglycaemia. Under normal circumstances, to
maintain a normal glucose level, this elevation in blood glucose concentration
results in, firstly, inhibiting endogenous glucose production and increasing its
uptake by the muscle in a dose-dependent manner independent from insulin
secretion (Cersosimo et al., 2018b). Secondly, stimulating insulin secretion from the
pancreatic B-cell, which has several insulin-mediated actions, including; 1- enhances
glucose uptake by the liver, gut, and peripheral tissues, 2- suppresses endogenous
glucose synthesis by inhibiting glucagon, a peptide hormone secreted from
pancreatic alpha cells which stimulates glucose production by the liver through
glycogenolysis and gluconeogenesis, and 3- inhibits lipolysis (fat metabolism)
leading to a lower level of free fatty acid (FFA) which causes by itself inhibition in
glucose production and stimulation of glucose uptake by the muscle (Cersosimo et
al, 2018b). Defects in any step of this process contribute to developing
hyperglycaemia and T2DM. Accordingly, multiple organs and tissues play a role in
the pathogenesis of hyperglycaemia and T2DM, including the pancreas, liver,

muscle, adipose tissue, brain, gut, and kidney, as demonstrated in Figure 1.1



(Cornell, 2015). All organs and tissues contribute to the development of the disease
by intermediating insulin resistance and/or insulin deficiency. The role of insulin
resistance, insulin deficiency, and other factors in the development of T2DM are

discussed below.
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Figure 1.1: Schematic presentation of the pathogenesis of hyperglycaemia and type 2
diabetes. IGT; impaired glucose tolerance, T2DM; type 2 diabetes mellitus, FFA; free fatty
acid, GLP-1; glucagon-like peptide-1, GIP; glucose-dependent insulinotropic polypeptide.

1.3.1 Insulin resistance

Insulin resistance represents the impaired ability of certain tissues to uptake
glucose and suppress endogenous glucose production in response to insulin release
at a particular concentration (Cersosimo et al., 2018b). Initially, after the start of
Insulin resistance, several mediators are stimulated as a response to reduced insulin
sensitivity, including adipose-related hormones, FFA, and gut-derived glucagon-like
peptide-1 (GLP-1), which in turn stimulate the pancreatic B-cells to release more
insulin thus maintaining an euglycaemic (Normal glucose) state (Pilar Durruty, 2019,
Cersosimo et al., 2018b). However, this compensatory mechanism progressively

worsens over time which initially causes a slight elevation in plasma glucose level



leading to the development of IGT and eventually T2DM when the glucose level is
constantly elevated (Cersosimo et al., 2018b, Pilar Durruty, 2019). Prediabetes or IGT
usually starts several years before the development of T2DM (Cersosimo et al., 2018b,
Pilar Durruty, 2019).

Insulin resistance is mainly manifested in the liver, muscle, and adipose tissue.
Usually, body muscle is responsible for controlling the postprandial or post-meal
glucose level by increasing glucose uptake after carbohydrate intake to be stored as
glycogen by activating glycogen synthase enzyme in response to insulin release
(Pilar Durruty, 2019, Cersosimo et al., 2018b), while the liver mainly controls fasting
glucose level, which is responsible for providing glucose supply overnight to meet
the metabolic need of the brain and other organs. In T2DM, the liver produces more
glucose than normal due to insulin resistance, increasing the supply of glucose
precursors (e.g., lactate), increasing FFA oxidations, and increasing hepatic enzymes
activity (Pilar Durruty, 2019, Cersosimo et al, 2018b). All eventually cause
hyperglycaemia; the contribution of each organ in the development of

hyperglycaemia is illustrated in Figure 1.2.
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Figure 1.2: The role of insulin resistance in the liver, muscle, and adipose tissue in the
development of hyperglycaemia. FFA, free fatty acid.



1.3.2 Pancreatic B-cell dysfunction

Insulin is secreted from B-cells islets of Langerhans in biphasic manners; the first is
the peak lasting for about 10 minutes, followed by a plateau phase lasting 2-3
hours. Both phases are reduced in T2DM (Pilar Durruty, 2019, Meier and Bonadonna,
2013). This reduction in insulin release could be related to abnormalities in the B-
cells’ function and mass (Meier and Bonadonna, 2013). These abnormalities could
have resulted from two underlying causes: firstly, cellular apoptosis due to
glucotoxicity (persistent elevation in glucose level), lipotoxicity (elevation in FFA),
and elevation in the islets amyloid polypeptide (Amylin), which released
concomitantly with insulin and its accumulation promotes apoptosis. Secondly, the
occurrence of the initial cellular defect increases the demand on the remaining B-
cells leading to more cellular exhaustion, creating a vicious circle (Meier and
Bonadonna, 2013, Pilar Durruty, 2019). The initial defect in the B-cell function is
correlated to multiple factors, including obesity, gene defects, and age (Cornell, 2015,
Meier and Bonadonna, 2013). The progressive decline in insulin secretion is the main

factor that mediates the transition of IGT to T2DM.

1.3.3 Others

Other factors contribute to the development of T2DM, including the reduction in
the secretion of incretin hormones from the gut like GLP-1 and glucose-dependent
insulinotropic polypeptide (GIP). GLP-1 and GIP are released after a meal, and they
are responsible for stimulating around 60% of insulin release and inhibiting
glucagon secretion (Meier and Bonadonna, 2013). Furthermore, hyperglycaemia could
be driven by an elevation in the glucagon level because of the reduction in incretin
hormones and the development of alpha-cells insulin resistance, which make
glucagon less responsive to the insulin inhibitory effects (Pilar Durruty, 2019).
Additionally, glucose reabsorption by the kidney into the circulation through
sodium-glucose transporter 2 (SGLT2) in T2DM exceeds the normal situation (Meier

and Bonadonna, 2013).



1.4 Risk factors for T2DM

The identification of disease risk factors is vital for improving disease screening and
addressing appropriate measures to prevent the development of the disease and its
associated complications. Each cause of T2DM, insulin resistance and insulin
deficiency, results from a complex interaction of several genetic and environmental
risk factors; the greater number of risk factors an individual has, the more likelihood
to develop T2DM (Olokoba et al., 2012, Bi et al., 2012). The impact of those risk factors
is summarised in Table 1.1 (Olokoba et al., 2012, Bi et al., 2012, American Diabetes
Association, 2019). Although some factors are not modifiable — e.g., genetic factors —
many can be modified and controlled, particularly lifestyle-related ones (Bi et al.,

2012, Olokoba et al., 2012)

Table 1.1:Risk factors of type 2 diabetes mellitus.

Lifestyle factors

Description

1- Physical Indirect (negative) association (dose-dependent)

inactivity

2- Cigarette Direct (positive) association (dose-dependent)

smoking

3- Obesity Overweight/obese; BMI > 25kg/m2

4- Alcohol Heavy consumption > 50g/day (U-shaped association)

consumption

5- Diet High energy Western diet (high in refined carbohydrates, salts, and
trans-saturated fat and low in fibre) is associated with T2DM risk

Genetic

1- Ethnicity African-Caribbean and South Asians in the UK

Non-Hispanic black population and Hispanic Americans in the USA

2- Family history

Diagnosis in 1°*-degree relatives

Others
1- Medical Hypertension, metabolic syndrome, Cushing syndrome, thyrotoxicosis,
conditions chronic pancreatitis, pheochromocytoma, polycystic ovary syndrome.

2- Medications

Antipsychotic, anti-infective (as fluoroquinolone), antihypertensive (as
beta blocker, thiazide diuretics), glucocorticoids.

3- Age

The risk increases with increasing age




1.4.1 Lifestyle factors

The increasing prevalence of T2DM globally in a short term suggests the significant
role of environmental factors since genes have not changed over this short period.
The most striking factors are low physical activity, consuming an energy-dense diet,
and obesity (Kolb and Martin, 2017).

» Diet:

Consuming a Western diet, characterised by a high content of refined
carbohydrates, salts, and trans-saturated fat and low in fibre, increases the risk of
T2DM directly and indirectly by promoting obesity. In contrast, the intake of some
minerals and micronutrients such as vitamin D, anti-oxidants, and magnesium are

associated with a lower risk of T2DM (Mambiya et al., 2019).

» Physical activity:

A sedentary lifestyle means spending much time doing activities that require
consuming low energy, such as watching television (TV) and sitting while working or
communicating (Rockette-Wagner et al., 2015). Such behaviours, particularly watching
TV, are significantly associated with the incidence of T2DM. According to the 2017
report from the British Heart Foundation, around 20 million adults in the UK were
physically inactive. Only 67% of males and 55% of females met the recommended
physical activity level (at least 150 minutes of moderate-intensity or 75 minutes of
vigorous-intensity activity per week) in England and Scotland (Diabetes UK, 2021). A
meta-analysis (MA) showed that a longer duration of sedentary time was associated
with a 112% higher risk of diabetes (Wilmot et al., 2012). On the other hand, doing
physical activity has an overall non-linear inverse association with diabetes
incidence at all levels of activity; more vigorous activities were linked with a greater
reduction in diabetes risk (26% risk reduction with 150 min/week of moderate

activity vs. 36% with 300 min/week) (Smith et al., 2016).

» Obesity:
Obesity is defined as having a body mass index (BMI, kg/m?) value equal to or

greater than 30 kg/m?2. Obesity is a key risk factor in developing metabolic diseases,



primarily T2DM, in which around 86% of patients with T2DM are obese or
overweight (Saboor Aftab SA, 2014). A study revealed that an increase in body weight
by 1 kg per year for ten years is related to a 49% higher risk of T2DM in the following
ten years (Saboor Aftab SA, 2014). According to the 2017 OECD report, the UK was
rated amongst the 10% of countries with the highest rates of obesity (Baker, 2019). In
Scotland, 29% of people aged > 16 years were overweight or obese (Baker, 2019).

The mechanism that links obesity with T2DM is not completely understood. Obesity
is associated with insulin resistance that is initially compensated by B-cell secretion
of an adequate amount of insulin to overcome the reduction in insulin sensitivity
and maintain a normal glucose level (Al-Goblan et al., 2014). As described previously,
T2DM develops when B-cells are no longer able to do this compensation (Al-Goblan
et al.,, 2014). So, the development of T2DM by obesity requires the presence of B-cell
dysfunction (Al-Goblan et al., 2014).

Furthermore, that could be linked to several factors, including (Al-Goblan et al., 2014):

1- The release of more hormones, cytokines, adiponectin, leptin, pro-
inflammatory mediators, and FFA from adipose tissues in obese individuals
to control body metabolism; all contribute to the development of insulin
resistance.

2- The pattern of fat distribution: female type or central obesity is more linked
to insulin resistance, and it is associated with higher secretion of adiponectin
and FFA.

3- The progressive decline in B-cells that is mediated by genetic susceptibility,

glucotoxicity, and lipotoxicity.

» Other lifestyle risk factors:

Smoking has a dose-dependent relation with the risk of T2DM, in which current
smokers have a 49% higher risk of developing T2DM compared to non-smokers (Bi et
al., 2012). This association can be explained partially by the impact of nicotine on -

cell dysfunction and cell apoptosis as well as the tendency of a smoker to gain



weight when quitting, especially in the abdominal area, which is an important
mediator of T2DM (Bi et al., 2012).

A MA showed that alcohol consumption had a U-shaped association with T2DM;
heavy alcohol consumption (50 g/day) was associated with a higher risk of T2DM,
while moderate alcohol intake reduced the incidence of T2DM by 30% (22g/day for
men and 24 g/day for women) (Baliunas et al., 2009). The association of moderate
alcohol intake with a lower incidence of T2DM could be mediated by promoting
insulin  sensitivity, reducing inflammatory mediators, reducing low-density
lipoprotein (LDL), and increasing high-density lipoprotein (HDL) (Pietraszek et al.,
2010). In contrast, heavy intake may increase the risk of T2DM by causing a defect in
the liver function, increasing the risk of pancreatitis, and increasing the intake of

energy diet, promoting obesity; all are key mediators of T2DM (Bi et al., 2012).

1.4.2 Genetic factors

Environmental factors play a significant role in the development of T2DM.
Nevertheless, it was found that individuals with the same environmental exposure
have a different tendency to develop T2DM, suggesting a strong genetic component
of T2DM as indicated in family and twin studies (Omar, 2013, Mambiya et al., 2019).
For example, having one parent with T2DM increases the risk of having the disease
by 40%, and the risk may increase to around 70% if both parents have T2DM (Prasad
and Groop, 2015, Omar, 2013). This suggests that individuals with a family history (FH)
of first-degree relatives with T2DM are three times more likely to have T2DM (Omar,
2013, Prasad and Groop, 2015). Additionally, part of the variability in the risk of T2DM
among different ethnic groups could be related to genetic differences. For instance,
in the UK, the prevalence of T2DM is 3-5 times higher in minority ethnic groups
(African-Caribbean and South Asian) compared to the White population (Goff, 2019).
Moreover, in the USA, T2DM is more prevalent among non-Hispanic Black and
Hispanic Americans compared to non-Hispanic White and Asian Americans (Golden
etal, 2019).

T2DM is polygenetic in nature, with more than 100 genetic variants having been

identified to be linked with T2DM (Dorajoo et al., 2015). Some genetic loci have been
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suggested to contribute to the pathogenesis of T2DM by disturbing pancreatic B-cell
function, insulin secretion, or insulin action (Sun et al., 2014). The advances in genetic
studies assist researchers in examining the impact of pharmacogenomics on drug
response and achieving glycaemic control (Mambiya et al., 2019). Several genetic
polymorphisms are associated with a patient’s response to ADDs, like Insulin
Receptor Substrate 1 (IRS-1) variant with sulfonylurea, Solute Carrier Family 47
Member 1 (SLC47A1) with metformin, and Solute Carrier Organic Anion Transporter

Family Member 1B1 (SLCO1B1) with repaglinide (Sun et al., 2014, Dorajoo et al., 2015).

1.5 Diagnosis and screening of T2DM

Around one-quarter to one-third of patients are free of symptoms for a long period
before being diagnosed with T2DM and thus tend to have more complications at the
time of disease diagnosis (Diabetes UK, 2021, American Diabetes Association, 2019).
Since early diagnosis and treatment initiation may decrease the burden and
complications of the disease, guidelines of the UK National Institute for Health and
Care Excellence (NICE) and the American Diabetic Association (ADA) have
recommended conducting screening for asymptomatic adults at high risk for
developing T2DM (American Diabetes Association, 2019, National Institute of Health and
Care Excellence, 2021). For screening and diagnostic purposes, it is recommended to
use the following tests: fasting blood glucose test, HbAlc, and oral glucose tolerance
test (American Diabetes Association, 2019, National Institute for Health and Care
Excellence, 2012). Confirming a diagnosis of T2DM requires the presence of
hyperglycaemic symptoms such as polyuria, polydipsia, blurred vision, and
polyphagia, in addition to one abnormal approved plasma glucose test (American
Diabetes Association, 2019). However, one test is not enough in asymptomatic
patients and an additional abnormal glucose test on another day is needed to
confirm a T2DM diagnosis (American Diabetes Association, 2019). The diagnostic
criteria of prediabetes and T2DM are presented in Table 1.2 (World Health

Organisation, 2006, American Diabetes Association, 2019).
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Table 1.2: Diagnostic criteria for prediabetes and T2DM (World Health Organisation, 2006,
American Diabetes Association, 2019)

Diabetes Fasting blood HbA1c** Oral glucose tolerance

stage/diagnostic glucose (FBG)* test (OGTT)***

criteria

Prediabetes 100 mg/dL (5.6 5.7-6.4%(39— 140 mg/dL (7.8 mmol/L)
mmol/L) to 125 47 mmol/mol)  to 199 mg/dL (11.0
mg/dL (6.9 mmol/L) mmol/L)

T2DM >126 mg/dL (7.0 >6.5%(48 >200 mg/dL (11.1
mmol/L) mmol/mol) mmol/L)

*Fasting; no calories for 8 hours, **; not recommended in some conditions such as sickle cell disease,
pregnancy, glucose-6-phosphate dehydrogenase deficiency, haemodialysis, or erythropoietin therapy,
***. using a glucose load containing the equivalent of 75-g anhydrous glucose dissolved in water.

1.6 Diabetes-related complications

People with T2DM are at high risk of developing serious health problems. These
long-term complications are classified into microvascular and macrovascular
complications (Papatheodorou et al., 2018). The pathogenesis of these complications
is complex, but both are related to the exposure of cells to persistent
hyperglycaemia. Hyperglycaemia contributes to the development of complications

through several pathways (Chawla et al., 2016):

1- It causes direct tissue injury and endothelial damage, activating monocytes, thus
inducing the release of inflammatory mediators.

2- It modifies the LDL molecules into more atherogenic ones, enhances the release
of reactive oxygen species (ROS) and pro-inflammatory mediators as nuclear
factor-kB, as well as promotes the formation of advanced glycation end
products (AGEs); AGEs are non-enzymatic glycated plasma proteins, which
accumulate in the cells leading to structural and functional disruption.

3- Induces oxidative stress by increasing the formation of ROS through DNA and
protein destruction, as well as inhibiting anti-atherogenic enzymes like nitric

oxide synthase.

All pathways mentioned above cause an alteration in the blood flow, protein
deposition, and coagulation which eventually promote the development of

atherogenesis in the small (microvascular) and large (macrovascular) blood vessels
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leading to organ dysfunction (Chawla et al., 2016). A number of large-scale
randomised controlled trials (RCTs), such as the United Kingdom Prospective
Diabetes Study (UKPDS), revealed that diabetes-related complications could be
prevented or delayed by achieving adequate glycaemic control (Holman et al., 2008,
Patel et al., 2008). However, these studies showed a greater impact of intensive
glycaemic control on reducing microvascular complications compared to
macrovascular ones (Holman et al., 2008, Patel et al., 2008). Consistently, a prospective
observational study (UKPDS 35) revealed a strong association between glycaemic
control and diabetes-related complications, reporting that a reduction in HbAlc by
1% was associated with a 21% reduction in any end point related to diabetes and
death, 14% reduction in myocardial infarction (Ml), and 37% reduction in

microvascular complications (Stratton et al., 2000).

1.6.1 Microvascular complications

Microvascular complications are mainly manifested by diabetic nephropathy,
neuropathy, and retinopathy. Diabetic nephropathy or diabetic kidney disease (DKD)
is defined as the reduction in the estimated glomerular filtration rate (eGFR) (< 60
ml/min/1.73m2) and/or increment in the urinary albumin excretion (> 30 mg/g of
creatinine) over at least three months after excluding other causes of kidney disease
(Faselis et al., 2020). DKD affects around 25% of the diabetic population, and diabetes
accounts for more than 50% of end-stage renal disease (ESRD) cases (Faselis et al.,
2020). Since the onset of T2DM is insidious, it is recommended to assess the kidney
function at the time of T2DM diagnosis and yearly thereafter (Faselis et al., 2020).
According to the UKPDS, albuminuria was detected in 38% of patients with T2DM
over a median of 15 years, with around 29% developing renal impairment.
Hypertension (HTN) is an independent risk factor for DKD; thus, both the reduction
in HbAlc and blood pressure are associated with improved albuminuria and kidney
function (Faselis et al., 2020).

Diabetic retinopathy (DR) is the most common cause of blindness worldwide,
affecting around one-quarter of patients with T2DM (Faselis et al., 2020). The

prevalence of DR is strongly associated with HTN and dyslipidaemia (Faselis et al.,
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2020). Referring to the Action to Control Cardiovascular Risk in Diabetes (ACCORD)
study, the progression of DR was decreased with intensive glycaemic and lipid
control but not intensive blood pressure control (Chew et al., 2010). However, UKPDS-
38 found that tight blood pressure control reduced the risk of DR progression by
34% (UK Prospective Diabetes Study Group, 1998b).

Lastly, diabetic neuropathy (DN) affects the sympathetic and/or para-sympathetic
nervous system, prevalent in about 20% of patients with T2DM at the time of
disease diagnosis and 50% within ten years of disease duration (Faselis et al., 2020).
Glycaemic control is the most promising method to reduce DN progression, yet the
result of studies are conflicting (Faselis et al., 2020). In addition, DN is a risk factor for
foot ulcers, amputation, and sexual dysfunction (Faselis et al., 2020). A MA showed
that the global prevalence of foot ulceration in T2DM was 6.4%, and it was
associated with age, diabetes duration, BMI, HTN, smoking, and DR (Zhang et al.,
2017). Furthermore, erectile dysfunction (ED) was three times higher among
patients with T2DM, where at least 50% of patients with T2DM developed ED within

ten years of disease diagnosis (Faselis et al., 2020).

1.6.2 Macrovascular complications

Macrovascular complications represent largely cardiovascular diseases (CVDs),
including M, stroke, heart failure (HF), and peripheral arterial disease (PAD). CVD is
the major cause of mortality and morbidity among the diabetic population,
responsible for more than half of diabetic deaths (Kosiborod et al., 2018b). According
to the DISCOVER study program, the prevalence of macrovascular complications
among patients with T2DM was 12.7%, ranging from 4.1% in South-East Asia to
18.8% in Europe (Kosiborod et al., 2018b). Multiple RCTs such as ACCORD and UKPDS
revealed that intensive glycaemic control was associated with a higher risk of
hypoglycaemia and mortality without significantly reducing cardiovascular risk
(Holman et al., 2008, Patel et al., 2008). Since CVDs are multifactorial, several factors
should be addressed (e.g., dyslipidaemia, HTN, obesity, insulin resistance,
albuminuria, and smoking) to reduce the incidence of the disease and the

associated mortality (Martin-Timon et al., 2014).
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1.7 Management of T2DM

Treatment goals of T2DM include preventing or delaying the progression of
diabetes-related complications, limiting the emergence of medication side effects
like hypoglycaemia, and improving patients’ quality of life (Davies et al., 2018). All
organizations have recommended following a patient-centred approach with the
engagement of both healthcare professionals and patients in deciding treatment
plans and setting treatment goals (The Scottish Intercollegiate Guidelines Network, 2017,
Davies et al., 2018, National Institute of Health and Care Excellence, 2021, American
Diabetes Association, 2022). During the first visit, a comprehensive assessment of a
patient’s medical status should be performed to set a patient-specific treatment
goal and formulate an appropriate management plan, including the presence of
complications and other comorbidities, hypoglycaemic risk, and all diabetes risk

factors (American Diabetes Association, 2022).

Glycaemic control can be assessed based on the HbAlc value, which reflects the
average glycaemic status over around three months and is a strong predictor for the
risk of diabetes complications. The targeted HbA1lc level should be determined and
weighted for the glycaemic and extra-glycaemic benefits against the risk of
hypoglycaemia and associated mortality for each patient. Previous evidence did not
support the benefit of intensive glycaemic control on reducing cardiovascular
outcomes and related mortality (Gerstein et al., 2008, Holman et al., 2008, Zoungas et
al., 2014, Duckworth et al., 2009, The ADVANCE Collaborative Group, 2008). Accordingly,
guidelines have suggested a general goal of HbAlc of < 7% for non-pregnant adult
patients. Nevertheless, it is recommended to tailor the goal for the individual
patient considering several factors like having comorbidities, cardiovascular risk,
hypoglycaemic risk, life expectancy, and, most importantly, patient preference
(American Diabetes Association, 2021, National Institute of Health and Care Excellence,
2021, The Scottish Intercollegiate Guidelines Network, 2017). For instance, a goal of 6.5%
is considered more appropriate at disease diagnosis for patients with long life
expectancy and low risk of hypoglycaemia. In contrast, the target should be relaxed

for patients with limited life expectancy, multiple comorbidities, and a high risk of
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consequences from hypoglycaemia (The Scottish Intercollegiate Guidelines Network,
2017, National Institute of Health and Care Excellence, 2021, American Diabetes
Association, 2021). Since hyperglycaemia characterises T2DM, it is fundamental to
manage glucose levels by starting a patient-specific lifestyle modification and
appropriate medical therapy early after disease diagnosis (American Diabetes
Association, 2021, National Institute of Health and Care Excellence, 2021, The Scottish

Intercollegiate Guidelines Network, 2017).
1.7.1 Non-pharmacological approach

Self-management and lifestyle changes are cornerstones for successful glycaemic
control and preventing complications in patients with T2DM (The Scottish
Intercollegiate Guidelines Network, 2017, National Institute of Health and Care Excellence,
2021, American Diabetes Association, 2021). It involves providing structured patient
education at the time of diagnosis and follow-up visits about healthy nutrition,
physical activity, weight management, complications screening, and glucose self-
monitoring (The Scottish Intercollegiate Guidelines Network, 2017, National Institute of
Health and Care Excellence, 2021, American Diabetes Association, 2021). A healthy diet
that is low in carbohydrates (13-33% of total energy), low in fat (20-35% of total
energy), high in fibre (> 14 g/ 1000Kcal), and low in sodium (<2300 mg/d) is very
beneficial in managing weight, glucose level, blood pressure, and lipid level of
patients with T2DM (Marin-Penalver et al., 2016, The Scottish Intercollegiate Guidelines
Network, 2017). Furthermore, regular physical activity, aerobic and resistance types,
positively affect glucose levels and other metabolic factors (The Scottish Intercollegiate
Guidelines Network, 2017, Marin-Penalver et al., 2016). Thereby, patients with T2DM are
recommended to perform physical activity for approximately 30 minutes per day of
moderate-intensity activities for five days per week or at least every second or third
day (The Scottish Intercollegiate Guidelines Network, 2017, Marin-Penalver et al., 2016).
Weight reduction, smoking cessation, and alcohol moderation (not > 40 g/d for
males and not > 24 g /d for females) can also improve glucose level and other

cardiovascular risk factors (The Scottish Intercollegiate Guidelines Network, 2017).
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Patients’ self-monitoring of glucose is crucial for guiding treatment adjustment and
preventing complications, particularly hypoglycaemia (The Scottish Intercollegiate
Guidelines Network, 2017). In addition, healthcare professionals must regularly
perform several tests to monitor glycaemic status and diabetes-related
complications, including HbAlc every 3-6 months, and approximately an annual
assessment of renal functions, lipid profile, and eye examination (National Institute of

Health and Care Excellence, 2021).

1.7.2 Pharmacological approaches:

Despite the proven beneficial effect of lifestyle changes on glycaemic control, it is
difficult for patients to keep on lifestyle interventions for a long time. Because of the
progressive nature of diabetes, the addition of antidiabetic medications is essential
for most patients with T2DM (Marin-Penalver et al., 2016). ADDs are classified based
on their mechanism of action into insulin sensitisers, insulin secretagogues, alpha-
glucosidase inhibitors, and SGLT2- inhibitors (SGLT2-Is) (Marin-Penalver et al., 2016);
Figure 1.3 illustrates the sites of action of all ADDs. Table 1.3 summarises the

characteristics of antidiabetic classes.

Pancreas:
Liver: db

_ _ Insulin secretion
Glucose production [ Insulin

sensitivity _ SU, GLP1-RA, meglitinides,
Metformin, TZDs DPP4-i

~

Kidney: !%\’-: /
Glucose reabsorption .
. 5 3,1 P Intestine: \
Muscle and adipose 'v‘ i:ﬂ SGLT2-]
tissue: ﬂ' Delay glucose absorption,
- Induce satiety

Insulin sensitivity Endogenous GLP1

) Alpha-glucosidase
Metformin, TZDs inhibitors, DPP4-1, GLP1-RA

J

Figure 1.3: Sites of action of antidiabetic drugs. TZDs; thiazolidinediones, SU; sulfonylurea,
DPP4-|; Dipeptidyl peptidase-4 inhibitors, GLP1-RA; Glucagon-like peptide receptors agonist,
SGLT2-i; Sodium glucose co-transporter-2 inhibitors.
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1.7.2.1 Insulin sensitisers

Insulin sensitisers, biguanide and thiazolidinediones (TZDs), enhance the sensitivity
of circulating insulin to its receptors without influencing the amount of insulin
secretion (Marin-Penalver et al., 2016, The Scottish Intercollegiate Guidelines Network,
2017). Metformin is the only currently available biguanide that reduces blood
glucose via complex molecular mechanisms by inhibiting glucose production in the
liver and enhancing insulin sensitivity (Marin-Penalver et al., 2016, The Scottish
Intercollegiate Guidelines Network, 2017). Metformin is considered a drug of choice for
newly diagnosed patients with T2DM, especially for overweight and obese patients
because of its weight-neutral to weight-loss effect (Marin-Penalver et al., 2016, The
Scottish Intercollegiate Guidelines Network, 2017). Nonetheless, metformin is not
recommended in case of renal impairment or with conditions causing volume
depletion because of the high risk of lactic acidosis (American Diabetes Association,
2021). TZDs promote insulin sensitivity by activating the nuclear receptor PPARy,
which has a role in obesity and insulin resistance (Marin-Penalver et al., 2016, The
Scottish Intercollegiate Guidelines Network, 2017). Currently, the only commercially
available TZD in the UK is pioglitazone, while rosiglitazone is no longer used because
of the warning alert related to rosiglitazone-associated cardiovascular risk issued in
May 2007 (The Scottish Intercollegiate Guidelines Network, 2017). Pioglitazone is
contraindicated for patients with stage IlI-IV HF, with an active or history of bladder
cancer, at a high risk of fractures, or with severe hepatic impairment (Marin-Penalver

et al., 2016, The Scottish Intercollegiate Guidelines Network, 2017).

1.7.2.2 Insulin secretagogues

Insulin secretagogues include sulfonylurea (SU), meglitinides, GLP-1 receptor
agonists (GLP1-RAs), and dipeptidyl peptidase-4 inhibitors (DPP4-Is). The older
groups, meglitinides and SU, stimulate insulin secretion by promoting the closure of
ATP-sensitive potassium channels in the membrane of pancreatic B-cells causing cell
depolarization and calcium level elevation, which ultimately lead to insulin secretion
(Marin-Penalver et al., 2016). SU and, to a lesser extent, meglitinides are associated

with weight gain and hypoglycaemia, particularly among elderly patients, those with
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renal or hepatic impairment, and those with hypothyroidism (The Scottish
Intercollegiate Guidelines Network, 2017, Marin-Penalver et al., 2016). On the other hand,
the newer antidiabetic groups (GLP1-RA and DPP4-l) stimulate insulin secretion
differently. GLP1-RA mimics the action of endogenous GLP-1 incretin hormone (The
Scottish Intercollegiate Guidelines Network, 2017, Marin-Penalver et al., 2016), which is
released from the gut in response to food to stimulate insulin secretion, inhibit
glucagon action, slow glucose absorption, and suppress the appetite (The Scottish
Intercollegiate  Guidelines Network, 2017). Accordingly, GLP1-RA mimics the
endogenous hormone with more prolonged action because of its lower affinity to
the DPP-4 enzyme, responsible for the degradation of the endogenous GLP-1
incretin hormone (The Scottish Intercollegiate Guidelines Network, 2017, Marin-Penalver
et al., 2016). Likewise, DPP4-| increases the activity of endogenous GLP-1 hormone
by inhibiting DPP-4 enzyme. Both DPP4-| and GLP1-RA should not be prescribed for
patients with a history of pancreatitis and GLP1-RA should not be used in severe
renal impairment, while DPP4-I| is contraindicated in severe hepatic impairment (The

Scottish Intercollegiate Guidelines Network, 2017, Marin-Penalver et al., 2016).

GLP1-RA and DPP4-Is have a lower risk of hypoglycaemia and a more favourable
effect on body weight compared to SU (The Scottish Intercollegiate Guidelines Network,
2017, Marin-Penalver et al., 2016). GLP1-RAs were found to have a weight-loss effect
which could be driven by the glucagon extra-pancreatic effects, including slowing
gastric emptying and inducing early satiety (Andrikou et al., 2019, Ard et al., 2021). In
addition, large cardiovascular outcome studies have shown a potential
cardioprotective effect of GLP1-RA in terms of reducing the risk of non-fatal Ml, non-
fatal stroke, cardiovascular mortality, and HF hospitalisation, yet these effects were
more prominent among patients with established CVD (Giugliano et al., 2021, Zelniker
et al., 2019b). The cardiovascular benefits of GLP1-RA could be mediated directly by
their anti-atherosclerotic and anti-inflammatory effects, along with modifying
cardiovascular risk factors such as promoting weight loss and improving abnormal
lipid profiles (Andrikou et al., 2019). Moreover, a reduction in macroalbuminuria has

been observed among patients with T2DM who were treated with GLP1-RA
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(Giugliano et al., 2021, Zelniker et al., 2019b). Albuminuria is a strong predictor of renal
function, and the renal protective effects of GLP1-RA might be driven by their
benefits in improving blood pressure, body weight, and glucose levels (Greco et al.,
2019). All GLP1-RAs are available in injecTable form except semaglutide oral
formulation, which became available in Scotland in 2020 (The Scottish Intercollegiate

Guidelines Network, 2017, Marin-Penalver et al., 2016).

1.7.2.3 Alpha-glucosidase inhibitors

Alpha-glucosidase inhibitors (e.g., acarbose) bind to alpha-glucosidase enzyme with
higher affinity than carbohydrates, thereby delaying the absorption and digestion of
carbohydrates, and thus reducing postprandial glucose levels (Marin-Penalver et al.,
2016). The most common side effects of alpha-glucosidase inhibitors are
gastrointestinal-related, including flatulence and abdominal pain; hence, they are
contraindicated for patients with chronic intestinal disorders (Marin-Penalver et al.,

2016).

1.7.2.4 Sodium glucose co-transporter-2 inhibitor (SGLT2-I)

SGLT2-l is the newest class of ADDs that was introduced into the UK market in 2013
(Ramzan et al., 2019). SGLT2-Is act independently from pancreatic cells, inhibiting
glucose reabsorption from the kidneys and increasing urinary excretion by blocking
the activity of SGLT2 protein, which is located in the renal-proximal tubule and
responsible for approximately 97% of glucose reabsorption from the kidneys (The
Scottish Intercollegiate Guidelines Network, 2017, Marin-Penalver et al., 2016). SGLT2-Is
have shown a modest reduction in HbAlc by around 0.5% to 1% (Zelniker and
Braunwald, 2018), yet they are associated with a low risk of hypoglycaemia as their
mechanism in glucose reduction is independent of insulin secretion (Marin-Penalver
et al., 2016, The Scottish Intercollegiate Guidelines Network, 2017). In addition, this class
has the advantage of promoting weight loss (around 1-3 kg), which could be
resulted from enhancing fat metabolism (lipolysis) as well as reducing the required
insulin dose and the associated hyperphagia (Lee et al., 2018, Pereira and Eriksson,

2019). The weight loss effect of SGLT2-Is is dose-dependent, and it increases when
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combined with other drugs with weight-lowering effects, such as GLP1-RA (Pereira

and Eriksson, 2019).

Furthermore, several clinical trials and observational studies revealed that SGLT2-Is
have a protective effect against cardiovascular and renal outcomes, including Ml,
stroke, HF, cardiovascular death, all cause-mortality, albuminuria, serum creatinine,
and the need for renal replacement therapy (Zelniker et al., 2019a, Kosiborod et al.,
2018a, Kosiborod et al., 2018¢c, Seidu et al., 2018, Zheng et al., 2021). Cardiovascular
protective effects of this class could be mediated directly by reducing vascular
resistance and improving myocardial function as well as indirectly by decreasing
blood pressure through its natriuretic effects and reducing the level of uric acid,
body weight, and oxidative stress (Rabizadeh et al., 2019). Additionally, its renal
benefits could be linked to their natriuretic effects that cause a reduction in the
intra-glomerular pressure, which may lead to an initial transient decrease in the
eGFR, in addition to its favourable effects on blood pressure, body weight, and
blood glucose, which are important contributing factors of renal disease (Rabizadeh
et al., 2019). Nevertheless, SGLT2-Is are currently not recommended with low eGFR
of < 60 (ml/min/1.73m2) because of their limited efficacy in reducing glucose level

at this stage of kidney function (The Scottish Intercollegiate Guidelines Network, 2017).
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Table 1.3: Features of antidiabetic drugs (Marin-Penalver et al., 2016, International Diabetes Federation, 2017, The Scottish Intercollegiate
Guidelines Network, 2017)

Feature Metformin Sulfonylurea TZD DPP4-| SGLT2-I GLP1-RA Alpha-Glucosidase
Inhibitors

Hypoglycaemic risk Low Moderate-high Low-moderate Low-moderate Low Low low
Weight Loss or neutral Gain Gain Neutral Loss Loss Neutral
Adverse effects - Mainly; Gl as Mainly, hypoglycaemia Mainly, Fluid Well-tolerated, may Mainly, genital mycotic -Mainly GI Mainly GI; flatulence,

diarrhoea, nausea. retention cause: Headache, infections Others: UTI, - Injection site abdominal pain,

-Lactic acidosis risk; Other: increase nausea, and rash. increase risk of fracture. reactions nausea

not common fracture risk and Rare: pancreatitis DKA, and peripheral
bladder cancer amputation
risk.
Major CV benefit Benefit, mortality Neutral Neutral Neutral Benefit; decrease CV Benefit, Liraglutide Neutral
and HF and Ml risk but not Increase HF Risk of HF death, incidence of Ml and  decrease CV death,
stroke or PAD. hospitalization hospitalization stroke. rate of Ml and
risk increased with stroke but not HF
saxagliptin
Other advantages Favourable effect Favourable -Decrease blood pressure. -Decrease blood
on lipid profile effect on lipid -Favourable effect on lipid pressure
profile. profile -Favourable effect
- Renal protective effect on lipid profile

In CKD stage 3a,3b 3a; Dose reduction With caution, higher No renal Need dose reduction Do not initiate No renal No renal adjustment

3b; Contraindicated  risk of hypoglycaemia adjustment except linagliptin adjustment
In CKD stage 4, 5 Contraindicated Not recommended No renal Need dose reduction Contraindicated Contraindicated Contraindicated

except glipizide and adjustment except linagliptin

gliclazide; lower
hypoglycaemic risk

Gl; Gastrointestinal, CV; cardiovascular, HF; heart failure, MI; myocardial infarction, PAD; peripheral arterial disease, CKD; chronic kidney disease, UTI; urinary tract
infection, DKA; diabetic ketoacidosis., TZD; thiazolidinedione, GLP1-RAs; GLP-1 receptor agonists, SGLT2-I; sodium-glucose transporter 2 inhibitors, DPP4-Is;
dipeptidyl peptidase-4 inhibitors .
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1.7.3 Treatment guidelines

Several clinical guidelines have been developed, providing recommendations on the
management strategy of T2DM. The international (IDF) and national (NICE, The
Scottish  Intercollegiate Guidelines Network (SIGN), ADA) guidelines have
recommended metformin as the drug of choice for T2DM management in the
absence of contraindication and catabolic/hyperglycaemic symptoms (international
Diabetes Federation, 2017, The Scottish Intercollegiate Guidelines Network, 2017, National
Institute of Health and Care Excellence, 2021, American Diabetes Association, 2021). This
recommendation was made based on the results of clinical trials such as UKPDS 34,
which showed the superiority of metformin over the conventional treatment with
SU and insulin in overweight patients in terms of glycaemic control (7.4% vs. 8%),
all-cause mortality (36%, p=0.011), and risk of Ml (39%, P=0.01) (UK Prospective
Diabetes Study Group, 1998a). Thereby, the choice of metformin as a first-line
therapy in almost all guidelines is related to its general safety, tolerability,
effectiveness, low cost, and favourable impact on body weight, CVD risk, and
mortality (American Diabetes Association, 2021). If a patient is initially presented with
hyperglycaemic (polyuria, polydipsia, blurred vision) or catabolic (weight loss,
ketosis) symptoms, sulfonylurea or insulin should be started until symptoms resolve
(The Scottish Intercollegiate Guidelines Network, 2017, National Institute of Health and Care
Excellence, 2021, American Diabetes Association, 2021). ADA has also recommended
introducing insulin early in the treatment in case of extremely high glucose level
manifested by an HbAlc value of > 10% or blood glucose level of > 300 mg/dL

(American Diabetes Association, 2021).

Despite the fact that the majority of patients with T2DM are usually started on
monotherapy, some individuals need to be initiated on combination therapy. The
IDF and ADA guidelines recommended considering initiating dual therapy for
patients presenting with an HbAlc value that is 1.5-2% above the target
(International Diabetes Federation, 2017, American Diabetes Association, 2021). In
addition, because of the progressive nature of the disease, most patients require

additional drug therapy to maintain the targeted glycaemic control since with time,
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insulin secretion from the pancreas decreases, and body tissues become less
responsive to insulin (American Diabetes Association, 2021). Nevertheless, there is no
consensus in the clinical guidelines regarding the selection of additional ADDs when
patients do not achieve glycaemic control after 3-6 months of initial therapy or for
selecting an alternative therapy in case of contraindication or poor tolerance to
metformin (The Scottish Intercollegiate Guidelines Network, 2017, National Institute of
Health and Care Excellence, 2021, American Diabetes Association, 2021). Treatment
guidelines have recommended considering several drug- and patient-related factors,
such as the presence of comorbidities, hypoglycaemic risk, drug side effects, drug
cost, drug effect on body weight, and patient preferences for deciding the optimal
ADDs for an individual patient (The Scottish Intercollegiate Guidelines Network, 2017,
National Institute of Health and Care Excellence, 2021). For example, if a patient has
established CVD, is at high risk for CVD, has HF, or has chronic kidney disease,
guidelines have recommended either SGLT2-Is or GLP1-RA with proven
cardiovascular and renal benefits, considering other patients factors such as the
baseline renal and hepatic function (The Scottish Intercollegiate Guidelines Network,

2017, National Institute of Health and Care Excellence, 2021, American Diabetes

Association, 2021).

Moreover, some patients, especially those with long-standing diabetes, eventually
need to add a third therapy with an oral or injectable ADD, where the selection
primarily depends on the value of BMI, the risk of hypoglycaemia, and cost (The
Scottish Intercollegiate Guidelines Network, 2017, National Institute of Health and Care
Excellence, 2021, American Diabetes Association, 2021). The available injectable ADDs
are GLP1-RA and insulin, yet it has been stated that adding a third oral therapy or an
injectable GLP1-RA is preferred over insulin addition whenever possible, related to
the lower risk of hypoglycaemia, lower need for glucose monitoring, and better
extra-glycaemic profile of some of the non-insulin ADDs (The Scottish Intercollegiate
Guidelines Network, 2017, National Institute of Health and Care Excellence, 2021, American
Diabetes Association, 2021). Table 1.4 highlights the similarities and differences in

T2DM management as recommended by the SIGN, NICE, and ADA guidelines. The
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three guidelines shared the same recommendation of using metformin as a first-line
therapy for newly diagnosed patients with T2DM. However, there are some
variabilities across the guidelines regarding the choice of alternative initial
monotherapy, initial dual therapy, and intensifying therapy. The ADA guideline
provided more definitive recommendations compared to the SIGN and NICE
guidelines. For instance, the SIGN guideline has recommended SU as the first
alternative therapy to initial metformin, and the other antidiabetic classes are
recommended if SU is contraindicated. In contrast, in the NICE and ADA guidelines,
SU was not preferred over the other antidiabetic classes as an alternative therapy to
first-line metformin. Neither SIGN nor NICE guidelines have stated when dual
therapy should be used as a first-line therapy for T2DM management. In addition,
there is no clear guidance in the treatment algorithm of the SIGN guideline
regarding the conditions where insulin should be used as first-line therapy.
Additionally, baseline BMI guides the selection of injectable drugs as a third-line

therapy according to the SIGN guideline (Table 1.4).
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Table 1.4: Type 2 diabetes treatment according to ADA, SIGN, and NICE guidelines (The Scottish Intercollegiate Guidelines Network, 2017, National
Institute of Health and Care Excellence, 2021, American Diabetes Association, 2021).

Feature

ADA

SIGN

NICE

1- First line (monotherapy);

Metformin

Metformin

Metformin

A- If osmotic or catabolic
symptoms present

Consider insulin

Consider sulfonylurea

Consider sulfonylurea or insulin.

B- If metformin is
contraindicated or not
tolerated

Any class based on patients
feature

Sulfonylurea: If it is
contraindicated, consider DPP-4
inhibitors, pioglitazone or SGLT2

inhibitors

Sulfonylurea (SU), DPP-4 inhibitors or
pioglitazone. SGLT2 inhibitors only if; 1-

DPP4-i otherwise prescribed. 2-

Pioglitazone and SU are contraindicated.

C- Insulin

A1C> 10% or blood glucose 2
300 mg/dL (16.7 mmol/L)

No clear recommendation

Start insulin-based regimen if HbAlc > 9%.

2- First line (dual therapy)

Consider if patients presenting
with HbA1lc 1.5-2% above their
target

No clear recommendation

No clear recommendation

3- Second line (first
intensification; dual therapy):
HbA1lc not at goal after 3-6
months

-If patients have established or
at high risk of ASCV, has
established kidney disease, or
HF; consider SGLT2-i or GLP1-
RA.

-Otherwise; guide based on
patients’ profile

Guide based on patients’ profile;
SU, SGLT2-i, DPP4-i, or
pioglitazone

SU, DPP4-i, or pioglitazone.

SGLT2-i only if SU is contraindicated or

high risk of hypoglycaemia.

4- Third line (second
intensification; triple therapy):
HbA1lc not at goal after 3-6
months

-Guide based on patients’
profile, additional oral therapy,
or injectable drugs.

Add oral agent from different class

or injectable agent; If BMI >30, add

GLP1 agonist. If BMI <30, add basal
insulin.

metformin + SU + either pioglitazone or
DPP4 inhibitor or Insulin based regimen.
GLP1-RA, SGLT2-I for specific condition
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1.8 Utilisation and treatment patterns of antidiabetic drugs

1.8.1 Drug Utilisation Research (DUR)

DUR is a broad area of research including multiple descriptive and analytical
methods for quantifying and evaluating prescribing, dispensing, and consumption of
drugs, as well as evaluating the interventions to optimise the quality of these
processes (Wettermark et al., 2016). DUR focuses on several aspects of medication
utilisation, including medical (benefits/risks), social (appropriateness of drug use),

and economic (cost of drug treatment) aspects.

DUR is also linked with other scientific disciplines, such as clinical pharmacology.
While clinical pharmacology research focuses on examining the efficacy and safety
of medicines in clinical trials under an ideal, strict, and controlled situation, DUR
evaluates the effectiveness and risks of medications as well as the appropriateness
of use and cost of drug based on real-world data (RWD) (Wettermark et al., 2016).
RWD represents all data related to a patient’s health status and health care delivery,
which may be collected from various sources, including electronic health records,
disease registries, claims databases, pharmacy data, health insurance data, etc.
(Ramamoorthy and Huang, 2019). Although RCTs are considered a gold standard for
obtaining clinical evidence, they include strict inclusion/exclusion criteria. They also
require more intensive monitoring and a controlled treatment plan, limiting the
applicability of their findings to clinical practice and possibly creating variability in
the observed results compared to the real-world setting (Liu et al., 2019,
Ramamoorthy and Huang, 2019, Wettermark et al., 2016). In addition, certain research
guestions such as those related to prescribing patterns and factors influencing the

prescribing choice of medicines cannot be answered by conducting RCTs.

The importance of using RWD has been recognised by multiple regulatory bodies,
such as the European Medicines Agency (EMA) and the US Food and Drug
Administration (FDA). However, the variability in the features of RWD sources, the
ability to obtain comprehensive longitudinal data, as well as the potential for

selection and confounding bias challenge the validity of using RWD to generate
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clinical evidence (Liu et al., 2019, Ramamoorthy and Huang, 2019). Nevertheless, using
data that is reliable and aligns with the studied research question, as well as
implementing new study designs and proper analytical approaches, increase the
validity of the findings of a study using RWD (Liu et al., 2019, Ramamoorthy and Huang,

2019).

1.8.2 Prescribing pattern of antidiabetic drugs for patients with T2DM

ADDs are currently receiving attention in DUR because of the increasing number of
new antidiabetic classes, changes in treatment guidelines, the emergence of new
adverse reactions, the differences in the health insurance policy across countries,
and the recent evidence regarding the cardiovascular/renal benefits and risks of
ADDs. As a result, a change in the utilisation and prescribing patterns of ADDs over
time and across countries is expected. Accordingly, several studies have been
conducted in different countries to evaluate the utilisation trend of antidiabetic
medications for patients with T2DM (Hampp et al., 2014, Mata-Cases et al., 2016, Chu et
al., 2017, Christensen et al., 2016, Torre et al., 2015). Most of these studies reported an
increase in the overall use of ADDs for T2DM management, and this might be
related to the increasing prevalence of T2DM even in young individuals and the
current availability of more treatment options (Christensen et al., 2016, Filion et al.,
2009). For instance, a USA study identified a 42.9% rise in the prescription of ADDs
between 2003 and 2012 (Hampp et al., 2014). Similarly, in Denmark, the annual
prevalence of ADDs increased more than two times between 1999 and 2014 (from
19 to 41 per 1,000 inhabitants). In the UK, the prescription rate increased from 9.6
prescriptions/patient-year in 2000 to 14.8 prescriptions/patient-year in 2006 (Filion

etal., 2009).

Moreover, multiple studies evaluated the prescribing patterns of initial ADDs for
newly diagnosed patients with T2DM in clinical practice. These studies showed a
significant rise in metformin use over time, which surpassed SU and became the
most commonly prescribed monotherapy for newly diagnosed patients with T2DM
(Christensen et al., 2016, Filion et al., 2009, Sharma et al., 2016, Wilkinson et al., 2018a,

Desai et al.,, 2012). A global study, including 37 countries, showed that metformin
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accounted for 57.9% of all first-line ADDs. However, metformin accounted for 77% of
the initial prescriptions in the USA in 2016, more than 80% in Germany in 2009, and
around 89% of the first-line ADDs in the UK in 2017 (Wilkinson et al., 2018a, Montvida
et al, 2018, Geier et al, 2014). A study conducted across European countries
reparteed that prescribing metformin as a first-line therapy ranged from 65% in Italy
to 88% in the UK (Overbeek et al., 2017). Conversely, the use of SU as an initial
monotherapy has declined over time, as observed in the USA, Germany, and the UK
(Wilkinson et al., 2018a, Montvida et al., 2018, Geier et al., 2014); for instance, SU
prescription as an initial monotherapy has fallen from 20% in 2005 to 8% in 2016 in
the USA, and from 48.43% to 5% between 2000 and 2017 in the UK (Montvida et al.,
2018, Wilkinson et al., 2018a). A similar decline in SU use was observed in Taiwan and
Denmark, yet the stage of treatment was not stated (Ou et al., 2017, Christensen et al.,

2016).

The use of TZDs as an initial monotherapy increased early after their license until
2007, when a warning alert was issued about rosiglitazone-associated
cardiovascular risk (Leal et al., 2013, Stewart et al., 2009). Consequently, several
utilisation studies reported a significant decline in rosiglitazone use after this safety
alert (Montvida et al., 2018, Sharma et al., 2016, Chu et al., 2017, Leal et al., 2013, Stewart
et al., 2009). The newer classes of ADDs (DPP4-I, SGLT2-I, and GLP1-RA) were less
commonly prescribed as a first-line therapy for newly diagnosed patients with
T2DM, where DPP4-1 was the most frequently used among the newer ADDs
(Montvida et al., 2018, Sharma et al., 2016, Wilkinson et al., 2018a). A rise in the
prescription of DPP4-| as first-line therapy was observed in the USA, Taiwan, Europe,
and the UK (Sharma et al., 2016, Wilkinson et al., 2018a, Overbeek et al., 2017, Ou et al.,
2017, Montvida et al., 2018); it has increased from 3.7% to 19.6% between 2009 and
2012 in Taiwan (Ou et al., 2017). Additionally, a study across Europe showed that
DPP4-| use significantly increased in France (0% to 27%), Spain (0% to 9%), and the
UK (<1% to 9%), with limited use in Italy (2%), and the Netherlands (4%) (Overbeek et
al., 2017). These studies also revealed that the proportional share of GLP1-RA as

initial therapy was very low. However, the change in the use of SGLT2-I as first-line
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therapy over time was not frequently investigated (Montvida et al., 2018). The
proportional use of insulin as a first-line therapy among newly diagnosed patients
was variable by country; for instance, two studies in the UK reported that only 1.7%
and 0.6% of patients were started on insulin in 2013 and 2017, respectively,
compared to 10% in the USA in 2016 as mentioned in Montvida et al. (Wilkinson et

al., 2018a, Montvida et al., 2018, Sharma et al., 2016).

As stated previously, a small proportion of patients could be initiated on
combination therapy, and with longer disease duration, patients mostly require
adding one or more ADDs to maintain glycemic control (American Diabetes
Association, 2021, National Institute of Health and Care Excellence, 2021). Previous studies
showed that prescribing patterns of ADDs at the stage of drug intensification after
initial antidiabetic therapy have changed over time, with metformin+SU identified as
the most commonly prescribed combination regimen in the majority of studies
(Montvida et al., 2018, Wilkinson et al., 2018a, Sharma et al., 2016, Overbeek et al., 2017).
However, a global study conducted in 37 countries identified a combination regimen
of metformin and DPP4-l (25.3%) as the most commonly prescribed second-line
therapy, followed by a combination of metformin and SU (21.3%) (Nicolucci et al.,
2019). Nevertheless, it was indicated that the proportional share of TZD and SU as
add-on therapy has declined over time (Montvida et al., 2018, Wilkinson et al., 2018a,
Sharma et al., 2016). In spite of the reduction in the use of SU over time, it remained
the most popular intensifying therapy in certain countries, particularly the USA

(Sharma et al., 2016, Montvida et al., 2018).

Likewise, the use of newer ADDs at the stage of drug intensification has generally
increased over time with variability in the rate and proportion of drug use by
countries (Wilkinson et al., 2018a, Montvida et al., 2018, Kim et al., 2019a, Overbeek et al.,
2017). For example, the utilisation of DPP4-I and SGLT2-l as a first intensifying
therapy after initial metformin was higher in the UK compared to the USA (42.4%
and 21.7% in 2017 versus 20% and 7% in 2016), while there was a greater
consumption of GLP1-RA and insulin in the USA compared to the UK (7% and 17% in

2016 versus 1.8% and 0.9% in 2017) (Wilkinson et al., 2018a, Montvida et al., 2018).
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Additionally, it has been reported that prescribing practices of the add-on ADDs
differed by regions within the same country; for instance, in the UK, the
proportional use of DPP4-I and SGLT2-l was higher in Northern Ireland and Wales
(45% and 46%, 18% and 13% respectively) compared to England and Scotland (36%
and 30%, 9% and 12% respectively) (Wilkinson et al., 2018a).

1.8.3 Factors associated with the prescribing choice of antidiabetic drugs for
T2DM management

With the availability of several treatment options with different mechanisms of
action, side effects, and extra-glycemic benefits, selecting a particular combination
regimen may lead to different outcomes. Along with the absence of clear
recommendations on the choice of the most appropriate antidiabetic combination
as an initial or add-on therapy in clinical guidelines, prescribing choice of ADDs as a
first-line therapy alternative to metformin or as add-on therapy is expected to vary
over time and across countries. Therefore, the selection of the optimal ADDs could
be influenced by several clinical and non-clinical factors, including patient
demographics, clinical characteristics, socioeconomic status, etc. (American Diabetes
Association, 2021). These factors arise from the differences in the effectiveness,
cardiovascular and renal benefits, adverse reactions, hypoglycaemic risk, weight-
change effects, and cost of the available antidiabetic classes. These differences were
discussed in section 1.7.2 and summarised in Table 1.3. In summary, almost all
classes of ADDs except insulin have a relatively similar glycaemic reduction effect,
yet they vary in their side effects, drug cost, risk of weight gain and hypoglycaemia,
as well as renal and cardiovascular benefits. The newer antidiabetic classes are
known to have more favourable effects on body weight and cardiovascular/renal

outcomes.

The differences in the benefits and risks of ADDs emphasize the importance of
studying the impact of these features on the selection of ADDs. Consequently, the
association of several factors related to patient demographics (e.g., patient age, sex,
and ethnicity), socioeconomic status, and clinical characteristics, including co-

existing diseases, concomitant medications, glycaemic status, kidney function, BMI,
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and lipid profile with the prescribing choice of ADDs was investigated in some
previous studies (Heintjes et al., 2017, Chu et al., 2017, Geier et al., 2014, Grabner et al.,
2015, Wilkinson et al., 2018c). For instance, it has been reported that older age and
reduced kidney function were associated with the prescribing choice of older classes
of ADDs, particularly SU, and inversely associated with the use of newer antidiabetic
groups such as SGLT2-I and GLP1-RA (Morita et al., 2019, Heintjes et al., 2017, Geier et
al., 2014, Wang et al., 2019, Fujihara et al., 2017, Brouwer et al., 2012, Abdelmoneim et al.,
2013). Moreover, being overweight/obese was negatively associated with
prescribing of medications causing weight gain (e.g., SU and insulin), yet directly
associated with the use of drugs with weight neutral to weight loss effects (Morita et
al., 2019, Heintjes et al., 2017, Fujihara et al., 2017). However, the influence of sex,
ethnicity, socioeconomic status, and clinical factors such as cardiovascular diseases,
microvascular complications, and others was much less frequently evaluated,
especially with the newer classes of ADDs, and the results of studies that
investigated their effect were inconsistent (Heintjes et al., 2017, Chu et al., 2017, Geier

etal., 2014, Grabner et al., 2015, Wilkinson et al., 2018c).

1.9 Thesis rationale

Based on all previous evidence, there is a clear consensus in national and
international guidelines regarding the optimal first-line therapy for patients
diagnosed with T2DM, with metformin recommended as a drug of choice. However,
multiple treatment options can be prescribed or added to achieve adequate
glycaemic control for patients who cannot tolerate metformin or have metformin
contraindications and after failing the initial therapy. Still, there are no definite
recommendations around the selection of initial alternative therapy or intensifying
therapy for T2DM management, where clinical guidelines recommend following a
patient-centred approach. The absence of a clear treatment algorithm in clinical
guidelines, the availability of multiple treatment options for T2DM management
with variable safety and extra-glycaemic benefits, especially after the introduction
of newer antidiabetic classes, as well as the differences in the healthcare policy and

medications access across countries create a debate and variability among
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prescribers regarding the choice of ADDs at both stages of drug initiation
(alternative to metformin) and intensification; thus, making the choice of ADDs
could be highly variable over time and across countries. In addition, this indicates
that the prescribing decision is a product of multiple interlinked clinical and non-

clinical factors.

The variability in prescribing patterns and physician prescribing practices has led to
growing concerns regarding the potential differences in health outcomes, utilisation
of resources, and healthcare expenditure. Therefore, conducting prescribing
patterns research is important for evaluating the rational use of drugs, as well as
explaining the extent of drug use and physician compliance with the regional and
national clinical guidelines, thus maximizing the effective use of resources (Jain et al.,
2015). Furthermore, factors influencing prescribing decisions are a vital input to
clinical practice guidelines and healthcare policy, which could also possibly advise
the regulation of the pharmaceutical market. The fundamental and vital position of
physicians makes studying factors influencing the prescribing decision of
tremendous value. Accordingly, investigating the prescribing patterns of ADDs at the
treatment initiation and intensification, the possible factors influencing the
prescribing decision, and the agreement of prescribing process with guideline
recommendations provide crucial information for prescribers and policymakers to
understand the most commonly used ADDs of all available classes and which
characteristics (patients, prescribers, and drug) are associated with the use of a
particular antidiabetic class. That information can highlight potential systematic
differences in the strategies that prescribers follow to select the optimal treatment
option for patients with T2DM, which is highly important for proper understanding
and interpretation of subsequent outcomes research, and in turn, could inform the
need for optimising the clinical practice to improve patient outcomes. Moreover,
exploring factors influencing the prescribing decision could assist in guiding and
rationalising the process of patient care and healthcare expenditure, as well as

highlighting the differences in medication access across regions and the related
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inequalities of receiving treatment. That underlines the importance of studying

prescribing pattern practice and factors influencing decision-making in each country.

Given the prevalence, the progressive nature, and the health and economic burden
of T2DM, as well as the importance of implementing an appropriate patient-specific
treatment plan, multiple prior studies described the change in the prescribing
pattern of ADDs for T2DM management and presented some of the factors that
were found to be associated with the prescribing choice of ADDs. Nevertheless, few
studies have examined the prescribing patterns of ADDs over time in the UK, and no
studies have been published so far in Scotland at a national level in that regard. The
most recent published study in the UK was conducted by Wilkinson and colleagues,
which examined the prescribing trend of ADDs at drug initiation and stage of first
drug intensification between 2000 and 2017 using the Clinical Practice Research
Datalink (CPRD). CPRD covers around 7% of the UK population, including a small

number of GPs from Scotland (Wilkinson et al., 2018a).

However, previous studies, including the UK studies, mostly examined old
antidiabetic classes with a very limited investigation of the newer groups,
particularly SGLT2-1; the last antidiabetic class introduced into the market. In
addition, knowing that a number of patients would be treated with a combination
regimen at the stage of drug initiation and intensification, no extensive data is
available on the change in the prescribing patterns of combination regimens as a
first-line and add-on therapy, especially with the presence of multiple treatment
options with different extra-glycaemic benefits. Furthermore, most previous studies
that examined prescribing patterns of first-intensifying therapy after an initial ADD
focused on initial metformin users, while studies investigating the prescribing
pattern after an initial SU (the second most commonly prescribed initial therapy) are

scarce.

Studies investigating factors associated with the prescribing decision of ADDs are
scarce globally and not thoroughly and comprehensively explained. Similar to

prescribing pattern studies, previous studies that explored factors influencing the
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prescribing choice of ADDs mostly examined the selection of single ADDs, mainly
the older groups. However, very limited research studied factors influencing the
choice of newer classes and combination regimens at drug initiation and first
intensification. Although recent guidelines strongly recommended considering the
presence of CVD and renal disease for selecting the optimal antidiabetic therapy,
the influence of baseline CVD and renal disease on the choice of ADD in clinical
practice was not comprehensively investigated. Moreover, limited studies examined
the influence of other factors, including clinical and socioeconomic, as the majority

of studies discussed the demographic factors, primarily patient age and sex.

Accordingly, studies that thoroughly investigate prescribing trends and drug
utilisation of ADDs, as well as factors influencing the prescribing decision, including
both monotherapy and combination regimens, at the stage of drug initiation and
intensification in clinical practice in Scotland are required. Using multiple datasets
that cover the entire population of Scotland who were registered with General
Practitioners (GPs) and over a long study interval, including recent years, provides a
reliable, representative, and valuable data source to address the previously
discussed gaps in this area of research. This could indirectly reflect the prescribing
practice of ADDs in Scotland and the agreement of prescribing process with the local
and national guideline recommendations as well as the updated evidence on the

differences in the characteristics of ADDs.
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Aims and objectives:

The aims of this thesis were to comprehensively understand and investigate the
change in prescribing patterns of ADDs over time and explore factors influencing the

prescribing choice of ADDs in clinical practice. The objectives of this thesis were to

1- Conduct a systematic review and meta-analysis to identify, summarise, and
quantify factors that were reported in the literature to have an association with
the selection of ADDs prescribed for patients with T2DM to identify the gaps in
the literature and understand which factors were more frequently studied, and
how much each factor is weighted in prescribing decision making.

2- Examine the utilisation/prescribing pattern of ADDs, including both initial and
subsequent intensifying therapy over the period of 2010-2020, using record-
linked datasets at a national level in Scotland to assess the potential change in
the utilisation of the older classes after the introduction of newer ones.

3- Describe the characteristics of the population of Scotland who were diagnosed
with T2DM and treated with at least one ADD in the primary care setting over
the study period.

4- Comprehensively explore factors influencing the prescribing choice of ADDs at
both drug initiation and stage of drug intensification following the results of the
SR and MA (objective 1), using national record-linked datasets in Scotland to
explore which factors have an impact on the prescribing decision of ADDs among
patients with T2DM in clinical practice in Scotland, including a wide range of
data related to patient demographics, clinical characteristics, and socioeconomic

information.
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2 Chapter 2: Factors associated with antidiabetic drugs
prescribing among patients with type 2 diabetes mellitus: A
systematic review and meta-analysis of observational
studies

2.1 Introduction

Given the recommendations of clinical guidelines to follow a patient-centred
approach for selecting the optimal ADDs for patients with T2DM, the differences in
the safety and extra-glycaemic benefits (e.g., cardiovascular, renal, and weight loss)
of the available ADDs, and the variability in healthcare policy across countries, the
prescribing choice of ADDs could be linked to several clinical and non-clinical factors
(American Diabetes Association, 2021, Davies et al., 2018, Marin-Penalver et al., 2016, The
Scottish Intercollegiate Guidelines Network, 2017, National Institute of Health and Care
Excellence, 2021). Multiple observational studies evaluated the association of several
factors with antidiabetic drug prescribing (ADP) in clinical practice, including patient
age, sex, ethnicity, socioeconomic status, BMI, HbAlc, renal function,
microvascular/macrovascular complications, and other comorbidities (Wilkinson et

al., 2018c, Heintjes et al., 2017, Chu et al., 2017, Geier et al., 2014, Grabner et al., 2015).

Nevertheless, no previous studies extensively quantified the association of these
factors with the prescribing selection of various ADDs or categorised these factors
to explore which category has the most impact on decision-making, particularly
following the introduction of newer ADDs. The introduction of newer ADDs provides
prescribers not only with wider treatment alternatives for T2DM but also with ADDs
that may have independent cardiovascular and renal benefits. Generally, factors
associated with drug prescribing in clinical practice may indirectly reflect prescriber
adherence to guideline recommendations and specific drug features. Accordingly,
this emphasises the significance of studying which and how factors contribute to
decision-making in clinical practice in a systematic and structural way to assess the
process of patient care and understand the possible predictors of drug prescribing

(Davari et al., 2018).
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A systematic investigation of factors associated with ADP is still lacking. Therefore,
this systematic review (SR) and meta-analysis (MA) aimed to summarise, classify,
and quantify factors associated with ADP both at drug initiation and intensification

stages.

2.2 Method

The SR and MA are presented following the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) checklist, Appendix S.2.1 (Moher et
al., 2009). The protocol is registered in the international prospective register of

systematic review (PROSPERO) (Registration number: CRD42020173917).

2.2.1 Search strategy

The search strategy was guided using the Population, Intervention, Comparison, and
Outcomes (PICO) approach (Thomas J, 2020). Accordingly, three main concepts were
included in the search strategy corresponding to the population (patients with
T2DM), intervention (ADDs), and outcome (factors associated with ADP). Then the
search strategy was developed using the synonyms of each concept in free text and
Medical Subject Heading (Mesh) forms.

Medline/PubMed, Embase, Scopus, and Web of Science databases were searched
from January 2009 until the search date (April 2020). The time interval of the search
strategy started from 2009 to ensure the inclusion of the newer antidiabetic groups
in the majority of retrieved studies since the newer ADDs, DPP4-| and SGLT2-I, were
introduced from 2009 onwards. To ensure literature saturation, additional searches
were performed on ProQuest and Open Grey (http://www.opengrey.eu/) databases
to retrieve any other relevant articles, theses, and unpublished literature. A
supplementary search was conducted in January 2021 to cover the period between
April 2020 and January 2021 (the date of starting data analysis), and it included the

following:
e Screen the reference lists of included articles.

e Activate the alert function of the searched databases like Web of Science for

any newly published relevant papers.
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e A hand search of the following journals: Diabetes Research and Clinical
Practice, BMJ Open Diabetes Research & Care, Journal of Endocrinology, and

The Lancet Diabetes and Endocrinology.

e Conduct an updated search on the Medline database for any newly

published relevant articles.

Experienced researchers and an academic librarian at the University of Strathclyde
independently reviewed the search strategy. The search strategies for all databases

are available in Appendix S.2.2

2.2.2 Eligibility criteria

Eligible studies included those that evaluated factors associated with ADP among
adult patients with T2DM in the primary care or outpatient setting and published in
English. The hospital setting was excluded since hospitalised patients are more
vulnerable to developing hypoglycaemia or hyperglycaemia, a situation where oral
ADDs are not recommended, and insulin is the preferred treatment option alongside
close glucose monitoring (Marin-Pefialver et al., 2016). Only quantitative observational
studies were included from peer-reviewed journal articles and unpublished

literature. Table 2.1 summarises the inclusion and exclusion criteria.
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Table 2.1: Study inclusion and exclusion criteria

Category Inclusion criteria

Language English

Publication Jan 2009 to April 2020

year

Publication Studies reported factors associated with antidiabetic drug prescribing or
type provided patient or prescriber characteristics at or prior to the prescription

of antidiabetic drugs.

Methodology

Quantitative observational study designs

Diabetes type

Only type 2 diabetes mellitus

Patients Adult patients who were prescribed any of the following antidiabetic
groups: Biguanide (metformin), Sulfonylurea (SU), thiazolidinedione (TZD),
Dipeptidyl-peptidase 4 inhibitors (DPP4-l), sodium-glucose transporter2
inhibitors (SGLT2-1), Glucagon-Like peptide receptor agonist (GLP1-RA),
and insulin

Category Exclusion criteria

Language Other than English

Publication Published before January 2009

year

Publication Reports, commentaries, editorials, book chapters, systematic reviews, and

type meta-analysis

Patients Studies on children, adolescents, pregnant or breastfeeding women
Studies included types of diabetes other than T2DM, such as type 1 DM or
gestational diabetes

Outcome Studies did not clearly state that factors were collected at baseline

Studies conducted in the inpatient setting

Studies without relevant outcomes

discontinuation)

(e.g., switching medicine,

Studies had not specified the type of antidiabetic groups being studied

2.2.3 Study selection

The search results from all databases were imported to the EndNote reference
software, where the primary reviewer removed duplicates. Two stages of study
selection were conducted using the Covidence software
(https://www.covidence.org/): initial screening of titles and abstracts of the
bibliographic database search results where studies that met the above inclusion
criteria were identified and then progressed onto full-text screening. A total of 20%
of included studies was validated by two independent reviewers (a 10% random
subset for each) at each step of title/abstract and full-text screening. The degree of

agreement between reviewers was calculated as a percentage and categorised into
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poor (<70%), fair (70-79%), good (80-89%), and excellent (>90%) (Watkins and
Pacheco, 2000). Lastly, a final list of eligible articles was produced as a consensus of

all reviewers, with the reasons for exclusion recorded at the full-text screening step.

2.2.4 Data extraction

Data extraction was done using an Excel spreadsheet, and the initial extraction form
was created following Cochrane recommendations for collecting data which was
modified as appropriate and piloted on 10% of included studies. The items of the
extraction form are presented in Table 2.2. The primary reviewer extracted all
relevant data from all included studies. In addition, two independent reviewers
validated a total of 20% of included studies. The identified factors were classified
into four categories: demographic factors, clinical factors, socioeconomic factors,
and prescriber-related factors. These categories were initially informed by the
literature on factors affecting physicians’ prescribing decisions in general (Sharifnia et

al., 2018) and by piloting 10% of included studies.

Table 2.2: Extracted items from included studies

Field Items

Study Identification: author, publication year, sponsor source, country
Method: design, data source, ascertainment of T2DM diagnosis, study

details ) .
duration, analysis method

Population Age, sex, comorbidities, socioeconomic status, diabetes duration, lab values
as HbA1C and renal function

Intervention Antidiabetic drugs involved, stage of treatment, and stage definition

Outcome Outcome definition, sample size, identified factors grouped into categories,
type of effect measures (odds ratio or others)

2.2.5 Quality assessment

Several tools are available to appraise the risk of bias or evaluate the
methodological quality of the primary studies. The selection of the most
appropriate tool relies primarily on the study design (Ma et al., 2020). Among these
tools, the most commonly used one for cohort studies is the Newcastle-Ottawa
Scale (NOS), which has the advantage of being Adaptable according to the study

subject (Ma et al., 2020). NOS contains eight items that appraise the quality of a
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study based on three main perspectives: the selection of study group, the
comparability of studied groups, and the ascertainment of outcomes. The quality of
a study was judged in this tool using a star system; each item can get a maximum of
one star, except the comparability section can get a maximum of two stars (Wells et
al., 2000). Accordingly, each study can get a final score that ranges from 0 to 9.
However, thus far, no universal threshold has been established for categorizing the
NOS; hence the score was categorized by applying the following thresholds for
converting the NOS to the standards of the Agency for Healthcare Research and
Quality (AHRQ) as reported in previous systematic reviews (Robinson et al., 2021,
Sharmin et al., 2017):

e Good quality: studies got 3 or 4 stars in the selection domain AND 1 star in
the comparability domain AND 2 or 3 stars in the outcome/exposure
domain.

e Fair quality: studies got 2 stars in the selection domain AND 1 star in the
comparability domain AND 2 or 3 stars in the outcome/exposure domain.

e Poor quality: studies got 0 or 1 star in the selection domain OR 0 stars in the

comparability domain OR 0 or 1 stars in the outcome/exposure domain

A detailed description of the applied decision rules of the NOS is presented within
Appendix S.2.3. Based on the outcome and exposure in this study (factors
associated with ADP and ADDs, respectively), the fourth item in the selection
domain of the NOS was considered to be not relevant (NR) since all factors were
present at the start of the study. Furthermore, the second item in the outcome
domain was considered not relevant since factors were required to be the most
recent before or at the time of drug prescribing; thus, no follow-up was needed.
Consequently, after discussion, it was decided to award the star of these two items
for all studies instead of deleting them to follow the same scoring categorisation

scheme applied in previous studies.

For assessing the quality of cross-sectional studies, an adapted tool of NOS was used
in this study, which was also applied in several previous systematic reviews (Chang et

al., 2020, Modesti et al., 2016). The modified tool is composed of seven items on the
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same perspectives as the original tool, which evaluates the adequacy of study
design, recruiting strategy, response rate, representativeness of the sample,
reliability of the result, and appropriateness of statistical analyses. This tool uses a
staring system to judge the quality of the study, where each study can get a
maximum score of ten and a minimum of zero. Scores of nine to ten were
considered as very good and seven to eight as good, while five to six stars were
rated as satisfactory and zero to four as unsatisfactory (Appendix S.2.3). Since there
is no universal threshold for categorising the score of the adapted NOS, the cut-off
categorisation was determined based on previous literature (Chang et al., 2020,
Modesti et al., 2016). The primary reviewer carried out the quality assessment of
included studies, and two independent reviewers validated a random 10% of

included studies.

2.2.6 Data synthesis

The choice of the synthesis method (MA or narrative synthesis) for each of the
identified factors was determined based on, firstly, the number of studies examining
the association of the individual factor with each class of ADDs; and secondly, the
variability in the measurement or definition of the studied factors across included
studies. For instance, despite macrovascular diseases being frequently investigated,
they were not consistently examined among included studies because they were
presented using several concepts or measures (e.g., ischemic heart disease,
cerebrovascular disease, heart failure, and peripheral vascular disease). Therefore,
fewer studies reported each disease per antidiabetic group, where conducting a MA
would have been less applicable and unreliable. As a result, only narrative synthesis
was utilised to summarize the result of macrovascular diseases association with
ADP. Data synthesis using MA included age and sex (demographic factors), as well as
glycaemic status, obesity, and renal function (clinical factors). On the other hand,

narrative synthesis was used to summarise the results of all other factors.
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2.2.6.1 Meta-analyses

MA is an established statistical technique that combines the results of multiple
independent primary studies addressing a specific research question (Mikolajewicz
and Komarova, 2019). It started to be applied in medical research in the late 1970s,
but its use exponentially increased over time (Haidich, 2010). While narrative
synthesis focuses more on statistical significance, MA focuses on both the direction
and magnitude of the result. Accordingly, conducting MA has the advantage of
improving the statistical power, and the precision of the results since combining the
samples of individual studies will produce a larger overall sample size and, thus, a
higher precision. Additionally, it can be used to assess the degree of conflict among
studies investigating a specific research question as well as to explore and quantify
the possible reasons for different study results (Haidich, 2010).

In the current study, a quantitative synthesis was generated for the following
factors: sex, age, glycaemic status (HbAlc), obesity, and renal function by
conducting a separate MA for the individual factor; thus, a total of five meta-

analyses were performed.

Applied meta-analysis model

In the MA, each study is given a weight as a measurement of study precision to
generate a valid overall estimate that is representative of all included studies
(Mikolajewicz and Komarova, 2019, Michael Borenstein, 2009a). The most commonly
used weighing scheme is the inverse of variance weighting since it acts as a measure
of both the sample size and variance; studies with larger sample size and smaller
standard error get a higher weight as they are considered more reliable (Mikolajewicz
and Komarova, 2019, Michael Borenstein, 2009a). The inverse-variance weighting
scheme is widely used in two models of MA: the fixed-effect model and the random-

effect model (Mikolajewicz and Komarova, 2019, Michael Borenstein, 2009a).

The fixed-effect model assumes that all studies originated from one homogenous
population with a common true effect size, and the heterogeneity between studies
is assumed to be zero (Michael Borenstein, 2009a, Mikolajewicz and Komarova, 2019,

Cheung, 2015). Therefore, the only assumed variance is the one related to the intra-
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study variability or sampling error, which is defined as the deviation of each study’s
effect size from the true effect size of that study’s population that occurs as a result
of the sampling procedure (i.e., all studies sampled their participants from the same
target population) (Michael Borenstein, 2009a, Mikolajewicz and Komarova, 2019,
Cheung, 2015). Accordingly, this model can be applied when the goal of MA is to
compute the overall effect size that would be generalised only to other examples of
the same population’s characteristics or when there is a justification for considering

all studies to be identical.

On the contrary, the random effect model allows for heterogeneity among studies
by assuming that each study comes from a different population, so having different
true effect sizes (Michael Borenstein, 2009a, Mikolajewicz and Komarova, 2019, Cheung,
2015). Based on the above assumption of the random-effect model, two sources of
heterogeneity exist in each study. The first one relates to between-study variance,
representing the deviation of the true effect size of each study from the average
true estimate of all included studies, whereas the second one relates to the
sampling error (Mikolajewicz and Komarova, 2019, Michael Borenstein, 2009a). These
two errors correspond to two levels in the MA; hence the random-effect model can
be treated as a two-level MA (Ferndndez-Castilla et al., 2020). The random-effect
model is usually preferred over the fixed-effect one since the results from the
random-effect model can be generalised to the subsequent research. In contrast,
the fixed-effect results can be extended only to studies included in the analysis

(Mikolajewicz and Komarova, 2019, Michael Borenstein, 2009a).

Besides the assumption of the normal distribution of the measured outcome, one of
the critical assumptions in the conventional MA (i.e., two-level random effect model
and one-level fixed effect model) is the independency of effect sizes from included
studies (Cheung, 2019). Still, in various research, the effect sizes within primary
studies could be statistically dependent (Cheung, 2019). Multivariate effect size is a
typical example of dependent effect size, including examining multiple treatment
groups in comparison to a similar or shared control group where some participants

are used to calculate the effect size of all treatment groups (Cheung, 2014, Cheung,
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2019). In this MA, several studies reported more than one effect size for each
examined factor as they assessed the outcome on multiple antidiabetic groups. The
included participants were used for calculating the effect sizes of all groups since the
investigated antidiabetic groups were compared to each other. That created a level
of dependency among effect sizes reported per study; hence the conventional MA
could not be applied as the ignorance of dependence would bias the results and
underestimate the associated standard error, which might lead to an inflated level of

significance (Cheung, 2014).

In the current MA, a three-level MA model was applied as an approximation to the
multivariate model by introducing the type of antidiabetic group as a variable
representing different effect sizes within studies. The three-level MA is an extension
of the conventional random-effect model, which incorporates a third variance
component into the model that represents the heterogeneity of within-study
outcomes (Van den Noortgate et al., 2015). As a result, three variance components are
introduced into the model. The first one relates to the sampling variance for each
effect size (level-1), the second one represents the variance within study outcomes
(level-2), while the third one relates to the variance between-study outcomes (level-
3) (Van den Noortgate et al., 2015). Accordingly, this model consists of three regression
equations that are combined into one formula, as shown in equation 1 (Van den

Noortgate et al., 2015).

djk = YOO + uOk + vjk + rjk ... equation 1

djk: estimate of true effect size of included studies; jk represents the effect size j in study k, YOO:
overall population effect, uOk: within-study variance on level-2, vjk: between-study variance on level-
3, rjk: the residuals which represents the deviation of effect sizes of multiple outcomes from their
corresponding population estimate.

The three-level MA assumes that the residuals at each level are independent of
each other, of those at different levels, and the regression coefficient. Also, it
assumes that the residuals are normally distributed with study-related and
outcome-related variance (Van den Noortgate et al., 2015). The following parameters

are estimated from the three-level model using the maximum likelihood estimation
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procedure: the regression coefficient, which represents the overall effect size,

within-study variance, and between-study variance (Van den Noortgate et al., 2015).

As stated previously, the primary source of dependency among effect sizes in this
MA is examining the outcome of multiple antidiabetic groups within each study,
which was observed among several primary studies. Therefore, each antidiabetic
group was assigned a specific identification number (group_id), which was used to
define the second level (level-2) of the three-level MA model to represent within-
study (between-outcomes) variance. Moreover, each study was assigned a specific
id number (study_id) to define the higher level (level-3) of the three-level model.
However, two of the included studies, Montvida et al. (Montvida et al., 2018) and Ou
et al. (Ou et al., 2017), reported two effect sizes for each antidiabetic group since it
evaluated the outcome at two stages of treatment. Nonetheless, the effect sizes
were considered independent; thus, each stage of treatment was assigned a
different study_id number (Ou et al., 2017, Montvida et al., 2018). Also, in Saine et al.,
the outcome was tested using four different datasets; hence the result from each

dataset was coded with a different study_id number (Saine et al., 2015).

Coding and computation of effect sizes for meta-analysis

In the majority of included studies, the reported data on the distribution of certain
factors among antidiabetic groups were presented either in the form of odds ratios
(OR) or frequency data, so it was agreed to use the OR as a measure of effect size in
the present MA. OR is an association measure between specific exposure and
outcome, which is defined as the odds of an outcome in the exposed group over the
odds of the outcome in the non-exposed group (Michael Borenstein, 2009¢c). The odds
represent a ratio of the probability that an outcome will occur in one group to the
probability that the outcome will not occur in that group (Michael Borenstein, 2009c).
The null value of OR is one, indicating the absence of difference in the outcome
between the two groups (Michael Borenstein, 2009¢c). The natural log of OR was used
in the analyses since the sampling distribution of the logOR is more likely to be
normally distributed, a vital assumption in MA (Bland and Altman, 2000, Higgins JPT,
2021).
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Studies to be included in the MA were required to report the investigated outcome
as OR or to provide baseline data essential for OR calculation. When only baseline or
descriptive data was provided, the following formula of a 2 X 2 contingency Table

was used for OR computation (Michael Borenstein, 2009c).

Outcome  No-outcome

Group 1 A B

Group 2 C D

OR= (A*D) / (B*C) ... equation 2

The standard error (SE) and variance are usually incorporated in the MA as an index
of the precision of effect sizes. Study variance represents the square of SE of logOR
((SElogOR)"2), which was calculated using the 95% confidence interval (Cl) if it was
reported, as illustrated in equation 3. Otherwise, equation 4 was followed to

calculate the SE of logOR using the frequency data (Michael Borenstein, 2009c).

SE log OR = (In upper limit Cl — In lower
limit Cl) / 3.92 ... equation 3

SE log OR = square root of: (1/A) + (1/B)
+(1/C) + (1/D) ... equation 4

Furthermore, some studies reported baseline data as a continuous variable, such as
mean age, mean HbAlc value, and mean BMI. In that situation, the standardized
mean difference (SMD) using Cohen’s d (the difference in the mean outcome
between groups over the pooled standard deviation of the two groups) and its
associated variance (Vd) were calculated, as shown in equations 5 and 6,
respectively (Michael Borenstein, 2009d). The values of d and Vd were then converted

to logOR and its variance by applying equations 7 and 8 (Michael Borenstein, 2009b).
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d = (Mean in treatment group — mean in control group) / SD pooled

Pooled standard deviation (SD pooled) = square root of: (((n1-1) *
(S172)) + ((n2-1) * (5272))) / (n1 + n2 - 2) ... equation 5

Vvd = ((n1+n2) / (n1*n2)) + ((d*2) / (2 (n1 + n2))) ... equation 6

S1: SD of group 1 and S2: SD of group 2, n1: sample size of group 1 and n2: sample size of group 2

Log OR =d * (rt/v3) ... equation 7

V of Log OR = Vvd * ("2 / 3) ... equation 8

For all studies that required calculation of OR, all calculations were performed
manually, as well as using the online Practical Meta-Analysis Effect Size Calculator,
which was developed by David B. Wilson (Wilson) to validate the manual

calculations.

Effect sizes manipulation: data was manipulated in two situations
1- The presence of differences in the reference group

Besides the importance of having effect sizes expressed with the same kind of
measure (i.e., OR in this case), it is also crucial to ensure that all effect sizes
examined the studied factor in the same direction to get a reliable overall estimate.
For instance, all included studies in the MA of age reported the data in one direction
(older to younger), except Wang and colleagues’ study (Wang et al., 2013a), which
assessed the outcome in the opposite direction; younger to older (< 65 years
compared to >=65 years) (Wang et al., 2013a). For the purpose of making all pooled
studies in the same direction, switching in the reference group was done by taking
the reciprocal of the original OR as described in equation 9. The value of SE of logOR
is not affected by switching the reference group as reflected from equation 4 (

SElogOR = SElogOR switch).

As OR= A*D/B*C then OR switch= B*C/AD. So, OR switch = 1/OR ...
equation 9
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2- The outcome factor was not reported as binary

Additionally, data that was reported in more than two categories were
reconstructed into binary data to achieve one effect size per antidiabetic group per
study. Two methods were suggested to achieve this: first, using baseline frequency
data whenever it was available to reconstruct the categories of the studied factor
into binary, then computing the crude OR and its associated variance (Wilkinson et
al, 2018c, Saine et al., 2015, van den Boom et al., 2020, Nicolucci et al., 2019). And
second, aggregating within-antidiabetic group effect sizes following Gleser & Olkin’s
(1994) procedure for aggregating dependent effect sizes (Olkin, 1994). However, the
latter method requires prior knowledge of the correlation (r) level among
aggregated effect sizes. As a result, the first approach was followed whenever the
baseline data was available. Studies that did not report the baseline data and did
not provide sufficient information for aggregating the effect sizes were excluded
from MA (Desai et al., 2012, Hartmann et al., 2020, Liu et al., 2017, Zaharan et al., 2014,

Payk et al., 2015).

Heterogeneity and model fitness

The statistical heterogeneity represents the diversity or spread of the investigated
outcome among included studies. As stated in section 2.7.1, in addition to the
sampling error (level-1) and between-study heterogeneity (level-3), the three-level
model contains another source of variability representing within-study or between-
outcomes heterogeneity (level-2).

Cochran’s Q is a traditional method for assessing the variability among included
studies in MA, which measures the deviation of each study’s effect size from the
overall estimate weighted by the inverse of study variance (Cheung, 2015). Since the
value of Q depends mainly on sample size and the number of effect sizes (K), its use
is limited (Cheung, 2015). Therefore, in the present MA, Higgins & Thompson’s I test
statistic was conducted, a commonly used heterogeneity test that shows how much,
in percentage, the observed value of Q exceeds the expected one when there is no

heterogeneity among included studies (Cheung, 2015).
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In the three-level MA, heterogeneity (/?) distribution was measured over the three
levels, producing three I? values. According to the 75% rule described by Hunter and
Schmidt (1990), the heterogeneity was considered substantial if the sampling
variance (level 1) contributed to less than 75% of the total heterogeneity (Hunter,

2015).

A log-likelihood-ratio test was performed to evaluate whether the three-level (full)
model fits the variability in data better than the two-level (reduced) model (Harrer et
al., 2021, Assink and Wibbelink, 2016). This test additionally indicates whether the
variance between outcomes and between-study is significant. Two separate one-
sided log-likelihood-ratio tests were performed, one for each level. In this test, the
null hypothesis states that there is no difference between the full and reduced
model; thus, the variance component of the tested level was fixed to zero (Harrer et
al., 2021, Assink and Wibbelink, 2016). Accordingly, the model was reduced to two
levels, and the importance of accounting for within-study variance (HO:V2
(level2)=0) and between-study variance (HO: V3 (level3) = 0) was evaluated (Harrer et
al,, 2021, Assink and Wibbelink, 2016). Lower values of fit indices of the Akaike
information criterion (AIC) and the Bayesian Information Criterion (BIC) in the full
model compared to the reduced one reflect a better performance of the full model
(Cheung, 2015). Likewise, a significant value of the likelihood ratio value (LRT)
comparing the two models (p-value < 0.05) indicates that the full model has a better
fit to the variability in data compared to the reduced one, and it has a better
estimation of the overall estimate, rejecting the null hypothesis (Harrer et al., 2021,
Assink and Wibbelink, 2016). That, in turn, shows that the amount of variability within-
study (the level-2 reduced model) and between-study (the level-3 reduced model) is

significant.

Moderator or sub-group analyses

The possible moderating effect of several variables related to study characteristics
on the overall estimate was assessed by conducting an omnibus test for moderator
analysis (Assink and Wibbelink, 2016). The null hypothesis (Ho) in the omnibus test

assumes that the regression coefficients of all subgroups of the tested variable are
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equal to zero, while in the alternative hypothesis (Ha), at least one of the regression

coefficients is not equal to zero (Assink and Wibbelink, 2016).

In the present MA, several variables were examined for their impact on the overall
estimate, including the type of antidiabetic groups, the stage of treatment at which
the outcome was assessed (initiation, intensification, or not specified stage of
treatment), quality of the study, type of analysis test used (adjusted vs. un-
adjusted), study design, study duration, and year of publication. Additionally, the
overall estimate was computed initially, including all studies that measured the
outcome using continuous or categorical data since they examined the outcome in
the same direction using the same effect measure. Subgroup analyses were
conducted to assess if there was any significant difference in the overall estimate of
studies by the type of outcome variable. Furthermore, some studies that reported
the outcome as a categorical variable used a different categorisation method.
Therefore, a subgroup analysis was performed to investigate the difference in the

overall estimate according to the categorization scheme.

A P-value of < 0.05 indicates that the overall estimate varies significantly among the
subgroups of the tested variable, and this variable contributes to the overall
estimate. Additionally, the overall estimate of included studies within the subgroup
of each variable was computed using a three-level model. However, two-level
random effect models were used to compute the overall estimate by antidiabetic
class since only one effect size is reported per antidiabetic group within the

individual study.

Publication bias, outliers, and influential cases

Publication bias is a type of reporting bias in a MA that results from missing studies
that are either unpublished or missed because of non-comprehensive searching

(Page et al., 2021, Hopewell et al., 2005).

The funnel plot is a traditional visual method for assessing the presence of
publication bias, which is a scatter plot of study